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FOREWORD 

 
The Russell Creek Research Project is a joint multi-year project between the University 

of British Columbia and the B.C. Ministry of Forests, with an objective of increasing our 

understanding of hydrological processes by focusing on subsurface flow, spatial variation 

of climate data and snow accumulation and ablation dynamics.  

This process based experimental setup will provide data to justify future physically based 

modeling of the hydrological response and the subsequent effects on stream flow at 

different scales, ranging from the hillslope to watershed.  

 

The project consists of the three major parts subsurface/preferential flow, spatial variation 

of climate data and snow dynamics. The spatial variation and dynamics sub-projects have 

been started in mid 2005. In order to achieve the set objectives the year 2005 and the first 

part of 2006 have been used for climate station and instrumentation design and set-up as 

well as for testing the instruments. 

 

This report consists of 3 parts. The first part is describing the spatial variability analysis 

of climate data in the watershed. Parts 2a and 2b investigate two aspects of 

subsurface/preferential flow. Part 3 is dedicated to ongoing project on snow accumulation 

and ablation dynamics in rain-on-snow dominated watersheds. 
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PART I 

 

Spatial variability of climate data
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INTRODUCTION 

 

Spatial variability of climate data 

 

Watershed modeling aims at realistic and reliable description and prediction of runoff 

from catchments. The complexity, i.e. the spatial variability and the non-linear character, 

of the mechanisms involved in rainfall-runoff modeling cause uncertainties in the 

modeling process. These uncertainties are widely acknowledged and can be attributed to 

one of the following groups: (1) model structural uncertainty, (2) model specification 

uncertainty, and (3) data uncertainty (Melching, 1995; Refsgaard and Storm, 1996; 

Bastidas et al., 1999; Wagener et al., 2004). Model structural uncertainty is caused by our 

imperfect understanding of rainfall-runoff processes (Wagener et al., 2004). It can be 

reduced by a careful choice of the model that is the most suitable for the existing 

conditions. Model specification uncertainty on the other hand is caused by the absence of 

a single best parameter set (Sorooshian et al., 1993; Kuczera, 1997; Thyer et al., 1999). 

Several approaches are used to minimize and quantify the uncertainty including multi-

objective and multi-criteria calibration (e.g. Yapo et al., 1998; Gupta et al., 1999), time 

dynamic choice of parameter sets (Wagener et al., 2004) and the development of 

uncertainty estimates using the GLUE method (e.g. Beven and Binley, 1992; Freer et al., 

1996; Beven, 2000; Uhlenbrook and Sieber, 2005). 

The input data uncertainty on the other hand depends on the instrument precision and the 

accuracy of the measured climate variables (e.g. Ciach, 2003; Upton and Rahimi, 2003) 

as well as on the availability   of a large enough and spatially well distributed instrument 

network to compute meaningful spatial distributions. 

Precipitation and its spatial variability is beside the temperature the most important input 

variable in watershed models (Xu and Vandewiele, 1994; Paturel et al., 1995; Beven, 

2000) and have as such been subject to numerous studies. The main factors influencing 

spatial precipitation variability are the topography, size of the study area, type of 

precipitation (convective-stratiform, solid-liquid) and large scale atmospheric motions 

(Pandey et al., 1999; Tsintikidis et al., 2002). Many studies showed that the magnitude of 

even small scale spatial precipitation variability can be considerable particularly in 
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complex terrain. Wood et al. (2000) for example found that for 15 minute rainfalls of 

more than 4 mm errors of 33 % in low relief and up to 45 % in mountainous terrain were 

recorded in a densely gauged 2 km2 catchment. Similarly high variability in mountainous 

terrain was reported by Groisman and Legates (1994). Buytaert et al. (2006) showed in a 

large scale study in mountainous terrain that rain gauges at a mutual distance of 4000 m 

show a high correlation but that average daily rainfall can vary by up to 25 % within this 

range. Using a model rainfall generator Peters-Lidard and Wood (1994) showed that 

measurement errors can exceed 20 % if a measurement network density is below a 

critical value. Changnon (2002) highlighted the dependence of precipitation variability on 

the type of precipitation and the precipitation intensity, while Stow and Dirks (1998) 

focused on the variability of precipitation induced by topography and wind on a small, 

relatively densely gauged island. The influence of topography on precipitation variability 

was also shown in various other studies, identifying, among others, elevation (Johnson 

and Hanson, 1995; Loukas and Quick, 1996; Sevruk, 1997; Sevruk and Mieglitz, 2002; 

Barros and Lettenmaier, 1994; Buytaert et al., 2006), slope (Goldreich, 1994; Basist et 

al., 1994; Buytaert et al., 2006) and aspect (Barros and Lettenmaier, 1994; Basist et al., 

1994; Buytaert et al., 2006) as topographic features having considerable influence on the 

spatial distribution of precipitation. Based on these topographic controls a wide range of 

rainfall distribution models were developed (Barros and Lettenmaier, 1994; Daly et al., 

1994; Bradley et al., 1998; Smith, 2003). The impact of precipitation data variability and 

uncertainty on different spatial scales on rainfall-runoff models was shown in many 

studies (Duncan et al., 1993; Ogden and Julien, 1993; Obled et al., 1994; Chaubey et al., 

1999; Woods and Sivaplan, 1999; Bell and Moore, 2000; Goovaerts, 2000; Andreassian 

et al., 2001; Arnaud et al., 2002; Xu et al., 2006). Faures et al. (1995), for example, 

reported variations in modeled stream flow of up to 76 %, when using only one out of 

five available gauges in a 5 ha catchment. Other studies investigating spatial precipitation 

variability quantify the effect of gauge network density on the accuracy of spatial 

precipitation estimates (Seed and Austin, 1990; Anctil et al., 2006), showing increasing 

deviations from the best estimate with decreasing number of gauges. Morrissey et al. 

(1995) and McCollum and Krajewski (1998) present methods to estimate the uncertainty 
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in rainfall estimates based on network configuration, while Kawachi et al. (2001) found 

that Shannon’s entropy can describe rainfall characteristics on the large scale. 

All these well documented aspects of spatial precipitation variability highlight the need 

for an adequate precipitation gauge density and/or well suited interpolation algorithms to 

obtain realistic precipitation distribution estimates within a basin of interest. 

Geostatistical methods based on spatial correlations, like kriging and cokriging (e.g. 

Martinez-Cob, 1996; Goovaerts, 2000) have proven to give sufficiently accurate 

estimations of spatial variability and are the most commonly used techniques if enough 

gauging sites (> 50, Burrough and McDonnell, 1998) are available. Splines as well are a 

well established method to fit a precipitation surface through measuring points (e.g. Gallo 

et al., 1998; Hutchinson, 1998a; Tait et al., 2006), yet also requiring a fairly dense 

instrumentation network. Besides multiple regressions (e.g. Boer et al., 1993; Goldreich, 

1994; Naoum and Tsanis, 2004) more simple methods like the Thiessen polygons 

(Thiessen, 1911; Uhlenbrook, 1999) and the inverse distance weight method (e.g. 

Schulla, 1997; Frei and Schaer, 1998) are frequently used in operational hydrology and 

provide results comparable to those from geostatistical methods for high density 

networks (Dirks et al., 1998), although Bloeschl and Grayson (2001) discourage from the 

use of IDW due to “artefacts” generated by high variability and irregularly spaced 

measurement sites.  

 

As with precipitation, uncertainties in computed temperature distribution and average 

basin temperatures are most pronounced in mountainous basins. Uncertainties are a result 

of the combined effects of variable temperature lapse rates e.g. Liston and Elder, 2006), 

shading, aspect and varying meteorological conditions such as inversion. Model output in 

rain-on-snow (ROS) dominated regions dominated by transient snowpack is most 

sensitive to errors in temperature. With winter temperatures close to 0ºC it is important to 

distinguish between liquid and solid precipitation as well as between snow accumulation 

and ablation processes in the transient snow pack (e.g. Hock, 2003). This requires a rather 

exact knowledge of the temperature distribution in the respective watershed. In snow 

dominated watersheds reliable temperature data is required to model autumn and winter 
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snow accumulation and spring freshets in a satisfactory manner. In rain dominated 

watersheds temperature will mainly influence evapotranspiration.  

Typical values for the temperature elevation gradients are in the range of 6 – 6.5°C km-1 

(Running et al., 1987; Dodson and Marks, 1997). Many watershed models require daily 

or even longer time steps as input, temperature has therefore to be averaged, which can 

be done in several different ways. Weiss and Hays (2005) addressed this problem and 

found that no significant differences exist between hourly averaging, max/min averaging 

and using the CERES algorithm (Jones and Kiniry, 1986). Methods for temperature 

interpolation include nearest neighbor with elevation adjustment, multiple regressions 

using elevation, position and aspect as predictors (e.g Bolstad et al., 1998; Xia et al., 

2001; Jarvis and Stuart, 2001), thin-plate splines (Xia et al., 2001), weighed average 

approaches (e.g. Dodson and Marks, 1997; Thornton et al., 1997; Shen et al., 2001) and 

kriging based methods (Couralt and Monestiez, 1999; Garen and Marks, 2005). Stahl et 

al. (2006) provide a comprehensive review of all these methods, highlighting their 

advantages and disadvantages. 

 

In many head watersheds of the Pacific Northwest which are located in remote areas with 

complex terrain, where accessibility is difficult and sometimes not given at all, accurate 

mean areal precipitation and temperature estimates are required for various modeling 

purposes such as the impact of logging on stream flow and water quality issues. 

Nevertheless only a limited number of gauges, typically located in well accessible areas 

close to the valley bottom, can be operated. This results in very low gauging network 

densities. Considering the effects of topography and other factors on spatial precipitation 

variation, this in turn might cause serious errors in model input data. The reasons for the 

low number of gauges operated in such watersheds are not only limited to inaccessibility 

and remoteness. Even if a catchment or a particular part of a catchment is theoretically 

accessible, poor road and unfavorable snow conditions can prevent vehicle and/or 

snowmobile access. The need for access by foot makes the continuous operation of an 

instrumentation network very labor intensive. One alternative, the use of wireless real-

time data transmission to an easily accessible base station is fairly cost intensive. Thus, 

the set-up, operation and maintenance of sufficiently extensive and dense gauging 
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networks are very often not feasible or not even practically possible.  No or only low 

resolution radar coverage of a wide part of the watersheds of interest can then result in 

situations in which mean areal precipitation in medium- to small-scale head watersheds in 

mountainous terrain have to be estimated using gauges densities of 1 station per 10 km2 

and less (e.g. Moore, 1993; Loukas et al., 2000; Hudson, 2001a; Schnorbus and Alila, 

2004; Nistor and Church, 2005). 

 

The objective of this report is to illustrate the measured precipitation variability and 

quantify the uncertainty in mean areal precipitation and temperature estimates in a basin 

with low network density. We will present a case study for a small, mountainous 

watershed on Vancouver Island, Canada, highlighting the problems of operating an 

extensive instrumentation network in complex terrain. The measured precipitation 

variability will be analyzed and using different interpolation methods mean areal 

precipitation estimates given a fairly dense, though not extensive gauging network will be 

established. These from the rather dense experimental instrumentation network are then 

compared to estimates derived from single- or two-station networks, which have been 

operational in this watershed for more than 10 years (Hudson, 2001b).  

Furthermore, the influence of climate station network density on the accuracy of 

observed daily mean areal temperature focusing on errors caused by meso- and micro-

scale variability will be quantified. 

Note that a detailed analysis of the systematic measurement errors (i.e. instrument bias) 

goes beyond the scope of this paper and therefore is not included. 

 

STUDY AREA 

 

The study area, Stephanie Creek Watershed, is a mountainous, coastal catchment located 

on Northern Vancouver Island, British Columbia, Canada (Fig.1). Located at 50º 19’ N 

and 126º 21’ W, it is an 8.4 km2 sub-basin of the 30 km2 Russell Creek research 

watershed. Dominated by a maritime climate, precipitation maxima occur in winter with 

over 70 % of the annual precipitation falling between October and March (Hudson, 

2001b), while persistent high pressure zones result in relatively dry summers 
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.  

 

Figure 1: Stephanie Creek Watershed and locations of climate stations 

 

Average annual basin precipitation is 2000 mm. Prevailing westerly winds from the 

Pacific Ocean buffer hot summer and cold winter temperatures, resulting in a temperate 

climate with an annual average temperature of around 5ºC and a winter average of -2ºC. 

These mild temperatures cause roughly 25% of the basin area to lie within the rain-on-

snow zone, which is on average limited by the 300 to 900 m a.s.l. elevation band. The 

remainder of the catchment is in the snow pack zone above 900 m a.s.l.  

The bowl shaped Stephanie Creek watershed ranges in elevation from 450 to 1680 m 

a.s.l. It is underlain by a large batholith of granitic island intrusions, creating gentle 

slopes and a rather broad valley in the lower third and by the very erodible basaltic 

Karmutsen Formation, exhibiting steep slopes, exposed bedrock and incised stream 

channels in the upper two thirds (Hudson, 2001a). The average slope inclination in the 

watershed is 25 %. 

1 

3 

2 
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The cascade-pool typed main channel has an average gradient of 22%. Discharge ranges 

from 0.2 m3 s-1 during low flow periods to more than 12 m3 s-1 for peak flows. 

The watershed with its abundance of western hemlock (Tsuga heterophylla), pacific 

silver fir (Abies amabilis) and western red cedar (Thuja plicata) has a history of forest 

management, with logging activities dating back to the 1980s. According to Hudson 

(2002), almost one third of the entire Russell Creek watershed was harvested by 2002. 

The rain-on-snow zone was mostly affected by this activity. The lower parts of the 

Stephanie Creek watershed are well covered by logging roads, most of which are in fair 

condition. Although logging roads exist up to an elevation of 1100 m a.s.l., they are 

mostly deactivated or in poor condition and therefore not suitable for vehicle and 

snowmobile access above 850 m a.s.l. The region above 1100 m a.s.l., which covers 

roughly 45 % of the watershed, is not at all served by roads. The steep slopes, with 

gradients of more than 50 % in combination with dense vegetation or rugged terrain as 

well as considerable distance to accessible roads leave this part of the watershed 

inaccessible, at least for set-up, continuous operation and maintenance of precipitation 

gauges. Using a 50 x 50 m DEM Figure 2 shows five zones of different accessibility 

within the watershed, with the respective classification criterions in Table 1, ranging from 

all year round full accessibility (class 1) to no access zones (class 5). 

 

 

 

Table 1: Zone classification criterions 

 

 

Accessibility 
class 

Primary accessibility criterion Secondary accessibility criterion 

1 
All year round vehicle access,  
distance to road < 150 m 

- 

2 
Vehicle/snowmobile access 75 % of the year,  

distance to road < 150 m 
All year round vehicle access,  
distance to road > 150 m 

3 
Road deactivated or in poor condition,  

distance to road < 150 m 
Vehicle/snowmobile access 75 % of the year,  
distance to road > 150 m, slope < 20 % 

4 
Distance to road > 150 m,  

slope 20-50 % 
Distance to deactivated/poor road 150-300 m 

5 
Distance to road > 150 m,  

slope > 50 % 
Distance to deactivated/poor road > 300 m 
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Figure 2: Zones of different accessibility 

 

 

 

METHODS 

 

Precipitation Gauging Network 

 

Precipitation was measured using six total (liquid and solid) precipitation gauges (Figs.1 

and 2), which were located in or close to the Stephanie Creek watershed. To ensure 

reliable and continuous data recording in the harsh environmental conditions of this rain-

on-snow dominated watershed (i.e. the combination of extreme humidity with frequent 

freeze and thaw cycles) robust, low-maintenance gauges using the mass replacement 

principle were chosen. A gauge design like this prevents common problems such as 

freezing or data loss due to snow built up on the gauge. The 15” diameter gauges were 

filled with a 25 % salt solution to prevent freezing, keeping the instruments operational to 
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temperatures as low as -8°C, which rarely occur in the study area. An amount of salt 

solution equivalent to the precipitation falling into the gauge is then replaced through an 

aerated siphon into a tipping bucket. Wind-induced under catch of precipitation is 

corrected using data from the three wind sensors together with correction equations 

suggested by Yang et al. (1998). 

Given the remoteness and inaccessibility of the catchment, a gauge density of roughly 1 

gauge per 2.5 km2, can be considered a fairly dense measurement network in this region 

of the world. Table 2 shows the details of the available precipitation gauges. Gauges 1 

(490 m) and 4 (830 m) have been operated by the BC Ministry of Forests (MoF) for 10 

years approximately. Gauges 2, 3, 5, 6 were set up in fall 2005 and recorded the period 

between December 20th, 2005 to December 19th 2006.  Although outside the actual 

Stephanie Creel watershed, gauge 1 was included in the study, as it was the reference 

gauge for several studies conducted by the MoF in this area (e.g. Hudson, 2001a; 

Hudson, 2001b). Gauge 2 is also located about 1 km west of the watershed and was 

included to increase the longitudinal extent of the area covered and to get a better feeling 

for the effect of aspect on precipitation distribution. Due to their distant positions in 

respect to the Stephanie Creek watershed, gauges 1 and 2 only have marginal influence 

on areal interpolation using Thiessen polygons and IDW, but they contain important 

information for multiple regression interpolation.  

 

Elevation Longitude Latitude Slope Aspect 
Gauge No. 

[m] [m] [m] [°] [°] 
1 490 687739 5580296 2.5 216 
2 540 686228 5577237 10.4 284 
3 680 687523 5578980 15.7 287 
4 830 688603 5577378 10.2 318 
5 880 688764 5577869 16.7 299 
6 950 688910 5577433 26.4 250 

 

Table 2: Elevation, position and terrain attributes for the six precipitation gauges 

 

Concerning the design of the instrumentation network, note that gauges 1, 3, and 4 are 

placed within a distance of roughly 1500 m from each other while the gauges 4, 5, and 6 

are located within distances of less than 1000 m from each other. The reason for such an 

unequally distributed network is that the topographic controls (Fig.1 and Tab.2) vary to a 

lesser extent in the lower part than in higher regions of the watershed. Only 55 % of the 
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watershed area are located below 950 m, which is the highest elevation covered (gauge 

6). However, 62 % of the slopes and 72 % of the aspects in the watershed fall into the 

range covered by the gauges (Tab.2). 

 

Temperature measurement 

 

Temperature was measured at six climate stations adjacent to the precipitation gauges 

(Figs.1 and 2, Table 2). Two types of temperature sensors are in use at Russell Creek. 

High-precision NTC temperature transducers (Humirel HTM 2500) are used at the three 

fully equipped sites. These thermistors have an operation range between -40 and 85 C 

with a precision of ± 0.5 C. To protect them against radiation-heating they are protected 

using McGill shields, which provide a sufficient degree of ventilation and which are state 

of the art in the field of non-ventilated radiation screens. The thermistors themselves have 

an output between 2 and 180 kΏ and are connected to full-size dataloggers. 

In order to account for vertical temperature gradients and to remain cost effective in the 

same time, air temperature at the other stations is measured with MiniTemp temperature 

sensors. These instruments are also used for soil temperature monitoring and the 

temperature of the snow profile. These pill-shaped sensors are only 1 cm in diameter and 

have internal loggers, which allow recording temperature in 30 minute intervals for 40 

days. Although, they have a lower precision (± 1 C) than the high-precision thermistors, 

they are nevertheless an important part in the monitoring network. They are shielded 

against radiation by placing them in thin-walled, white PVC-piped. In order to ensure 

ventilation, the pipes are very short and have holes on the top. These pipes are then 

themselves covered by halves of larger, white PVC-pipes. Although, the radiation 

adsorption cannot be entirely avoided, these sorts of shields have proven rather efficient.  

 

Stream flow was recorded at two sites in the watershed (Fig.1) using capacitance water 

level probes with a logging interval of 15 minutes.  
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Determination of the mean areal precipitation 

 

To determine the average basin precipitation for different time intervals several 

interpolation methods were applied using the data from all six precipitation gauges in and 

close to Stephanie Creek watershed. The average basin precipitation was computed on  

hourly, daily, monthly, annual (1hr, 24hr, 720hr, 8760hr) and on storm basis, whereby a 

storm was defined as a period of continuous precipitation with intermissions of no longer 

than 2 hours.  

Due to the lack of sufficient data points kriging and splines cannot be used for 

interpolation. Therefore the following methods were applied: (1) nearest neighbour 

(Thiessen polygons), (2) inverse distance weight, (3) multiple linear regression, and (4) 

fuzzy least squares regression.  

Using the nearest neighbour technique, gauges 1 and 2 have none or only minor influence 

on average basin precipitation due to their distant positions. Well known problems with 

this method include the presence of discontinuities between the polygons as well as the 

fact that extrapolation beyond the area covered with gauges has limited explanatory 

power, particularly in complex terrain where high precipitation variability has to be 

assumed. 

The inverse distance weight method considering n gauges is applied with a distance 

weight λ = 2:  

 

 

(1) 

 

 

with Pi the precipitation measured at point i, di the distance between the point of 

interpolation and the observation point i, and λ the weight of the distance. Note that 

outside the area covered by gauges – e.g. the higher parts of the south and east slopes – 

the IDW estimated precipitation is gradually reduced with distance and eventually 

approaches the mean precipitation of all stations. Thus accurate extrapolation results are 

not warranted in watersheds with a strong influence of topography on the precipitation.  
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Better explanatory power can be expected by multiple regression models, although again 

the low number of gauges is likely to limit the significance of the results. Stepwise 

regression was done with the following regressor variables: elevation (m), Easting (m), 

Northing (m), slope (°) and the cosine of the aspect (-).To maximize the explanatory 

power of the aspect, its coordinate system was rotated to a position perpendicular to the 

long-term mean wind direction (measured at the site of gauge 4), which is with 135°± 10° 

confined to a reasonably narrow sector, roughly parallel to the direction of the valley. 

Thus, the North-East and the South-West facing main slopes of the watershed tend to 

have similar and little impact on precipitation, i.e. cos(± π/2) = 0, while North-East to 

South-West directed main ridge at the far end of the watershed acts as wind and 

precipitation barrier, i.e. cos(0) = 1 and cos(π) = -1. The regression models were built 

using predictor variables with the best overall performance over the observation period, 

with the least square fit parameter sets for each time step, i.e. the predictor variables 

remained constant over the observation period while a new best fit parameter set was 

used for each time step.   

The multiple regression models were analyzed for multicollinearity using the variance 

inflation factor (VIF), the determinante of the correlation matrix, the condition number 

(CN) and the proportion of variance (Belsey, 1991; Mueller and Pierce, 2003).  

It was expected that the multiple regression models will not be significant at some time 

steps due to the low number of gauging sites available. Furthermore, the rigid 

assumptions of statistics, e.g. the normality of error terms, cannot be justified with the 

small amount of input data available. Fuzzy regression therefore seemed like a good way 

to increase the explanatory power of the precipitation – topography relations. First 

developed by Tanaka et al. (1982) fuzzy regression is based on the concept of fuzzy sets 

(Zadeh, 1965), and the extension principle (Zadeh, 1975). Fuzzy regression in hydrology 

was successfully applied, amongst others, by Bardossy et al. (1990) to estimate hydraulic 

permeability, Si and Bodhinayake (2005) for determining soil infiltration rates and by 

Chang et al. (2005) for precipitation interpolation with the IDW method. Fuzzy 

regression is a nonstatistical method, as the difference between observed and estimated 

values does not depend on measurement errors but on the vagueness of the parameters 

controlling the system (Kim et al., 1996). It can be seen as a possibilistic method, which 
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allows estimating the “goodness” of a relationship between x and y (Bardossy et al., 

1990) based on the modelers degree of belief in the relationship. It accounts for 

vagueness of our understanding or the imprecise nature of a phenomenon (Kim et al., 

1996) by using fuzzy parameters, which belong to a given interval with a certain degree 

of membership (Bardossy et al., 1990). Fuzzy regression can be a useful tool not only 

when small input data sets are available, but also when human judgment (e.g. Chang et 

al., 1996; Kim and Bishu, 1998) or systems with fuzzy input (e.g. Kao and Chyu, 2002) 

are involved.  

Several workers have developed different fuzzy regression models and suitable solution 

methods (e.g. Tanaka et al., 1982; Savic and Pedrycz, 1991; Pop and Sarbu, 1996; 

Diamond and Koerner, 1997; D’Urso and Gastaldi, 2000; Kao and Chyu, 2003). In this 

paper we used the fuzzy least squares regression (FLSR) approach suggested by Savic 

and Pedrycz (1991). This technique is based on the fuzzy linear regression (FLR) 

approach developed by Tanaka et al. (1982), but its combination with ordinary least-

squares regression reduces the limitations of FLR and brings fuzzy regression somewhat 

closer to a classic statistical framework. Given the following model: 

 

(1) 

 

 

Ỹ is the fuzzy output, x = [x1, x2,…, xn]
T is the input vector and Ã = {Ã0, Ã1,…, Ãn} is 

the fuzzy parameter set, where Ãi = {aj
C, aj

S}, with aj
C representing the center and aj

S the 

spread of fuzzy number Ãj (Fig.4). 

Typically symmetric triangular fuzzy numbers are used with a membership function µA 

given by: 
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The two fuzzy numbers in the membership function, namely the center (ai
C) and the 

spread (ai
S) can be interpreted as the most possible value and the precision of the 

parameter (Savic and Pedrycz, 1991). Following the extension principle (Zadeh, 1975), 

the membership function of Ỹ (Eq.1) can be written as: 

 

 

 

 

(3) 

 

 

The objective of the fuzzy regression with crisp input data is to determine the parameters 

Ã such that the membership value of yi to its fuzzy estimate Ỹ = Ãx is at least h Є [0, 1]: 

 

µỸ(yi) ≥ h, for i = 1,…,n                                               (4) 

The h-value, or also the modeler’s degree of belief, is a measure of the goodness of fit 

between model and data. It controls the widths aS of the fuzzy parameters. The higher h, 

the wider the spread of the parameters, the less the model is compatible to the data and 

vice versa, i.e. h = 1 indicates a model with very low compatibility while h = 0 indicates 

that the model is extremely compatible with the data.  

Combining the membership function expression (3) and the condition for the membership 

value (4) and rearranging the expression gives: 

 

(5) 

 

The objective function typically used in the FLR and FLSR methods minimizes the total 

vagueness, s, which is defined as the sum of the individual spreads of the fuzzy 

parameters: 

 

(6) 
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The solution of the objective function (6) with the constraints (5) is formulated as a linear 

programming problem (Tanaka et al., 1982): 

 

 

 

 

 

(7) 

 

 

 

 

 

 

The technique shown above is the first step of the FLSR method and it is in fact identical 

to the FLR method. In the second step, the FLSR fits an ordinary least squares regression 

through the data points. This regression is then used as centerline in the fuzzy regression 

model, resulting in the parameter aC to be known. Hence, linear programming only 

computes the spread around the least squares (multiple) linear regression. 

It is, however, important to bear the limitations of fuzzy regression methods in mind. 

While the extreme sensitivity of the FLR model to outliers (Peters, 1994) was reduced by 

the introduction of the FLSR method, there are still some criticisms There is for example 

no proper interpretation of the fuzzy regression intervals (Wang and Tsaur, 2000), and 

the solution is very much dependent on the x point of reference (Bardossy et al., 1990). 

Savic and Pedrycz (1991) expressed the concerns about the limited predictive ability of 

the model, which seems to be supported by Kim et al. (1996) who found that the 

predictive power of statistical regression is in general superior to fuzzy regression. They 

explain the better performance of statistical models with the different shapes of the 

prediction and fuzzy intervals: with the fuzzy interval being zero at the x point of 

reference and increasing with |x|, they deemed it likely that points at small |x| do not fall 
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into the fuzzy interval, while falling into the prediction interval of the statistical 

regression. In this paper we assume that this limitation plays a minor role as in the 

vicinity of the x points of reference enough data are available for robust description and 

prediction, so that the probability of points lying far outside the interval is low. On the 

other hand, the missing precipitation data on the far end of the watershed are 

compensated for by the wide fuzzy intervals in these regions of high |x| values. 

The results of all interpolation methods are cross validated by using the generalized cross 

validation technique (Hutchinson, 1998b; Tait et al., 2006), i.e. the interpolations are re-

run with one data set retained at a time and the interpolated results at the retained point 

are then compared to the measured values. Like this the predictive capacity of the models 

can to some extent be quantified.  Note, that the low number of measurement points will 

be likely to cause high cross validation biases as the interpolation surface will be changed 

considerably.  

A second method used to estimate the accuracy of the computed annual average basin 

precipitation is the water balance over the one-year observation period. Stream flow 

records are available from the stream gauge at the outlet of the watershed (Fig.1) and the 

evapotranspiration is calculated using the Penman-Monteith approach. The necessary 

input data – daily minimum and maximum temperatures, net sort wave radiation and 

wind speed were taken from the climate stations. Given the wet conditions through 

almost all of the year the actual evapotranspiration was assumed to be equal to the 

potential evapotranspiration. Assuming no change in storage over the observation period, 

the annual average basin precipitation was computed using: 

 

P = Q + ET + ∆S 

(8) 

With P the annual precipitation (mm), ET the annual actual evapotranspiration (mm) and 

the change in storage ∆S = 0 (mm). 
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Determination of mean areal temperature 

 

Temperature elevation gradients have a greater influence on preciptiation than spatial 

variations. Therefore the area-elevation approach (hypsometric curve) was preferred over 

methods such as Thiessen polygons for computing the daily average basin precipitation 

and temperature. The slope of a linear regression analysis of the daily data from the 

climate stations and the station elevations resulted in daily gradients (lapse rates) of 

temperature. These gradients were then used to estimate the daily average precipitation 

and temperature at elevation steps of 100 m using the hypsometric curve (Fig.3).  

 

 

 

 

 

 

 

Figure 3: Hypsometric curve 

 

The basic assumption was that the highest climate station network density would produce 

the most accurate data series, thereby providing the best representation of reality. Thus, 

the daily average basin precipitation and temperature obtained by using all available 

climate stations was used as the reference data set. Daily average basin data series were 

determined by gradually decreasing climate station network densities, i.e. in each step the 

number of climate stations was reduced by one. By taking all possible combinations of 

climate station sub-sets in a reduced network into account, the daily deviation of the 

average basin temperature from the reference data set was computed. When using only 

one station, fixed gradients of 0.006 ºC m-1 for temperature were used. 
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RESULTS AND DISCUSSION 

 

Measured precipitation and variability 

 

The cumulative wind corrected precipitation recorded within the observation period at the 

six gauges ranges from 2033 to 2380 mm, which equals a difference of 10 % (Fig.4). 55 

% of the precipitation fell as rain, 11 % as snow and 34 as a mixture of rain and snow.  

 

Figure 4: Cumulative precipitation over the observation period (20/12/2006-19/12/2007) for the gauges 1-6. 

 

Eleven storms (3 % of the total precipitation events) with a measured average 

precipitation of more than 50 mm were recorded in the observation period (20/12/2005 – 

19/12/2006), compared to 80 % of storms with daily precipitation less than 5 mm. Yet, 

the eleven most intense storms were responsible for 40 %, while storms with less than 

5 mm of daily precipitation contributed to 9 % of total basin precipitation. 

The maximum recorded storm intensity was 17.5 mm h-1, intensities exceeding 5 mm h-1 

were occasionally observed. The maximum as well as the mean precipitation intensities 

tend to be higher in winter than in summer, as do the storm durations, with maximum 

durations reaching almost 150 hr, and the total storm precipitation (Fig.5). Table 3 shows 

the measured annual precipitation at the gauges, the annual measured mean precipitation,  
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Figure 5: Seasonal variability of storm duration, storm precipitation, mean storm intensity and maximum 

storm intensity. 

 

and the deviation of measured precipitation at the individual gauges from the mean, as 

well as from the two long-term operated gauges 1 and 4. 

Furthermore the number of days with precipitation recorded at the individual gauges as 

well as the mean number of days with precipitation is shown. 

The importance of precipitation variability is illustrated in Fig.6, where the number of 

days with precipitation recorded at gauges 1 and 4 as well as the average number of days  

 

 Gauge 
 

Mean 
1 2 3 4 5 6 

Precipitation 2187 2060 2033 2124 2406 2380 2120 
Deviation from mean 0 -127 -154 -63 219 193 -67 

Deviation from set-up B (gauge 1) 127 0 -27 64 346 320 60 
Deviation from set-up C (gauge 4) -219 -346 -373 -282 0 -26 -286 

Days with precipitation 335 289 310 278 296 311 323 

 

Table 3: Summary of measured precipitation at gauges 1 – 6, as well as deviations from average measured 
precipitation and from set-ups B and C (long-term operated set-ups) as well as the days with precipitation 
measured at the respective gauges. 
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Figure 6: Seasonal variation of days with mean basin precipitation non-zero and days with precipitation 
recorded at gauges 1 and 4. 

 

 

using the entire network is shown. The number of days with precipitation recorded using 

the mean measured values exceeds the number of wet days recorded at gauges 1 and 4 by 

15 and 13 %.  Between June and October gauges 1 and 4 considerably underestimate the 

number of rainy days, which indicates the small scale structure of storm events during 

this time. Based on this information, it can already be assumed that using gauges 1 or 2 

only will seriously underestimate the measured amount of precipitation, even when the 

total precipitation amounts are lowest in the June to October period (Fig.5). Figure 7 

shows a scatter plot of the mean daily precipitation against the daily precipitation at the 

single gauges on days when all gauges recorded precipitation. The daily total variability 

between the gauges reaches up to 50 mm.  

 



 25 

Figure 7: Daily measured mean precipitation against daily precipitation at the individual gauges. 

 

Figure 8: Daily precipitation against mean relative variation of precipitation. 

 

Figure 9: Density distribution of the relative precipitation variability. 

No clear relation between total variability and 24hr precipitation intensity can be 

identified. Figure 8, however, shows a clear logarithmic trend between the 24hr 
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precipitation intensity and the relative inter-gauge variability for each kind of 

precipitation. Rain exhibits the strongest and snow the weakest relationship with R2 = 

0.74 and R2 = 0.40, respectively. The frequency distribution of the relative variability 

(Fig.9) has a mode at 0.5 and exhibits a log-normal shape. It can be seen, that relative 

variabilities of more than 1 are quite common and that on six days the relative 

precipitation variability even reaches 2.5. 

 

 

 

Figure 10: Number of gauges recording no precipitation when one gauge is recording precipitation. The 

upper row shows the results for the summer season, the lower row the results for the winter season over 

different integration times, columns from left to right: 1hr, 12hrs, 24hrs, 48hrs, 96hrs and 192hrs.  

 

 

Another aspect of the spatial precipitation variability is demonstrated in Figure 10, which 

shows the number of gauges recording no precipitation when the measured average 
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precipitation is non-zero for integration times between 1and 192hrs. In the summer 

season (April-September) it can be seen that the probability of 5 sites showing no rainfall 

when the average recorded is non-zero for an integration period of 1 hr is almost as high 

as the probability of no gauge showing no rainfall. This distribution is only slowly 

changing and even after integration periods of more than 192 hrs rain has not occurred at 

all the gauges. This variability is considerably reduced in the winter season (October-

March). Already for 1 hr integration periods a probability of 40 % for all gauges 

recording, when the average precipitation is non-zero can be observed. For integration 

periods of 96 hrs typically all gauges record precipitation indicating widespread 

precipitation. The shape of the histograms and the difference between summer and winter 

are consistent with the findings of Stow and Dirks (1998), who suggest that the profile of 

the 1 hr histogram indicates the distribution of rain cell sizes. The seasonal differences 

also become apparent when comparing the spatial extent of precipitation to the storm 

characteristics in Fig.5. Widespread winter precipitation coincides with long storm 

durations. Storms of more than 12 hr duration can frequently be observed in the winter 

period, while summer storms rarely exceed 6 hrs. The same is valid for the total amounts 

of precipitation recorded per storm. Winter storms tend to yield more precipitation with 

frequent events of more than 10 mm and a single event of 120 mm. Summer storms on 

the other hand rarely accumulate more than 5 mm.   

 

 

Precipitation interpolation 

 

Multiple regression models were established for each time step with different time 

intervals using stepwise regression. The best model structure with R2 = 0.87 (1hr), R2 = 

0.86 (24hr), R2 = 0.84 (720hr), R2 = 0.97 (8760hr), R2 = 0.87 (storm based) used the 

predictors elevation, slope and aspect for all 4 time intervals as well as for the storm 

based interpolation. These terrain attributes account for a substantial portion of the 

precipitation variability. Yet, relatively high coefficients of determination were expected 

due to the low degree of freedom (3 predictors, 6 data points).  Resulting from this the p-

value is very high for several time steps and the relation therefore not significant. Tab.4 
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summarizes the results and shows the mean p-values for each model time interval over 

the observation period. Note, that formally the mean p-value has no actual meaning, it is 

merely shown here for illustrative reasons for the reader.  

 

Model time interval  Intercept Elevation Slope Aspect 
Parameter† 0.39 (1.47) 0.00020 (0.0022) -0.00370 (0.0558) -0.00002 (0.0005) 
Partial R2†  0.40 0.29 0.18 
Model R2†  0.40 0.69 0.87 

Hourly 

p-value†  0.20 0.12 0.09 
Parameter† 5.1 (11.5) 0.0022 (0.014) -0.0430 (0.375) -0.00020 (0.003) 
Partial R2†  0.37 0.29 0.20 
Model R2†  0.37 0.66 0.86 

Daily 

p-value†  0.19 0.13 0.08 
Parameter† 146 (169) 0.006 (0.08) -1.351 (3.27) -0.010 (0.02) 
Partial R2†  0.30 0.44 0.10 
Model R2†  0.30 0.74 0.84 

Monthly 

p-value†  0.21 0.12 0.15 
Parameter 1498 1.24 -22.27 -0.1357 
Partial R2  0.45 0.44 0.08 
Model R2  0.45 0.89 0.97 

Annual 

p-value  0.14 0.04 0.04 
Parameter† 5 (15) 0.0023 (0.015) -0.0492 (0.427) -0.0002 (0.003) 
Partial R2†  0.37 0.32 0.18 
Model R2†  0.37 0.69 0.87 

Storm 

p-value†  0.21 0.12 0.10 

VIF  1.00 1.42 1.43 
Determinant  0.34 0.76 0.69 

CN  2.74 1.72 1.86 
Multicollinearity 
diagnostics 

PV  0.15 0.33 0.52 

 

Table 4: Mean parameter estimates, partial and model R2, p – values, and multicollinearity diagnostics for 

the multiple regression models. Parameter estimates are shown over integration times of 1hr, 24hrs, 720hrs, 

and 8760hrs as well as on storm basis with variable integration times. 

 

 

It becomes clear that only the model on the annual basis is significant at α = 0.05. The 

models based on hourly, and daily time intervals as well as the storm based models are at 

least significant at α = 0.1 for 51 %, 52 % and 50 % of the time steps within the 

observation period, while the monthly models are only significant at least at α = 0.1 for 

33 % (Fig.11). 
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Figure 11: Density distributions of the p – values for the multiple regression models over the observation 

period, for hourly (a), daily (b) and monthly (c) integration times as well as for varying integration times on 

storm basis (d). 

 

 

Figure 12: Distribution of R2 for the multiple regression models over the observational period using a 24hr 

time interval. 
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The distribution of R2 over the observation period is shown in Fig.12 for the 24hr time 

interval. The distribution over the other time intervals is not shown here, as they all show 

a very similar profile to the 24hr R2 – distribution. A clear seasonal variability in the 

quality of the models was observed (Fig.13). Highest R2 and lowest p – value can be 

found in spring, while during the other seasons the models show a somewhat ambivalent 

behavior: the mean R2 is higher in summer than in winter, while the variability of R2 is 

lower in winter than in summer. There is, however, no relation between R2 as well as p 

and storm intensity (Fig.14) or type of precipitation (snow, snow/rain, rain; not shown). 

In the same figure the dependence of the predictors on storm intensity can be seen: the 

more intense the storm, the stronger are the influences of the terrain attributes. Yet, while 

the relation can be positive or negative, the absolute values of the predictors show some 

relation with R2 = 0.35 for elevation, R2 = 0.26 for slope and R2 = 0.34 for aspect (all 

significant at α = 0.05). 

Figure 13: Seasonal behavior of multiple regression models with R2 in the upper figure and the p – value in 

the lower figure. 

 

While significant relations existed between almost all the independent variables (Tab.5) 

used in the models, multicollinearity is not of concern (Tab.4): the variance inflation 

factors (VIF) are low (< 10), the determinants of the correlation matrices are high (> 0.1), 
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the condition numbers are close to one (< 30). The proportion of variance is < 0.5 except 

for the aspect where the combination with the low condition number makes 

multicollinearity is very unlikely.  

 

 Precipitation      
 Hour‡ Day‡ Month‡ Year Storm‡ Elevation Longitude Latitude Slope Aspect 

Elevation 0.63 0.61 0.55 0.67 0.61 1.00     
Longitude 0.53 0.52 0.57 0.66 0.52 0.70** 1.00    
Latitude -0.52 -0.52 -0.35 -0.37 -0.51 -0.52** 0.00 1.00   
Slope 0.53 0.52 0.46 0.12 0.53 0.55** 0.49** -0.19** 1.00  
Aspect 0.56 0.57 0.38 0.50 0.55 -0.14** -0.11** 0.01 -0.11** 1.00 

** Significant at the 0.01 level 
* Significant at 0.05 level 
† For correlations involving precipitation, n = 6 (number of stations); for correlations involving only the terrain attributes, n = 8742 
‡ The correlation coefficients for the hourly, daily and monthly time steps, as well as the correlation coefficients on storm basis, are 
the mean values over the observation period. 

 

Table 5: Correlations between precipitation, terrain attributes, and point coordinates 

 

To increase our confidence in the multiple regression estimates, a fuzzy interval for the 

regression was computed for each time step. A fairly conservative degree of belief h = 

0.5 was chosen for the fuzzy regression, to allow for data with rather high variability to 

be within the fuzzy limits. Tab.6 shows the total annual basin precipitation including the 

fuzzy interval for each integration time and the storm based models. The modeled total 

annual basin precipitation decreases from 2320 mm with increasing integration time to 

2096 mm and approaches the values computed with the Thiessen and IDW methods.  

 

 Hourly interval Daily interval Monthly interval Annual interval Storm 
 [mm yr-1] [mm yr-1] [mm yr-1] [mm yr-1] [mm yr-1] 
 Total annual basin precipitation 

Multiple regression† 2320 (± 1342) 2151 (± 710) 2097 (± 364) 2096 (± 65) 2134 (± 630) 
Thiessen 2074 2074 2074 2074 2074 
IDW 2081 2081 2081 2081 2081 
 Cross validation RMSE 

Multiple regression 1175 525 270 145 513 
Thiessen 1300 741 300 175 703 
IDW 1201 572 235 184 547 

†Values in brackets represent the fuzzy interval with h=0.5 

 
Table 6: Summary of the average annual basin precipitation and the cross validation RMSE at different 
integration times computed using stepwise multiple regression, Thiessen polygons and IDW 

 

The maximum bias between the models is only 246 mm. Cross validation of the models 

revealed that the mean annual bias of the modeled precipitation is very low for all models 

as well. The considerably high cross validation RMSE estimates on the other hand 
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indicates serious under- or overestimation of the measured precipitation, particularly for 

the models based on 1hr time intervals. As for the bias, the RMSE is reduced with 

increased integration time, too. The IDW model shows the lowest RMSE for the monthly 

time interval, whereas the multiple regression model seems superior on terms of RMSE 

for the other time intervals (Tab.6), indicating that the multiple regression models are the 

most suitable for estimating basin average precipitation.  

 

This assumption is supported by the results of the water balance over the observation 

period. Total annual stream flow accounted for 1890 mm and actual evapotranspiration 

(Assumption: ETp = ETa, because the observation period was a fairly wet year) for 520 

mm. Under the assumption of a constant storage over the observation year, a total annual 

basin precipitation of 2410 mm was computed, resulting in a least bias for the multiple 

regression models, yet increasing with integration time. 

 

Figure 14: Scatter plots of the mean storm intensity against the parameters of the multiple regression 

models, R2 and the p – value 
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Comparison of basin precipitation using entire network and sparse networks 

 

We were interested in determining the error in average basin precipitation that can be 

expected when operating only a sparse network. Because the “ground truth”, the exact 

average basin precipitation computed from a very dense gauging network covering the 

entire basin, was and is typically not available under described conditions, we compared 

the basin precipitation estimates modeled with the data from the densest network 

available with those from different sparse networks. The sparse networks used in the 

analysis are those operated for over ten years in the watershed, gauges 1 and 2. For set-

ups with one gauge the point measurements were used as average basin precipitation and 

the elevation gradient method (gradient = 0.01) was applied, for set-ups with both gauges 

the average basin precipitation was obtained with the nearest neighbor technique. The 

methods and results are summarized in Tab.7 and the basin precipitation estimates for the 

observation period using fuzzy regression and methods A through E are shown in Fig.15. 

The bias between the sparse network set-ups and the experimental gauging network is 

generally relatively low, with a maximum of 332 mm between set-up C and the Thiessen 

estimate from the reference network. On the other hand, the RMSE of the 1hr and 24hr 

interval models is particularly elevated. The results are similar for all interpolation 

models, thus only the RMSE of the sparse set-up to the multiple regression model are 

shown in Fig.16. RMSE of the 1hr time interval models reach between 4.4 for the sparse 

set-up A and almost 100 mm d-1 for set-up D. The 24hr integration time reduces the 

RMSE to between 0.8 and 6.4 mm d-1. Only at integration times of a week and a year the 

RMSE drops below 1 mm d-1. 

The fuzzy interval for total annual basin precipitation (Tab.6) covers the total basin 

precipitation estimates of the sparse set-ups at all time intervals except for integration 

time 8760hr at the set-ups A, C, and E. Yet, when looking at the basin precipitation 

calculated for each time step during the observation period, it can be seen that the 

estimates from the sparse set-up lie outside the fuzzy bounds, i.e. the membership µ ≤ 0, 

in a considerable number of cases (Tab.7). The best results with respect to the fuzzy 

interval of the multiple regression show set-ups A and C. In these two cases the basin 

precipitation estimates are outside the fuzzy bounds in no more than 29 and 30 % of the 



 

 

 

 

 

 

 

Table 7: Summary of sparse instrumentation set-ups, the respective average annual basin precipitation as well as their membership (h = 0.5) to the fuzzy bounds 
and the percentage of time, the estimates are outside the fuzzy interval. 

 

 

 

 

 

 

 

 

 

 

 

Figure 16: RMSE and standard deviations between the average basin precipitation obtained from precipitation gauge set-ups A through E and the average basin 
precipitation from multiple regression for different integration times (1hr, 24hrs, 720hrs, 8760hrs). 

Median membership µ % of time outside fuzzy interval 
Set-up ID 

No. of 
stations 

Elevation 
of station  
[m a.s.l.] 

Method 
Average basin 
precipitation 
[mm/yr] Hour Day Month Year Storm Hour Day Month Year Storm 

A 2 490, 830 
Nearest 
neighbor 

2179 0.36 0.25 0.37 -0.27 0.10 29 24 16 100 21 

B 1 490 
Point 
estimate 

2060 -0.08 -0.73 0.02 0.42 -0.67 34 56 50 0 53 

C 1 830 
Point 
estimate 

2406 0.28 0.21 0.28 -0.64 0.20 28 30 25 100 29 

D 1 490 
Elevation 
gradient 

2127 -6.47 -5.58 0.03 0.50 -6.74 42 49 50 0 49 

E 1 830 
Elevation 
gradient 

2397 -2.98 -2.28 0.02 -0.67 -3.82 45 54 50 100 51 
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Figure 15: Fuzzy bounds for the average basin precipitation of the multiple regression models and the 

average basin precipitation of set-ups A to E. 
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computed time steps. Consistently both also show the highest membership values, except 

in the yearly time interval, in which the set-ups B and D perform better. No general 

seasonality could be identified in the memberships. Taken the example of the 24hr time 

interval (Fig.17) it was only observed that all methods perform poorly in August. 

Additionally, the elevation gradient method delivers bad estimates for both set-ups D and 

E in May as well. The set-ups A, B and C on the other hand show low memberships in 

June. The sparse set-ups give the best basin precipitation estimates, i.e. high membership, 

for January and February as well as from September through December. This is 

consistent with the fact that winter storms are large scale storms, with less variability and 

higher intensity than summer storms, and it is also reflected in Fig.18. The lowest 

memberships occur for the precipitation events with lowest mean intensity. 

Figure 17: Seasonal variability of membership (h = 0.5) to the fuzzy interval for the precipitation gauge set-

ups A, B, C (left column from top to bottom) and D, E (right column from top to bottom). 

 

 

 

 

\ 
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Figure 18: Fuzzy membership of the average basin precipitation against storm intensity for all gauge set-

ups (A-E). 

 

 

Temperature variability 

The temperature sensors at all locations were working satisfactorily during the 

observation period, so that all of them were included in the analysis. The daily average 

basin temperature was computed applying the method outlined above. The minimum and 

maximum monthly basin temperatures were -5º C and 21º C respectively, with the 

coldest month being February and the warmest May. Figure 19 shows the monthly mean, 

maximum and minimum temperatures recorded. The mean monthly lapse rates are shown 

in Fig.20. The strongest temperature gradients were found between April and September, 

while mean winter gradients were rather weak, due to inversion. The average monthly 0º 

C – isotherm was found to be at 522 m during the coldest month and roughly 300 m 

higher during December, January and March, sharply defining the zone of the transient 

snow pack.  

Analyzing the variability of daily average basin temperature with gradually reduced 

network density a similar behavior as for precipitation can be identified (Fig.21a).  
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Figure 19: Tmean, Tmax and Tmin for all station observations 
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Figure 20: Monthly lapse rates for Tmean. 

 

 

Figure 21: Average basin temperature variability (a) and variability of the 0° C isotherm (b) from the 

reference dataset 
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The range of deviation from the daily average reference basin temperature increases with  

a lower number of temperature sensors. When using a combination of two sensors, the 

variability of the daily average basin temperature deviation ranges within ±3º C. The 

mean basin temperature deviation from the reference over the observation period 

decreases from -0.11º C for five sensors to -0.49º C when using only two sensors (Tab.8). 

For one sensor the mean basin temperature deviation increases to +0.95º C, as the 

assumed environmental lapse rate of 0.006º C was too high compared with the measured 

average lapse rate of 0.004º C.  

 

Table 8: Daily mean temperature deviations from the reference values 

 

The mean deviations over the observation period exceed the measurement uncertainty 

throughout. A χ2-test confirms that the variance of the measured deviations from the 

reference temperatures is at a significance level of α = 0.05 significantly larger than the 

variance caused by measurement error of the sensors (Tab.9). 

 

 

Table 9:  Mean daily basin measurement precision of temperature based on propagation of sensor error for 

calculating basin average temperature. 

 

Using the concept of the position of the 0º C isotherm reflects a similar variability 

behavior with a reduced number of sensors (Fig.21b).  Moreover it becomes clear that the 

elevation of the 0º C isotherm over the observation period is overestimated by more than 

270 m on average when using only two temperature sensors (Tab.8).  This visualizes a 

 Number of temperature sensors 

 6 (n = 1) 5 (n = 6) 4 (n = 15) 3 (n = 20) 2 (n = 15) 1 (n = 6) 
Daily mean temperature deviation 

[° C] 
0 -0.11 -0.16 -0.42 -0.48 0.95 

Daily mean deviation of  
Able 90°C-line [m] 

0 -62 -98 -190 -278 101 

 

 Number of temperature sensors 
 6 5 4 3 2 1 

Mean daily basin measurement 
precision [° C] 

0.092 0.107 0.137 0.210 0.432 0.115 
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major problem for rain-on-snow dominated watersheds, as in the present case the zone of 

transient snowpack would be significantly shifted upwards, resulting in an approximately 

20 % reduction of the available snow water storage (Fig.4). This in turn will have impact 

on magnitude and distribution of peak flows in the respective watershed.  

It was found that the range of deviation from the daily average reference basin 

temperature for a low number of temperature sensors is clearly dependent on the 

elevation difference between the highest and lowest located sensors. Variability decreases 

with increased elevation difference. Above an elevation difference of roughly 300 m, the 

variability seems to stabilize at a rather low level, suggesting this elevation difference as 

a threshold for the placement of temperature sensors. Considering the total elevation 

difference in the watershed, the 300 m transfer to 1/5 of the total elevation difference. 

 

 

CONCLUSIONS 

 

Due to their inaccessibility remote watersheds in complex terrain with challenging 

climatic conditions, i.e. high amounts if precipitation together with frequent freeze and 

thaw cycles are often only poorly or not at all gauged. Yet, because many of these head 

watersheds are intensively logged, it is necessary to model them to make predictions 

about the impact of logging on peak flow.  

The discrepancy between climate input data available and input data necessary to cover 

spatial variability can be very high. We tried to characterize the spatial variability in a 

small rain-on-snow dominated head water catchment. Furthermore we quantified the 

uncertainty in average basin precipitation obtained from precipitation gauge set-ups with 

only one or two gauges with an experimental precipitation gauge network that was denser 

as the ones usually available.  

We observed high precipitation variability especially for summer storms. More than 192 

hrs of integration time are typically necessary for all gauges to record precipitation when 

one gauge is recording. The more intense and larger scale winter storms show a 

somewhat lower integration time of around 92 hrs for all gauges to record precipitation. 
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To quantify the uncertainty between sparse climate station networks (one or two gauges) 

and the densest network manageable in the watershed, we used three interpolation 

models: nearest neighbor, IDW and multiple regression. While producing similar total 

annual basin precipitation, there relatively high RMSE was obtained. Multiple regression 

shows the lowest cross validation RMSE and precipitation closest to the one estimated 

using the annual water balance, indicating that multiple regression describes the basin 

precipitation better than the two other methods. To increase confidence in the multiple 

regression models, we used a fuzzy least squares approach to estimate upper and lower 

fuzzy bounds of precipitation.  

The fuzzy least squares estimates from the experimental gauging network were than used 

to compare to the average basin precipitation estimates obtained from different possible 

sparse networks. Considerable differences were observed, and little surprisingly the 

average basin precipitations obtained from a single gauge in the center of the watershed 

(set-up C, gauge 4) and from the two gauge set-up A (gauges 1 and 4) produced results 

closest to the one computed from the multiple regression. Yet, even these stations show 

considerably high RMSE, particularly at short integration times: around 4.4 mm d-1 for 

hourly integration times. RMSE is reduced with higher integration times (1.8 mm d-1 and 

0.8 mm d-1) and approaches zero over the entire year. Furthermore it was shown that the 

precipitation computed from the sparse set-ups is outside the fuzzy interval, i.e. they have 

negative membership, in roughly 16 – 30 % of the days for set-ups A and C and between 

34- 56 % for set-ups B, D, and E. No general trend with integration times was observed.  

 

For temperature data it was shown that reduced network densities produced data which 

exhibit substantial deviations from the reference data sets. The highest variability, for 

both precipitation and temperature, were found for networks consisting of two climate 

stations. One reason the two-station networks often give data series inferior to data series 

from one-station networks is clearly the interpolation procedure for determining the basin 

precipitation or the basin temperature. One-station networks have to work with constant 

climate gradients (lapse rates), while for more-station networks the gradients are in our 

case computed from the acquired data and the position of the gauges to each other. This 

is a source of error, increasing with decreased number of climate stations. Additionally 
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the positions of the stations relative to each other influence the accuracy of the computed 

climate data. The smaller the elevation difference between the highest and the lowest 

station, the higher is the potential error, again due to measurement uncertainty, actual 

variability and the interpolation procedure. 
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PART IIa 

 

Scaling of subsurface flow velocities through a hillslope with 

preferential flow pathways  
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INTRODUCTION 

 
Subsurface runoff in hillslopes dominates the hydrological response and the transport of 

solutes and nutrients in steep, forested watersheds in humid climates. Hillslopes are 

dynamic, complex and unique and it has been difficult to create conceptual models that 

can be broadly applied for both management purposes and for the improvement of 

scientific knowledge. It has been realized that hillslope studies usually only detect the 

uniqueness of individual slopes. To overcome this, scientists have proposed that data 

collected from different hillslopes around the world should be compared and generalized 

(Beven, 2000; McDonnell, 2006; Uchida et al., 2005). The scientific community hopes to 

identify similarities among hillslopes, which will enable us to classify hillslopes based on 

the processes that area important for runoff, or the so-called first order controls. 

Comparing hillslope data from different areas will enhance our knowledge of the 

processes that control hillslope behaviour; however, the conceptual ideas that explain the 

dominant hydrological processes still must be tested at specific sites. 

 

Decades of hillslope experiments have identified many dominant processes and 

numerous, sometimes conflicting, conceptual models about the flow pathways and the 

mechanisms that control water flow. Preferential flow has long been identified as an 

important factor in hillslope hydrology (Mosley, 1979). Early investigations into 

mechanisms that control lateral preferential flow resulted in contradicting theories. It was 

presumed that lateral preferential flow bypassed the soil matrix. In contrast, other results 

showed that water collected within the same system contained a large component of pre-

event or “old” water (Anderson et al., 2007). These inconsistencies were resolved by 

using a combination of tracer and hydrometric measurements (McDonnell, 1990); 

however, the exact mechanisms and the flow paths exploited by the water in hillslopes 

with preferential flow pathways are still unclear.  

 

Excavations have found that hillslopes have short (generally less than 5 m) preferential 

flow features  (Noguchi et al., 1999; Terajima et al., 2000). Some steep, forested 

hillslopes have been reported to have large preferential flow features, but it was not 
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known how far upslope they extended (Kitahara, 1993; Roberge and Plamondon, 1987; 

Tsukamoto and Ohta, 1988; Uchida et al., 1999).  A recent hillslope excavation 

experiment on Vancouver Island, BC, showed that one large preferential feature was 

connected to highly conductive features that created a nearly complete preferential 

pathway. This pathway extended 10 m upslope with little interaction with the 

surrounding soil matrix. However, in general the length of individual preferential features 

active during runoff were shorter (2 m to 5 m) (Anderson et al., 2007).  

 

Even though preferential features are usually short and discontinuous, hillslopes have fast 

subsurface velocities and runoff responses to precipitation (Hutchinson and Moore, 2000; 

Peters et al., 1995; Tani, 1997). These fast velocities and runoff responses have led to the 

idea of a preferential flow network. A preferential flow network is a set of preferential 

features and connecting material (soil and organic material) that cause water to move 

laterally quicker than can be explained using Darcy’s law (assuming reasonable values 

for hydraulic conductivity). The exact mechanisms that allow the water to exploit the 

preferential flow pathway are not known, but it is assumed that a saturated soil provides 

the connection between preferential features (McDonnell, 1990; Sidle et al., 2001). As 

water is redistributed vertically and laterally the number of saturated areas increase, 

which increases the active number of preferential features and affects the runoff response 

of the hillslopes (Sidle et al., 2000). This dynamic runoff response behaviour has been 

shown to be influenced by antecedent moisture condition, precipitation intensity and 

precipitation amount (Sidle et al., 1995; Sidle et al., 2000; Tromp-van Meerveld and 

McDonnell, 2006a; Tsuboyama et al., 1994; Uchida et al., 2005). To determine the 

effects of local topography, soil characteristics and climate on these thresholds, some 

recent studies have compared the patterns and thresholds required to create hillslope 

runoff responses (Uchida et al., 2005). 

 

Physically based, numerical models are often used for predicting the effects of land use 

changes on watershed hydrology and for testing our ideas about watershed behaviour 

(Beckers and Alila, 2004). Numerical models use statistical relationships and 

mathematical theories to represent conceptual ideas about how nature behaves. In order 
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to properly apply numerical models the modeller requires good knowledge of the 

processes and mechanisms that affect the dynamics in the system (Weiler and 

McDonnell, 2004). Preferential flow models have been developed for a single pipe 

(Tsutsumi et al., 2005), for hillslopes (Faeh et al., 1997; Weiler and McDonnell, 2007), 

and for watersheds (Beckers and Alila, 2004). The hillslope subsurface water velocity is 

usually the parameter used (directly or indirectly) to determine the subsurface flow and 

solute transport in models. Most hillslope and watershed scale models are developed 

using a small number of velocity measurements at a small scale (Beckers and Alila, 

2004) or relationships developed for single preferential features (Weiler and McDonnell, 

2006). Models are calibrated with measurements of hillslope or watershed discharge, 

tracer breakthrough, and point measurements of water content. These types of data are 

useful, but there is still little data available for validate the behaviour of the velocities at 

larger scale (10 – 30 m). 

 

Artificial and natural tracers have been used to quantify hillslope response under natural 

and steady state conditions. The best tracers are the so-called ideal tracers, such as 

isotopes of Hydrogen and Oxygen which make up part of the water molecule (Nyberg et 

al., 1999; Tsuboyama et al., 1994). However, these tracers can be expensive, so other less 

desirable ion tracers such as Chloride or Bromide that are not as ideal are still commonly 

used (Feyen et al., 1999; Nyberg et al., 1999; Tsuboyama et al., 1994). Depending on the 

experimental design, tracers are used to determine the vertical, or lateral or combined 

vertical and lateral velocity of subsurface water. Tracers are applied during steady state 

(generally sprinkling or pumping) or natural conditions. Steady state condition 

experiments are preferred because they are simpler to analyse and interpret (Tsuboyama 

et al., 1994). 

 

In this paper, we present an approach and results from a hillslope-scale experiment under 

different boundary conditions. Artificial tracer (NaCl) was applied under natural and 

steady state lateral flow conditions. We gauged the experimental hillslope at a road cut-

bank from February to June 2005 to examine the behavior of water and artificial tracers 

exiting from preferential flow features and the soil matrix under natural conditions. These 
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data were used to determine average velocities and Peclet numbers that describe the 

transport of solute from the soil surface to the road cut during different storms. Following 

the natural condition experiments, steady state experiments were conducted to determine 

the lateral tracer velocities and Peclet numbers for different flow rates and different 

hillslope lengths (12 m and 30 m). We compare the results to conceptual models and 

mathematical theories of flow through soil and preferential features. Specifically, we 

explore the following questions: 

1) Can existing theories explain the observed subsurface flow velocity-discharge 

relationship? 

2) Are there patterns and relationships between subsurface flow velocity and 

discharge, precipitation characteristics, or groundwater depth? 

3) Do the patterns and relationships conform to existing conceptual models of 

preferential flow networks in hillslopes? 

 

METHODS 

Study site 

The experiments were conducted at the Russell Creek research watershed located in 

north-eastern Vancouver Island, British Columbia, Canada. The watershed ranges in 

elevation from 275 m to 1715 m above sea level, which places the majority of the 

watershed into the rain-on-snow zone (300-800 m) and the snow zone (above 800 m). 

The climate is typical for northern Vancouver Island. For example, the Port Hardy airport 

120 km to the north has an average annual precipitation of 1870 mm yr-1 with 85 % of the 

precipitation falling from September to April.  A moderately steep (30 %) hillslope at 400 

m elevation that produced concentrated flow at the road cut-bank during storms was 

selected for the experiments. This site was chosen because it appeared similar (in terms 

of soil, vegetation and flow characteristics) to many other sites at Russell Creek. This site 

was also close to meteorological instrumentation, gauged streams and ground water wells 

(300 - 500m), and it had potential for easy winter access because the road was in good 

condition and only an intermittent snow pack was expected. 
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The lower 30 m of the approximately 100 m long hillslope (Figure 1) was the site of the 

experiments. The topography of this 30 m hillslope section was undulating with wet 

hollows and drier convex ridges as indicated by changes in herbal vegetation and soil 

types. Soil characteristics were measured at the road cut-banks, during well installation, 

and during excavations. In general, the soils were 0.5 m to 2 m deep. The 30 m 

experimental hillslope section covered two small-scale topographical units and soil types 

common at Russell Creek. The centre of the lower 10 – 15 m of the hillslope (above 

section 2 in Figure 1) was typical of topographical hollows with clay and organic rich  

 

Figure 1. Contour map of the experimental hillslope developed from a total station survey showing the 

tracer injection sites (in red) and the gauged sections. 

 

 

soils (Bg and Ah) less than 1 m deep. The remainder of the hillslope (above section 1 and 

3, and above 15 m, Figure 1) was typical of convex and planer hillslopes, with podzols 

that had Ae layers 0 – 10 cm deep, and Bf layers approximately 1 m deep. Dense, 

relatively impermeable till was the lower bounding layer for the entire experimental site. 

A mature stand of Tsuga heterophylla and Abies amabilis covered the whole hillslope. 
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Natural event experimental design 

At Russell creek many forest roads were constructed on hillslopes, which resulted in 

many road cut-banks intersecting the entire soil profile and part of the till or bedrock. 

After months of observing storm-flow from hillslopes at road cut-banks and following 

preliminary experiments conducted in the summer of 2004, we gauged a 9 m wide 

hillslope section at a road cut-bank (Figure 1). We divided the 9 m section into three 

sections (S1, S2, and S3), each 3 m in width, and we gauged three preferential flow 

features (pipe 2a, pipe 2b and PF1 in Figure 2).  

 

 

 

 

 

 

 

 

 

 

Figure 2. Diagram of the hillslope outflow face showing the 3 gauged sections and the 3 individually 
gauged features, 1) pipe 2a, 2) pipe 2b in section 2 and 3) preferential flow at the interface of the till and 
soil in section 1. 

 

The physical characteristics (soil type, soil depth, topography, and vegetation) of each 

hillslope section were similar to other hillslopes within Russell Creek and the 

surrounding areas. S1 and S3 were below convex and planar hillslopes. Both sections had 

the deepest podzol soils (1 - 1.5 m) with Ae layers 5 – 30 cm deep above a Bf layer. 

Preferential flow was observed at the interface of Bf layer and the till in S1 (PF1) and a 

large root system was connected to the upper left corner.  We were unable to completely 

isolate the preferential flow in S1, so we expected a large portion of the water measured 

from S1 would be preferential flow. Small live roots (< 1 cm in diameter) transmitted 

small amounts of water during storms in S3. S2 was below a topographical hollow, and 

had a podzol soil with a 30 cm Ah layer and a 30 - 50 cm Bg layer with a high clay 
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content. Before installation, we observed that most of the storm outflow from the entire 

hillslope drained as concentrated flow in S2. When we cleaned the soil face two large 

soils pipes (pipe 2A and pipe 2B, Figure 2) were discovered. Pipe 2A was 10-12 cm in 

diameter and it was later determined that this pipe was connected to high conductive 

features that extend 10 m up slope (Anderson et al., 2007). Pipe 2B was 5-8 cm in 

diameter and was less connected then pipe 2A. Both pipes were near the boundary of the 

organic layer Ah and the Bg layer. These pipes had fluvial sediments (2 to 5 mm) on the 

bottom, and old bark from decayed tree roots lined the top and sides of pipe 2b. 

 

  Section 1 Section 2 Section  
Event 
# 

Event 
Start 
Date 

Total 
Precip 

Total 
runoff Matrix 

Prefere-
ntial Matrix Pipe A Pipe B 

3 
Matrix 

  mm m3 % % % % % % 
1 March 7 14 16.3 5.0 9.5 1.2 66.0 15.2 3.1 
2 March 10 10 0.5 8.9 7.5 20.4 45.7 8.6 8.8 
3 March 16 27 5.8 7.0 9.8 5.1 66.8 4.2 7.0 
4 March 25 41 29.1 9.7 16.0 1.7 57.9 8.8 6.0 
5 March 30 87 98.0 11.3 10.3 1.5 61.0 11.0 4.9 
6 April 5 123 100.0 18.7 7.5 2.2 58.0 9.8 3.8 
7 April 15 45 49.6 11.0 11.8 1.9 61.7 9.1 4.5 
8 May 10 27 2.0 0.2 0.1 5.6 82.8 11.3 0.1 
9 May 14 15 0.8 0.0 0.0 12.1 72.8 14.8 0.2 
10 May 18 58 33.0 8.5 18.2 1.3 66.2 a 5.8 
11 May 21 92 81.3 29.2 8.2 2.5 56.2 a 3.9 
12 June 17 16 10.8 8.8 22.2 2.1 64.0 a 2.9 

  Average 9.9 10.1 4.8 63.3 10.3 4.2 

Table 1. Natural event total discharge and percentages of the total discharge for the 6 gauges. Total flow 
was calculated as the amount of flow above the flow before the start of the response to rainfall.  

 

Hillslope flow measurements 

We excavated troughs in the till layer to collect the water draining from the three sections 

and the three preferential features (Figure 2). The troughs diverted the water to 5 cm 

diameter, ABS pipes sealed to the till with fast-drying concrete. The ABS pipes directed 

the water into tipping buckets constructed from sheet aluminium mounted on a level 

platform. Magnetic switches connected to Campbell Scientific CR10 data loggers 

monitored the tipping buckets. We initially calibrated the tipping buckets with a 1 l 

graduated cylinder, and later pumped water at specific flow rates into each tipping bucket 
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to determine the effect of the flow rate on tip capacity. The tipping bucket capacities were 

0.80 to 1.06 l tip-1 and the flow rate did not significantly affect the tip capacity. Walls and 

a roof shielded the instruments from rain, snow and wind. 

Natural condition tracer applications 

We applied a NaCl tracer to the soil surface during rainstorms at 12 m (March 8th 2005) 

and 30 m (March 31st 2005) above the road (see locations in Figure 1, referred to as n12m 

and n30m).  Self-made conductivity probes connected to Campbell Scientific CR10 data 

loggers measured the NaCl concentrations in the water of each outflow. The self-made 

probes were similar to a Campbell Scientific conductivity probe (CS547A-L). We 

calibrated the probes directly to NaCl concentration (ppm) using standard solutions and 

established a relationship between temperature and concentration to correct for 

temperature fluctuations.  Thermistors installed in the conductivity probes measured the 

temperature of the water. We periodically checked the readings from the self-made 

probes with a Vernier Lab Pro conductivity probe calibrated using the same NaCl 

standard solutions. The background measurements, which were very low and relatively 

constant during storms (< 20 µs cm-1), were subtracted from the measurements to give the 

tracer concentration. 

Steady state tracer field experimental design 

During dry conditions in July 2005, two trenches were excavated at the same locations as 

the natural condition experiments (12 and 30 m above the road, Figure 1). Water from a 

nearby creek was diverted into a trench with a 2.5 cm diameter 300 m long polyethylene 

pipe. We determined steady state to be a constant rate measured with the tipping buckets 

at the base of the hillslope. Input pumping rates were regularly measured with a bucket 

and stopwatch to ensure a constant rate. The experiments extended throughout the night 

so the tipping bucket measurements were used to determine that steady state was 

maintained during the experiment. Once the outflow of the hillslope had reached steady 

state, NaCl solution was added at a rate of 0.1 to 0.2 l min-1 to the trench from a 200 l 

Polyvinyl Chloride container over a period of 3 to 6 hours. The NaCl concentrations in 

the input trenches and the outflow were measured with the self-made conductivity 

probes. 
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Two experiments were conducted at each trench. These experiments were named 12 m 

high rate (12mHR), 12 m low rate (12mLR), 30 m high rate (30mHR), and 30 m low rate 

(30mLR) (Table 3).  Our goal was to have the high flow rate experiments mimic the 

highest flow rates observed during the natural storms (30.8 l min-1 for the large Pipe 2A). 

However, we could only achieve a maximum rate of 29.1 l min-1 for the 12mHR before 

water overtopped the input trench as overland flow. A maximum rate of 23.5 l min-1 was 

achieved for the 30mHR. The low pumping rates were chosen to be approximately 50 % 

of the maximum rates, 15.2 l min-1 for the 12mLR and 14.0 l min-1 for the 30mLR. All 

experiments lasted 22 to 24 hours. 

Analysis of steady state tracer data 

Artificial tracers were applied during steady state experiments are often used to determine 

the velocity and dispersion of solutes in soil columns (Feyen et al., 1999; Nyberg et al., 

1999; Tsuboyama et al., 1994). If the water is at steady state and the tracer is applied with 

a mathematically defined input, such as a Dirac pulse or constant input concentration, 

analytical solutions of the convection-dispersion equation (CDE) can be fitted to the 

observed breakthrough curves to calculate the solute velocities and dispersion (Roth and 

Jury, 1993). When the water flow and tracer input do not conform to these boundary 

conditions a response function can be used to transform the input signal to the output 

signal (Roth and Jury, 1993). We establish a steady state flow rate and added a pulse of 

tracer to the flow. However, the input trench that held a volume of water that required 

mixing with the input solution before entered the soil, which distorted the tracer input 

signal (e.g. Figure 4). To overcome this problem, the input signal (din) was transformed 

with a convolution integral into the output signals for each of the measured outputs (dout):  

∫
∞

−=
0

')'()'()( dtttdtgtd inout  [5] 

where g(t) is the response function or the distribution of transit times (t’), and t is real 

time (Roth and Jury, 1993). 

 

Many models for the response function were tested; including the gamma distribution, 

the log normal distribution and different forms of the convection-dispersion equation, and 
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concentrations and mass flux for the input and outputs. Although most combinations 

resulted in similar results, the results for the convection-dispersion equation were most 

consistent and best overall for the observed breakthrough curves, so we present those 

results here:  
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where tt′  is average travel time through the system, and Pe is the Peclet Number 

(Maloszewksi, 1994). The steady state transfer function could be applied using solute 

concentration or mass flux (mg min-1) but the natural storm event analyses had to use 

mass flux, so for consistency, we used mass flux for all the analyses.  

 

The steady state experiments had one input and multiple outputs, so in order to apply the 

mass flux method the total input mass was scaled to equal the output mass for each 

section. We assumed that the splitting of water and tracer remained constant during the 

experiment. To achieve this we added a mass factor (k) to Equation [5] resulting in: 

∫
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 [7] 

A simple Monte Carlo search algorithm was used to determine the parameter values for 

the average flow time ( tt′ ), the Peclet Number (Pe), and the mass factor (k) that produced 

the optimal solution for each outflow section. We defined the optimal solution to have the 

best Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970). General Likelihood 

Uncertainty Estimation (GLUE) methodology was used to determine the sensitivity of the 

input parameters and establish a confidence bound for the models (Beven and Freer, 

2001). After the optimal solution was established, the Monte Carlo algorithm was used to 

produce 500 model outputs that had Nash-Sutcliffe efficiencies of at least 0.05 less than 

the optimal solution. The parameters values were plotted against the Nash-Sutcliffe 

efficiency for the 500 random model results to check that the parameter values were not 

truncated and did not affect the error bounds. The 500 models were weighted by the 

efficiency results and used to make a cumulative distribution for each time interval. The 

percentiles for each time interval became the error bounds for the model results and the 
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percentiles for the parameters (average flow time ( tt′ ), the Peclet Number (Pe), and the 

mass factor (k)) became the error bounds for the model inputs. 

To calculate an average hillslope velocity, the same methods were applied to the entire 

hillslope mass flux breakthrough (sum of the individual sections). 

Analysis of natural storm tracer data 

We used the same transfer function and GLUE methodology to determine the average 

tracer velocity and Peclet numbers for the natural storm experiments. However, during 

the natural storms the input of tracer was not known. We applied the NaCl tracer on the 

soil surface so we assumed that rainfall mobilized a mass of tracer during each storm that 

was proportional to the rainfall amount and intensity. The rainfall became the input 

function (din(t) in Equation [7]) and the mass factor (k) represented the mass mobilized by 

a unit rainfall (mg mm-1). The output function (dout(t)) was the mass flux for the entire 

hillslope measured at the output (mg min-1). We only used the entire hillslope 

breakthrough because the individual gauged sections produced poor results. 

 

The time series was divided into 12 individual storms (Table 1), which ranged in size 

from 10 – 123 mm of rain. We determined a storm to be the start of the rainfall that 

obviously contributed to a rise in outflow from the hillslope. The storm continued until 

the next rise in outflow. Some storms were close together and the successive storms 

during the recession of the first storm so they were combined. 

Comparison to existing mathematical theories 

We established relative discharge-velocity relationships for Manning’s equations and 

Darcy’s law and compared them to our measured results (Figure 10). Velocity and 

discharge were calculated for depth increments and then divided by the values for the 

maximum depth to get the relative values.  

Manning’s Equation for flow through a pipe first calculates velocity (V): 
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where n is Manning’s roughness, R is the hydraulic radius, A the area of flow, P is the 

perimeter of the flow, and the slope (S). The discharge was then calculated using the area 

of flow times the velocity: 

VAQ =  [10] 

Darcy’s law for flow through a porous medium calculates the discharge (Q) as: 

kASQ −=  [11] 

where k is the hydraulic conductivity that can be constant or a function of depth. We 

present the exponential decline with depth: 








−=
b

z
kk z exp0

 [12] 

where z is depth below the soil surface and b is the exponential factor. The velocity is 

determined by dividing the discharge by the area of flow (A) and the effective porosity 

(neff): 

effnA

Q
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=

 [12] 

 

RESULTS 

Total storm recoveries 

Twelve storm events between March and June 2005 were measured, which produced 0.5 

to 100 m3 of outflow (calculated as the sum of the flow above the flow rate before the 

start of the storm) from the 9 m section of hillslope (Table 1). On average 63.3 % of the 

total outflow was collected from pipe 2A. Pipe 2B and PF1 produced on average 10.3 % 

and 10.1 % of the outflow. S2 and S3 produced on average 4.8 % to 4.2 %. S1 produce 

on average 9.9 % of the total outflow. However, the outflow rate of S1 increased 

dramatically during some large storms ( 

Figure 3), which caused an increase in the percentage of outflow in some storms. This 

dramatic increase in the rate of outflow could be a result of 1) this section of the hillslope 

connecting to a larger contributing area (Tromp-van Meerveld and McDonnell, 2006b), 



 57 

or 2) portions of the preferential flow network reaching the capacity to transmit water to 

pipe 2A and water exploiting different pathways. These ideas are discussed further after 

the steady state tracer results are presented. 

 Section1 Section2 Section3  

Tracer Test Matrix 
Prefere-
ntial Matrix Pipe A Pipe B Matrix 

Total 
Recovery 

 % % % % % % % 
Tracer 0.5 0.3 0.1 94.7 4.4 0.0 19.8 

12 m 
Water 8.3 13.6 3.5 63.5 7.3 3.8  

         
Tracer 9.1 3.9 0.6 77.7 7.3 1.4 24.2 

30 m 
Water 13.6 12.2 3.0 61.8 5.6 3.9  

Table 2. Natural event tracer percent recoveries and the total water percent of water recovered for the 12 m 

and 30 m application of NaCl.  

 

Natural condition tracer recovery 

Almost the entire (99.1 %) NaCl tracer from the n12m experiment was recovered in Pipe 

2A and Pipe 2B (Table 2). More of the tracer was recovered from other sections of the 

hillslope during the n30m experiment. The amount of tracer recovered from pipe 2A 

decreased from 94.7 % to 77.7% and all other sections had an increase in recovered tracer 

(Table 2). The quick breakthrough of tracer observed almost immediately following the 

12 m application of NaCl was not observed after the 30 m application ( 

Figure 3). The difference in breakthrough is likely affected by two factors: 1) the vertical 

infiltration and 2) the lateral connectivity of the hillslope preferential network. The water 

table at the n12m application site was nearly at the surface for the middle portion of the 

tracer application line. The tracer was applied to the soil surface, and a portion of n12m 

tracer would quickly reach the saturated zone and be transported laterally. The remainder 

of the n12m tracer application line and the n30m application would be required to 

infiltrate to the lateral preferential flow features before being transported laterally. 

 

Even though it appeared that the NaCl concentrations had returned to base levels 

following the March 31st event, there is the possibility that residual tracer from the 12 m 

test was recovered during the 30 m test ( 
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Figure 3). This produced uncertainty in the 30 m  

 

0
5
/0
3

1
2
/0
3

1
9
/0
3

2
6
/0
3

0
2
/0
4

0
9
/0
4

1
6
/0
4

2
3
/0
4

3
0
/0
4

0
7
/0
5

1
4
/0
5

2
1
/0
5

2
8
/0
5

0

2

4

6

P
ip
e
 2
B
 f
lo
w
 (
lt
 m
in
-1
)

160

120

80

40

0 P
ip
e
 2
B
 N
a
C
l p
p
m

NaCl applications

concentration of tracer ppm

outflow (l min-1)

0

10

20

30

40

50

P
ip
e
 2
A
 f
lo
w
 (
lt
 m
in
-1
)

160

120

80

40

0 P
ip
e
 2
A
 N
a
C
l p
p
m

0

2

4

6

8

P
re
fe
re
n
ti
a
l 
fl
o
w
 1

(l
t 
m
in
-1
)

20

16

12

8

4

0 P
re
fe
re
n
ta
il F
lo
w
 1
 

N
a
C
l p
p
m

0

1

2

3

4

M
a
tr
ix
 3
 f
lo
w
 (
lt
 m
in
-1
)

20

16

12

8

4

0 M
a
trix
 3
 N
a
C
l p
p
m

0

1

2

3

4

M
a
tr
ix
 2
 f
lo
w
 (
lt
 m
in
-1
)

20

16

12

8

4

0 M
a
trix
 2
 N
a
C
l p
p
m

0

10

20

30

40

50

M
a
tr
ix
 1
 f
lo
w
 (
lt
 m
in
-1
)

20

16

12

8

4

0 M
a
trix
 1
 N
a
C
l p
p
m

5

4

3

2

1

0

P
re
c
ip
 (
m
m
 h
r-
1
)

0

100

200

300

400

500

A
c
c
u
m
la
tiv
e
 P
re
c
ip
 (m

m
)

200

400

600

800

W
e
ll 
d
e
p
th
 (
m
m
)

12 m NaCl

application
30 m NaCl

application



 59 

 

Figure 3. Natural event outflow and concentration of tracer for the 6 gauged sections and 2 well responses 

 

 

experiments; however time constraints required us to apply the tracer before the dry 

summer period. 

Steady state tracer recoveries 

As expected from the natural condition experiments and the local topography, the 12 m 

steady state experiments (12mHR and 12mLR) produced a concentrated response in 

section 2. Both experiments produced very similar responses for pipe 2A, however more 

of the tracer (98.9% versus 97.5%, Table 4) and water (97.4% versus 96.5%, Table 3) 

was recovered from pipe 2A during the 12mLR tests. To offset the reduction in tracer and 

water from pipe 2A during 12mHR, pipe 2B had twice the percentage of tracer recovered 

(1.1 % and 2.4 %, Table 4), and more of the water (3.1 % and 2.1 %, Table 3). S2 had 

less than 1 % of the tracer and water recovered for all experiments (Table 3 and Table 4). 

 

  Section 1 Section 2 

Experiment 
Total Flow 
Rate Matrix 

Prefere-
ntial  Matrix Pipe A Pipe B 

 (l min-1) (l min-1) (l min-1) (l min-1) (l min-1) (l min-1) 
  % % % % % 

  0.12 28.09 0.89 12 m high rate 29.10 
  0.4% 96.5% 3.1% 

  0.08 14.77 0.31 12 m low rate 15.16 
  0.5% 97.4% 2.1% 

0.63 1.25 0.15 19.90 1.55 30 m high rate 23.48 
2.7% 5.3% 0.6% 84.7% 6.6% 

0.20 0.43 0.12 11.98 1.22 30 m low rate 13.95 
1.4% 3.1% 0.8% 85.9% 8.7% 

Table 3. Steady state experiment pumping rates and outflows expressed in l min-1 and as percents of the 

total output. 

 

Even though most of the tracer was still recovered in the large pipe 2A during the 30 m 

tracer experiments, more tracer and water were recovered from other sections. Pipe 2A 

transmitted 82.9 % and 88.1 % of tracer (Table 4) and 84.7 % and 85.9 % of the water 
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(Table 3) during 30mHR and 30mLR, respectively. Pipe 2B transmitted a higher 

percentage of the tracer (7.4 % and 9.1 %, Table 4) during the 30 m experiments than 

during the 12 m experiments.  

 

  Section 1 Section 2 

Experiment 
Measured 
output Matrix 

Prefere-
ntial  Matrix Pipe A Pipe B 

 (NaCl g) (NaCl g) (NaCl g) (NaCl g) (NaCl g) (NaCl g) 
  % % % % % 

  0.7 449.7 10.9 12 m high rate 461.3 
  0.2% 97.5% 2.4% 

  0.7 899.1 9.6 12 m low rate 909.4 
  0.1% 98.9% 1.1% 

13.1 27.2 1.6 356.9 31.9 30 m high rate 430.7 
3.0% 6.3% 0.4% 82.9% 7.4% 

5.7 12.2 0.8 570.8 58.7 30 m low rate 648.2 
0.9% 1.9% 0.1% 88.1% 9.1% 

Table 4. Steady state experiment measured tracer recoveries for the in grams and expressed as percents of 

the total mass recovered. 

 

The ability of the network above the 12 m trench to deliver water and solutes to pipe 2A 

can be seen when the 30mLR and 30mHR tracer recovery results are compared (Table 3 

and Table 4). Increasing the flow rate caused less tracer to be recovered from pipe 2A 

and pipe 2B (97.2 % vs 90.3 %, Table 4) and more tracer to be recovered from S1 and 

PF1 (9.3 % vs 2.8 %, Table 4). Similarly the water recovered from S2 decreased and the 

water recovered from S1 increased when the pumping rate was increased (Table 3). We 

know that it is not the maximum capacity of the features in S2 (pipe 2A in particular) that 

are limiting the flow during 20mHR because the natural events measurements for pipe 

2A exceeded 30 l min-1 ( 

Figure 3) and the 12 m high rate experiment transmitted 28 l min-1 (pipe 2a only in Table 

3), which are both more than the 30mHR steady state input 23.5 l min-1 (Table 3). We 

hypothesize that the preferential flow network that transmits water to S2 is reaching its 

maximum capacity and additional water exploits pathways that route water to S1. This 

might explain the rapid change in flow rate seen in S1 during the large natural events. It 

is possible that S1 does not connect to another part of the hillslope, but that features in the 
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upper 18 m of the hillslope had reached the maximum capacity to deliver water to S2 and 

the additional water is recovered in S1.  

Tracer velocities 

To examine the relationship of the velocity to other flow and storm indicators, we plotted 

the measured tracer velocities and the Peclet Numbers against the average flow rate of 

each storm (Figure 6), the 1 hr and total storm precipitation (Figure 7), and the well 

height for the two wells (Figure 8). To help explain the relationship of the ground water 

well response to the velocity, we also plotted the maximum well rise for each storm 

against the 1 hr intensity and total storm precipitation. 

The quick responses (10-2 m sec-1) of pipe 2a during both 12 m steady state tests (12mLR 

and 12mHR) created large uncertainties for the calculated velocities and Peclet numbers. 

The mean velocities were stable, but the Peclet Numbers (Pe) had little influence on the 

model results so they are not shown for 12mHR or 12mLR. To check the transfer 

function methodology we compared the results to the difference between the medians of 

the cumulative tracer input and output curves. For example, in pipe 2A the difference 

between the median of the tracer curves for the 12mHR and the 12mLR were both 11 min 

(or 1.82 x10-2 m sec-1), which is similar to the model result of 3.0 to 9.0 x 10-2 m sec-1, if 

dispersion is considered. 
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Figure 4. Example of the input and output signals (mg min-1) and the 10th and 90th percentiles of the 500 

model results for the 30 m high rate steady state experiment. 

Steady State 

During the 12 m tests the pipe 2a velocities were 1 and 2 orders of magnitude faster than 

all other sections (Figure 5). This suggests that this pipe was connected to highly 

conductive features that had little exchange with the surrounding hillslope (soils and 

preferential features). Reducing the pumping (12mHR compared to 12mLR, Figure 5) 

had no significant effect on the velocity of the tracer through pipe 2a, but the velocity 

through S2 reduced. At the high flow rate the preferential features might have been 

nearing the maximum capacity, which would create positive pressure on the surrounding 

soil matrix and cause higher and faster flows through the soils surrounding pipe 2A 

(Figure 5, Table 4). This also highlights the difference between the steady state and 

natural condition experiments. The steady state experiments isolated the lateral sections 

of soil and the natural condition experiments incorporated both the vertical and lateral 

components of the water transport. The hillslope was very hydraulically connected from 

the 12 m trench to the road cut, but the vertical percolation of the water still influences 

the transport of solutes from the soil surface to the base of the hillslope. 
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Figure 6. Average velocity (A) and Peclet Number (B) and percentiles from the GLUE methodology for the 

12 storms and the 4 steady state condition experiment versus the average flow rate for each storm. 

 

 

The 30mHR experiment produced mean tracer velocities that were 10-3 and 10-4 m s-1 for 

all gauged features (Figure 5). With the exception of Pipe 2b, reducing the pumping rate 

from 23.48 to 13.95 l min-1 (reduced to 59 % of the 30mHR) produced velocities that 

were 15 to 25 % of the fast velocity (Figure 5). Similar to the 12 m tests, pipe 2A had the 

highest velocities, but the difference between the velocity of pipe 2A and the other 

sections were not as large. This suggests that the preferential flow network connecting the 

upper trench to the road cut-bank was similar to the current conceptual model, where the 

soils connecting the preferential flow features slow the hillslope velocity (Sidle et al., 

2000).  

 

The mean velocities for the entire hillslope are dominated by pipe 2A because it carries 

the majority of the tracer during all experiments (82.9 to 98.9 %, Table 4). The 30 m 

experiments produced a mean hillslope velocity that was an order of magnitude lower 

than the 12 m experiment velocities (10-2 to 10-3 m s-1, Figure 5). 
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Natural Condition Tracer Velocities 

The natural condition experiment results are plotted in Figure 6, Figure 7, and Figure 8. 
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Figure 7. Average velocity (A) and Peclet Number (B) and percentiles from the GLUE methodology for the 

12 storms versus the 1 hr maximum storm intensity and the total storm rainfall. 

 

The maximum height of the water table in well 2 and the maximum 1 hr precipitation 

intensity have most significant relationship with the hillslope velocity and the Peclet 

numbers (Figure 6, Figure 7, and Figure 8). The velocity also scales with the average 

storm flow (Figure 6); however there are outliers, such as storm 8, that had a high 

velocity but low average storm outflow rate. The faster velocities observed during high 
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intensity storms could be a result of more preferential pathways active in the network, as 

indicated by the high water table in well 2 and the increasing Peclet numbers. The faster 

velocities are also influenced by the vertical transport of the tracer and we would expect 

quicker vertical infiltration of storm water during high intensity storms. 
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Figure 8. Average velocity (A) and Peclet Number (B) and percentiles from the GLUE methodology for the 

12 storms and the 4 steady state condition experiment versus the maximum well height for well 1 and well 

2. 
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DISCUSSION 

Comparison to other velocity measurements 

Tracer studies have been used to quantify the subsurface velocity of hillslopes with 

preferential flow in areas around the world. We selected studies that focused on 

subsurface flow velocities areas that had similar preferential flow features in forested and 

grassland environments. We did not include measurements from studies in agricultural 

lands or in the larges pipes found in the UK. The average velocities from the selected 

studies are summarized in Table 5. The results from our experiments are in the upper 

range of other measured subsurface velocities. An experiment conducted on the west 

coast of Vancouver Island in similar soil conditions as this study’s 12 m tracer tests 

(Hetherington, 1995) and the work in Maimai (Mosely 1979) were the only others 

references found that measured velocities in the order of 100 m hr-1. Hetherington (1995) 

simultaneously measured velocities at another site that was similar to the upper section of 

this study site and found velocities the same order of magnitude as the 30 m experiments. 

It is likely that very humid climate (2000 - 4000mm yr-1 of precipitation), shallow soils 

(<2 m and often < 1 m deep) and lush vegetation of these regions cause highly developed 

preferential flow networks in areas with concentrated subsurface flow.  

 

The issue of the scale of the measurement also is important. For our site the 12 m steady 

state experiments measured higher velocities and different velocity-discharge relationship 

than the natural storms or the 30 m experiments. With the sorter distance (12 m) we 

injected our tracer directly into a highly connected preferential flow network that 

connected the input trench with the outflow (Anderson et al., 2007). Steady state 

experiments over the larger distance (30 m) and during the natural condition experiments 

(applied to the surface) measured velocities through a less connected systems and 

produced much different relationships.  This is likely to be a factor in other experiments. 

Mosely (1979) and Hetherington (1995) both measured flow over a relatively short 

distance, which would increase the likelihood that their experiments measured a highly 

connected preferential network, and a larger scale experiment or an experiment that 

included the lateral percolation of a tracer might produce very different results. 
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Velocity relationships within mathematical relationships 

The discharge-velocity relationship for Darcy’s law with an exponential decline in the 

saturated hydraulic conductivity and manning equation were plotted with the average 

discharges and the velocities (Figure 10). The two 12 m steady state experiments have 

almost identical flow velocities, which could be represented by a constant discharge-

velocity relationship (e.g. constant k in Darcy’s law) or by Manning’s equation for flow 

through a pipe. Pipe 2a did show a maximum capacity to transmit water during storms 

and excavations at this site revealed a highly connected preferential network that 

connected the input trench and the road cut bank (Anderson et al., 2007).  Conceptually 

the flow through a confined space such as a highly connected preferential flow pathway 

is better represented by Manning’s equation for flow through a pipe. 

 

If the outliers such as storm 8 are neglected, the other measurements show a power law 

relationship (v = βQα) which can be reproduced with a very dramatic exponential decline 

in hydraulic conductivity (e.g. b=0.1, Figure 11). Darcy’s law with such an extreme 

decline of hydraulic conductivity is unlikely. Yet, this relationship could still be 

considered an effective hydraulic conductivity (Ksat) for the hillslope. This type of 

relationship could be easily used in a distributed model and would likely produce good 

discharge-velocity results for the scale of interest. However, the hydraulic conductivity in 

Figure 11 represents a soil with preferential flow pathways near the surface of the soil, 

which is often not the case (Anderson et al., 2007; Noguchi et al., 1999). Excavations at 

this site revealed that the some areas had preferential features near the surface, but in 

many cases the flow would not show a distribution like this. Although the velocity-

discharge relationship might be reproduced, it is likely that the soil water storage and 

other physical relationships will not be properly reproduced in a physically based model 

using this type of velocity-soil depth distribution. 

Conceptual hillslope behavior 

The general understanding of lateral preferential flow networks is that a rising water table 

increases the number of connections in a generally disconnected network causing faster 

subsurface velocities and an increase in the area of hillslope contributing to runoff (Sidle 
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et al., 2000; Tromp-van Meerveld and McDonnell, 2006b; Tsuboyama et al., 1994; 

Uchida et al., 2005). The two wells installed in the experimental hillslope have different 

relationships to the precipitation characteristics (Figure 9).  
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Figure 9. Maximum rise during the storms for well 1 and well 2 versus the 1 hr maximum rainfall intensity 

and the total precipitation for the 12 storms. 
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Figure 10. Flow rate and velocity of the mean of the convolution integral and the GLUE errors for the 

steady state experiments and natural condition experiments. Manning’s equation for flow through a pipe 

(upper curve) and Darcy flow through a matrix with an exponential decline in hydraulic conductivity. 

 

Figure 11. Relative depth versus relative hydraulic conductivity for the plot in Figure 10, exponential decay 

parameter (b = 0.1). 
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The maximum height of the water table measured in well 2 scales with the maximum 1 hr 

storm intensity, but well 1 shows a stronger relationship with longer durations such as the 

total storm precipitation (Figure 9). The different responses are expected because of 

variations in vertical infiltration and lateral distribution of water during storms. We 

would expect this difference in saturated zone response to affect the active preferential 

network and also the amount of hillslope that contributes water to the instruments at the 

bottom of the hillslope. We generally assume the runoff response (hillslope velocity) and 

the magnitude of the outflow increase simultaneously. However, we hypothesize that 

although hillslope velocity and the magnitude of the runoff are related, the magnitude is 

affected by both the contributing area and the amount of connections within a localized 

network. The runoff response (velocity) is only influenced by the number of localized 

connections within the preferential flow network. This hypothesis allows for a situation 

where a fast subsurface velocity does not cause a large magnitude response because the 

contributing area is still relatively small. Storm 8 was the highest intensity but over a 

short duration, which resulted in the fastest velocities and a low average flow (Figure 6). 

Table 5. Average velocities measured during selected experiments “lateral only” refers to experiments that 

isolated the lateral flow, and “lateral and vertical” refers to experiments that have both flow components. 

description of experiment 
Distance 
(m) 

Average velocity range 
(m hr-1) Reference 

  Minimum Maximum  
Water flow measurements and 
tracer tests (maximum velocities) 

4 4.32 154.80 Mosley 1979 

water flow measurements 1 10.80  Mosley 1982 

tracer study 2 0.43 00.58 Tsuboyama et al 1994 

vertical and lateral 10/13.5 7.80 24.00 Mikovari et al. 1995 

lateral only 35-40 0.40 0.50 Nyberg et al 1999 

vertical and lateral 35-40 2.38 2.48 Nyberg et al 1999 

lateral only (non-seepage) 3 4.32 22.68 Hetherington 1995 

lateral only (seepage) 3 33.12 165.60 Hetherington 1995 

Forest 7.7 2.52 32.4 Weiler et al 1998 

Grassland 8.3 0.79 2.88 Weiler et al 1998 

lateral and vertical ? 10.80 13.32 Feyen et al. 1999 

lateral and vertical  0.61 3.42 Feyen et al. 1999 

steady state tracer test 2 8.64 13.68 Noguchi et al 1999 

steady state 4 / 8 7.20 10.80 Retter 2007 

Steady state tracer (lateral only) 30 / 12 2.95 331.20 This study 
Natural study (lateral and vertical 
flow) 

30 / 12 0.09 7.56 This study 
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Conclusions 

We conducted artificial, applied tracer experiments during natural and steady state 

experiments to determine the effect slope length, steady state flow rate and storm 

characteristics on the tracer velocity. We found that existing theories can be forced to 

reproduce the velocity–discharge relationship, but the relationship did not reflect 

observations of the location of preferential features (Anderson et al., 2007). 

We found that the lateral velocity of solutes through preferential flow networks is 

dependent on the preferential features and the material that connects the features. The 

steady state tests over a 12 m section of highly connected hillslope produced velocities 

that were 1 and 2 orders of magnitude higher than test over 30 m, which included the 12 

m fast section. In addition, during natural storms we observed that a hillslope section 

could have a maximum capacity and the additional water was diverted to a different 

gauged section.  
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PART IIb 

 

Revealing the secrets of a lateral preferential flow network 

with a dye staining and excavation. 
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INTRODUCTION 

 
Subsurface runoff in hillslopes dominates the hydrological regime and the transport of 

solutes and nutrients in steep, forested watersheds in humid climates. Preferential flow 

has long been identified as an important factor  in these environments (Mosley, 1979). 

However, the exact flow paths exploited by water during runoff are still largely unknown. 

The common ways to determine the preferential flow features are through dye staining 

and excavation (Tsuboyama et al., 1994; Weiler and Fluhler, 2004). Less destructive 

methods such as ground penetrating radar have been used, but they require expensive 

equipment and have seen limited successes. 

 

Excavations have found that hillslopes had short (generally less than 5 m) preferential 

flow features  (Noguchi et al., 1999; Terajima et al., 2000). Some steep, forested 

hillslopes have been reported to have large preferential flow features, but it was not 

known how far upslope they extended (Kitahara, 1993; Roberge and Plamondon, 1987; 

Tsukamoto and Ohta, 1988; Uchida et al., 1999).  Even though preferential features are 

usually short and discontinuous, hillslopes produce fast tracer velocities and rapid runoff 

responses (Hutchinson and Moore, 2000; Peters et al., 1995; Tani, 1997). These fast 

velocities and runoff responses have led to the idea of a preferential flow network. A 

preferential flow network is a set of preferential features and connecting material that 

cause water to move laterally quicker than can be explained using Darcy’s law (assuming 

reasonable values for hydraulic conductivity). The exact mechanisms that allow the water 

to exploit the preferential flow pathway are not known, but it is assumed that a saturated 

soil provides the connection between preferential features (McDonnell, 1990; Sidle et al., 
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2001). As water is redistributed vertically and laterally the number of saturated areas 

increase, which increases the active number of preferential features and affects the runoff 

response of the hillslopes (Sidle et al., 2000). This dynamic runoff response behaviour 

has been shown to be influenced by antecedent moisture condition, precipitation intensity 

and precipitation amount (Sidle et al., 1995; Sidle et al., 2000; Tromp-van Meerveld and 

McDonnell, 2006a; Tsuboyama et al., 1994; Uchida et al., 2005). 

 

Studies have used dye to identify and characterize individual lateral preferential flow 

features based on diameter, length, eccentricity and turtuosity, and the density and 

location of features within the soil profile (Tsuboyama et al., 1994). However, no studies 

have attempted to determine the connections that cause the short preferential features to 

connect into a network and create fast runoff responses over distances of tens of metres. 

In this paper we present a steady state dye tracer and excavation experiment that 

addresses the following questions: 

1. What lateral preferential flow features are active during the steady state flow 

conditions and do they interact with the surrounding soil matrix? 

2. What material makes up the connections between the preferential flow features? 

3. What are the velocities of the flow through each cross-section of the hillslope? 
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METHODS 

Study site 

The experiments were conducted at the Russell Creek research watershed located in 

northeastern Vancouver Island, British Columbia, Canada. The watershed ranges in 

elevation from 275 m to 1715 m above sea level, which places the majority of the 

watershed into the rain-on-snow zone (300-800 m) and the snow zone (above 800 m). 

The climate is typical for north-eastern Vancouver Island; for example, the Port Hardy 

airport, 120 km to the north, has an average annual precipitation of 1870 mm yr-1 with 85 

% of the precipitation falling from September to April.  A moderately steep (30 %) 

hillslope at 400 m elevation that produced concentrated flow at the road cut-bank during 

storms was selected for these experiments. This site was chosen because it appeared 

similar (in terms of soil, vegetation and flow characteristics) to many other sites at 

Russell Creek. This site was also close to meteorological instrumentation, gauged streams 

and ground water wells (300 - 500m), and it had potential for easy winter access because 

the road was in good condition and only an intermittent snow pack was expected. 

 

The lower 30 m of the approximately 100 m long hillslope (Figure 12) was the site of the 

experiments. The topography of this 30 m hillslope section is undulating with wet 

hollows and drier convex ridges as indicated by changes in herbal vegetation and soil 

types. Soil characteristics were measured at the road cut banks, during ground water well 

drilling and during excavations. In general, the soils were 0.5 m to 2 m deep. Deeper soils 

were located on the hillslopes and the small topographical ridges, and shallower soils 

were located in hollows and on larger ridges. The 30 m experimental hillslope section 

covered both small-scale topographical units and soil types common at Russell Creek. 
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The centre of the lower portion of the hillslope (Figure 12) was typical of topographical 

hollows with clay and organic rich soils (Bg and Ah) less than 1 m deep. The remainder 

of the hillslope the edges of the hollow and above 15 m (Figure 12) were typical of 

convex and planer hillslopes, with podzols that had Ae layers 0 – 10 cm deep, and Bf 

layers 1 to 2 m deep. Dense, relatively impermeable till was the parent material for the 

entire experimental site. A mature stand of Tsuga heterophylla and Abies amabilis 

covered the whole hillslope. 

 

Figure 12. Contour map of the experimental hillslope showing the location of the dye injection and the 
photographed cross-sections. This map was developed using a laser total station. 
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Experimental design 

At this site we also conducted artificial, applied tracer experiments during natural and 

steady state experiments to determine the effect slope length, steady state flow rate and 

storm characteristics on the tracer velocity. (Anderson et al 2007) 

For the dye application, we achieved steady state (23.5 l min-1) from the 30 m trench and 

added a concentrated solution of Brilliant Blue dye to the trench to create a dye 

concentration of 4-5 g l-1 in the input trench. We maintained the dye solution input for 

100 min, which was the approximate time required for the breakthrough of NaCl tracer to 

reach the maximum concentration. The flow of water was then stopped and the hillslope 

was left for 14 hrs. Over the next 4 days the hillslope was manually excavated revealing 

16 cross-section, each approximately 1 m apart for lower 15 m of hillslope. Due to time 

constraints, the entire hillslope could not be excavated so an additional three 1-m wide 

trenches were excavated approximately 3 - 4 m apart to determine dye patterns in the 

upper 15 m of the hillslope. Each of the cross sections was photographed using a digital 

camera and the hillslope was surveyed with a laser total station. 

 

Automated computer dye detection routines did not work because the dark soils made it 

impossible for computer algorithms to distinguish the stained soil (Weiler and Fluhler, 

2004). In addition, the dye could not stain the large voids in the soil, and at this site there 

was flow through several large soil pipes (5 - 30 cm diameter). To determine an accurate 

measure of the stained areas, the images were colour corrected, digitally rectified and 

scaled so that one pixel equalled one square millimetre (Weiler and Fluhler, 2004).  The 

mineral soil, organic soil, stones, pipes and stained areas were then digitized. Notes taken 

during the excavation were used to ensure that all the stained areas were digitized. The 
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images were then located in the proper x location and y and z locations were exaggerated 

so that the flow pathways observed during the excavation could be delineated between 

the images. 

A Digital Elevation Model (0.5 m by 0.5 m grid) of the hillslope was made using the 256 

total station survey points. A single directional flow algorithm was used to determine 

contributing areas for each cross-section. The local average slope for each cross-section 

was determined by averaging the pixel slopes for all pixels within 0.5 m of the cross-

sections (Table 6). 

Velocity calculations 

The area of the stained soil was summed for each cross-section, and the Darcy velocity 

(V) was calculated for cross-sections without pipe flow: 

A

Q
V =

 [1] 

where Q was the steady state flow rate and A was the cross-sectional area of the stained 

area including the soil pipes. When soil pipes were present in a cross section the area 

included the area of the pipe. The velocity in sections with pipes (1- 3 and 5-9) was 

underestimated because we assumed that the soil pipes were completely filled with water, 

when it is likely that the pipes were only partially filled with water.  

RESULTS 

 
Figure 13 shows the cross sections in the proper x location with the y and z location 

exaggerated so that the flow pathways could be delineated. The figure starts with the first 

cross section starts on the lower left corner of the first panel and continues to the right. 

The excavations revealed flow through, soil pipes, zones of highly conductive soils, 
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porous organic soils and through the soil matrix. The soils had many live and dead roots 

in the upper 30 – 50 cm, but the roots often extended down to the till layer. We grouped 

the results section into the three dominate soil types found at this site. The lower part of 

the hillslope (sections 1-13) were in the topographical hollow and had clay and organic 

rich soils. The second soil type could be considered a transition with a poorly 

decomposed organic layer and was located in sections 14-16. The final soil type was a 

brown mineral soil located on the hillslope with small contributing areas. 

Clay and organic rich soils in the topographical hollow 

The first soil type was shallow (< 1 m) with clay rich mineral soils (Bg) and high 

amounts of well decomposed organic material soil (Ah). In the experimental hillslope, 

these soils were located in the topographical hollow (centre portion of cross-sections 1-9, 

Figure 12), and contained a highly connected set of preferential features, soil pipes and 

areas of coarse gravel (2 - 5 mm). The dye solution moved exclusively through the 

preferential features with little interaction with the surrounding soils. Most of the material 

on the bottom of the soil pipes (and filling the preferential features in section 4 and 

sections 10 – 13) was the coarse gravely material (2 – 5 mm), which resembled alluvial 

material found in small stream.  

 

As expected from the large preferential flow features, this topographical hollow had the 

fastest velocities, which were one and two orders of magnitude higher than the other 

cross-sections (Table 6).  

The velocities measured during steady state experiments over the lower 12 m portion of 

the hillslope (cross-sections 1 – 13, Anderson et al 2007) were faster than predicted by 
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the area of stained soil (Table 6). This suggests that the velocity of the preferential flow 

network excavated (cross-sections 1 – 13) was reduced because of the connections above 

the 12 m trench. Sections 10 – 13 had a preferential flow feature (a highly permeable 

layer of coarse gravely soil at the interface of the organic and mineral soils) that was 

connected to the input trench used for the 12 m steady state experiments. During the 30 m 

steady state experiment, most of the flow from section 14 by-passed the 12 m input 

trench and had to percolate through the organic layer to reach the highly conductive 

coarse gravel layer. This produced the slowest velocities of all cross-section (Figure 13 and 

Table 6). During the 12 m steady state experiment, the water could flow directly into the 

preferential feature allowing for much higher flow velocities for the 12 m section of 

hillslope. 

Poorly decomposed organic soils 

The second type of soil had deep (30 – 50 cm), fibrous, and poorly decomposed organic 

horizons, which contained many tree and herbaceous vegetation roots. These types of 

soils were found in cross-sections 10 – 16. Cross-sections 10 - 13 had a vertical band of 

stained areas within a relative homogenous organic soil horizon, which we assumed was 

flow connecting the upper cross-section (14) to the preferential pathway found below the 

organic horizon in cross-sections 10 – 13. On the other hand, cross-sections 14 – 16 

showed horizontal distribution of the dye solution as the water spread out to capitalize on 

the more conductive organic soils above the relatively less conductive mineral soil. The 

slope of the hillslope was low (Table 6) and there were no large preferential flow 

features. It is likely that the lower contributing area and the low slopes prevented the 

development of preferential flow pathways (Table 6). 
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 Area of staining    

 
Mineral 
soil 

Organic 
Soil 

Large 
Pipes 

Darcy 
velocity a 

Local 
Slope 

Contributing 
area 

Cross-section cm2 cm2 cm2 m hr-1 % m2 

1 c  195 72.1 13.3 1645 

2 c  100 140.9 20.3 1629 

3 c  107 131.1 20.4 1604 

4 184 59 0 58.0 18.7 1591 

5 21 28 163 66.5 23.8 1591 

6 c  223 63.1 33.7 1589 

7 c  300 47.0 36.4 1588 

8 758 289 214 11.2 12.5 1581 

9 296 442 330 13.2 21.9 1577 

10 238 5628 0 2.4 40.5 1557 

11 228 5254 0 2.6 19.6 1197 

12 318 2205 0 5.6 28.4 1177 

13 1274 1533 0 5.0 16.3 356 

14 78 4226 0 3.3 8.3 350 

15 214 3228 0 4.1 11.7 343 

16 183 2740 0 4.8 15.8 156 

17 2883 615 0 4.0 19.2 126 

18 249 722 23 14.2 7.7 124 

19 390 1276 0 8.5 28.9 79 

30 m hillslope    11.8   

12 m hillslope    175 - 247   
a Darcy velocity for the cross-sections with stained soil was as; V=Q/As, where As is the stained area plus 
the area of the pipes, where applicable. 
b Hillslope velocities calculated from applied steady state tracer test (see chapter 1). The 12 m steady state 
experiment included cross section 1 – 12 at two flow rates. 
c Staining around pipes was not presumed to be form transmit water flow, but from water  transferred from 
the soil pipes. 

Table 6.  The area of stained soil, pipe cross-sectional area, velocity of the flow through each cross-section, 
and the velocity for the 12 m and 30 m steady state experiments from Chapter 1. 

 

Brown mineral soils on the hillslopes 

The final soil type observed during our excavations was brown mineral soil (Bf, 0.3 – 1.5 

m), often with a poorly decomposed dry organic horizon, small (< 5 cm) Ae horizon. 

These soils were found on the smaller hillslopes on left of cross-sections 1 - 2 and 

sections 17 - 19. These areas corresponded with the smallest contributing areas. It is 

likely that water leached fine materials and transported clay and organic material to 

hollows which accumulated these materials. There were buried organic material within 
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these soil types that could have been a result of preferential transport of water and fine 

material to depth within the soil. 

 

The large contributing area of cross-sections 1 – 12 (> 1 100 m2, Table 6) would allow 

for the accumulation of clay and organic materials and provide large volumes of water for 

the development and maintenance of the preferential flow features. The lateral and 

vertical redistribution of fine organic material is also evident in cross-sections 1, 2, 17, 

and 18. At the road cut-bank, a low concentration dye solution was observed exiting from 

the soil face (left side of the pictures in Figure 13). Cross-sections 1 and 2 revealed buried 

dark soil that could have be been preferential features filled with accumulated organic 

material. Although no dye solution was found, it was obvious that these dark soils were 

connected to the preferential flow observed exiting the soil face during natural storms and 

the steady state experiments. Section 17 had similar redistribution of organic material 

into the mineral soil. The stained area in this section showed flow through the organic 

layer and through layers of coarser mineral soil that were below the organic layer.  

 

Cross-section 18 had flow through organic soil and a Bf horizon that was over a finer 

texture soil horizon with a lower hydraulic conductivity. Within the lower conductivity 

horizon, a 6 cm diameter soil pipe was found (in the lower centre of cross-section, Figure 

12). When cross-section 18 was excavated, the soil pipe was severed and dye solution 

poured out under pressure. This soil pipe was circular in cross-section and was likely 

initially formed by a tree root. Surrounding the pipe was gravely soil (2 mm), which was 

evidence of past erosion, and the pipe was completely filled with fine organic material. 
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Figure 13. Cross-sections showing the location of the stained soil, the soil pipes, and the observed flow paths between the cross-sections. The photos and the x 

locations are to scale but the y and z locations have been exaggerated so that the photos do not overlap 
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Dye solution was also found trapped around a dead root in the right portion of the cross-

section 18 (right upper stained area in cross-section 18). The staining was limited to only 

the lower half of the root suggesting that only the saturated portion of the root was 

contributing to the lateral flow. 

 

Section 19 had very shallow soils in the centre of the cross-section due to a tree that was 

toppled during a wind storm. The flow through this cross-section followed the subsurface 

topography and was confined to the organic soil and minerals soils with a high hydraulic 

conductivity above the till. 

DISCUSSION 

 
The general understanding of lateral preferential flow networks is that a rising water table 

increases the connections in a network causing faster subsurface velocities and an 

increase in the area of hillslope contributing to runoff (Sidle et al., 2000; Tromp-van 

Meerveld and McDonnell, 2006b; Tsuboyama et al., 1994; Uchida et al., 2005). Our 

excavations support this conceptual model. It appears that the preferential flow pathways 

were connected by saturated flow through mineral and organic soils. In some areas, this 

saturated flow was perched above less conductive soil and spread out horizontally. In 

other areas the flow had vertical components because the water was flowing downward to 

soils with higher conductivities.  

 

The presence of highly developed preferential flow pathways corresponded with the 

largest contributing areas (>1 100 m2).  Small contributing areas (< 400 m2) and 

relatively low local slope (<15%) coincided with areas with few preferential flow 
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pathways. A small contributing area might not receive flow rates large enough to create 

and maintain preferential flow features.  

CONCLUSIONS 

 
We dyed and excavated a 30 m section of hillslope to determine the lateral preferential 

flow features, the connections between the features and velocities through each cross-

section. In this hillslope the material that connects the preferential flow features was 

important for controlling the hillslope velocity. We found evidence that preferential flow 

features influenced the redistribution of the organic material and fine soils. The 

excavations revealed that the largest and most connected features where in areas with 

large contributing areas. We observed that some preferential features were only partially 

active during the transmission of water and the saturated zones perched above soils with a 

low transmissivity provided the connection between preferential features. We also 

observed that preferential features had the ability to transport water with little interaction 

with the surrounding soils. 

 

 



 

 

 

PART III 

 

 

Snow accumulation and ablation dynamics in watersheds dominated by 

rain-on-snow processes: Innovative Measurement Techniques. 
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INTRODUCTION 

 

Snow interception has been shown to play a significant role in the overall water balance 

in both coastal and continental environments (Hedstrom and Pomeroy, 1998; Lundberg, 

et al., 1998; Lundberg and Halldin, 2001; Storck, et al., 2002; Winkler, et al., 2005).  

Because of this, much effort has focused on methods of measuring interception and 

evaporation.  Examples of indirect methods for calculating interception include the 

measurement of snow water equivalent (SWE) through manual snow surveys in an open 

area adjacent to a forested area, with the assumption being the difference between the 

total SWE in the forested area versus the forested area will equate to the amount 

intercepted throughout the season (Hudson, 2000; Lundberg and Koivusalo, 2003; 

Stottlemyer and Troendle, 2001; Talbot and Plamondon, 2002; Winkler, et al., 2005).  

While this method is widely used, data are generally collected at coarse time scale, 

usually on a weekly or bi-weekly basis, making it very difficult to determine if 

differences in SWE are due to evaporation, sublimation and/or snowmelt.  Others have 

attempted to measure snow interception directly through the use of cut trees attached to 

load cells (Hedstrom and Pomeroy, 1998; Lundberg, et al., 1998; Storck, et al., 2002).  

Additional research has focused on individual branches, by measuring deflection using a 

video camera (Brundle, et al., 1999a) or the use of strain gauges to measure rainfall 

interception of individual branches (Huang, et al., 2005).  The primary concern with the 

above methods is most focus on individual trees and in some cases individual branches, 

making it very difficult to scale up to the stand or watershed level.  Additionally, all cut 

tree experiments are limited to those that can be operationally secured to a weighing 

device, eliminating most trees found in old growth forests.  Because of these limitations 

we investigated additional methods that could be used in coastal watersheds of British 

Columbia. 

The use of automated photography has a long history in the physical sciences.  Fluvial 

geomorphologists have used time lapse photography to monitor changes in channel 

characteristics (eg. (Dexter and Cluer, 1999; Hancock and Willgoose, 2001; Lawler, 

2005; Sheets, et al., 2002).  Cloud cover has been measured using time lapse sky view 

cameras mounted on ships traveling the ocean (Dexter and Cluer, 1999; Holle, et al., 
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1979).  Cameras have been used to monitor snow on glaciers (Haefner and Laager, 1988), 

artic foothills (Evans, et al., 1989) and urban catchments (Matheussen and Thorolfsson, 

2003).  In recent years with the advent of digital cameras and video which allow for 

hundreds of pictures to be taken on a single memory card, photogrammatic data 

collection is becoming more abundant.  Increasingly digital cameras and video are being 

used in snow hydrology to measure canopy interception (Brundle, et al., 1999a; Pomeroy, 

et al., 1998; Pomeroy and Schmidt, 1993) and even changes in snow albedo (Melloh, et 

al., 2001).   

Rain-on-snow (ROS) events are a major concern in mountainous regions of North 

America.  These events can lead to extreme peak flows in watersheds, especially when a 

shallow snow pack is inundated with a warm, moisture laden front producing rapid melt 

coupled with large inputs of rainfall into the system (Marks, et al., 1998).  Of particular 

concern to forest managers is the potential increase of peak flows from forest harvesting 

within watersheds that receive ROS events (Berris and Harr, 1987; Christner and Harr, 

1982; Harr, 1981; Harr and Coffin, 1992; Hudson, 2000; Marks, et al., 1998; Storck, et 

al., 2002).  In fact, one of the most well known controversies in the debate of whether 

forest harvesting leads to significant increases in peak flows is from data analysed from 

watersheds that routinely experienced ROS events (Jones and Grant, 1996; Thomas and 

Megahan, 1998).  If we can gain a better understanding of the role the forest canopy plays 

in precipitation interception and the energy balance during ROS events, then we can 

provide some insight into the current debate.  In coastal British Columbia, much of the 

forest harvesting occurs within the ROS zone of watersheds, thus an understanding of the 

role that canopy interception plays in ROS events will be integral to improving our ability 

to assess the impact of forest harvesting and the subsequent regeneration of forest stands 

on stream flows.  From a global context, ROS events will become more prevalent as the 

climate warms and transitionary snow pack become more common. 

One of the major limitations in monitoring ROS events is the difficulty in collecting data 

due in large part to the rapidly changing conditions through such events.  Because of 

these limitations, we designed an innovative system to monitor canopy interception and 

throughfall during ROS events using a combination of climate stations, non-weighing 

snowmelt lysimeters, suspended spring scales and a remote camera network.  It is the 
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objective of this paper to present this innovative experimental design.  We will show how 

the use of digital time lapse photography in conjunction with a meteorological network 

can be used to generate both qualitative and quantitative data, especially in areas with 

rapidly changing climatic conditions.   

 

 

METHODS 

 

Site Description 

Russell Creek watershed is located in South Western British Columbia on Vancouver 

Island.  The watershed is located at 50o 19’ N and 126o 21’ W and is approximately 31 

km2 with elevation ranging between 300 and 1680 m above sea level (a.s.l).  The 

transitional snow zone receives multiple ROS events during the winter months and occurs 

primarily between 300 and 800 m asl, with persistent snow packs generally occurring 

above 900 meters a.s.l. during the winter months.  It is not uncommon for ROS events to 

occur over the entire elevation range, especially in the late fall and early to late spring.  

The watershed receives mean annual precipitation of approximately 2000 mm, of which 

70% typically falls between October and March.  Approximately 32% of the entire 

watershed has been harvested, with 75% of this occurring within the transitional snow 

pack zone.   

 

Study Design 

A total of six climate stations are located in Russell Creek watershed ranging in elevation 

between 490 m and 1050 m a.s.l and positioned in open areas.  All climate stations 

measure air temperature, total precipitation and relative humidity.  In addition, four of the 

six sites measure windspeed, and incoming and out going shortwave radiation. Nested 

within this network are 24 non-weighing snow melt lysimeters. Two elevation bands 

within the transitional snow zone were selected for placement of the lysimeters. The 

lower elevation band is between 450 and 600 meters and has 12 snow melt lysimeters, 3 

placed within an old growth forest, 3 placed within a recent clearcut, 3 placed within a 

regenerating forest 3 to 6 meters in height and 3 placed within a regenerating forest 12 to 
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19 meters in height.  The remaining 12 lysimeters were installed in the upper elevation 

band between 700 and 800 m a.s.l, in the same forest types as the lower elevation band.  

The snow melt lysimeters are 7.5 m x 0.1 m and drain into a 0.350 liter tipping bucket 

attached to a time stamped event recorder.  This length was chosen based on research 

completed by Keim et al (2005) in western Oregon indicating that throughfall in forests 

was best captured using instruments 3 to 10 meters in length.  The lysimeter troughs were 

buried to ground level and then stuffed with western hemlock branches collected locally.  

The branches prevent the troughs from icing up and creating blockages.  The tipping 

buckets were enclosed within a plywood box and buried in the ground to prevent 

freezing.  In cases where the water freezes in the tipping bucket, they are designed to self 

bail.  Snowmelt lysimeters are often plagued by leaks or blockages at the drain point; this 

was not an issue in our design due to the use of a standard PVC 90o elbow connected 

directly to the trough.  The elbow drains directly into a large screened funnel that empties 

into the tipping bucket.  This ensures that water is never backed up at the drain point 

thereby preventing leaks and freezing blockages.  Part of the success of this design is due 

to the relatively shallow snow packs, typically under 100 cm, thus the overall structure 

can withstand the weight of the snow.  Diffuse flow dominates when the snow pack is 

isothermal and wet (Brundle, et al., 1999b), thus preferential flow around the lysimeters 

is considered negligible during ROS events.  Stem flow was measured at each lysimeter 

site by creating a trough that spirals around the trunk of the tree and empties into a PVC 

stand pipe.  A selection of the trees monitored for stem flow provide continuous 

measurement through the use of capacitance rods to measure changes in height. 

A number of factors make it very difficult to directly measure canopy interception during 

ROS events.  The events tend to be relatively rapid, with trees losing there intercepted 

snow often within hours of the initial snowfall, as well as shallow terrestrial snow packs 

melting from hours to days from when the event begans.  Due to this, traditional methods 

of measuring snowpack development, such as weekly, or bi-weekly manual snow surveys 

can completely miss such events.  Through the use of the climate network and lysimeters, 

we can capture precipitation inputs and water outputs into the soil at an adequate 

temporal resolution, however we can gain very little information as to the state of 

precipitation in the canopy (rain vs snow), how long it stays in the canopy, how much of 
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the precipition hits the ground as snow versus rain, and what are the dominant processes 

that cause snow to be lost from the canopy (unloading, meltwater drip and/or 

sublimation).  Some of this could be done by using the cut tree methods described in the 

previous section, however this is extremely difficult to do at more than a few sites and 

would be virtually impossible to do in the old growth stands of Russell Creek, where 

trees often reach 40 meters in height and have diameters at breast height of greater than 

100 cm.  In order to capture this type of information we designed a remote camera 

network that allowed us to monitor state of precipitation, both terrestrially and arboreally, 

relative differences in snowfall interception between forest types, amount of time snow 

remains in the canopy and processes that cause snow to be removed from the canopy.  

Furthermore, because the cost of digital cameras has decreased so rapidly over the last 

few years, as has the cost of memory to store images, we were able to deploy an 

extensive network of cameras that we designed ourselves at a fraction of the cost if we 

had used commercial versions.   

Eight sites were chosen from the 24 lysimeter locations for the installation of a remote 

camera station.  A lysimeter location was chosen from each forest type (clearcut, old 

growth, 3 to 6 meters in height and 12 to 19 meters in height) from each elevation band.  

At sites where a single camera could not capture both the snow below the canopy and 

within the canopy, a camera was placed under the stand and one was placed at a location 

outside of the stand to capture the snow in the canopy.  At all camera locations a series of 

snow stakes were installed to measure snow depth.  In addition, each camera location 

contains a scale elevated above the ground to measure mass of snow through the use of a 

50 cm x 100 cm platform connected to two springs.  Known weights were used to 

calculate the deflection of the spring.  By using the remote cameras, we captured the 

amount of deflection of the springs suspending the platform and could subsequently 

calculate SWE.  In doing so, the images can be used to collect event by event information 

on the amount of snow intercepted by comparing both the snow stakes and the spring 

scales of the clearcut forests and the regenerating and old growth stands.  Photographs 

were taken on an hourly time step, however the design of the remote camera allows one 

to take a photo any where from 1 second to 24 hours.  In addition, at sites where the 

collection pipes for the stem flow were visible, a float was placed in the pipe with a wire 



 92 

rod and a reflector attached to the end. As the pipe filled up with the water, the float 

would rise, causing the rod to extend.  The photographs captured the rise of the rod, thus 

allowing us to capture stem flow rates. 

 

Camera Design 

Canon PowerShot A430 cameras were chosen for use in our remote camera design.  They 

were selected due to their low cost, a time stamp feature and a lens which retracts and 

extends during the power up stage.  Each camera stores information using a standard 512 

mb SD card allowing us to take photos on an hourly basis for up to 42 days.  To keep 

costs at a minimum, we wanted to design a camera that would work without use of a data 

logger.  Rather than using a data logger to turn the camera on and take a photo, we used a 

12 volt repeat cycle time delay relay, with a timing range between 0.6 seconds and 24 

hours for both the off time and the on time.  We soldered wires to the power switch on 

the camera and used the time delay relay to turn the camera on.  To avoid having to use 

another time delay relay to take the actual photo, a magnetic contact switch was soldered 

to the shutter release mechanism.  A magnet was then epoxyed to the end of the camera 

lens.  When the camera was powered up, the lense retracted, then extended.  Upon 

extension the magnet at the end of the lens closed the magnetic contact switch and a 

photo was taken.  It is also important to note that the wiring of the camera allowed for a 

data logger to be used for event based photos.  This design used a minimal amount of 

power because the camera was only turned on for 10 seconds for every photo taken.  We 

typically were able to take photos for periods of six to eight weeks on an hourly basis 

using a 12 volt 12 amp hour battery.  These batteries are used because they are relatively 

easy to transport, something which is very helpful due to the remote location of our sites 

and the difficulty of access, especially during the winter months.  The installation of 5 

watt, 400 ma solar panels at the sites allowed for continuous battery supply for the entire 

fall, winter and spring at all the sites except this deep in the forest where sun light is 

limited. At sites with easy access, much larger batteries could be used, resulting in 

extended deployment times.  A voltage regulator was required to power the camera to 

drop the 12 volt battery output to the 3.2 volts used by the camera.  The cameras were 

housed within a commercially available waterproof lexan case.  Dessicant was placed 
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within the case to prevent condensation.  The low cost of this camera system, essentially 

a quarter of the cost of commercial versions, allowed us to install an extensive network.  

Previous studies using cameras to measure interception were generally limited to one or 

two cameras and could take only a limited number of images due to insufficient memory 

(Brundle, et al., 1999a; Pomeroy, et al., 1998; Pomeroy and Schmidt, 1993).  The major 

advantage of this camera design is the ability to take high resolution images at a high 

frequency over a relatively large area for minimal costs.  Furthermore, by using already 

available digital image processing software, analysis of these photos can be done 

automatically and provide previously unavailable quantitative and qualitative 

information. 

 

Photogrammetric Analysis 

Between 2005 and 2007, approximately 75,000 images were taken in the Russell Creek 

Watershed.  The 2005-2006 season was the first year of the installation of the camera 

network and was primarily used to test the applicability of the camera.  The initial design 

of the cameras were only able to run for approximately seven days before they ran out of 

power, thus the data set has many gaps and is incomplete.  The cameras were rewired for 

the 2006-2007 season, resulting in a continous data set for the entire season.  Analysis of 

the photos have begun and initial results will be presented at the upcoming Canadian 

Geophysical Union conference in St. John’s, Nfld, May 28-June 1, 2007. 

 

Photogrammetric analysis of the photos will be used to calculate presence of snow in the 

canopy and accumulation/ablation on the ground.  We are developing a method to 

automate this process using the remote sensing software ENVI in combination with the 

IDL, a data visualization program.  Initial efforts have focused on identifying threshold 

values in the digital images to identify snow and “not snow”.  This can be done by 

examining the red, blue and green bands using the transect profile tool in ENVI.  Photos 

will be selected from all light conditions to stratify the threshold of snow to “not snow”.  

Ideally we will be able to analyse all photos with a single threshold value, but we may 

need to develop separate scripts for differing light conditions. Figure 1 provides an 

example of an image with an ENVI transect showing snow and not snow with a plot 
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identifying the threshold of snow and not snow.  Following determination of a threshold 

value, we will use IDL to develop automated scripts where we can do batch analysis.  

This will allow us to develop a time series of presence of snow in the canopy, as well as 

accumulation and ablation on the ground.  This data can then be used in the development 

of empirical and physically based models to determine the effects of forest harvesting and 

the subsequent regeneration of trees on snow-melt dynamics during ROS and radiation 

snow melt. 

 

Figure 1:  Example of threshold analysis to determine the digital value of snow 
and not snow. 
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Future Project Development 

Climatic data collected during 2005-2007 in Russell Creek watershed will be used in 

conjunction with the photogrammetric analysis.  A series of events will be selected from 

the two years of data that are representative of the climate of the region based on 

frequency analysis using the 15 years of hydrometric and climate data from Russell 

Creek.  From this, a series of models will be developed and tested to determine the role 

canopy interception plays in precipitation input to soil.  

The first model will be based on multiple regression analysis using factors collected in 

the field such as tree height, LAI, canopy density, stem density and percent snow in the 

canopy.  We hope to develop a simple operational model that can be used to assess the 

interception recovery of harvested stands in watershed where only this type of 

information is known.  This could be used on a regional basis to help assess recovery of 

harvested watersheds. 

The second model will be based on the temperature index approach.  We will attempt to 

refine this model using snow temperature profiles, air temperature, relative humidity and 

presence of snow in the canopy that is collected at each lysimeter to determine. We hope 

to be able to predict lysimeter output and snow water equivalent under the different forest 

stands. We will use the results of this model to further our understanding of snow melt 

dynamics and to assess the potential of a temperature index approach to be used in 

prediction of stream flow in hydrologic models. 

The final model developed will be physically based using an energy balance approach. 

Data to drive the model will be obtained from the climate network in Russell Creek.  We 

will use differing densities of the network to determine the optimal use of data when 

predicting lysimeter out flow and snow water equivalent.  We hope to develop a 

physically based model to predict water input to the soil during ROS events and radiation 

melt events under differing forest conditions. In the end we will have three models of 

differing complexities that can be used within a larger model framework to predict stream 

flow in managed watersheds. The development of these models will be completed as part 

of a PhD dissertation over the next two years. Combining these above precipitation input 

models with the below ground hillslope research conducted in Russell Creek watershed 

will allow us to refine current modeling approached in coastal watersheds.   
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