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In February, 1996, a 100-year storm triggered over 1000 landslides in Tillamook 

State Forest, Oregon Coast Range. An inventory of these slides is compared to ground-

based meteorological radar data from a station near Portland, OR to quantify hydrologic 

controls on shallow landslide initiation. NEXRAD data is produced every six minutes 

and yields spatially distributed reflectivity values (representing rainfall intensity) at ~1 

km2 resolution in the Tillamook study region. From an analysis of landslide patterns 

using air photo-derived landslide maps, digital topographic data, and NEXRAD, 

topographic variables (including slope, upslope drainage area, stand age, concavity, and 

elevation) were determined to contribute most strongly to site instability.  Hydrologic 

controls (specifically, peak reflectivity and the cumulative reflectivity) are statistically 

less significant than topographic factors in explaining the observed pattern of instability. 

In this study, low-level rainfall and fine-scale variations not captured by the NEXRAD 

data may cloud the influence of hydrologic variables.  
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CHAPTER I 
 

 
INTRODUCTION 

 
Extreme rainfall events (unusually high intensity or long duration) are critical to 

the initiation of widespread slope failure, and the effects of ‘catastrophic’ storms have 

been documented around the world (Crosta, 1998; Stark and Hovius, 2001; Reid and 

Page, 2002; Zhou et al., 2002; Dai and Lee, 2003; Brardinoni et al., 2003; Can et al., 

2005; Ayalew and Yamagishi, 2005). Government agencies and other land managers 

have a vested interest in the determination of what landscape and storm properties (or 

combination of them) will result in landslides. Shallow landslides are of particular 

importance because they are the dominant mechanism of erosion in steep, soil-mantled 

landscapes and they can run out over long distances at high velocity (Montgomery and 

Dietrich, 1988; Benda, 1990; Reneau and Dietrich, 1991; Benda and Dunne, 1997b; 

Montgomery et al., 2000; Hovis et al., 2000; Schmidt et al., 2001; Heimsath et al., 2001; 

Stock and Dietrich, 2003).  

Debris flows are generally defined as relatively small and shallow (compared to 

large bedrock landslides), with failures initiating roughly parallel to the slope (Johnson 

and Rodine, 1984). Shallow landsliding results in distinctive landscape features, such as 

levees and terraces, deposits of log-jams and boulders, and fans that force streams to 

meander (Benda, 1990). The topographic signature of shallow landsliding is a valley 

network that transports sediment in a mechanism highly distinct from fluvial transport 
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mechanisms  –  this transition occurs on slopes greater than 3-10%, and results in 

landscape topography where channels are characteristically steeper above this transition 

(Stock and Dietrich, 2003). Although highly stochastic, this method of landscape 

adjustment is efficient at lowering valleys and adjacent hillslopes more than would be 

predicted by fluvial processes alone (Figure 1) (Stock and Dietrich, 2003).  

Many non-hydrologic factors contribute to failure susceptibility, such as land use 

and natural disturbance history, the thickness and composition of soil, geology, drainage 

patterns, slope, and the geometry of the site. The type, density, and age of vegetation are 

important stability factors, and vary with climate, topography, and land use history. These 

can be considered pre-existing contributing factors, and actual slope failure may require a 

triggering agent, such as seismicity (Dadson et al., 2004) or rainfall (Densmore and 

Hovius, 2000).   

Rainfall acts as a trigger by increasing pore pressure and reducing the effective 

shear stress, such that grain-to-grain contacts are weakened (Iverson, 1997). At this point 

the slope material behaves less like a solid and more like a liquid, allowing the slope to 

fail. During a rainstorm, the unsaturated zone of the soil column may become wetted by 

this antecedent rainfall (before a landslide occurs), but may not be fully saturated. This 

wetted state in the colluvium allows pulses of intense rainfall to be transmitted as a 

pressure wave down to the saturated zone (Torres et al., 1998). In this way, a storm can 

trigger slope instability, even if the soil is not fully saturated (Torres et al., 1998). It also 

indicates that antecedent soil moisture is important because this mechanism requires high 

soil-water content (Torres et al., 1998). Sufficient amounts of antecedent moisture may 
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be delivered during a storm event, or over the course of a wet season. Keefer et al. (1987) 

noted that the size of the storm needed to trigger instability decreases over the wet season 

– the soil-water content is increased until it is responsive enough to high-intensity rainfall 

to transmit the high pore-pressure wave through the colluvium from the surface to the 

saturated zone, initiating failure. In particular, colluvial hollows experience rapid rises in 

pore pressure during storms, as they are locations of highly conductive soils over 

generally impermeable bedrock (Montgomery et al., 1997). 

 

 

(a) (b)   
 

Figure 1 (a-b) – Examples of shallow landslides 
Typical debris flow path, here showing the channel scoured to the bedrock. (a) View uphill towards an 
initiation site. (b) Initiation sites on vegetated slopes. Photos from Josh Roering (University of Oregon). 
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(c) (d)  
 

 (e)  
 
Figure 1 (c-e) – Examples of shallow landslides 
(c) Examples of initiation sites on vegetated slopes. (d) View looking down-channel of another debris flow. 
Photos from Josh Roering (University of Oregon). (e) Debris flow deposit in low-slope channel. Photo by 
author.  
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Initiation sites are most often located in topographic hollows (zero-order 

unchanneled basins), where colluvium from adjacent sideslopes accumulates in hollows, 

resulting in thicker soils (Figure 2) (Dietrich, 1981; Benda, 1990). The hollows where 

(a)  (b)   
 
Figure 2 – Convergent topography  
Examples of two different contributing areas. (a) Area (A) at two (x, y) points on the landscape (dashed 
lines are contours). Topographic convergence determines the upslope contribution of both water and soil. 
From Iverson (2000). (b) Convergent and divergent forms. From Hofmeister et al. (2002). 
 
shallow landslide initiate are excavated approximately every 500 to 6,000 years (Reneau 

et al., 1986; Reneau and Dietrich, 1991). Erosion and landscape lowering achieved 

through shallow landsliding is highly intermittent, such that a single precipitation event 

may achieve the equivalent of many years of the annual lowering rate (Springer et al., 

2001). As such, long-term landscape erosion rates due to landsliding can be extrapolated 

from a single event if the storm is put in context of its magnitude and frequency (Page et 

al., 1994; Hovius et al., 1997).  

Storm of February 6th–9th, 1996 

From February 6th to 9th, 1996, much of western Oregon experienced a high 

intensity, long duration precipitation event that generated broad zones of slope instability 
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(Robinson et al., 1999). The storm arrived on the “Pineapple Express” – this is a term for 

the strong subtropical jet-stream air-masses that originate in the southwest equatorial 

Pacific Ocean, and arrive in the Pacific Northwest loaded with heavy precipitation (see 

Figure 3) (Burns et al., 1998; Robinson et al., 1999). Although common, it is unusual that  

this storm persisted with such intensity for as long as it did (3-4 days) (Taylor, 1996). 

Warmer temperatures moved the freezing level up to 7,000 to 8,000 ft, so snowfall during 

the storm was not a significant factor (Taylor, 1996). The storm cells moved 

predominantly northeast (Figure 4). This figure is the result of one 6-minute increment, 

but is representative of the general trend of the storm. Velocity measurements are a result 

of the frequency shift produced when the target moves relative to the sensor (Rinehart, 

1991). 

Weaver and Hagans (1996) note that the storm was manifested as an intense band 

of rainfall extending from Eugene, OR, to Seattle, WA, and from the Coast Range east to 

the Cascades. On the 7th of February, one of the top three locations of the heaviest 

precipitation included the Coast Range due west of Portland (i.e., centered over 

Tillamook County). On the 8th, most of the rainfall was focused along the Coast Range 

(from Salem to Portland), as well as the Cascades of northern Oregon. Westrick et al. 

(1999) states that over 500 mm of precipitation fell over the coast range. Portland, for 

example, experienced about 7 inches of rain over four days (Figure 5) (Taylor, 1996). 

This storm was an unusually large event, during an unusually wet winter in the 

Pacific Northwest (Figure 6).  In many places, seasonal rainfall was 140 –180% of the 

normal seasonal average before the February 6-9 storm occurred (Robinson et al., 1999; 
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Taylor, 1996). Snowfall was an important method of precipitation delivery to the 

landscape before the storm occurred (Robinson et al., 1999). In the few days before the 

storm, low elevations experienced frozen ground and high elevations received heavy  

(a)  

(b)  
 
Figure 3 – Storm track, Feb 5 and 7, 1996 
Pineapple Express moves from equatorial Pacific to Northwest Oregon. Note the long “tail” of the storm 
moving in a west-northwest direction into Oregon. The storm proved to be of unusually long duration. (a) 
February 5th, 1996. (b) February 7th, 1996. From Oregon Climate Service (1996). 
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Figure 4 – Doppler velocity 
Doppler velocity. Red indicates travel away from the station, blue is travel towards it. Velocities are 
produced by a frequency shift as objects move relative to the radar station. Units are in dBZ (decibles of Z, 
reflectivity). Image was produced using the program Scout.  
 

 

 
 
Figure 5 – Map of storm total precipitation, Feb 5 and 7, 1996 
Westrick et al. (1999) used mainly a network of coop stations available from NCDC in creating this map of 
precipitation from the Feb 1996 storm. This included non-traditional networks, like SNOTEL (J. Hinkle, 
Feb 2004, personal communication). From Westrick et al. (1999). 
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Figure 6 – Daily precipitation, 1995-96 water year 
Storm of February 6th-9th in context of precipitation receive at three gauges near or in study site, for the 
1995-96 water year (October 1, 1995 to May 31, 1996). The February 6th-9th storm (circled) was 100-year 
event in a very wet year (see storm spikes in November, for example). 
 
snow (Robinson et al., 1999). Before January of that winter, snow-pack was only 29% of 

average, but beginning in mid-January, middle and high elevations had 112% of the 

average (Taylor, 1996).  

The storm triggered thousands of landslides across Western Oregon (Hofmeister, 

2000). The four-day rainfall total surpassed records in most of the state, and is thus 

regarded as a 100-year precipitation event (Hofmeister, 2000; Burns et al., 1998). The 

northern Oregon coast had several stream-flow records set (Hofmeister, 2000). Damage 

was particularly widespread in the western half of Oregon, as twenty-seven counties were 

declared Federal disaster areas, due to both flooding and landslide activity (Hofmeister, 
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2000). Due to the storm (flooding and landslides), 30,000 residents were forced to 

evacuate, eight people were killed, and nearly $500 million in damages was incurred. An 

example of the hazard associated with many of these slides is shown in Figure 7. In the 

Northern Oregon Coast Range, the locations of landslides (at a large watershed scale) 

seemed to correlate well with the locations of the greatest amounts of rainfall (Weaver 

and Hagans, 1996). A study by the Oregon Department of Forestry (Robinson et al. 1999) 

was primarily field-based, featuring very detailed landslide mapping of small areas of 

concentrated landsliding in forests of various stand age. The hotspots identified in the 

Robinson et al. (1999) study suggest that otherwise diverse locales with high landslide 

densities may reflect spatial variations in precipitation patterns.   

Previous work:  Comparing landslides and precipitation 

The intensity and duration of rainfall has been well linked to landslide initiation. 

Crosta (1998) suggests that landslide initiation is more sensitive to high intensity rainfall 

than to long duration (but less intense) rainfall. Many researchers state that the 

distribution between intense rainfall and the location of slope failures is not random  

(Cain, 1980; Weaver and Hagans, 1996; Robinson et al., 1999; Springer et al., 2001). At 

a well-monitored study site in the Oregon Coast Range, Torres et al. (1998) observed 

short high intensity pulses of rainfall, in the midst of the 1996 storm, just before a slope 

failure occurred at the site.  

An empirical approach to comparing landslides and rainfall was performed by 

Godt et al. (2005), whereby the antecedent moisture and intensity threshold for slide 

initiation was examined. Rainfall intensity was combined with field data collected across 
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(a)   

(b)  
 

(c)  
 

 

 

 

 
 
 
Figure 7 – Dodson slide, Columbia River Gorge  
Dodson debris flow in Columbia River Gorge as one example of a location with substantial damage from 
the February 1996 storm. (a) Source of debris flow was the valley behind the house (top of photo), and 
deposit (flowed all the way out to the road, bottom of photo). (b) The first floor of house was entirely 
buried. From U.S. Geological Survey. (c) Hazardous locations to build homes – at the mouths of canyons, 
and at the bottom of steep slopes. Hofmeister et al. (2002).  
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saturated slopes. Results indicate that early wet season rainfall must saturate the soil 

before additional rainfall can trigger slope failure, via extended duration or high intensity. 

As antecedent moisture increases, the intensity and duration needed to trigger landslides 

decrease (Godt et al., 2005).  

The determination of factors significant to landslides can then be used to map 

hazards. Dai and Lee (2003) used an array of potential causal factors (including lithology, 

slope, aspect, elevation, slope shade, land cover, and 24-hour rainfall) to map hazards, 

which was 82.7% accurate when compared to actual landslide events. Can et al. (2005) 

found that topographic factors such as altitude, aspect, local relief, and land cover were 

the most significant variables, and that most of their inventoried landslides occurred in 

mapped high-susceptibility zones. Ayalew and Yamagishi (2005) found that aspect and 

slope were more significant than elevation, which was strongly tied to land management 

(location of road cuts at preferential elevations). Guzzetti et al. (2005) used five sets of 

aerial photos (from 1955 to 1999) to build and test predictive models. Overall, model fit 

(determined using only some of the five aerial photosets) was always better than model 

performance (used to predict the occurrences of the remaining landslides from 

inventories not included in that model) (Guzzetti et al., 2005). 

Much work in Oregon is directed at mapping landslide hazard and susceptibility. 

Wiley (2000) proposed a 24-hour precipitation threshold (Figure 8), and the Department 

of Geology and Mineral Industries proposed much of Oregon as a further review area, 

based on pre-conditioning instability factors like slope steepness (Figure 9) (Hofmeister 

et al., 2002). 
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Figure 8 – Twenty-four hour rainfall intensity threshold 
Example of an empirically derived landslide warning, from precipitation:  a proposed twenty-four hour 
rainfall intensity threshold as 40% of the mean December rainfall. This threshold would be significant only 
after about 8 inches of antecedent rainfall. Regions like the Coast Range (with high mean December 
rainfall amounts) would have high debris-flow warning thresholds – this operates under the assumption that 
hillslopes with lots of rain equilibrate to high-rainfall conditions. This model also doesn’t account for land 
use activity, such as logging, which may drastically affect the threshold amount of rainfall for slope 
instability. FromWiley (2000). 
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(a)  
 

(b)    
 
Figure 9 – Landslide hazard further review areas 
(a) Potential “further review areas” are shown in red, indicating that it is a general hazard area. The 
numbers are the percentage of county mapped as a further review area. Tillamook County is classified as a 
54% further landslide hazard review area. From Hofmeister et al. (2002). (b) There is a very high portion of 
the field area that is steep-sloped. Landslides (represented by the dots) typically are found in these steep 
areas.  
 

Slope 
(degrees) 

High: 79o

 
Low: 0o 

Tillamook 
State Forest 
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NEXRAD 

Ground-based radar is a relatively new tool for estimating precipitation (compared 

to the long record of some rain gauges). It has a very high temporal and spatial resolution, 

offering new insight into rainfall patterns. Of interest to many researchers is the question 

of how viable radar may be for comparison with surface processes, specifically 

landslides. NEXRAD is WSR-88D (Weather Surveillance Radar – 1988 Doppler), also 

known as Next Generation Radar (Smith et al., 1996). The data are transmitted to the 

public via the NEXRAD Information Dissemination Service (NIDS) vendor at the 

National Climate Data Center (NCDC) (Bedient et al., 2000). The National Weather 

Service uses radar for weather prediction, flash flood prediction, and input to hydrologic 

models for streamflow forecasting (Young et al., 1999).  

NEXRAD is a radar technology that records reflectivity, radial velocity, and 

spectrum widths of reflected signals (Yuter, 2002). It has 10-cm wavelength, as most 

raindrops have diameters less than 5 mm but greater than 0.2 mm (Yuter, 2002). The 

radar measures by increasing the elevation of the sweeping radar beam, from 0.5o to 19.5o 

(Wieczorek et al., 2001; Luther, 2004). Figure 10 shows the scan strategy, based on radar 

tilt angles. NEXRAD has an effective range of about 230 km (Wieczorek et al., 2003). A 

point target such as a radio tower is distinguishable at ranges of less than 50 km, while a 

larger meteorological echo is visible at ranges of < 90-115 km (with resolution increasing 

closer to the radar station) (Yuter, 2002). 
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Figure 10 – NEXRAD scan strategy 
Tilt angle increases with consecutive rotations of the radar device. The second-lowest tilt angle (pale blue) 
was used for analysis in this study. Since the landslides are approximately 40 to 70 km from the station, the 
atmosphere sampled is about 0.5 to 2.5 km in elevation (above the Portland station KRTX). The apparent 
upward curvature of the radar beams is due to the actual curvature of the earth’s surface. From Sandra 
Yuter, University of North Carolina.  
 

The precipitation radar device transmits an electromagnetic energy pulse (via 

antenna), which returns after it bounces off a reflector in the atmosphere (such as a 

raindrop). The time delay between the original pulse and the arrival of the backscattered 

energy gives the distance to the reflector. The amount of energy received indicates how 

many particles are in the atmosphere (ie, how large/dense is the cloud). Ground based 

radar has the advantage of resolution over aircraft or satellite radars, because the longer 

wavelength of energy (15-8 cm λ) used on the ground is preferred for many precipitation 

applications. Devices using this relatively long wavelength require a larger antenna 

(which is more expensive, technical, heavier, etc), compared to the technological 

requirements of other bands (8-0.75 cm λ) (Yuter, 2002).  
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There are over 150 WSR-88D weather radars positioned to provide nearly 

complete coverage of the continental US, except for “small areas in the Rockies” where 

the mountains block the beam (Legates, 2000, p. 236). In reality, blind spots due to 

blockage are very prevalent. For example, there’s significant blockage throughout the 

Oregon Coast Range. Terrain blockage, shallow precipitation, and low freezing levels 

result in coverage of a fraction of the coastal western United States – this phenomenon is 

especially prevalent where there is the most precipitation (Westrick et al., 1999). By 

rigorous standards, three-fourths of land on the West Coast does not have NEXRAD 

coverage; if partially blocked areas can be includes as viable, only two-thirds of land is 

excluded from NEXRAD range (Figure 11) (Westrick et al., 1999).  

NEXRAD offers many advantages over rain gauges. As point measurements, rain 

gauges have a large sampling error when monitoring highly spatially variable rainfall 

(Matsoukas, et al., 1999). However, the largest difference between radar and gauge data 

occurs during periods of heavy rainfall and at high elevations (greater than 480 mm) 

(Wieczorek et al., 2003). This is also where much precipitation (and geomorphic activity) 

of interest occurs.  

Previous work:  Using NEXRAD precipitation estimates 

Research by Wieczorek et al. (2001) examined the viability of using remotely 

sensed rainfall data for landslide hazard analysis. In the Blue Ridge Mountains of central 

Virginia, the timing of slides during a large storm (June 27, 1995) had a stronger 

correlation with storm intensity than storm total (Wieczorek et al., 2003). According to 

eyewitnesses, landslides occurred when rainfall intensity ranged from 25 to 100 mm/h.  
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(a)     (b) 

 
Figure 11 – Extent of NEXRAD coverage on West Coast of U.S. 
(a) Theoretical extent of coverage by NEXRAD stations on the West Coast of U.S. Shaded gray areas have 
no coverage. (b) Actual extent of coverage. Green = available, yellow = partially blocked. Red outlines are 
watersheds that are particularly prone to flooding (including the Wilson River in Tillamook County, which 
drains from my study area). From Westrick et al. (1999). 
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About 330-750 mm of rain fell in 16 hours, and  about 1000 debris flows were triggered 

in a 130 km2 area (Morrissey, 2004; Wieczorek et al., 2001). An orographic effect was 

evident, with most rainfall occurring at about 300 m rather than at the peaks (1000 m) 

(Figure 12). 

 
 
Figure 12 – Madison County, Virginia storm 
Madison County, Virginia, storm of June 27, 1995. NEXRAD contours (left, max hourly rainfall in 10-mm 
contours), compared to debris flow intensity (right, debris-flow concentration per sq km, 0-25 contours). 
Circles represent approximate locations of peak intensity. From Wieczorek et al. (2003). 
 

In a February 1998, an El Nino storm occurred in Northern California, and 

landslide damage was about $150 million due to 500+ debris flow in a 91 km2 area 

(Wieczorek et al., 2003). Although debris flows occurred during and after a 6-hour period 

of intense rain, preceded by an extended period of moderate antecedent rainfall, there was 

not a close correlation between highest debris flows and highest rainfall, as calculated 

from NEXRAD data. Instead, analysis indicated that there are other important variables 

besides intensity duration (Wieczorek et al., 2003). Topographic variables like gradient 
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and topographic curvature at debris flow head were the most important other variables 

(Figure 13) (Wieczorek et al., 2003).  

 
 
Figure 13 – Alameda County, CA storm 
Alameda County, California, El Nino storm of February 2, 1998. NEXRAD contours (left, max hourly 
rainfall in 10-mm contours) compared to debris flow concentration (right, debris-flow concentration per sq 
km, 0-25 contours). Circles represent approximate locations of peak intensity. From Wieczorek et al. 
(2003). 
 

NEXRAD Level III precipitation estimates for a July 1999 storm in Colorado 

indicated total precipitation from about 38 to 139 mm, with a maximum intensity of 20 

mm/h (Wieczorek et al., 2003). About 480 debris flows were triggered in a 240 km2 area, 

although none of the 10 nearby rain gauges were inside the study area. Shallow landslides 

were triggered by about 35 mm of rain in a 2-hour period. Also in this case, the highest 

concentrations of debris flows and heaviest rainfall were not spatially coincident, and  

other variables were critical to slide initiation, specifically hillslope gradient and surficial 

geologic materials (Wieczorek et al., 2003) (Figure 14). 
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Figure 14 – Front Range, CO storm 
Front Range, Colorado, storm of July 28, 1999. NEXRAD Level III data (left, max hourly rainfall in 10-
mm contours) and debris flow concentration (right, debris-flow concentration per sq km, 0-25 contours). 
Circles represent approximate locations of peak intensity. From Wieczorek et al. (2003). 
 
 

A combination of modeling the response of soil to precipitation and NEXRAD 

Level II data may improve the correlation between storm cell intensity and the 

occurrence of debris flows. The five days before the June 27, 1997, storm (Blue Ridge 

Mountains, VA) contributed 75-170 mm of antecedent rainfall (Morrissey, 2004). The 

storm can be interpreted as two storm cells, during which predictions match observed 

locations and times of debris flows. Between storms (1-6 am, 8-4 pm) many locations 

calculated as unstable actually re-stabilize (Morrissey, 2004).  
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The accuracy of using NEXRAD radar has also been examined. Radar results 

were equally (or more) accurate in Houston as rain gauge models for predicting runoff 

volume, peak flow, and time of peak (Bedient et al., 2000). The local flood warning 

system in local watersheds uses real-time NEXRAD data, where extremes in the Gulf 

area are seen in the spatial and temporal variability of precipitation, which is not captured 

by sparse rain gauges (Bedient et al., 2000). 

Young et al. (1999) looked at the utility of radar over the complex mountainous 

terrain of northern Appalachian Mountains. They used Level III (hourly) data to evaluate 

range dependence and spatial distribution of estimates, comparing overlapping areas and 

radar-gauge estimates (Young et al., 1999). Complex terrain interferes with radar, such 

that effective radar coverage must be sited carefully or use higher tilt angles (Young et 

al., 1999). Also observed were profound impacts on precipitation patterns by topography 

– airflow over topographic boundaries enhanced precipitation and produced significant 

spatial variations (Young et al., 1999). They were forced to use higher beam angles 

because of mountain blockage in the Catskills (Young et al., 1999). Artifacts due the 

steep landscape also included anomalously high reflectivity values coincident with 

topographic peaks (Figure 15).  

Research goal 

In this study I used an inventory of landslides triggered by the February 6th-9th, 

1996, storm to compare a wide array of topographic and precipitation variables, including 

slope, stand age, the degree of hillslope convergence or curvature, elevation, aspect, and 

geology, as well as variety of measures of precipitation intensity and duration. We are 
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Figure 15 – Precipitation probability artifact due to topography 
Contoured probability of precipitation overlaying topography. The peaks are associated with anomalously 
high probability of detection of “rainfall” (artifacts associated with ground returns) by the radar station 
ENX, located on a ridge on the west side of the Hudson River. From Young et al. (1999).   
 

interested not only in determining which factors are significant, but also their relative 

magnitude of contribution. The main purpose of this research is to explore potential 

correlations between the location of landslides (specifically, shallow landslides) and the 

location of high intensity or duration rainfall. It is expected that rainfall characteristics, 

such as high intensity and long duration precipitation, control landslide initiation – this 

research is a test of that hypothesis. We also explore the viability of using ground-based 

meteorological radar to examine watershed-scale geomorphic processes. Radar sensing of 

rainfall has the potential to be a powerful management and research tool, but in addition 

to its advantages, this technology faces a unique set of limitations.   
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CHAPTER II 
 

 
STUDY SITE 

 
Tillamook State Forest 

The area of this study is located in Tillamook County (Figure 16), and was chosen 

for it’s proximity to the Portland NEXRAD station – the radar beam width at this 

distance is ~1 km wide. The area experienced widespread landsliding resultant of the 

February 6th-9th, 1996, storm. This region is a steeply dissected, soil-mantled landscape 

that has never been glaciated (Figure 17). Elevation ranges from sea level to ~3,700 ft 

(1100 m). The area is characterized by high rainfall (most in the winter months), dense 

vegetation (mature second-growth Douglas-fir), and deeply weathered surface outcrops 

of bedrock (Wells et al., 1994). With respect to forest practices, it is a largely undisturbed 

with dense and widespread vegetation.  

Tillamook State Forest, established in 1973, has been the site of widespread 

historic burns. The ‘Tillamook Burn’ is a collective name for a series of large fires that 

occurred in regular six-year intervals, in 1933, 1939, 1945, and 1951. The 1933 fire was 

the largest (at 240,000 acres), but 355,000 acres were burned in total. Voters authorized 

the expenditure of twelve million dollars in 1948 for rehabilitation, beginning “the largest 

reforestation project ever undertaken” (Oregon Dep. of Forestry, 2006). Seventy-two 

million Douglas-fir seedlings were hand-planted, 1.5 million dead trees cut, and 3 billion  
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Figure 16 – Location of study site 
Figures show location of Tillamook County (red outline) in Oregon, and the extent of the study site (blue). 
The star represents the location of NEXRAD station (KRTX) just west of Portland, OR.  
 
 
 
 

 (a)   (b)  
 
Figure 17 (a-b) – Tillamook State Forest photos 
(a) and (b) Photos from Tillamook State Forest, in Oregon Coast Range. The study area is forested and 
rugged. From Oregon Department of Forestry. 
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     (c)  
 
Figure 17 (c) – Tillamook State Forest photos 
(c) Oregon Coast Range (south of Tillamook). Note the characteristically steeply dissected ridges and 
valley network. Photo from Josh Roering (University of Oregon). 
 
 
tree seeds were dropped from helicopters during large scale aerial seeding (Figure 18) 

(Oregon Dep. of Forestry, 2006). 

   

  (a)    (b)  
 
Figure 18 (a-b) – The Tillamook Burn 
(a) Tillamook Forest before the Tillamook Burn. (b) Salvage logging after the forest fires. Photos from 
Oregon Department of Forestry, 2006. 
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  (c)    (d)  
 
Figure 18 (c-d) – The Tillamook Burn 
(c) Use of helicopters for seed dispersal. (d) Replanting Tillamook State Forest. From Oregon Department 
of Forestry. Photos from Oregon Department of Forestry, 2006. These burns precipitated formation of 
Tillamook State Forest – private owners who couldn’t pay land taxes after the Tillamook Burn (many were 
already broke following the Depression) forfeited their land to the counties. The counties (including 
Tillamook, which had the largest share) then deeded the land to the Oregon Department of Forestry under 
the agreement that if the land ever produced revenue, the counties would receive two-thirds of the income 
(Oregon Department of Forestry, 2006).  
 
 

Robinson et al. (1999) noted that the geology of their Tillamook subset study area 

consists of suberial and submarine flow basalts, tuff, and breccia. Mapping for that 

geology database was done at 1:48,000 and 1:24,000 scales, during 1968-70 and 1983-89 

(Wells et al., 1994). Wells et al. (1994) stated that the Tillamook Highlands 

(encompassing this study area) is characteristic of the mountainous Eocene volcanic 

terrane that comprises most of the northern Coast Range. Most of the stratigraphy here is 

repetitive volcanic sequences of thick accumulations of submarine and subaerial basalt 

interbedded with some deep water marine sedimentary rocks, and the most widespread 

unit is the Eocene Tillamook Volcanics (Wells et al., 1994). 

Aerial Photos 

Aerial photos of the Tillamook State Forest, from the Oregon Department of 

Forestry, were used to map landslides into GIS. Using the aerial photos, I was also able to 

classify other important site variable, such as stand age.  
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The Tillamook subset watershed within Tillamook State Forest was chosen as one 

of four “red zones” for an Oregon Department of Forestry survey of landslides following 

the February 1996 storm (Tillamook ODF subset) (Robinson et al., 1999). This area, like 

most of Tillamook State Forest, meets that study criteria of having been particularly hard-

hit by landslide activity following the storm, has a variety of stand ages (clear cut through 

mature), and displays uniform slope and geologic conditions throughout.  
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CHAPTER III 
 
 

METHODOLOGY 
 

I used a photoset provided by the Oregon Department of Forestry to map the 

landslides resultant from the February 1996 storm. This landslide mapping generated the 

extensive inventory against which the statistical analysis is performed. Additional factors 

for the analysis were provided by a topographic analysis of other landscape 

characteristics at the landslide locations, such as slope and curvature (for example). 

NEXRAD values of reflectivity (as a proxy for rainfall intensity) are also compared to the 

pattern of landslide initiations. Many different measures of intensity (over varying time 

periods from 12 to 360 minutes) are compared to landslide locations, in order to 

determine which rainfall characteristics were significant in initiating slope failure during 

this storm.  

Landslide inventory from aerial photos 

A complete aerial photoset of Tillamook National Forest (800+) was flown in 

July of 1996, at a 1:12,000 scale. The photos were on short-term loan from the Oregon 

Department of Forestry office in Tillamook (collected the engineering and forestry 

departments). Over five hundred and fifty of these photos were scanned at a 450 dpi 

resolution and stored as JPEG files.  Using the Tillamook photoset, I identified 1000+ 

landslides resulting from the storm (see Figure 19). Figure 20 is some examples of slides 

(although these are in Tillamook State Forest, they are outside my study area). These 
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Figure 19 – Landslides in Tillamook State Forest 
Landslides locations (dots) in study site, laid over shaded relief of topography.  
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Figure 20 – Photos of shallow landslides in Tillamook County 
Three examples of Tillamook County landslides (although outside of my study area). Slides in clear-cut 
areas are often much easier to see, due to the absence of trees as well as the large slide size associated with 
slopes with low root strength. From Weaver et al. (1996).  
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photos shows what a typical landslide looks like in this region, in that failure initiates in 

steep topographic hollows and may have long runout lengths.   

Each slide was identified and recorded along with stand age, some initiation 

conditions (road related or channel related, was the initiation site planar or a topographic 

hollow), and the relative size. A small slide would be about 30 m long, with an initiation 

width of 5-10 m, medium slides range from 100 to 500 m long, with widths from 5 m up 

to 30 m, and large slides are 500 to over 1000 m in runout length, with widths from 10 m 

up to 40 m.   

A landslide included in the inventory (i.e., resultant of the February 6th-9th storm) 

met the following criteria: (a) the slide was not included on an earlier set of DOQQ’s, and 

(b) looked fresh. A fresh landslide is generally brighter than the surrounding hillside, has 

clearly defined edges, and is not re-vegetated. The Oregon digital ortho quads (DOQQ’s) 

that were used are dated as the summer of 1994 (May through August), with a couple 

dated to June of 1995. This helps to minimize the possibility that some slides that may 

have occurred in the interim (two years or less from the date of the DOQQs to the 1996 

aerial photoset) due to storms other than the February 1996 event.   

An initiation condition recorded from the aerial photos included whether the slide 

began in a hollow, on a side slope, was road related (within 5 meters of a road at its 

highest upslope extent), or was channel related. Hollow and side-slope initiation 

conditions were not that clear, just from visual estimation between the aerial photos and 

the DEM. The concavity is difficult to determine in two dimensions, so those 
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designations were not used in subsequent analysis, but road- and channel-related 

information was later used to select and eliminate those slides from analysis.  

Figure 21 shows two sample landslides from my inventory – according to this method, 

one is classified as large, from a mature forest, while the other would be small, from an 

intermediate stand age. Classification of stand age is important because of the mechanical 

and hydrologic stability imparted by mature stands, as much research indicates 

(Burroughs and Thomas, 1977; Montgomery et al., 2000; Schmidt et al., 2001; Keim and 

Skaugset, 2003; May, 2002; Roering, 2003). A mature canopy may add significant root 

reinforcement, mitigate the impact of intense pulses of precipitation, or change the flow 

path of subsurface water (Robinson et al., 1999). Clear cut stands generally experience a 

significant loss in root strength, although the timing of this effect may show a delayed 

onset, as tree stumps may still impart some remnants of root reinforcement, and then 

eventually disintegrate away after several years (Schmidt et al., 2001). Stand age is 

visually estimated using the 1996 photoset into the following categories: recent (0-10 yr), 

intermediate (10-30 yr), and mature (30+). Robinson et al. (1999) states that Tillamook 

forest consisted nearly entirely of forest stands between 31 and 100 years old (around 40 

to 45 years old, as of the mid-1990’s) due to the Tillamook Burn (Robinson et al., 1996; 

Oregon Dept of Forestry, 2006). Recent clear cuts ranged from bare soil, to ground with 

grass or other low, immature vegetation (0 to 9 years). Intermediate stand ages were 

represented by a transition from small trees, generally with smooth-looking tree tops (10 

to 30 years). Texturally rough treetops, as well as simply larger trees, represented mature 

forests (30+ years).  
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(a)  
 

(b)  
 
Figure 21 – Sample landslides 
Example of classification from landslide inventory. Slide A would be classified as large, from a mature 
stand, while slide B would be classified as small, from an intermediate-aged stand. 
 

 
 

Large slide 
(mature stand age) 

 
Small slide, 
(intermediate stand age) 

 
 
Med + large slides 
(recent stand age) 
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The runout of shallow landslides is linked to the volume of the flow, which may 

reflect the hydrologic conditions at the time of initiation. These size designations are 

assigned on a relative basis only, as the smallest length of slide visible at 1:12,000 scale 

is 30 m long, with an initiation width of 5 -10 m (this size class may have been classified 

as a medium or large in other ground-based inventories). Medium slides range from 100 

to 500 m long, with widths from 5 - 30 m. Large slides are 500 - 1000 m in runout length, 

with widths from 10 - 40 m. There is a small number of very large slides that have 

runouts over 1000 m (although one was nearly 2000 m). Widths in all these ranges tend 

to be maximums – no official measurements were recorded of the exact sizes during the 

inventory process, but they were generally much less wide than they were long. For the 

Tillamook slides inventoried by Robinson et at. (1999), the landslides dimensions were 

highly variable, from 2 to 182 ft wide, with lengths of 5 to 184 ft. For their Tillamook 

subset study site, slides are an average of 36.4 ft wide, 30.6 ft long, with an average depth 

of 2.4 ft.  

This study focuses on in-unit failures, and as such, we removed road-related 

failures from the inventory. We want to focus on topographic and precipitation triggers, 

without other common contributors to instability, such as toe removal (stream undercuts 

the bottom portion of the bank), or modification via grading. The contribution of road-

building activity to slope instability is well documented (Robinson et al., 1999). This 

effect is strong enough to eclipse and obscure other more subtle contributing factors, and 

so will not be considered here. The elimination of channel initiation sites eliminates the 
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complicating factor of channel initiation via undercutting and oversteepening 

mechanisms.  

Available Tillamook County soil survey data were not used in this analysis, 

because local variations in soil thickness and properties that were not captured by the soil 

survey data would be very significant to slope stability conditions.  

Although some landslide inventory compilation has been done, I mapped anew 

because the composite results are non-uniform, and any patterns drawn from the 

inventory as a whole are highly subject to differences between agencies (Hofmeister, 

2000). This is especially in regards to mapping technique, resolution, and the varying 

amounts and types of information recorded. Thus, the spatial accuracy, data distribution, 

and specific focus varied from one collection to the next (Hofmeister, 2000).  

My landslide inventory preferentially captured slides with large volume and long 

runout length landslides. Previous research into “hot spots” of intense landsliding of 

February 6-9, 1996 examined small areas across the state, and include subsets named 

Tillamook and Kilches (subsequently referred to in this study as the Tillamook ODF and 

Kilches ODF subsets) (Robinson et al., 1999). I used the Tillamook ODF subset data to 

verify my mapping technique (Figure 22) (Hinkle, 2004). All the slides mapped in my 

inventory were also captured by the Oregon Department of Forestry study. However, the 

most striking difference is that the landslides studied here represent only a fraction of the 

total number of slides that were detected by ODF fieldwork. My inventoried slides (N = 

12) represented only 17% of the ODF-inventoried slides (N = 72). There is a significant  
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 (a) (b) 

 

 
Figure 22 – Comparison of Oregon Department of Forestry inventory and that of this study 
(a) Oregon Department of Forestry Tillamook subset (in blue). (b) Extent of ODF survey is shown in blue. 
Green dots are the ODF landslides, red dots are the landslides from my inventory. My slides are coincident 
with ODF landslides, although there is observable offset (up or down-channels) in some cases - this is 
likely the result of where the landslide is defined as beginning. Also of note is the bias of the ODF study to 
small, channel-adjacent failures that contribute sediment to the stream. ODF GIS data curtsey of J. Hinkle, 
Dec 2004.  
 

difference in the sizes of the slides visible and not visible in my inventory. For example, 

in the case of runout length, the average of ‘visible’ slides (i.e., in my inventory) was at 

least 10 times the runout length of ‘not visible’ slides (Table 1). Another important 

difference is that, for some landslides, there was up to 70 meters offset between my slide 

location and the ODF slide location – in these cases, I placed the slide too far up or down 
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Table 1 – Comparison of Oregon Department of Forestry and my inventory 
My landslide inventory compared to Oregon Department of Forestry inventory. First column of data is the 
average of slides captured in my inventory (visible), compared to slides that were not visible and thus not 
captured in my inventory. Third column is ratio of visible to not-visible slides. For example, my landslides 
(those visible at 1:12,000 scale) are nearly 20 times the runout length of not-visible slides. Modified from 
Robinson et al. (1999), ODF GIS data curtsey of J. Hinkle, Dec 2004.  
 

  Visible Not visible 
Ratio of 

Visible : Not Visible 
Number of Slides  12 60 0.20 
Initiation Length (feet) 58.8 35.0 1.68 
Initiation Volume (cubic-yards) 729.9 194.5 3.75 
Runout Volume (feet) 820.9 157.5 5.21 
Runout Length (cubic-yards) 3,926.9 201.4 19.50 
Total Volume (cubic-yards) 4,345.7 395.9 10.98 
Soil Depth (feet) 5.4 5.8 0.94 

 
 

the channel (or the axis of the topographic convergence). These differences are due to, (a) 

their field methods were much more exhaustive than my aerial photo examination, so 

they were more likely to capture small slides, and more importantly, (b) they focused 

mostly on slides that delivered sediment to the channel, while I eliminated slides whose 

initiation conditions seem associated with bank failure (Robinson et al., 1999). They 

found that 72% of slides found on the ground were not detected in 1:6,000 aerial 

photographs, while 72-98% of small, shallow slides were not visible on aerial photos at 

any scale. This is the problem that is most challenging in mature or semi-mature forest 

stands – aerial photos allowed for the detection of half of all landslides visible from the 

ground in recent clear cuts, while in mature stands, less than 5% of the landslides were 

detectable from aerial photos (Table 2) (Robinson et al., 1999).  

Random points were generated and interspersed throughout the landscape, for 

comparison with locations where landslides did not occur. For the random points, the 

photo set provided information on stand age. 
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Table 2 – Ground-based versus photo inventories 
Relative reliability of ground-based versus aerial photo inventory techniques, for Tillamook County ODF 
subset – most landslides are observed in the 31-100 year age class. A mature stand suggests not only denser 
vegetation, but taller, such that slides are obscured at many photo angles. One other possibility is that slides 
initiated in this stand age must be larger (i.e., more visible) to overcome the higher root strengths associated 
with mature forest stands. Modified from Robinson et al. (1999).  

 
 Number of landslides observed 

Age class Survey Method 
0-9 10-30 31-100 100+ 

Ground based ND 4 49 ND 
Air photo 6k ND ND 12 ND 
Air photo 12k ND ND 1 ND 

 
 
DEM analysis 

Digital Elevation Models (DEMs) were used here to calculate the topographic 

properties associated with each landslide point. This included slope, elevation, 

topographic curvature, the upslope contributing area, and aspect. Each of these factors 

potentially contributes to slope instability in some way. For example, steeper slopes are 

more likely to fail than gentle slopes, so we expect to see a greater frequency of slides on 

steeper slope gradients. Elevation may be important, as a proxy for variations in rain or 

snowfall, or reflect some change in the character of the topography. Curvature may be 

significant because accumulation of subsurface flow occurs in topographic hollows, 

predisposing these sites to slope instability. The upslope contributing area also functions 

in this way, such that large upslope areas are efficient in directing moisture to 

topographic hollows. Finally, aspect may be significant because slopes that all face the 

direction of storm travel may preferentially experience more precipitation during those 

events.  
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ArcGIS was used to calculate slope and elevation, while TAS (Terrain Analysis 

System) was used for curvature and upslope contributing area. ArcMap 9.1 and ArcView 

3.3 were used to join these topographic attributes to each point, such that each location of 

a slide or non-slide was assigned a unique set of values for these variables, depending on 

its location on the landscape.  

Processing NEXRAD data 

A critical assumption of this research is that the landslides occurred at the peak 

intensity in the rainfall rate, so the NEXRAD reflectivity data are analyzed to determine 

the manner in which rainfall intensity and duration are expressed at each site. 

While it would be possible to calculate values of intensity and duration for this 

storm, this is not likely to be a robust conclusion, because the relationship between 

reflectivity (Z) and rainfall rates (R) is often very indistinct. Instead, we will use 

NEXRAD reflectivity as a proxy for rainfall intensity. By not calculating rainfall rates, 

we will avoid introducing additional sources of uncertainty into this analysis (the wide 

variation in the Z-R conversion is shown in Table 3 and Table 4). 

Table 3 – National Weather Service Z-R conversion 
National Weather Service conversion of radar reflectivity (Z, in dBZ) to rainfall rate (Z, in inches per 
hour). Rainfall is proportional to reflectivity (here, measured logarithmically). From Luther (2004).  

 
Reflectivity (dBZ) Rainfall Rate (in/hr) 

65 16.00+ 
60 8.00 
55 4.00 
52 2.50 
47 1.25 
41 0.50 
36 0.25 
30 0.10 
20 Trace 
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Table 4 – Descriptive Z-R conversion 
Other typical values of observed radar reflectivity in various types of precipitation, as empirically 
described. From Yuter (2002).  
 

Reflectivity (dBZ) Associated Precipitation Types 
55-70 Hail 
40-55 Graupel 
30-60 Moderate to heavy rain 
30-55 Melting snow particles 
10-30 Light to moderate rain and heavier snow 
0-10 Drizzle, very light rain, light snow 

-30 to 0 Marginally detectable precipitation 
 

NEXRAD data are used to examine the extent to which rainfall variations can 

explain the pattern of landsliding. NEXRAD offers both spatially and temporally dense 

constraints on rainfall rate, which enables us to better account for rainfall variations than 

rain gauge data. Figure 23 and Figure 24 shows that the NEXRAD data is much more  

 
 
Figure 23 – Fifteen-minute precipitation gauge with NEXRAD reflectivity 
Fifteen-minute gauge data overlain by NEXRAD reflectivity (from the closest landslide point to the 15-
minute gauge, <5 miles). Note the dropped data interval of 7 hours on 2/7/1996 – this is addressed in text 
discussion of statistical methods.  
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Figure 24 – Rainfall rate as a function of reflectivity 
Rainfall rate as a function of reflectivity. Relationships that are described in the manner of Table 3 (for 
example) include the red and green lines (green lines are defining a range). Other relationships are 
described using the more quantitative Z-R formula (Z = aRb) behave differently (see the four lowest lines). 
These differences become very apparent at reflectivity values higher than about 40 dBZ. NWS is the 
National Weather Service descriptive association, long term avg min/max are descriptive national averages. 
See Appendix D for descriptions of the Z-R relationships of the rest.  

 

detailed, showing fine-scale variations not regularly detected by either gauge. This detail 

is reflected at a coarse scale in the gauge data, when detected at all by the gauge. 

The NEXRAD data used in this study are from the KRTX Portland station, 

located at latitude 45o42’53” N and longitude 122o57’55” W (see Figure 16). It has an 

antenna height of 30 m (98 ft), and is located at an elevation of 479.3 m (1572 ft). The 

station began operations on July 12th, 1995.   

The available NEXRAD data for this period (February 6th – 9th, 1996) have two 

important gaps: on February 7th (6 hours) and February 9th (18 hours). For the February 

7th gap, we simply assume a reflectivity of zero for all analysis. For the February 9th gap, 
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we use only the data up until that point. The only NEXRAD data we have for the 9th are 

at the beginning and the very end of that day, where there are no reflectivity data, 

indicating that the storm was over before the end of February 9th. Thus, the total time 

length used for this storm is from the beginning of February 6th through to about 4:30 am 

on the 9th. The cause of these data drops remains elusive, and likely instrument-related (S. 

Yuter, personal communication). However, the resolution still offers greater detail than 

hourly or 15-minute gauge data for the period.  

 
 
Figure 25 – Hourly rainfall 
Hourly rainfall (left axis) and 15-minute rainfall (right axis) from two stations in Tillamook State Forest 
Field area. Gauge records yield generally coarse temporal resolution, compared to 6-minute NEXRAD 
intervals (seen Figure 23).  

 

Blockage due to topography is evident in the lowest two to three levels of 

NEXRAD data used in this study (Figure 26). I choose to clip out blocked areas, and 

discard those sections of the landslide inventory (Figure 27 and Figure 28). The 

remaining data points became the final set for all analysis. 
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Figure 26 – Final selection of landslide and non-slide points 
Final extent of landslide and non-slide points, after clipping out the topographically blocked areas. These 
points overlay the maximum reflectivity values (in dBZ) – regions of higher maximum reflectivity values 
are typically associated with topographically unblocked areas.  
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Figure 27 – Terrain blockage over Tillamook State Forest 
Terrain blockage seen in the shadow of mountainous areas (dark indicating low average reflectivity). 
Principle locations of blockage (topographic high regions) are located approximately at the arrow tips – 
these localized high spots cast a long “shadow” through the study area. The star represents the site of the 
Portland NEXRAD station (KRTX).  
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Figure 28 – Three-dimensional image of terrain blockage 
Three-dimensional image of the bottom of the first tilt angle (0o) and the top extent of the second tilt angle 
(2o). Blockage is most evident in lowest layers, but even the second tilt angle used in this study shows the 
effect of partial blockage (see Figure 27). The red dot represents the site of the Portland NEXRAD station, 
KRTX. View is to the northwest.  
 

NEXRAD is produced in a radial coordinate system of reflectivity, for each tilt 

angle (Bedient et al., 2000). Converting from polar coordinates to Cartesian ones has 

until recently been a major problem with data analysis of reflectivity data (Wieczorek et 

al., 2003). Although there are some programs that will display the data in polar 

coordinates (Scout, Zebra), these are not GIS compatible and so have limited uses. More 

programs are becoming available to view and work with both Level II (6 minute) and III 

(hourly) data in Cartesian GIS space (National Climate Data Center, 2006).  

I processed the NEXRAD data for this study through a Department of 

Atmospheric Sciences server at the University of Washington. There were 700+ data 

KRTX 
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files, each representing a 6-minute data output. Data are run through a series of Unix-

based C++ codes, to finally produce an ASCII file (Cartesian coordinates) showing 

reflectivity values from one tilt angle (Appendix F). Generic text files are easily 

transferred to a GIS program such as ARCInfo, enabling further data processing, such as 

reclassifying the raster grids to eliminate some anomalous values (below zero) that have 

no physical meaning. Due to data storage constraints, I chose only a subset of the whole 

radar 360o scan to use for analysis of storm properties. The high-resolution (1 km2) 

NEXRAD area of interest is 42 km wide by 72 km tall, for a total area of 3,024 km2. For 

comparison, the Tillamook aerial photo coverage is about 1,680 km2, with the clipped-out 

subsections (non-blocked regions) about 1,154 km2 in area (Figure 29).  

 
 
Figure 29 – Extent of NEXRAD data for KRTX station 
Extent of the 16 km2 NEXRAD data (coarse resolution), showing location of higher the resolution (1 km2) 
data (black rectangular outline).  
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Landslides occurring in Tillamook State Forest are between 75 km (47 miles) and 

40 km (25 miles) from the Portland NEXRAD radar station (KRTX). The beam-width at 

this range is between 0.7 km and 1.3 km, so a grid cell of 1 km2 was selected. Any grid 

size may be chosen, but given the actual width of the beam, there’s a practical limit to the 

resolution of the radar data. Due to the 1o beamwidth of the radar (device rotates 360o, 

one degree at a time), the following relationship determines the width of the beam at 

distance from the NEXRAD KRTX station: 

    b = (r) · sine(1o)      (Eq. 1) 

where b is the effective beam-width in km, and r is the range in km from KRTX (21).  

Statistical methods 

Beginning with Caine (1980), many researchers have used rainfall intensity and 

storm duration to characterize hydrologic controls on landslide initiation. In essence, we 

seek to identify the values of rainfall intensity and duration (as represented by radar 

reflectivity) that best distinguish points in the study area that did or did not experience 

shallow landslides. We are trying to identify peak reflectivity (over time periods that may 

be as short as minutes), and the associated cumulative reflectivity (up until that peak 

intensity occurs), as a proxy for antecedent precipitation. Peak intensity may be located 

anywhere in the time series, but here we assume that this point represents some critical 

landslide-triggering intensity, which in turn determines the critical duration (Figure 30).  

 To compare rainfall intensity and duration to the landslide points, I generated a 

synthetic distribution of non-slide points. These points are randomly distributed through 

the landscape; non-slide points within 30 meters of an actual landslide point were 
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Figure 30 – Critical intensity and duration 
Critical intensity and duration are used as a measure of rainfall intensity and duration. At a given point 
(landslide or non-slide), a peak intensity value determines the length of the duration – if a peak value is 
measured early in the time sequence, the critical duration may be short. Thus, it is important that a measure 
of the peak intensity is not subject to an anomalously value of reflectivity (such as a radar artifact). For this 
reason, alternative methods of measuring the peak intensity (moving averages, etc.) are introduced.  
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eliminated. This resulted in a data set of both landslide and non-slide points, which was 

then reduced to the areas for which radar detection was not blocked by topography. Each 

slide or non-slide point is associated with a radar reflectivity value for every 6-minute 

interval, over a period of four days. Compilation of that data resulted in a spreadsheet of 

1,292 values (each representing a landslide or non-slide point), and each associated with 

729 different reflectivity values (one for each 6-minute interval, over four days).  

Compilation of these data allows processing in Matlab, in order to derive a variety 

of precipitation characteristics. Each precipitation variable measures some parameter of 

the data (average, sum, minimum, etc.) within a sliding window. The size of that sliding 

window varies from 12 minutes (where the parameter value is determined across two six-

minute intervals) to 360 minutes (capturing 60 six-minute intervals). Figure 31 shows the 

difference in generalization versus amount of detail captured, according to window size. 

The purpose is to determine which parameter (perhaps the average, for example), 

combined with which size of moving window, best distinguishes the locations of 

landslides and non-slides across the landscape. Parameters include the average, the 

sustained minimum value, the cumulative reflectivity until the moving window average 

peaks, and the cumulative reflectivity until the peak sustained minimum value is 

achieved. In addition, the 99th through the 75th percentile value of reflectivity is 

determined for each slide or non-slide point.  

A test of significance is performed for each variable (ex: slope or stand age) when 

compared to the data set of the landslide and non-slide points. Each value, when plotted 
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Figure 31 – Example of sustained minimum reflectivity and moving window average, with NEXRAD 
data 
Minimum sustained reflectivity (blue) and moving average (red) for various window sizes (top – 180 
minutes, bottom – 45 minutes). Values are samples from point #712. Plotted against NEXRAD data (green) 
the advantages and limitations of this technique become evident. Larger windows smooth variations that 
may be less meaningful than the trend (top), but at the expense of detail. Smaller windows retain the fine-
scale temporal variability (bottom), but as the window becomes smaller, the sampled data begins to lose 
context (which is likely to be especially important in the case of rainfall duration).  
 

against “slide” (dependant variable = 1) or ”no slide”’ (dependant variable = 0) criteria, is 

associated with a chi-square value, χ2 (Table 5). Chi-square is a statistical test of the 

significance of the observed frequency of a landslide, versus a non-slide point. The 
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Table 5 – Significance of topographic and hydrologic variables 
Highlighted values are determined to be the most important contributors to the relationship that separates 
landslides from non-slides. A chi-square (χ2) threshold of about 3.5 warrants further evaluation of that 
variable. A χ2 value of 0.05 or less (Prob > χ2 < 0.05) indicates that the model has a low probability of 
obtaining a chi-square value greater than that that already given by chance alone. Cramer’s Phi (Φ) is a 
measure of the magnitude of contribution of that variable, and is equal to √( χ2 / 1292). This value squared 
yields a percent contribution, which is useful for ranking. Many of these variables, however, are measuring 
multicolinearity – for this reason, only one or two precipitation variables should be use for building a 
model.  
 

Variable χ2 Prob > χ2 Cramers Φ 
% 

Contribution
Slope 133.32 < 0.0001 0.32 10.32 
Log of upslope area 85.61 < 0.0000 0.26 6.63 
Stand age 36.89 < 0.0001 0.17 2.86 
Curvature 28.00 < 0.0001 0.15 2.17 
Elevation 9.55 0.002 0.09 0.74 
Aspect 0.73 0.39 0.02 0.06 
     
Maximum reflectivity 0.96 0.33 0.03 0.07 
Mean reflectivity 15.79 < 0.0001 0.11 1.22 
     
Value of the: 
99th percentile 1.84 0.18 0.04 0.14 
97.5th percentile 3.39 0.07 0.05 0.26 
95th percentile 4.41 0.04 0.06 0.34 
90th percentile 3.98 0.05 0.06 0.31 
85th percentile 2.75 0.10 0.05 0.21 
80th percentile 2.75 0.10 0.05 0.21 
75th percentile 3.44 0.06 0.05 0.27 
     
Moving average over: 
12 minutes 5.95 0.01 0.07 0.46 
15 minutes 7.68 0.006 0.08 0.59 
18 minutes 8.02 0.005 0.08 0.62 
30 minutes 2.91 0.09 0.05 0.23 
45 minutes 0.47 0.59 0.02 0.04 
60 minutes 0.05 0.83 0.01 0.00 
90 minutes 0.33 0.57 0.02 0.03 
120 minutes 0.70 0.40 0.02 0.05 
180 minutes 2.83 0.09 0.05 0.22 
240 minutes 0.89 0.35 0.03 0.07 
360 minutes 0.08 0.77 0.01 0.01 
     
Sustained minimum over: 
12 minutes 4.80 0.03 0.06 0.37 
15 minutes 5.66 0.02 0.07 0.44 
18 minutes 2.24 0.01 0.04 0.17 
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Sustained minimum over (continued): 
30 minutes 0.31 0.57 0.02 0.02 
45 minutes 1.86 0.17 0.04 0.14 
60 minutes 3.45 0.06 0.05 0.27 
90 minutes 5.81 0.02 0.07 0.45 
120 minutes 6.06 0.01 0.07 0.47 
180 minutes 6.21 0.01 0.07 0.48 
240 minutes 0.06 0.80 0.01 0.01 
360 minutes 0.47 0.49 0.02 0.04 
     
Cumulative until moving average over: 
12 minutes 14.51 0.0001 0.11 1.12 
15 minutes 12.67 0.0004 0.10 0.98 
18 minutes 6.96 0.008 0.07 0.54 
30 minutes 3.01 0.08 0.05 0.23 
45 minutes 0.26 0.61 0.01 0.02 
60 minutes 3.646 0.06 0.05 0.28 
90 minutes 2.63 0.11 0.05 0.20 
120 minutes 1.18 0.28 0.03 0.09 
180 minutes 0.96 0.33 0.03 0.07 
240 minutes 3.92 0.05 0.06 0.30 
360 minutes 1.11 0.29 0.03 0.09 
     
Cumulative until sustained minimum over: 
12 minutes 18.95 < 0.0001 0.12 1.47 
15 minutes 19.48 < 0.0001 0.12 1.51 
18 minutes 10.27 0.001 0.09 0.79 
30 minutes 1.39 0.24 0.03 0.11 
45 minutes 1.08 0.30 0.03 0.08 
60 minutes 0.32 0.57 0.02 0.03 
90 minutes 0.37 0.54 0.02 0.03 
120 minutes 0.26 0.61 0.01 0.02 
180 minutes 8.19 0.004 0.08 0.63 
240 minutes 2.66 0.10 0.05 0.21 
360 minutes 9.38 0.002 0.09 0.73 

 
 
chi-square measures the results against the null hypothesis that the distribution is totally 

random (no relationship). It assesses if the differences are large enough to overcome the 

probability that the result is due to sampling error. This test is useful because it accepts 

non-parametric data. A probability of obtaining the distribution by chance only is 

indicated by values of Prob>ChiSq, where values lower than 0.05 indicates sufficient 
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model significance. Cramer’s Phi is a measure of how much each variable contributes to 

the significance of the total regression. A ranking of these values lets us review the 

hierarchy of influence these factors have on the landscape (Table 6 and Table 7).  

Table 6 – Modified hydrologic factors 
Modified parameters (cumulative until sustained minimum over 90, 120, and 180 minutes) had 48, 17, or 8 
outliers removed (respectively). This in turn affected the χ2 of other values, increasing their relative 
importance to the relationship that distinguishes landslides from non-slides.  
 

Variable N χ2 Prob > χ2 
% 

Contribution 
Sustained minimum over:  
90 minutes 1292 5.814525 0.0159 0.45 
120 minutes 1292 6.057144 0.0139 0.47 
180 minutes 1292 6.211557 0.0127 0.48 
Cumulative until sustained minimum over: 
90 minutes 1292 0.37463 0.5405 0.03 
120 minutes 1292 0.258652 0.611 0.02 
180 minutes 1292 8.194494 0.0042 0.63 
     

Variable New N χ2 Prob > χ2 
% 

Contribution 
Sustained minimum over (modified): 
90 minutes 1284 8.008912 0.0047 0.62 
120 minutes 1275 6.255554 0.0124 0.48 
180 minutes 1244 6.475196 0.0109 0.50 
Cumulative until sustained minimum over (modified): 
90 minutes 1244 7.238062 0.0071 0.56 
120 minutes 1275 10.75762 0.001 0.83 
180 minutes 1284 26.87271 < 0.0001 2.08 
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Table 7 – Rank of significant factors 
(a) Percent contribution of each variable, and their rank in decreasing importance. Final selection of 
variables used in model is highlighted. (b) The final selection of variables used in model is highlighted, and 
includes most topographic and stand age variables (aspect not used, too low ranking), together with two 
precipitation ones (proxies for intensity and duration).  
 
(a) 

Variable Rank 
% 

Contribution 
Slope 1 10.32 
Log of upslope area 2 6.63 
Stand age 3 2.86 
Curvature 4 2.17 
cum. until sustained min, 180 minutes (mod) 5 2.08 
cum. until sustained min, 15 minutes 6 1.51 
cum. until sustained min, 12 minutes 7 1.47 
Mean reflectivity 8 1.22 
cum. until moving average, 12 minutes 9 1.12 
cum. until moving average, 15 minutes 10 0.98 
cum. until sustained min, 120 minutes (mod) 11 0.83 
cum. until sustained min, 18 minutes 12 0.79 
Elevation 13 0.74 
cum. until sustained min, 360 minutes 14 0.73 
cum. until sustained min, 180 minutes 15 0.63 
moving average, 18 minutes 16 0.62 
sustained min, 90 minutes (mod) 17 0.62 
moving average, 15 minutes 18 0.59 
cum. until sustained min, 90 minutes (mod) 19 0.56 
cum. until moving average, 18 minutes 20 0.54 
sustained min, 180 minutes (mod) 21 0.50 
sustained min, 180 minutes 22 0.48 
sustained min, 120 minutes (mod) 23 0.48 
sustained min, 120 minutes 24 0.47 
moving average, 12 minutes 25 0.46 
sustained min, 90 minutes 26 0.45 
sustained min, 15 minutes 27 0.44 
sustained min, 12 minutes 28 0.37 
95th percentile 29 0.34 
90th percentile 30 0.31 
cum. until moving average, 240 minutes 31 0.30 
cum. until moving average, 60 minutes 32 0.28 
75th percentile 33 0.27 
sustained min, 60 minutes 34 0.27 
97.5th percentile 35 0.26 
moving average, 30 minutes 36 0.23 
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Variable Rank 
% 

Contribution 
moving average, 180 minutes 38 0.22 
85th percentile 39 0.21 
80th percentile 40 0.21 
cum. until sustained min, 240 minutes 41 0.21 
cum. until moving average, 90 minutes 42 0.20 
sustained min, 18 minutes 43 0.17 
99th percentile 44 0.14 
sustained min, 45 minutes 45 0.14 
cum. until sustained min, 30 minutes 46 0.11 
cum. until moving average, 120 minutes 47 0.09 
cum. until moving average, 360 minutes 48 0.09 
cum. until sustained min, 45 minutes 49 0.08 
Maximum reflectivity 50 0.07 
moving average, 240 minutes 51 0.07 
cum. until moving average, 180 minutes 52 0.07 
Aspect 53 0.06 
moving average, 120 minutes 54 0.05 
moving average, 45 minutes 55 0.04 
sustained min, 360 minutes 56 0.04 
moving average, 90 minutes 57 0.03 
cum. until sustained min, 60 minutes 58 0.03 
cum. until sustained min, 90 minutes 59 0.03 
sustained min, 30 minutes 60 0.02 
cum. until moving average, 45 minutes 61 0.02 
cum. until sustained min, 120 minutes 62 0.02 
moving average, 360 minutes 63 0.01 
sustained min, 240 minutes 64 0.01 
moving average, 60 minutes 65 0.00 

 
(b) 

Final Variables Rank 
% 

Contribution 
Slope 1 10.32 
Log of upslope area 2 6.63 
Stand age 3 2.86 
Curvature 4 2.17 
cum. until sustained min, 180 minutes (mod) 5 2.08 
Elevation 13 0.74 
sustained min, 180 minutes (mod) 21 0.50 
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The most important variables can be used to model the probability of a point on 

the landscape being a landslide or a non-slide, using logistic regression. Logistic 

regression determines the best fitting function that characterizes the relationship between 

the independent parameters (slope, concavity, etc.), and the dependent variables (slide or 

non-slide) (Ayalew and Yamagishi, 2005). The logistic regression (logit) equation is the 

log of the probability of a condition (in this case, a landslide) occurring, given an array of 

statistically significant independent variables: 

Y = logit(P) = log[P/(1-P)] = α + β1x1 + β2x2 + β3x3 + …  (Eq. 2) 

where p/(1-p) is the odds (likelihood) ratio that the dependant variable (Y) equals 1 (the 

point is a landslide), α is the intercept, and the variables β1, β 2,…, β n are the coefficients 

that measure the contribution of the independent variables (x1, x2,…, xn) (Can et al., 

2005).  

A model that is successful in characterizing landslide inventory and non-slide 

points indicates that the data we have (both topographic and precipitation) adequately 

describe the behaviors and conditions that determine slope stability. A receiver operating 

characteristics (ROC) diagram shows the combined influence of multiple factors, in 

predictions. This compares the incidences of false positives (landslide predicted, but 

wasn’t one at that point) against true positives (landslide predicted, and there was one at 

that point). Ideally, there would be no curve at all, but instead a single point at (0,1), 

indicating that there were no false positives, and every value is a true positive. In reality, 

the more arched the curve is towards this point, the better the model performance. A poor 

model is a diagonal line from (0,0) to (1,1) because it would indicate that the model has 



 58
 
no ability to distinguish between true and false positives. The measure of the “goodness” 

of a model is the area under the curve (AUC) – higher values indicate a better predictive 

ability (ex: an AUC value of 0.85 means that a model would have an ability to 

discrimination between false and true positives 85% of the time) (Figure 32).   

 
 (a) Predicted landslide? 

Yes 
True Positive 

Predicted “No” 
(actually “Yes”) 
False Negative Actual 

landslide? Predicted “Yes” 
(actually “No”) 
False Positive 

No 
True Negative 

 

 
(b)

  
Figure 32 – ROC diagram 
(a) The ability to separate true positives (yes) and true negatives (no) from false positives (predicted “yes” 
but actually no) and false negatives (predicted “no” but actually yes) is represented by a Receiver 
Operating Characteristic (ROC) diagram. (b) A ROC diagram is a visual way to represent the goodness of 
fit for a model. The outcome of a probabilistic model (tested against some dataset) is plotted in terms of the 
probability that the data is indeed a landslide (probability of 1, or 100%) or a non-slide (probability of 0). A 
high area under the curve (AUC) of 0.85, for example, represents a perfect model, whereas an AUC of 0.5 
would be a worthless model (only accurate 50% of the time). From Wikipedia (2005).  

True 
positive 

(Yes) 

False positive 
(“Yes” but no) 

Perfect model is just a dot here 
(not even a line) → all true 
positives (and true negatives), no 
false positives (or false negatives) 
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CHAPTER IV 
 
 

RESULTS 
 
Topographic controls on shallow landsliding  

To account for topographic, geologic, and environmental controls on the observed 

landslide pattern, we examined slope, upslope drainage area, stand age, concavity, 

elevation, aspect, and geology.  

A ranking of the percent contribution of each value (Cramer’s Phi squared) show 

that of the non-precipitation variables, slope is the most important factor, followed by the 

upslope drainage area, the stand age (categories are represented by numerical code), 

topographic curvature, and elevation (see Table 7). The distribution of slope angles for 

sites that did and did not experience shallow landsliding demonstrates that unstable sites 

had systematically higher slope angles than randomly chosen points that did not slide 

(Figure 33). Similarly, the landslide sites exhibited systematically higher values of 

upslope drainage area, indicating that landslides are more likely to occur in areas with 

significant focusing of subsurface flow via topography (Figure 34). With increasing stand 

age, we observed a gradual decrease in the probability that points examined exhibited 

slope instability (Figure 35).  

Figure 36 illustrates that in general, larger slides are not strongly preferentially 

associated with an older stand age. Landslide sites in our study area also tended to occur 

in zones of convergent topography when compared with non-slide points (Figure 37). 
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(b) 

 
Figure 33 – Slope  
(a) Distribution of slopes for landslides and non-slides. (b) Cumulative logistic probability plot (green = 
landslide, blue = non-slide). Left axis represents probability, right axis shows the relative sizes of each 
category (here, about 50/50 because 572 landslides to 720 non-slides). Values are accurate in x-direction, 
but jittered in the y-direction. Slope in these figures is shown to be higher for landslides, such that as the 
slope increases, one can predict that a greater portion of the points will be landslides, not non-slides.  
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(b) 

 
Figure 34 – Upslope drainage area 
(a) Distribution of size of upslope drainage area, for landslides and non-slides. (b) Cumulative logistic 
probability plot (green = landslide, blue = non-slide). Log accum represents the log of the upslope drainage 
area. Upslope drainage area in these figures is higher for landslides. As the upslope drainage area increases, 
one can predict that a greater portion of the points will be landslides, not non-slides. 
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Figure 35 – Stand age 
Distribution of stand age, for landslides and non-slides (with percentage of total). Axes numbers represent 
the percentage of the total number that falls into that category (N = 572 for landslides, N = 720 for non-
slides).  
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Figure 36 - Stand age and slide size  
Cumulative logistic probability plot (just landslides). As the stand age increases, one can predict that a 
greater portion of the points will be non-slides (more trees, fewer inventoried landslides). The sizes of the 
boxes are all represent the proportion of the total (for example, there are few “very large” slides, and about 
half are intermediate stand age, and half are mature).  
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Figure 37 – Curvature  
(a) Distribution of the curvature of landslides and non-slides. (b) Cumulative logistic probability plot 
(landslides = green, non-slides = blue). Positive curvature is upward convexity, and negative curvature is 
upward concavity. Thus, non-slide points are more associated with divergent hillslope forms (convexity), 
i.e., ridges, while landslide slide points are more associated with convergent forms (concavity), i.e., 
hollows. As hillslope form becomes more divergent, one could predict that more of the points would be 
associated with landslides than non-slides.  
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This preference may account for the fact that convergent zones (e.g., topographic 

hollows) tend to accumulate thicker soils thus increasing their tendency to experience 

failure. Positive curvature is found in zones of divergent topography (ridges), while 

negative curvature is defined by zones of convergent topography (hollows and channels). 

Finally, as elevation increases, the likelihood that analyzed points experienced a shallow 

landslide also increased, reflecting the tendency for these features to initiate in the upper 

headwater regions of drainage basins, although this effect does not seem to be due to the 

influence of slope angles at higher elevation (Figure 38 and Figure 39). Analysis of the 

geologic data indicates that the landslide and non-landslide locations are not 

distinguished according to lithologic variability. Table 8 presents the units encountered 

by landslide and non-slide points, and Figure 40 shows little relationship between 

lithology and whether the point was a landslide or not. 

These relationships are all important contributors to the slide/non-slide 

relationship (see Table 5 and Table 6). In order to determine whether our explanatory 

variables exhibited significant correlation with one another, we estimated the degree of 

multicollinearity within our dataset and did not find important evidence of redundancy. 

For example, Figure 39 examines the relationship between slope and elevation (weak 

correlation). Our analysis also analyzed topographic aspect, but this variable exhibited 

little explanatory power (Figure 41). 
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Figure 38 – Elevation  
(a) Distributions of the elevation of landslides and non-slides (b) Cumulative logistic probability plot 
(landslides = green, non-slides = blue). Elevation is in feet. As elevation increases, more of the slides are 
proportionally landslides than non-slide.  
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Linear Fit
 

 
Linear Fit 
Slope = 23.840376 + 0.0027 Elevation 
R2 = 0.02 

 
Figure 39 – Elevation and slope 
Plot of elevation against slope. There is a poor correlation between the two (R2 = 0.02), so multicolinearity 
is not a large issue when both factors are used together in a predictive fashion. Blue = non-slides, green = 
landslides. 
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Table 8 – Geology  
Geology present in study site (as sampled by landslide and non-slide points).  
 

Group Type Description 

1 Surficial Fluvial and estuarine deposits (Holocene) 
Landslide deposits 

2 Sedimentary 

Alesa Frm (lower Miocene and Oligocene) 
Basaltic sandstone at Roy Creek (upper and mid-Eocene) 
Tyee Frm (lower middle Eocene) 
Basaltic sandstone 
Nestucca Frm (upper Eocene) 
Sandstone of Trask River (lower Eocene) 
Yamhill Frm (upper middle Eocene) 
Basaltic mudstone 

3 Tillamook 
Volcanics 

Tillamook Volcanics (upper mid-Eocene): Lower porphyricic basalt 
flows 

Tillamook Volcanics (upper mid-Eocene): Lower plagioclase-
porphyricic basalt 

Tillamook Volcanics (upper mid-Eocene): Upper plagioclase-
porphyricic basalt 

Tillamook Volcanics (upper mid-Eocene): Submarine basalt tuff and 
breccia 

Tillamook Volcanics (upper mid-Eocene): Upper porphyricic basalt 
flows 

Tillamook Volcanics (upper mid-Eocene): Submarine basalt 
Tillamook Volcanics (upper mid-Eocene): Subaerial dacite, rhyodacite, 

and rhyolite 
Tillamook Volcanics (upper mid-Eocene): Epiclastic silicis tuff and 

tuff breccia 

4 
Siletz  

(and other)  
Volcanics 

Siletz River Volcanics (lower Eocene): Basaltic lapilli breccia unit 
Siletz River Volcanics (lower Eocene): pillow basalt  
Basalt of Hembre Ridge (lower middle and lower Eocene) 
Porphyritic basalt (late middle Eocene) 

5 No data Data missing 
Data conflicting (overlap between mapped quadrants) 
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Figure 40 – Geology  
(a) Histogram of geology, by groups described in Table 5. (b) Cumulative logistic probability plot. Left 
axis represents probability; right axis shows the relative sizes of each category (572 landslides to 720 non-
slides). Values are accurate in x-direction, but jittered in the y-direction. Geology is not a good predictor, as 
it is highly dependant on the organization of units into nominal data classes.  
 

 

No data 
 

Siletz  
(and other)  
Volcanics 

 
Tillamook 
Volcanics 

 
Sedimentary 

 
Surficial 

 

No data 
 

Siletz  
(and other)  
Volcanics 

 
Tillamook 
Volcanics 

 
Sedimentary 

 
Surficial 

 

Probability 
that point is 
a landslide 

Surficial            Tillamook                    No Data 
                           Volcanics 
 
          Sedimentary               Siletz (and others) 

                         Volcanics 

Landslides 
 
 
 
 
Non-slides 



 70
 
(a)  

Landslides Non-Slides 

0

50

100

150

200

250

300

350

 
 

0

50

100

150

200

250

300

350

 
 

Mean: 178.01o 
STD: 102.56o 

Mean: 172.95o 
STD: 107.75o 

 
(b) 

 
Figure 41 – Aspect  
(a) Distribution of aspect for landslides and non-slides. (b) Cumulative logistic probability plot (landslides 
= green, non-slides = blue). There is little discernable difference between the two populations, thus aspect 
is not a good predictor variable.  
 

Landslides Non-slides 

0.00

0.25

0.50

0.75

1.00

0 100 200 300

Aspect

0

1

  Probability 
  that point is 
  non-slide 



 71
 
Hydrologic controls on shallow landsliding 

Analysis of the NEXRAD data is used to determine if characteristic rainfall 

patterns are capable of explaining the observed pattern of landsliding. Unfortunately, we 

have no information concerning when individual landslides occurred during the 4-day 

storm event. As a result, we assume that landsliding occurred due to the combined effect 

of (a) short periods of intense rainfall, and (b) the cumulative storm rainfall that preceded 

those episodes of intense rainfall.  

Given the lack of constraints on hydrologic timescales driving slope instability, the 

analysis presented here explores rainfall intensity over a range of different temporal 

averaging windows. More specifically, our statistical analysis attempts to identify the 

time scale of sustained high intensity rainfall that best differentiates landslide and non-

landslide points in our study area. We tested a wide array of sampling windows (from 12 

minutes to 360 minutes) and used two different criteria to define temporal variations in 

rainfall intensity. First, we calculated the average reflectance value using a moving 

window scheme. Second, we estimated the sustained minimum reflectivity that was 

maintained during for each moving window. For each of these criteria, we calculated the 

maximum value observed for each of landslide and non-landslide sites. Finally, for each 

of these criteria, we also calculated the cumulative reflectivity observed leading up to the 

maximum short-term value of intensity (average or sustained minimum). We also 

calculated the top 99, 97.5, 95, 90, 85, 80, and 75% percentile values (see Table 5).  

The statistical program JMP was used to calculate the χ2 values for each dataset. 

The measure of how much a distribution differs from random is calculated as: 
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χ2 = Σ ((O – E)2/E)     (Eq. 3) 

where O is the observed frequency , and E is the expected frequency (the expected is a 

random distribution of the data). Next, to test the reliability with which we can 

distinguish landslide or non-slide points, we construct a logistic regression equation (Eq. 

2).  

The χ2 values calculated determine (in part) which hydrologic variables may be 

the most appropriate to use. Because our analysis considers both short-term intensity and 

cumulative reflectivity, we must consider pairs of variables and their combined statistical 

performance. We hope to identify the pair of intensity and cumulative variables that best 

explains the observed pattern of landsliding. We use as inputs to the prediction model 

only the variables that are physically meaningful. 

Many of the statistical relationships were not significant in their trend, as they 

likely are artifacts of the radar data. For example, as the sustained minimum 12 minute 

reflectivity increases, the proportion of observed landslides decreases (Figure 42) – this is 

a trend that emerges for nearly all of our analyses for windows less than 30 minutes. This 

non-physical result is reversed when the window is 60 minutes for moving averages, or 

30 minutes for sustained minimum reflectivity. Conventional wisdom (and much 

research) indicates that higher rainfall intensities are more associated with landslides than 

lower rainfall intensities (Cain, 1980; Iverson, 2000; Montgomery et al., 2002; Guthrie 

and Evans, 2004b; and others).  

 

 



 73
 

 
 
Figure 42 - Sustained minimum reflectivity, example of short time window  
Cumulative logistic probability plots. Although the χ2 value is high enough to indicate that the variable may 
be important (χ2 = 4.80), closer examination shows that actually the sustained minimum value of 
reflectivity over short time periods (here, over 12 minutes) is actually higher for non-slides than landslides. 
This is an unexpected, and likely does not reflect a real landscape or precipitation process – thus, this 
variable may be inappropriate to use in further analysis.  
 

For the minimum sustained reflectivity group, variables examined over a 90, 120, 

and 180 minute time window have high χ2 values. Upon examining the data, it is evident 

that for these cumulative values, a handful of outliers are strongly influencing the trend of 

the data. These outliers have cumulative reflectivity values an order of magnitude above 

the bulk of the population. It is likely that for a very small number of sites, the 180 

minute sustained maximum occurred at a time very late in the storm, generating 

associated cumulative values that are very high. Figure 43 illustrates the modification of 

these 8 to 48 outlying values represents 0.6 to 3.7% of the total dataset. Following this 
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 Original Modified 
N 1292 1284 
χ2 6.48 26.9 

Prob >χ2 0.01 <0.0001 
 
Figure 43 – Modification of minimum sustained reflectivity, 180-minute window 
Removal of outliers from cumulative until sustained minimum reflectivity over 180 minutes. Those eight 
outlying values may be disproportional in the degree to which they control the trend.  
 
 
modification, the cumulative and sustained minimum values rank high among other 

topographic and precipitation variables in terms of their contribution to the regression 

model distinguishing landslide and non-slide points (see Table 6). As such, the modified 

minimum maintained reflectivity estimated over 180 minutes, and the associated 

cumulative reflectivity, are chosen as both important and realistic.  

Next, we can use these values as inputs into a model to test how effectively we 

can determine if a point on the landscape is a landslide or a non-slide. A receiver 

operating characteristics (ROC) diagram shows the combined influence of multiple 
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factors (see Figure 32). The goal is to maximize the area under the curve (AUC) while 

using only data that are determined to be meaningful (i.e., reflect a physically relevant 

process that affects slope stability). Once we know what variables are the most important, 

the statistical program JMP fits the chosen variable to a model, which is displayed 

graphically in a ROC diagram. The fitted model results also give the intercept and 

coefficients of the input variables. A good fit of this model would indicate that the factors 

we are using are capable of identifying the controls on most of the variability that divides 

landslide points from non-slide ones. 

Table 9 shows the final logistic regression (logit) models, and the associate 

goodness of fit, for two models. The Model #1 (Figure 44) includes only the topographic 

and environmental variables – slope, upslope contributing area, stand age, curvature, and 

elevation. Model #2 (Figure 45) includes also the two precipitation parameters chosen as 

best representing critical rainfall intensity and duration. This model attempts to capture 

all important topographic and precipitation contributors to landslide occurrence. The 

ability of Model #2 (77.1%) to distinguish landslide from non-slide points is only slightly 

better than Model #1 (76.1%). This suggests that although the data we have adequately 

describes the behaviors and conditions that determine slope stability, there is only about a 

1% difference in the effectiveness when precipitation variables are added.  
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Table 9 – Logit models 
Logistic regression (logit) equations, for prediction of whether a point should be a slide (P = 1) or non-slide 
(P = 0).  
 

Logit(P) = log[P/(1-P)] = α + β1x1 + β2x2 + β3x3 + … 
 

Model Factors AUC Logit(P) 
#1 x1 = Slope 

x2 = Log upslope area 
x3 = Stand age (code) 
x4 = Curvature 
x5 = Elevation 

 
0.76062  

↓ 
76.1% 

 
3.4112 + (-0.0637)x1 +  
(-0.9982)x2 + (0.5370)x3 + 
(0.3600)x4 + (-0.0002)x5 

#2 x1 = Slope 
x2 = Log upslope area 
x3 = Stand age (code) 
x4 = Curvature 
x5 = Elevation 
x6 = Cumulative minimum 

sustained over 180 
minutes (mod) 

x7 = minimum sustained 
over 180 minutes (mod) 

 
0.77085 

↓ 
77.1% 

 
3.6469 + (-0.0656)x1 +  
(-0.9827)x2 + (0.6221)x3 + 
(0.3798)x4 + (0.0001)x5 +  
(-0.0009)x6 + (0.0517)x7 
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1 = 100% probability that point is a landslide 
0 = 0% probability that the point is a landslide (point is a non-slide) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Area Under Curve = 0.76062 → model is effective 76.1% of the time 
 

Parameter Estimates for ROC curve 
Term Estimate Std Error 
Model Intercept 3.41 0.42 
Slope -0.06 0.006 
Log upslope area -1.00 0.12 
Stand age (code) 0.54 0.08 
Curvature 0.36 0.08 
Elevation -0.0002 -0.0001 

 

Figure 44 – Model #1 
Topographic values only as a set of predictors slope, stand age, log upslope area, curvature, and elevation. 
Parameter estimates are coefficients of logistic regression equation. 
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1 = 100% probability that point is a landslide 
0 = 0% probability that the point is a landslide (point is a non-slide) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Area Under Curve = 0.77085 → model is effective 77.1% of the time 
 

Parameter Estimates for ROC curve 
Term Estimate Std Error 
Model Intercept 3.65 1.24 
Slope -0.07 0.01 
Log upslope area -0.98 0.13 
Stand age (code) 0.62 0.09 
Curvature 0.38 0.08 
Cumulative sustained minimum over 180 minutes (mod) -0.001 0.0002 
Elevation 0.0001 0.0001 
Sustained minimum over 180 minutes (mod) 0.05 0.04 

 
Figure 45 – Model # 2 
Final set of values to include as predictors: slope, stand age, log upslope area, curvature, elevation, 
sustained minimum over 180 minutes (modified version), and the cumulative sustained minimum over 180 
minutes (modified version). Parameter estimates are coefficients of logistic regression equation.  
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To test how well the model captures landslide or non-side behavior, I ran the 

model against the same dataset to predict for each point whether it would be a landslide 

or non-slide. This is not a true prediction (no independent data), but is used here to map 

the pattern of under- or over-prediction across the landscape. This step in the analysis 

tests for the possibility that there is some systematic change in data quality. For example, 

would there be some systematic decrease in the intensity of rainfall captured by 

NEXRAD data at increasing distances from the station? Figure 46 shows that the answer 

is probably not – the incorrect prediction of landslides at landslide and non-slide points is 

not systematic, because false negative and false positive predictions are distributed 

evenly across the landscape. Figure 47 shows a bimodal distribution in these predicted 

values, with large peaks at one and zero (high probability that a point is a landslide, or 

high probability that it is not). The large occurrence of data between these peaks 

(prediction was not at all accurate) indicates that there is a still much uncertainty 

associated with the model.  
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Figure 46 – Distribution of predictions 
Prediction variations (using Model #2). Values are the slide/non-slide designation (0 or 1) minus the 
calculated probability value. Values closest to zero are best, representing conditions where the model 
wasn’t very far off (+ or -) from the actual designation of 0 or 1. High (positive) values represent a weak 
(low) prediction of a slide, at points where there were in fact slides. Low (negative) values represent 
locations where a slide was predicted, where actually there wasn’t one (Y = 0, but predicted to be 1).  



 81
 

 
 

Mean 0.58 
Std Dev 0.35 

N 1292 
 
Figure 47 – Predictions using logit 
Predicting using final logit equation (Model #2). If the model is able to accurately predict in all cases 
whether a point was going to be a slide or non-slide, values of this histogram would only fall into the 1 or 0 
column. 
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CHAPTER V 
 
 

DISCUSSION 
 
Importance of variables 

The relationship between slope angle and the occurrence of slides is evident – 

higher slopes mean the material requires less of a trigger to fail, so these slopes fail with 

greater frequency. Robinson et al. (1999) determined that the highest hazard for slides 

was on slopes of over 70-80% steepness (moderate hazard for slopes over 50%). 

Landslides were most common on concave slopes with large drainage areas (Robinson et 

al., 1999).  

The upslope drainage area is also very important because sites with high upslope 

drainage area have more water accumulate in points, potentially reducing stability more 

effectively than locations with a small contributing upslope area.  

Landslide size correlates weakly with stand age, such that larger slides occur 

somewhat more frequently on maturely forested lands. It is possible that this is a legacy 

of managed lands – these forests were burned and replanted 40-45 years before the 

February 1996 storm. However, it is more likely that the large occurrence of large slides 

in forested lands is a product of the over-representation of forested land in the study area. 

To quantitiatively present results about the relationship between slide size and stand age, 

we would have to normalize the data to the actual coverage of clearcut versus forested 

land. Schmidt et al. (2001) suggested that mixed forests are more stable than single-
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species re-planted forests of the same age. In addition, 62% of slides were observed on 

mature forest slopes, such that the abundance of steep, forested land makes it more likely 

that large slides will occur in these areas (see Figure 36). A correlation between 

landslides and management was stronger in a study by Weaver and Hagans (1996) – of 

nearly 200 slides examined, 15% were associated with roads, 70% with recent clear cuts, 

30% with older clear cuts, and 0% associated with uncut forest stands (over the whole 

reach of the storm, only 6% of the landslides documented in sampled watersheds were 

associated with unmanaged land). It is important to note, however, that the main focus of 

their study was to compare the effect of managed versus un-managed lands on aquatic 

and riparian habitats, so sampling methods vary from this study. Their sampling (flight 

lines) of the northern Coast Range just skirts the southern, western, and northern limits of 

the study area of this research. Many other studies find the same relationship between 

recently harvested land and a higher proportion of landslides (Robinson et al., 1999). 

Curvature was an important factor in this analysis. Most of the landslide points in 

this study were associated with convergent terrain (negative curvature). In other research 

in the Tillamook State Forest area (Tillamook subset of ODF study), topographic 

curvature was measured in the field. Concavity was found to be associated with 42% of 

landslides, planar with 38%, and convex with 18% (thought to be relatively rare) – while 

concave and planar slides occur on 84% and 83% slopes (respectively), convex initiation 

sites occurred on 93% slopes (Robinson et al., 1996).  These estimates are highly scale-

dependent and given that the 10-m DEM used here often fails to capture local 

topographic patterns, this result would likely change with higher resolution data. 
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As a contributor to slope stability, the statistical significance of elevation may 

reflect topographic controls on precipitation patterns that were not captured by our 

NEXRAD analysis. In the Coast Range, most landslides occurred on managed land, 

around 1,000 to 2,000 ft in elevation, where slopes were the steepest and where 

precipitation is “probably the greatest” (Weaver and Hagans, 1996). In addition, field 

observations by Ayalew and Yamagishi (2005) indicated that elevation was closely tied 

to the location of road cuts. If our road-related criterion was not broad enough, this 

inventory may be expressing anthropogenic effects via this variable, although this is 

unlikely given the detail provided via air photos. Unaccounted for anthropogenic effects 

would result from a misinterpretation of what constitutes a road-related landslide. The 

threshold distance for this inventory was five meters from the road, up- or down-slope. It 

is possible that this is not adequate, and by not having a broader definition, some slides in 

my inventory were not in fact eliminated before the analysis. This would complicate the 

analysis because the instability imparted by proximity to a road would tend to over-ride 

most other pre-conditioning factors for instability. It is uncertain from these results what 

physical process elevation represents in discriminating landslides from non-slides on the 

landscape.  

Geology was not useful contributors because site-specific conditions may be very 

local. The geology data is at a coarse-scale resolution (1:24,000 and 1:48,000). In 

addition, the region is mostly volcanic units (including the widespread Tillamook 

Volcanics) – the subtle variations that differentiate slide sites are too fine-scale at this 
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mapped resolution. Perhaps rainfall information needs to be in the context of site-specific 

conditions (transmissivity, soil depth, etc.).  

Aspect was not an important contributor – the distribution of values shows no 

clear preference for any given direction. As shown in Figure 4, the direction of storm 

movement was from north-northeast, moving up the Wilson River drainage age. Slopes 

facing the direction of the on-coming storm did not seem to have received more 

precipitation than any other slopes.  

Sources of uncertainty 

Taylor et al. (2004) stated that the primary criteria that influence landslide 

potential are precipitation intensity and slope, and that vegetation and geology are 

important as well. While numerous studies suggest precipitation intensity and duration to 

be critical factors in landslide initiation (Cain, 1980; Glade, 1998; Bucknam et al., 2001; 

Coe and Godt, 2001; Jakob and Weatherly, 2003; Alcantara-Ayala, 2004), this study 

found only a weak correlation. Many other factors may be at work, such as the unknown 

timing of the slides, the contribution of snow melt, landslide inventory bias, and the 

legacy of previous storms. Young et al. (1999) state that the utility of radar-based 

precipitation estimates hinges on an understanding of the sources and magnitude of 

estimation errors. Legates (2000) categorized the most common sources of NEXRAD 

uncertainty, and their effect in introducing error, as systematic or random (Table 9). Here, 

we address only the NEXRAD limitations imparted by spatial autocorrelation, fine-scale 

variation in precipitation, data resolution, low-level precipitation, and topographic 

blocking.  
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(a) Uncertainty in landscape processes 

A critical assumption of this research is that the landslides occurred at the peak 

intensity in the rainfall rate. This is in contrast to Wieczorek et al. (2001), who had 

information on when the debris flows occurred (Figure 48). They had reliable 

information about when (10 am and 1 pm) the debris flows were triggered, based on these 

eyewitness accounts. These observations showed that debris flows occurred when rainfall 

exceeded 25 mm/h, with some values of intensity as great as 100 mm/h (Wieczorek et al., 

2001).  

 
Figure 48 – Timing of debris flows in Madison County, VA storm 
There is a large advantage when trying to correlate precipitation with landslides if there is data (here, in the 
form of eyewitnesses’ reports) about when the slide occurred. Here, the maximum duration of reflectivity 
from NEXRAD data doesn’t correlate with slide events, but intensity does – landslides occur when 
cumulative rainfall increases the fastest (steepest slope) for most datasets, including NEXRAD data. From 
Wieczorek et al. (2001).  

 

There are four precipitation gauges that fall within the NEXRAD extent of this 

study area (Figure 49). Only three of these fall within the Tillamook State Forest. Two 
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Figure 49 – Location of precipitation instruments 
Location of instruments near or in the study area – yellow dots are precipitation gauges, green are 
SNOTEL, and red star is KRTX NEXRAD station.  
 

nearby SNOTEL stations can be used to characterize snowfall antecedent to the storm, 

but fall just outside the NEXRAD extent. SNOTEL measurements are made via snow-

pillows, which are envelopes of stainless steel or synthetic rubber (4 ft2) containing an 

antifreeze solution. Pressure on the solution is translated to an electrical reading of the 

snow’s water equivalent (National Resource Conservation Service, 2003). Snow pack 

increased considerable as the temperature began to drop at the end of January (Figure 

50). There was another increase of a couple of inches of snow-water equivalent (at both 

sites) on February 4th. This may indicate the considerable contribution of precipitation to 

the Tillamook State Forest in the form of snow before the storm, with no snow 
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Figure 50 – Snow-water equivalent 
Snowpack in the Oregon Coast Range is related to temperature, precipitation availability, and elevation. 
This SNOTEL data allows us to surmise that there was a significant snow-pack in the Tillamook State 
Forest, and snowmelt may have contributed to landslide initiation.  
 
 
contribution during. Measurements were taken at stations located at 2000 ft and 3200 ft 

in elevation. The median occurrence of slides occurred at 1352 m, (4439 ft) and non-

slides at 1266 m (4154 ft), so it’s very likely that snow-pack was present in our study site 

above 2000 ft before the storm began on February 6th. Data from the SNOTEL stations 

indicate a rapid decrease in snow-pack beginning on February 6th. Taylor (1996) states 

that the freezing level during this storm was up to 7,000 to 8,000 ft, so melting may have 

been due to either an increase in the mean temperature (which rose above 0oC Feb 5th), or 

a rain on-snow effect. It is very likely that part of the precipitation contribution (not 
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visible in NEXRAD data) is via the rain-on-snow effect, which may be linked in part to 

elevation. Melting from February 6th to 9th decreased the snow-water equivalent at Saddle 

Mt. by 14 inches, and 8 inches at Seine Creek (Taylor, 1996). As such, the contribution 

of elevation to site instability factors may be a function of this snowpack.  

There may be a significant air photo mapping bias. Many of the slides Robinson 

et al. (1999) surveyed in the field in clear cuts may have been too small to effectively 

resolve at 1:12,000. Work by others (Malamud, 2004) point out the significant under-

representation of small sides in air photo mapping. Most under-representation occurs 

when small slides are blocked by mature tree canopy (Figure 51). In comparing the sizes 

of visible to not-visible slides (see Figure 22 and Table 1), it is evident that my landslide 

inventory preferentially captured slides with large volume and long runout length 

landslides. My inventoried slides (N = 12) represented the largest 17% of the ODF-

inventoried slides (N = 72), and have average runout length 10-times that of the rest of 

the ODF-inventoried slides. The presence of failed sites on the landscape (the not-visible 

landslides) not captured in this analysis may have a significant effect on our ability to 

model slope-failure contributing factors. 

As well, the legacy of other large storms may contribute uncertainty. Regolith 

stripping has been suggested as a mechanism of preferentially removing the most 

susceptible material (Page et al., 1994). This would not explain all the lack of correlation, 

but perhaps would explain the lack of slope instability for some cases (e.g., previously 

evacuated hollows).  
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 (a)  
 

 (b)  
 
Figure 51 – Visibility in air photo mapping 
(a) Sketch diagram of canopy reducing visibility. (b) Visibility of landslide as a function of various factors 
(lighter part of arrow represents improved visibility). From Brardinoni et al. (2003).  
 

(b) Uncertainty as a result of NEXRAD limitations 

Spatial autocorrelation issues may have been important in this study: although 

there was significant variability in the strength and movement of individual storm cells, 

perhaps these cells of high intensity rainfall were broadly distributed over the course of 

the 4-day storm. Spatial autocorrelation is very evident in the NEXRAD data (or any 

high-enough resolution imaging of storms). This means that the best indicators of a 

point’s value are adjacent points. For this reason, the storm signature experienced at 
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many locations may be very similar to the experience of other locations close by (Figure 

52).  

Wind direction, cloud structure and orientation, and topography all influence the 

actual amount of precipitation that falls, but there is no methodology to determine the 

 
 

 
 

Figure 52  – Spatial autocorrelation 
The time series from two points from each general region (Northern section of points– red/orange) and 
(middle section – dark/light blue) are very similar, although the points compared were separated by about 5 
miles. While subtle variations are apparent, spatial autocorrelation is very evident for points close to each 
other. In other words, the best predictors for a point’s value (i.e., what is the reflectivity at a given landslide 
or non-slide point) are the values of those points around it.  
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magnitude of these effects (Wieczorek et al., 2001; Wieczorek et al., 2003). The 

magnitude of fine-scale variations in precipitation is unknown for this event. Strong 

winds and orographic effects can change the location of rainfall on the ground in relation 

to remotely sensed airborne raindrops (S. Yuter, personal communication). For example, 

typically the maximum rainfall occurs along the lower flanks of high topography, well 

below the ridge crests (where orographic effects are significant) (Wieczorek et al., 2003). 

Landslides do occur at a scale smaller than the resolution of radar data, and researchers 

can’t be sure that microscale precipitation (locally intense) isn’t responsible for some 

landslide concentrations (S. Yuter, personal communication; J. Hinkle, personal 

communication). However, in Oregon, rainfall is generally due to large (widespread) 

cyclonic storms, so this may be a less important source of error (G. Wieczorek, personal 

communication).  

The spatial resolution of 1 km2 used in this study may have been unable to capture 

fine-scale variations. In particular, beamfilling increasingly becomes more of a factor, as 

the resolution decreases farther from the radar station (Legates, 2000). This effect is the 

loss of resolution as the width of the 1o beam becomes wider farther from the station, 

according to the equation: 

   b = (r) · sine(1o)      (Eq. 4) 

where b is the effective beam-width in km, and r is the distance from the station, in km  

(S. Yuter, personal communication).  

Due to limited scanning ability at low levels, precipitation may be dramatically 

underestimated (Westrick et al., 1999; Wieczorek et al., 2001). Much orographic 
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precipitation enhancement occurs only 1-2 km above the terrain (Wesrick et al., 1999). 

The freezing level for the February storm varied between 1.5 and 2.7 km above sea level 

(Westrick et al., 1999). This was potentially a factor for research Madison County, 

Virginia storm of 1998 studied by Wieczorek (2001), which had a low centroid, at about 

4 km off the ground. This effect also causes concentric discontinuities (Durrans et el., 

2002). 

In general, West Coast precipitation is shallow and stratiform, such that although 

some stations may be located at high elevations to overcome terrain blockage, zones of 

significant precipitation (growth of hydrometeors) may be much lower and overlooked 

(Westrick et al., 1999). Westrick et al. (1999) states that the Portland NEXRAD station 

KRTX is located at about 509 m (elevation plus tower height), while the maximum 

effective range is only 96 km (based on the average cool season melting level, using the 

lowest tilt angle of 0.5o, and assuming no terrain blockage). For comparison, the Medford 

station, located at 2300 m, has an effective range of only 0.5 km (Westrick et al., 1999).  

NEXRAD artifacts – primarily terrain blockage – is likely one the most important 

reason for the poor correlation between intensity, duration, and site stability. Wieczorek 

et al. (2003) and other (Durrans et al., 2002) states that the largest differences between 

radar and gauge measurements is during periods of heavy rainfall, and at high elevations 

(greater than 480 m), but high elevations may have very poor data coverage due to terrain 

blocking. Figure 53 shows a comparison of PRISM-derived of maximum precipitation 

and NEXRAD total reflectivity, both for the same storm. PRISM (Parameter-elevation 

Regression on Independent Slopes Model) uses gauge data and a model of precipitation 
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(a) (b) 
 
Figure 53 – PRISM and NEXRAD 
(a) PRISM-derived map of total precipitation for February 6-9, 1996 in Tillamook County (Oregon Climate 
Services). Stars represent the four rain gauge locations present in this study area (located in valleys). (b) 
Maximum reflectivity from NEXRAD data – note the different scale, however.  
 

interaction with relief to ‘intelligently’ interpolate rainfall values (Daly, 1996). This 

model operates on the assumption that precipitation varies predominantly with elevation 

(Daly, 1996). It is possible that in this case there was not enough generalization - when 

PRISM is modeled, small regions are generalized into mostly north facing (for example) 

to eliminate the effect of “bumps” on the landscape that show up as facing in the opposite 

direction, yet are significantly affected by orographic precipitation patterns imposed by 

larger features (Daly, 1996).  
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CHAPTER VI 

 
 

CONCLUSIONS 

The large storm of February 6th-9th, 1996, provided a unique opportunity to test 

the link between landslides and rainfall in the Oregon Coast Range. Precipitation has 

been well linked to landslides as a triggering factor, so the goal of this research was to 

test the strength of that correlation, especially in the context of pre-existing topographic 

destabilizing factors. It also is an opportunity to test the viability of the use of NEXRAD 

data, as the strength of the correlation between landslides and rainfall intensity or 

duration depends heavily on data quality.  

From an analysis of landslide patterns using air photo-derived landslide maps, 

digital elevation model (DEM), and NEXRAD datasets, topographic variables were 

statistically determined to contribute most strongly to site instability. Landslides were 

correlated with (in decreasing order of importance) slope, upslope drainage area, stand 

age, curvature, and elevation. Precipitation variables that best represented threshold 

triggering values for this storm include the 180 minute sustained minimum reflectivity (as 

a proxy for precipitation intensity), and the sum of reflectivity until that point was 

reached (precipitation duration). These factors together were able to reasonably predict 

whether a point was classified as a landslide or a non-slide, but the addition of the 

precipitation factors only marginally added to the ability of the model to make this 

discrimination (76.1% → 77.1%). 
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I conclude that the extensive blocking prevalent in the Coast Range considerably 

limits the extent and usefulness of radar over Tillamook State Forest. An empirical 

determination of storm properties that contribute to landsliding may be a highly 

informative method of relating hydrologic triggering mechanisms to slope stability, but 

the model developed here is limited primarily by data quality issues. Limits on the 

usefulness of radar also restrict the viability of using NEXRAD for debris flow warning 

systems in mountainous regions of Oregon, such as the Coast Range. NEXRAD data 

quality may be considerably better over topographically gentle regions, but fewer 

landslides are likely to occur in those low-relief landscapes.  
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APPENDICES 

Appendix A – Technical NEXRAD 

Radar is also commonly used to estimate the location, size, and intensity of 

precipitation storms (distribution and amount) (Yuter, 2002). Sample volumes observed 

by radar are often about 107 to 109 times as large as those observed by a rain gauge 

(Yuter, 2002). The lowest four tilt angles (0.5o, 1.5o, 2.5o, and 3.5o) comprise the volume 

scan (Legates, 2000; Bedient et el., 2000). As a scanning radar, the direction of sweep is 

described in terms of degrees of elevation from the horizontal and an azimuth angle from 

North. In this way, the 3D structure of a storm can be mapped (Yuter, 2002). In using a 

3D volume, the goal is to get reflectivity values that most closely represent conditions 

just above the ground surface and also avoid ground returns (Smith et al., 1996).  

NEXRAD can measure reflectivity up to 460 km (Bedient et al., 2000). This full 

range isn’t always employed (it is the theoretical, not practical, maximum distance), and 

varies seasonally, as well as topographically. Generally, cloud reflectivity and moisture 

content is measured up to 230 km from the radar station in the summer, but less in the 

winter (Wieczorek et al., 2003).  

Studies have found that there is a limit to radar coverage imposed by topographic 

blockage. The range of the radar found by Westrick et al. (1999) is determined as the 

distance where a beam was blocked less than 50% the whole way to that point, provided 

that the center of the unblocked beam is below 8 km in elevation (at this height, 
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stratiform precipitation events return negligible radar energy). Radar coverage was 

acceptable if the center of the beam remains less than 50% blocked and still clears the 

terrain by 150 m. The beam was considered too high if it intersected an elevation of 8 km 

(there are negligible returns at this level during stratiform storms. Coverage was also 

acceptable if less than half of the land surface had unblocked radar coverage (Westrick et 

al., 1999). 

The apparent upward curve of the radar beam in cross-section is due to the curve 

of the earth’s surface, and the radar beam is actually straight. This formula for the height 

of the radar above the Earth’s surface (h) takes into account atmospheric refraction and 

the curvature of the Earth: 

h = ho – (4/3)R + √[r2 + ((4/3)R)2 + 2r(4/3)Rsinφ]   (Eq. 5) 

where φ = elevation angle of the radar beam, ho = height of the radar antenna, r = range 

from the radar, R = radius of the earth at the latitude of interest (Yuter, 2002).  

NEXRAD radar operates on an S-band microwave frequency (Legates, 2000). S-

band energy experiences significant attenuation (energy lost by the wave via absorption 

or scattering) by hail or extremely heavy rainfall, so that Z > 55 dBZ is often used as a 

cap (Yuter, 2002).  

Generally, rainfall data from gauges compares well with NEXRAD data, but the 

NEXRAD tended to over predict for smaller storms than for larger ones (Bedient et al., 

2000). Other work indicates that radar may be commonly over- or underestimated by a 

factor of two, due to the accuracy of radar returns, spatial registration or map projection 
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issues, or complications from wind direction, cloud orientation, and topography 

(Wieczorek et al., 2001). 

Artifacts may be common in NEXRAD data. In mature or cyclonic storms, 

vertical motion is weak, and the associated radar shows a horizontal layer of enhanced 

reflectivity (bright bands) associated with a layer of melting particles (Yuter, 2002). 

These particles are longer in the horizontal than vertical direction (Yuter, 2002). This 

occurs when the size and type of precipitation varies vertically as well as laterally 

(Wieczorek et al., 2003). Winters in the Pacific Northwest have persistent bright-bands in 

the lower troposphere – the relatively warm Pacific just upstream results in a low melting 

level (Westrick et al., 1999).  

Concentric banding appears in the NEXRAD data used for these analyses, and 

becomes progressively more pronounced with increasing tilt angles. The selection of 

which tilt angle to use is a balance between topographic blocking at lower levels, and 

increased concentric artifacts at higher tilt angles.  
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Appendix B – Level III NEXRAD 

Level III NEXRAD data is more processed than Level II data (used in this study) 

or Level I (raw, not available to public). When converted from raw data (Level I) to 

Level II, the data undergoes initial validation by the NWS (Legates, 2000). Level II data 

consists of raw reflectivity, radial velocity, and spectrum width (Bedient et al., 2000). For 

Level III NEXRAD data, the Precipitation Processing System produces four rainfall 

estimation products (in which a Z-R relationship is applied) called Digital Precipitation 

Array (DPA): 1 hour accumulated, 3-hour accumulated, hourly digital precipitation array, 

and total storm accumulation (Bedient et al, 2000; Legates, 2000). In this way, a 

volumetric measurement is then translated to an area-averaged rainfall rate (Matsoukas, 

et al., 1999). Level III data is processed again to account for radar beam blockage, 

checked for random noise, outliers, and ground clutter (occasional returns due to ground 

interception of the radar) (Legates, 2000). Level III is available in rectangular coordinates 

with a resolution of 16 km2 (Young et al., 1999; Bedient et al., 2000).  
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Appendix C – NEXRAD Error Sources 

The utility of radar-based precipitation estimates hinges on an understanding of 

the sources and magnitude of estimation errors (Young et al., 1999). Data heterogeneities 

and shortness of data records are the major factors (Durrans et al., 2002). NEXRAD error 

may be the result of errors in the reflectivity itself (instrumentation), the Z-R relationship 

(processing and interpretation), and below-beam effects (meteorology) (Yuter, 2002; 

Legates, 2000). Biases usually vary by each radar station (Legates, 2000). Common 

sources of NEXRAD error are listed in Table 10.  

Table 10 – Common sources of NEXRAD error 
Some common sources of NEXRAD error, divided into three categories. Some effects are systematic (will 
consistently over or underestimate), while others are random (not systematic). From Legates (2000).  
 

(a) Errors associated with reflectivity measurement 
Ground clutter contamination Overestimates 
Anomalous propagation Overestimates 
Partial beam filling Underestimates 
Wet radome attenuation Underestimates 
Incorrect hardware calibration Not systematic 

(b) Errors associated with the reflectivity/rainfall (Z-R) relationship 
Variations in drop size distributions Not systematic 
Hail, mixed precipitation, and snow events Overestimates 

(c) Errors associated with below-beam effects 
Strong horizontal winds Not systematic 
Evaporation of falling precipitation Overestimates 
Coalescence below the radar beam Underestimates 

 

One study examined the biases of radar over a year of data coverage over the 

Great Plains and recorded biases resultant from: (a) range dependent sampling, (b) 

systematic differences in radar rainfall estimates from two radar observing the same area, 

and (c) systematic differences between radar and gauges (Smith et al., 1996).  

For example, a range bias is seen in the underestimation within 40 km of the 

station, due to bias in reflectivity observations at higher elevation angles (Smith et al., 
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1996). In Smith et al., (1996b) the amount of range dependant bias is examined through 

three climatological quantities: (a) condition mean rainfall, (b) probability of rainfall, and 

(c) mean rainfall (Smith et al., 1996). Lott and Sittel (1996) used Level III data and 

compared gauges (ground truths). In a comparison of 5 storms, 80% of 220 stations 

checked showed that NEXRAD estimates were too low by a factor of 2 to 3 (Lott and 

Sittel, 1996). Also, there was no significant correlation between distances of a station 

from gauge (vs. departure of estimated from actual), so that generally there was no 

deterioration with distance (Lott and Sittel, 1996). On average, radar detected about 69% 

of gauge precipitation (Lott and Sittel, 1996). Another study shows that the mean 

underestimation bias of NEXRAD was 2.5 times less than gauge data (Wieczorek et al., 

2003). The largest differences in gauge and radar derived rainfall rates tended to occur 

during heavy rainfall and at locations of relatively high elevations (over 480 m) 

(Wieczorek et al., 2003). 

The temperature also affects the type of storm structure, impacting the range 

dependence of NEXRAD. Beyond 150 km’s in spring/summer and 100 km’s in 

winter/fall there is an underestimation of precipitation due to incomplete beam filling and 

overshooting of precipitation (Smith et al., 1996). Warm season probability of 

precipitation increases slightly in the 50 km range, and then decreases in the 150 to 230 

km range (Young et al., 1999). In cold weather, clouds form several kilometers below the 

beam at distance – this effect is especially pronounced in winter when a significant 

portion of precipitation is from low stratiform clouds (Young et al., 1999). One study 
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suggested a precipitation threshold based on gauge and temperature data (Chleborad, 

2000).  

Young et al. (1999) found that there was good agreement between two radar 

stations, where there was overlapping coverage. They defined a correlation coefficient 

representing the fraction of overlapping cells in one hour that observe precipitation, 

which was 0.92 for the warm season and 0.82 for the cold season (Young et al., 1999). 

This is a case of one or the other detecting either false negatives or false positives not 

correlated by the other.  

Hail is a good reflector, and will return a very high false rainfall intensity, so a 

cap is applied but sometimes high intensities associated with tropical convection storms. 

This results in cases where very intense rain is misinterpreted as hail, and rainfall is 

underestimated (Wieczorek et al., 2001; Durrans et al., 2002). There is a default national 

cap of 104 mm/hr, which is often modified in dry or tropical environments (Durrans et 

al., 2002).  

Bright-band and anomalous propagation (AP) artifacts lead to systematic 

overestimation of rainfall at intermediate ranges (Smith et al., 1996). In a convective 

storm cell with a strong upward motion, precipitation falls out as heavy localized 

showers, typically a few hundred meters to 5 km across, and appear in radar as a 

localized vertically oriented region of enhanced reflectivity (Yuter, 2002).  

There may be anomalous propagation of radar beams, resulting in an echo from 

the ground targets that may be misinterpreted as rainfall (Durrans et al., 2002). In one 

study by Young et al. (1999) there was a very high probability of precipitation in areas of 
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elevated topography, likely due to ground returns called anomalous propagations (AP) 

from mountains rather than enhance orographic precipitation. AP’s are cleared up in clear 

weather, but may be embedded in rainfall (Durrans et al., 2002). The bending of radar 

beams under certain atmospheric conditions may result in ground returns not seen 

elsewhere, so often there is no way for algorithms to systematically detect and eliminate 

them (Young et al., 1999). Strong temperature and moisture gradients in the lower 

atmosphere can also result in anomalous propagation of the radar (Durrans et al., 2002).  

Other artifacts include concentric banding, or spoke-like discontinuities from 

changes in the tilt angle (Durrans et al., 2002). The change is resolution at a distance 

from the radar station is called partial beam filling. Partial beam filling is due to the fact 

that as the radar beam widens farther from the source of the radar, the spatial resolution 

decreases (Legates, 2000). Also, if it’s raining on the radar dome, attenuation (energy 

absorption) of the beam occurs, resulting in underestimation of the rainfall (Legates, 

2000).  
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Appendix D – Correlation of Reflectivity to Rainfall Rates 

Reflectivity of raindrops is a function of rainfall surface area, not volume 

(Legates, 2000). Given two storms with equivalent rainfall rate potential, the one with the 

larger hydrometeors (rain and hail) will result in a more intense storm cell. Thus, tropical 

storms with dense concentrations of smaller raindrops are underestimated (Wieczorek et 

al., 2001). The Z-R relationship can yield unreasonably large instantaneous rainfall 

intensities, particularly when some (mixed) or all hydrometeors are frozen (Durrans et al., 

2002; Wieczorek et al., 2003). This effect also occurs at the freezing level of a storm 

(Legates, 2000).  

NEXRAD measures rainfall indirectly, and require a meaningful relationship 

between Z (reflectivity) and R (rainfall rate) (Matsoukas, et al., 1999). In the equation:  

Z = aRb        (Eq. 6) 

Z is reflectivity (dBZ, or mm6 m-3) and R is rainfall intensity (mm h-1) (Durrans et al., 

2002). The relationship of Z =aRb (calibrated with measured rainfall), is an empirical one, 

where a and b depend on the size of raindrop (Durrans et al., 2002). This Z-R relationship 

is also often written as: 

R = (Z/a)1/b       (Eq. 7) 

where reflectivity is measured in dBZ (decibels of Z) (Wieczorek et al., 2001). The 

rainfall rate R (mm/h) is a function of the particle fall speed, which is a function of the 

diameter of the particles, air temperature, and air pressure (Yuter, 2002). Parameters a 

and b depend on the size of the raindrop (Wieczorek et al., 2003). Raindrops have a 

diameter over 0.2 mm (drops have been observed as large as 7 mm, but are rare because 
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they are unstable and tend break up) – most raindrops in the mid-latitudes have a 

diameter less than 5 mm (Yuter, 2002). 

A very large source of uncertainty in assigning rainfall rates to reflectivity is the 

relationship between the type of storm and the characteristics of its precipitation (drop 

size, amount frozen, etc.). This relationship between Z and R is case specific and often 

highly uncertain (Matsoukas, et al., 1999). A single Z-R relation ship is inadequate to 

provide appropriate conversion for all precipitation events (Legates, 2000). Initial values 

were developed in Florida and Oklahoma (Durrans et al., 2002; 13). Since parameters 

aren’t optimized for each storm event, biases exist (Durrans et al., 2002). There is no 

documentation from NCDC indicating why the values for a and b are chosen in the 

conversion from Level II to Level III data. (Wieczorek et al., 2003). In general, a can 

vary from about 30 to 500, and b can vary from about 1.2 to 2 (Legates, 2000). An 

estimation of error resultant of rain mapping from radar is undermined by a lack of 

independent, precise, and accurate values to compare. In addition, the rapidly changing 

conditions in storm clouds make it difficult to reproduce measurements under the same 

conditions (Yuter, 2002).  

However, a conversion from the reflectivity to the rainfall rate can be performed 

once the radar is calibrated and some property of the storm is known (Figure 25, Table 3, 

Table 4). 

One of the biggest problems is that the Z-R relationship is very sensitive to the 

calibration, and US radar data is not usually calibrated (S. Yuter, personal 
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communication). In the correction of range-dependant underestimation biases, Legates 

(2000) suggests the use of a calibrated equation: 

   Z’ = aRbDc       (Eq. 8) 

where D is the distance from the radar. 

 In some cases, range correction was needed. Range correction algorithm:  

Rhat = c1(r-ro)c2Rc3      (Eq. 9) 

where c1, c2, c3, and ro are the algorithm parameters (ro = closest range at which range 

correction is made), R is from R=aZb, and Rhat is the corrected rainfall (Smith et al., 

1996). In this equation, you can set c1=1, c2=0, and c3=1 so that no range correction 

occurs (Smith et al., 1996). 

The volumetric relationship can also be approached deterministically. The 3D 

field of radar reflectivity can be represented by a factor Z: 

Z = V-1 * ΣDi
6              (Eq. 10) 

where V is the volume of sample element (in m3), n is the number of raindrops in sample 

unit, and Di is the diameter (in mm) of ith raindrop (Smith et al., 1996). 

The range of calibrated (and decriptive) Z-R relationships varies widely (Figure 

25). The default (Oklahoma-derived) Z-R relationship for the US National Weather 

Service is Z=300R1.4 (Yuter, 2002). The tropical Z-R relationship is Z = 250R1.2 (Bedient 

et al., 2000). The Marshal-Palmer relationship is Z = 220R1.6, GATE is Z = 230R1.25, and 

the Swiss Meteorolgical Agency default is Z = 315R1.5 (Yuter, 2002). For the Oregon 

Coast, a relationship similar to the Masrshall-Palmer may be appropriate: Z=210R1.5 (S. 

Yuter, personal communication). Legates (2000) used a weighed regression of log(Z) vs. 
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log(gauge) to find a best fit line whose equation was Z=73.97R1.409 (Legates, 2000). For 

the study of Smith et al. (1996) they used R = 0.017Z0.714, with a hail threshold of 53 dBZ 

(Smith et al., 1996).  
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Appendix E – Calibrating Radar with Gauges  

Gauge data isn’t very spatially accurate when trying to interpolate large areas, but 

gauges are highly effective for calibrating radar values (Bedient et al., 2000). Systematic 

calibration is needed to provide reliable radar data (Lott and Sittel, 1996). Rainfall gauge 

data can provide the “footprint” of the storm (Legates, 2000). NEXRAD should be 

combined with gauge data to develop multi-sensor rainfall estimates (Lott and Sittel, 

1996). An estimate of rainfall from gauge-calibrated radar provides a better spatial 

representation of precipitation than even the most dense precipitation network (Legates, 

2000). Regardless of the size of the sampling (ie, processed resolution) there is variation 

in rainfall, due to strong winds, for example  –  this is why ground verification of rainfall 

is useful (G. Wieczorek, personal communication). One study suggests that when using 

the NEXRAD data, a correction (calibration) factor of radar to gauges of about 3 

(Morrissey, 2004). 

Gauge networks by themselves are not dense enough to capture extreme storms 

over small areas. Rainfall depths aren’t representative of the spatial distribution of a 

storm event (in moderate to large drainage basins) (Durrans et al., 2002). The relatively 

small areas affected by extreme intense storms make it unlikely that a sufficient number 

of rain gauges will often be available to adequately characterize the rainfall for a 

statistically accurate comparison (a storm cell may be very localized and remain 

stationary for several hours) (Wieczorek et al., 2003). For example, in a study by Young 

et al. (1999), the location of high probability areas may be highly affected by local 

atmospheric conditions over the Mohawk and Hudson Rivers.  
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 Precipitation from a gauge has a resolution of 0.01” or 0.1” (more are 0.1” but 

coarse resolution limits utility for comparison with radar ( for example, until 

accumulation reaches 0.1” the gauge reports zero precipitation) (Young et al., 1999). A 

typical 8-inch rain gauge samples precipitation over an area of 0.3 m2, while radar 

samples precipitation within a larger volume, estimating an average accumulation over a 

much larger spatial area (Young et al., 1999). Although biases do exist in gauge data 

(wind turbulence around gauge top, wetting losses on inside, splash, mechanical 

limitation of instrument) it is typically only about 5% during rainfall events (as much as 

50% for snowfall events) (Legates, 2000). However, distances between stations often 

exceed 50 km, with NWS first-order stations (such as those in airports) over 100 km 

(Legates, 2000).  

 The amount of radar bias can be calculated as:  

bias = (radar - gauge) / gauge             (Eq. 11) 

where a negative value means that the radar is under predicting the precipitation, and a 

positive value means that the radar is overestimating the gauge precipitation (Bedient et 

al., 2000). 

 You can integrate over a longer timescale to reveal systematic biases in radar. The 

average radar detection is 31.0% of the gauge rainfall, measured in the warm season, and 

14.4% of gauge values in the cold season (other research shows 39.8% in the warm 

season and detects 9.3% of gauge precipitation in the cold season) (Young et al., 1999). 

However, when the radar detects precipitation, there’s a high chance that the gauge will 

also detect the precipitation: average detection for 0.01” resolution gauge instrument is 
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67.6% of the radar detection in warm season, and 80.5% in the cold season (Young et al., 

1999). Discrepancies between radar and rain gauges can increase with small-scale 

variations in rainfall (isolated showers) (Yuter, 2002). A multi-year comparison of radar 

and gauge data in Switzerland showed an average error of about 100% (Yuter, 2002).  

 



 112
 
Appendix F – NEXRAD Processing Methodology 

This is a sample section of NEXRAD processing done through University of 

Washington, courtesy of Sandra Yuter. Servers used include Gkar (Linux) and Hydra 

(Unix). Level II data is converted to UF (universal format), run through quality control, 

and converted to CDF (common data format). The data is modified to specific tilt angle, 

subset area, and 1 km2 resolution are produced from these files. CDF files are then 

converted to ASCII format. The addition of ASCII file headers (for projection in GIS) 

was performed on University of Oregon Unix-based server (Darkwing).  

Gkar: 
>  cd level2 
>  cd uf1 
>  /home/disk/gkar/amanda/level2/bin/loop.nex2uf.pl 960206_0 KRTX 
 /home/disk/gkar/amanda/level2/archive/KRTX06_00-07 
>  mmv “*.uf” “KRTX.=1.uf” 
>  /home/disk/gkar/amanda/level2/bin/loop.UWQCalg.nexrad.pl 960206_0 KRTX 
 /home/disk/gkar/amanda/level2/bin/blankclutter 
>  mv de.qc.*  ../QC 
>  cd .. (→ level2) 
 
Hydra: 
>  /home/disk/gkar/unixbin/loop.portland.uf2cdf.pl 
/home/disk/gkar/amanda/level2 960206 96 
>  cd .. (→ level2) 
> cd asc 
>  /home/disk/gkar/amanda/src/cdf3d2ascii_onelevel 
 /home/disk/gkar/amanda/level2/cdf/KRTX.19960206.010302.cdf maxdz 1 
 KRTX.19960206.010302.asc 
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