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Abstract
A century of paired watershed studies evaluated the effects of forest harvesting on peak
flows by pairing events by equal chronology. This method has recently come under repeated
criticism and calls have been made to abandon the practice and pair by equal frequency instead.
However, the stationarity assumption imposed by conventional frequency analyses complicates
the use of frequency pairing because peak flows contain change-point and trend-shifting
nonstationarities caused by continuous harvesting and forest regrowth. Here, a new nonstationary
frequency pairing method was introduced to evaluate harvesting effects by allowing the
parameters of peak flow frequency distributions to change in time using physically-based
covariates. This research falls within the emerging field of “attribution science”, which uses
observations and models to identify separately the factors contributing to extremes.
The outcomes of applying this new method at five treatment-control, snow-dominated
watersheds (37 km2 to 3550 km2) revealed how harvesting increased the magnitude and
frequency of not only small (< 10-yr return period) but also large (>10-yr return period) peak
flows. This was a consequence of changes to both the means (+28% to +113%) and standard
deviations (no effects to +110%) of the peak flow frequency distributions. Large peak flows
became 3-4 (10-20) times more frequent in the least (most) sensitive watershed. The different
treatment effects reveal contrasting watershed sensitivities to harvesting, owing to different
physiographic characteristics and logging histories. Based on the collective outcomes, a physical
model encapsulating harvesting effects at the stand- and watershed-levels was developed to
advance the probabilistic understanding of the forests and floods relation.
Advantages of the new method include: (i) relaxing the watershed size and proximity
constraints between control and treatment watersheds; (ii) detecting small levels of change in the
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peak flow time series with moderate harvesting levels; (iii) bypassing the need for a calibration
equation, hence eliminating associated sources of uncertainty; (iv) making use of larger sample
sizes to conduct frequency analysis, which make better inferences about the effects on extreme
events; and (v) allowing for the estimation of harvesting effects at different historic snapshots of
a watershed, thus providing an evaluation of hydrologic recovery.
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Lay summary
The regression-based, century-old method of evaluating forest harvesting effects on peak
flows has been challenged recently. A new method of evaluation calls for the use of frequency
analysis instead. However, forest regrowth and continuous forest harvesting can produce peak
flows that violate the fundamental stationarity assumption when conducting frequency analysis.
This thesis introduces a new method in forest hydrology, nonstationary frequency analysis, for
evaluating continuous forest harvesting effects on peak flows. The method was originally
developed in the wider hydrology literature to overcome the challenges associated with
nonstationarity. The application of this new method is illustrated in five pairs of treatmentcontrol watersheds (37 km2 to 3550 km2), located in snow environments, in British Columbia,
Canada. The collective outcomes reveal different levels of peak flow sensitivity to harvesting
due to different physiographic features and logging regimes. The outcomes from the emerging
method run counter to the prevailing wisdom in forest hydrology.
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Preface
I have been the principal investigator for all components of the research presented in this
thesis. I developed the research questions and the associated experimental design under the
guidance of Dr. Younes Alila and the support of my supervisory committee. I conducted all tasks
related to the research including data collection, data analyses, results interpretation, and drafting
the thesis and manuscripts. The research in this thesis will be compartmentalized into five
publications, the first of which was published in 2019:
i.

The new nonstationary frequency pairing method is introduced to evaluate
harvesting effects by allowing the parameters of peak flow frequency distributions
to change in time using physically-based covariates. This paper using data from
the Camp Creek-Greata Creek pair is a proof of concept featuring the
feasibility of the method to transform the science on this topic when guided by the
new way of pairing peak flows by equal frequency. The outcomes were
published: Yu, X. J., & Alila, Y. (2019). Nonstationary frequency pairing reveals
a highly sensitive peak flow regime to harvesting across a wide range of return
periods. Forest Ecology and Management, 444(April), 187–206.
https://doi.org/10.1016/j.foreco.2019.04.008. I was the lead investigator,
responsible for designing the experiment, data collection, data analyses, results
interpretation, and manuscript preparation. Younes Alila was the supervisory
author on this publication involved in designing the experiment and manuscript
preparation.

ii.

Under the old experimental framework, the weather and physiography should be
as similar as possible between the paired watersheds, but these limiting
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constraints are relaxed under the nonstationary FP framework due to the changing
role of the control watershed. The new role of the control is to rule out a changing
frequency distribution over time allowing for the attribution of any temporal
changes in the treatment watershed to disturbance. This attribution process does
not require the paired watersheds to be neighbouring, which is featured by the
outcomes of Baker Creek-McKale River, Mather Creek-Fry Creek pairs. The
research outcomes from these two pairs will be published in a journal paper
illustrating the contrasting watershed sensitivities to harvesting as a result of
different watershed physiographies and forest disturbance regimes.
iii.

Besides the constraint of proximity, the watershed size constraint between the
control and treatment watersheds is also relaxed under the new framework
featured by the outcomes of Bowron River-McGregor River and Willow
River-McGregor River pairs. The results of these two pairs will be published in
a journal paper revealing high sensitivities to harvesting of the large-sized
Bowron River and Willow River treatment watersheds. Such high sensitivity is
unexpected, and the outcomes are contradicting the conventional wisdom in the
forest hydrology literature. The predictions from the two pairs are corroborated
using an independent hydro-geomorphology evaluation.

iv.

The meta-analysis, which led to a physical model, will be published as a journal
paper. The collective outcomes are compiled and organized into a physical model
that provides readers and practitioners an up-to-date understanding of the forests
and floods relation at the stand- and watershed-levels in the newly emerging
probabilistic framework. The physical model can offer a holistic understanding of
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how forest harvesting may be affecting the flood regime across scales and
locations, by identifying the overall differences in hydrologic effects driven by
different physiographies and disturbance regimes based on the collective
outcomes of the five pairs in the thesis.
v.

The literature review from the Introduction Chapter will be organized and
published as a journal paper. The introduction identifies a knowledge gap in the
existing forest hydrology literature using the frequency-based framework to
evaluate the forests and floods relation, especially in large watersheds. The
continuous historic forest harvesting and regrowth in the cut-blocks can inherently
violate the stationarity assumption of conventional frequency analysis. Newly
emerging studies and research methodologies in the wider hydrology literature
can be brought to bear on the topic of forest harvesting effects on peak flows.
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Chapter 1: Introduction
Forests’ effects on peak flows is of interest to scientists from a wide range of disciplines
and is the subject of frequent public policy related discussions by the popular press,
environmentalists, and non-governmental and government organizations. The importance of this
topic is derived from how modifications of the peak flow regime could potentially trickle down
to affect virtually all aspects of the fluvial ecosystem, from sediment transport (Macdonald et al.,
2003) to fish populations (Valdal and Quinn, 2011). For engineers, infrastructural designs such
as culverts and bridges depend on a reliable quantification of such peak flow regimes. Forest
hydrologists have been devotedly debating and disagreeing for decades on how forests, and
forest harvesting practices, affect the peak flow regime of a stream (e.g., Alila et al., 2009, 2010;
Alila and Green, 2014a, 2014b; Anderson, 1949, 1950; Bathurst, 2014; Birkinshaw, 2014;
Bradshaw et al., 2009; Burton, 1997, 1999; Harr et al., 1979; Harr, 1986; Ives, 2006; Jones and
Grant, 1996; Lewis et al., 2010; Rothatcher, 1973; Thomas and Megahan, 2001; Troendle and
Stednick, 1999; van Dijk et al., 2009). Eisenbies et al. (2007, p. 81) described the state of science
on this topic as “enigmatic.” How will ecologists and engineers adaptively plan for the future, if
hydrologists are not able to provide sufficient and credible evidence on how the peak flow
regime is affected by forests and the associated changes in the forest cover caused by human
activities or natural disturbances?

1

1.1
1.1.1

Limitations and challenges of the paired watershed experimental design
Conventional paired watershed experiment
The paired watershed experiment is perhaps one of the most widely used tools to evaluate

the effects of forest harvesting on hydrologic responses (Bren and Lane, 2014). Paired watershed
studies conventionally involve the before-after, control-impact (BACI) computation technique to
evaluate treatment effects on peak flows. The term before-after, control-impact implies that both
control and treatment watersheds are monitored before and after the impact (which occurs only
in treatment watershed) in order to evaluate the effects of the impact by controlling for external
factors. In brief, both control and treatment watersheds are monitored prior to the
implementation of forest harvesting, then empirical relationships are developed, usually in the
form of simple linear regressions referred to as calibration equations, using pre-treatment
measured peak flows of the control and treatment watersheds. The calibration equation is used to
estimate the expected peak flows of the treatment watershed had the treatment not occurred,
based on peak flows from the control watershed as predictors. The forest harvesting effects are
then quantified through a comparison between the observed (i.e., measured) and expected (i.e.,
estimated from the calibration equation) peak flows of the treatment watershed during the postharvesting period. These paired watershed studies are associated with small (usually less than
several square kilometers) catchments in close proximity in an attempt to minimize the effects of
confounding factors, such as differences in physiographic and weather conditions, when
evaluating treatment effects on hydrologic responses.
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1.1.2

The uncertainty associated with the calibration process
The development and use of the calibration equation constitutes one of several sources of

uncertainty associated with predicted treatment effects because the calibration process directly
dictates the peak flow response associated with forested conditions. First, the calibration period,
where both control and treatment watersheds are subject to monitoring prior to treatment, is
time-consuming and costly (Slivitzsky and Hendler, 1964). For instance, it can take 12 years of
calibration and another 12 years of treatment in order to detect a 5% change in the water yield
significant at  = 0.05 (Kovner and Evans, 1954; Wilm, 1949), but in practice, a 12-year
calibration period (or longer) is rare (Bren and Lane, 2014). In addition to the length of the
calibration period, there can be other external factors affecting the calibration relationship over
time during the treatment period, such as silvicultural activities (Ssegane et al., 2017) and
climate variability (Vogel and Lopes, 2010). Most importantly, the calibration period often does
not capture the large range of flows in the long-term record when the calibration is used after
treatment (Hornbeck, 1973). Therefore, the use of a calibration equation post-treatment often
results in extrapolating outside the range of the regression model developed within the
calibration period. In short, the overall calibration process is a well-recognized major source of
uncertainty, directly associated with the quantification of treatment effects, which is inherent in
all published paired watershed studies.
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1.1.3

Limitations brought by watershed size and proximity
There are two fundamental limitations associated with the conventional paired watershed

design that ultimately inhibit the transferability of results from experiments to management,
namely: watershed size and proximity of the paired watersheds. Such limitations of watershed
size and proximity were imposed by the need for homogeneity in physiography and weather
input factors between control and treatment watersheds when evaluating the effects of forest
harvesting on hydrologic responses. Hence, the paired watershed experiment often involves
small-sized watersheds in close proximity (e.g., Ganatsios et al., 2010; Le Tellier et al., 2009;
Negley and Eshleman, 2006; Serengil et al., 2007; Stephan et al., 2012; Swindel and Douglass,
1984). This explains why existing paired watershed studies are usually less than 10 km2 in size
(e.g., Brown et al., 2005) and situated in close proximity often less than several kilometers apart
(e.g., Swank et al., 1988), so “any climate impacts should be buffered” (King et al. 2008, p. 385).
The homogeneity assumptions become increasingly difficult to maintain as the
watersheds increase in size and their proximity is compromised. For instance, as Slivitzsky and
Hendler (1964) pointed out, the homogeneity assumption is difficult to maintain in larger basins
where the weather conditions may vary within the watershed (McDonnell et al., 2007). In
addition, large watersheds can have fundamentally different physical mechanisms driving their
hydrologic responses (Brooks et al., 2012). The timing of streamflow from small watersheds can
also be different from that produced by large watersheds (Lundquist et al., 2005; Reynolds and
Leyton, 1967). As a result, the different physical processes between small and large watersheds
make it difficult and misleading to transfer results from small paired watershed studies to larger
watersheds, a well-recognized challenge referred to as the unrepresentativeness (Hewlett et al.,
1969; Reynolds and Leyton, 1967; Slivitzsky and Hendler, 1964). Pilgrim (1983, p. 71) stated:
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“Attempts to generalize are dangerous, and counter-productive to the wider understanding of
processes and the development of valid relationships. Recognition of this fact seems to be a
major step in the right direction.”
However, and despite the lack of research on larger watersheds, this has not stopped forest
hydrologists from making sweeping and perhaps unsubstantiated generalizations such as:
“In general, the largest or least frequent peaks observed in all of the studies cited, regardless of
watershed size, were not significantly affected.” (Troendle et al., 2001, p. 186)
and
“Now forest hydrologists generally agree that, although forests mitigate floods at the local scale
and for small to medium-sized flood events, there is no evidence of significant benefit at larger
scales and for larger events.” (Calder et al., 2007, p. 945)
In summary, the size and proximity of paired watersheds are limitations imposed by the
homogeneity assumption (weather input and physiography) of the conventional paired watershed
design. These two limitations have created a major knowledge gap by applying results from
small paired watersheds to large watersheds, which have greater practical importance (Pilgrim,
1983). More research is needed to understand and quantify the effect of forest land-use and land
cover changes in large watersheds (Brown et al., 2005).

5

1.2

Other research methods used to evaluate forest disturbance effects on hydrologic

responses
Even though the paired watershed study approach is rarely employed with large
watersheds, there are other techniques that have been used as attempts to relate and quantify
forest disturbance effects in large catchments, namely: flow duration curve analysis (FDC), trend
analysis, double mass curve analysis (DMC), and linear regression.
1.2.1

Flow duration curve analysis
FDC is an illustration of the percentage of time that streamflow of a certain magnitude is

likely to equal or exceed some specified magnitude. However, FDC analysis is not suitable for
the analysis of extreme events. FDC analysis is a nonparametric technique, which inadequately
describes the often skewed and heavy-tailed peak flow frequency distributions derived from
extreme events (Vogel and Fennessey, 1994). The FDC analysis in the context of forest
disturbance is sometimes applied to daily flows (Zhang et al., 2016). However, daily flows can
also be skewed as the moments describing the frequency distributions, such as the coefficient of
variations (CV), can be highly biased even with large sample sizes (Vogel and Fennessey, 1993).
In addition, FDC analysis is sensitive to extreme events that occurred in particular time periods
(Vogel and Fennessey, 1994). Therefore, some uncertainties can arise when FDC analysis is
conducted using data derived from subdividing the entire time series (e.g., Rosburg et al., 2017).
1.2.2

Trend analysis
Another technique commonly used to detect changes in hydrologic response is trend

analysis (e.g., Kahya and Kalayci, 2004; Villarini et al., 2009). Trend analysis has been used to
detect changes in the hydrologic response of large watersheds in association with forest
disturbance (e.g., Déry et al., 2012; Dung et al., 2011; Zegre et al., 2014). However, trend

6

analyses fall short of fully evaluating forest disturbance effects on peak flows for several
reasons. The majority of trend tests only detect the time trends without providing an estimation
of changes in magnitude. The Man-Kendall and Sen’s slope are examples of these tests in the
trend analysis literature (Gocic and Trajkovic, 2013; Yue et al., 2002; Zhang and Lu, 2009). In
addition, such estimation cannot detect a change in the variability of extreme events, which is
commonly associated with forest disturbance (Green and Alila, 2012). Changes in the variability
of peak flows over time caused by forest disturbance can have implications on peak flow
frequency, yet this dimension of changing frequency is rarely invoked under conventional trend
analyses (Bjorndal et al., 1999). Therefore, it can be misleading to use conventional trend
analysis for evaluating forest disturbance effects on the magnitude and frequency of peak flows.
1.2.3

Double mass curve
Double mass curve (DMC) analysis is another technique used to detect time trends in

watershed responses. DMC was a popular tool used in the early literature to test for homogeneity
in time of precipitation records (Buishand, 1982; Searcy and Hardison, 1960) that was also used
in watershed analyses (Buttle and Metcalfe, 2000). DMC analysis is often applied to cumulative
runoffs in watersheds. To conduct an analysis using DMC, the cumulative runoff from the
treatment watershed is plotted against the cumulative runoff from the control watershed
chronologically. The plot should produce a straight line prior to disturbance, while a deviation
from this straight line is expected to occur post-disturbance. A deviation from the predictable
straight line is commonly attributed to the land-use changes in the treatment watershed.
However, DMC analysis only detects a time trend without quantification of treatment effects,
and it doesn’t reveal changes in the frequency of peak flows. DMC also cannot detect changes in
variability in the time series, as recognized in the early literature (e.g., Wigbout, 1973).
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1.2.4

Linear regression
Linear regression is another technique used in paired watersheds to evaluate forest

disturbance effects on peak flows. Linear regression equations are developed based on the
matching of peak flows paired between the control and treatment watersheds by the same storm
inputs. The respective linear regressions, developed in the pre- and post-disturbance periods, are
compared to draw conclusions on forest disturbance effects on peak flows (e.g., Beschta et al.,
2000; Jones and Grant, 2001, 1996; Thomas and Megahan, 2001, 1998). However, linear
regression is not suitable to evaluate forest disturbance effects on peak flows. First, the postdisturbance peak flows are often nonstationary as a result of forest regrowth, therefore inhibiting
the use of the entire record to evaluate disturbance induced hydrologic effects. In an attempt to
maintain the stationarity assumption, Jones and Grant (1996) and Thomas and Megahan (1998)
subdivided the post-disturbance period into 5-year periods; however, the number of large peak
flows within any 5-year period is limited. Moreover, the development and comparison of two
regression lines, on which the conclusions are based, only detect and evaluate the changes in the
mean of the pre- and post-disturbance peak flows. The comparison of the two regression lines
also cannot account for changes in variability around the mean (of the peak flows) as a result of
forest disturbance. The linear regression technique also ignores the critical effects on the
frequency and magnitude of larger peak flows brought by changes in peak flow variability. As a
result, it is not suitable to use a linear regression type of analysis to evaluate forest harvesting
effects on peak flows, especially large peak flows (Alila et al., 2009; Green and Alila, 2012).
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1.3

Old way of pairing: from uncertainty to irrelevancy?
The existing research methods for large catchments may not be useful in evaluating forest

harvesting effects on peak flows. Some of them may also be associated with a more fundamental
issue related to the experimental design applicable to both small-scale paired watershed
experiments and large-scale watershed methods. The conventional way of predicting forest
harvesting effects on peak flows within experimental design has recently come under serious and
largely unchallenged criticism (Alila et al., 2009; Alila et al., 2010; Alila and Green, 2014a,
2014b). In the paired watershed study literature, the difference in the magnitude of peak flow
response between the control and treatment watersheds when paired by the equal time of
occurrence, referred to as Chronological Pairing (CP), has been interpreted to be a measure of
the effects of harvesting on such peak flow events. In rain environments, the two peak flows are
paired by equal storm input, while in snow environments they are paired by equal snowmelt
season. The first limitation of CP is related to the fact that matching peak flows chronologically
in snow environments, for instance, is an impossible task because the control and treatment
watersheds, even when small and in close proximity, often peak days or weeks apart (Moore and
Scott, 2005; Troendle et al., 2001; Troendle and King, 1985, 1987; Troendle and Olsen, 1994;
Troendle and Stednick, 1999; Van Haveren, 1988). Link and Marks (1999a, 1999b)
demonstrated through distributed modelling how canopy structure can delay snowmelt in
forested areas by up to three weeks relative to open areas. In addition, subsurface runoff travel
time from soil moisture reservoirs to the channel network can create lagged effects in streamflow
response on the order of months in some forested watersheds (Jones and Post, 2004; Nippgen et
al., 2016; Swank et al., 1988).
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The second limitation of CP, and perhaps the most critical, is the fact that it does not
invoke, nor does it account for potential changes in the frequency of peak flows caused by forest
harvesting (Alila et al., 2009, 2010). Since some have continued to extend the life of CP (e.g.,
Bathurst et al., 2018; Bathurst, 2014; Birkinshaw, 2014), it is reiterated briefly in the next
paragraph why it is necessary to invoke simultaneously the dimensions of magnitude and
frequency in any evaluation of the effects of harvesting on peak flows.
Using the case of snow environments for illustration, the magnitude of a peak flow event
of the same watershed, in either forested or harvested conditions, is controlled by several hydrometeorological factors: snow accumulating on the ground, energy creating the melt, occasional
rain falling on melting snow, and the antecedent moisture condition in the soil. Many different
combinations of these four factors, which all occur randomly, could generate the same peak flow
event magnitude. Hence, every peak flow event occurs with a certain frequency, and disproving
such a peak flow event has not changed in magnitude as a result of harvesting ought to be
conducted simultaneously for every one of the possible combinations. Therein lies the need for
invoking the dimension of frequency in any research question or hypothesis when investigating
the effects of harvesting on the peak flow regime. Therefore, the question that should guide
research work on this topic should be: What is the change in magnitude (frequency) caused by
harvesting for a peak flow event of a certain frequency (magnitude)? In the context of a paired
watershed study design, this translates into the following question: What is the difference in
magnitude (frequency) between control and treatment peak flows when both are of the same
frequency (magnitude)? Therefore, pairing between control and treatment watershed peak flows,
which is vital for the design of the controlled experiment intended to isolate the effects of forest
harvesting, must be by equal frequency (FP) and not equal chronology (CP). If the pairing is
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conducted in any way other than by FP, the experimental design neither fully nor appropriately
isolates the effects of harvesting on the peak flows. Hence, the CP- and FP-based changes in
magnitude are not equivalent and they should not be used interchangeably (Alila et al., 2009).
Alila and Green (2014a, 2014b) asserted that because CP leads to an uncontrolled experiment,
CP-based changes in the magnitude of peak flows are incorrect and misleading. CP-based study
outcomes, be it from small-scale paired watershed experiments, or large-scale experiments
involving DMC or linear regression methods, are irrelevant to how forest harvesting affects peak
flows of all sizes, and especially so for the larger peak flows (Alila et al., 2009).
1.4

A new way of pairing: challenges or opportunities?
FP necessitates that the investigation of forest harvesting effects on the peak flow regime

is conducted within the framework of the peak flow frequency distribution. The understanding
and quantification of the effects of forest harvesting on a peak flow of a certain frequency must
therefore pass through an evaluation of how forest harvesting may have changed the
characteristics of the peak flow frequency distribution (e.g., its location, scale, and shape
parameters). The frequency distribution framework is commonly used by the wider hydrology
(e.g., Katz et al., 2002 and references therein) and climatology (e.g., Salas et al., 2012 and
references therein) communities for evaluating the effects of land-use and climate change effects
on hydro-climatological extremes. However, until recently it has rarely been used for
investigating the effects of forest harvesting on peak flows using paired watersheds in the forest
hydrology literature (Alila et al., 2009 and references therein), because of the dominance of the
CP framework for over close to a century.
Alila et al. (2009) called for a new era of research on the topic of forest harvesting effects
on peak flows, guided by the new paradigm of pairing events by equal frequency. Published FP-
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based studies since have revealed how forest harvesting can affect not only small and medium
(<10-yr return periods), but also larger (>10-yr return periods) peak flow events. Further, there
are cases where the larger the peak flow event, the larger the effects of forest harvesting on that
event (Alila et al., 2009; Green and Alila, 2012; Kuraś et al., 2012; Schnorbus and Alila, 2004a,
2013). These outcomes run counter to the century-old prevailing wisdom in forest hydrological
science (Schultz, 2012; Treacy, 2012).
Current FP-based experiments conducted to evaluate forest harvesting effects on peak
flows have taken place primarily in small-scale watersheds. This holds whether conventional
frequency analysis using measured data from existing paired watersheds (e.g., Alila et al., 2009,
Green and Alila, 2012), or modelling studies driven by deterministic hydrologic models (e.g.,
Kuraś et al., 2012; Schnorbus and Alila, 2004a, 2013) were employed. However, there are
inherent challenges and uncertainties associated with these two FP-based research methods.
A source of complication in using the FP framework in forest hydrology stems from the
stationarity assumption normally imposed by the use of conventional frequency analyses. Forest
harvesting, either on the whole or part of the watershed, could result in “jumps” or change-point
nonstationarity in the long-term record of peak flows. In addition, forest regrowth, either planted
or by natural succession, introduces nonstationarity in the peak flows due to a resulting shift of
the changing peak flow frequency distribution. Contemporary logging practices often harvest
only some of the watershed (cut blocks) and rotate between cut blocks while allowing recently
harvested cut blocks to regrow. This complicates the isolation of the harvesting effect as multiple
change-point and trend-shifting non-stationarities are confounded to produce the observed peak
flows. Further, the treatment (logging and/or construction of roads) is usually only applied once
in the paired-watershed experimental design. By only analyzing the post-treatment period of
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peak flows, only the trend-shifting nonstationarity caused by forest regrowth is present and can
be correlated with a “time-since-treatment” variable (Green and Alila, 2012).
Such effects of forest regrowth can be statistically detected and removed from the posttreatment peak flows to produce a set of stationary peak flow observations to fulfill the
assumption of stationarity under the FP framework. This method was used in recent FP-based
studies, but constrained the studies to quantify only the hydrologic effects immediately after
harvesting (Alila et al., 2009; Green and Alila, 2012). However, the need for evaluating the
hydrologic effects at different stages of forest re-establishment post initial forest harvesting has
long been recognized (Thomas, 1990). The quantification of the immediate harvesting effects
hinders the practicality of the analysis when, in fact, most harvested watersheds are
nonstationary in nature (Bonell and Bruijnzeel, 2005; Dolidon et al., 2009; Wheater and Evans,
2009). It is also difficult to define a stationary treatment period with continuous levels of
disturbance (Grant et al., 2008). When the nonstationarity of peak flows is caused by a
continuously increasing level of harvesting, distinguishing nonstationarities caused by harvesting
from those by forest regrowth becomes difficult, if not impossible, hence the challenges forest
hydrologists face in this new FP era.
The nonstationary effects of forest regrowth can be accommodated in modelling
exercises using a deterministic model to simulate flows. Current research methods on conducting
frequency analysis to evaluate forest harvesting effects on hydrologic responses often draw upon
deterministic modelling. The spatially distributed, physically based hydrology models, such as
the Distributed Hydrology Soil Vegetation Model (DHSVM) has been developed (Wigmosta et
al., 1994), calibrated (e.g., Alila and Beckers, 2001; Thyer et al., 2004; Whitaker et al., 2003),
and used as a tool to understand and quantify hydrologic effects caused by forest harvesting
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scenarios (e.g., Kuraś et al., 2012; Schnorbus and Alila, 2004a, 2013). The stationary assumption
can be maintained by statistically removing the effects of forest regrowth on hydrologic
responses (e.g., Green and Alila, 2012), or simply maintained by “turning off” the forest
regrowth in the deterministic model to represent a stationary condition (e.g., Kuraś et al., 2012;
Schnorbus and Alila, 2013, 2004a). However, calibrating a deterministic hydrologic model such
as DHSVM is operationally exhaustive even for small scale experimental watersheds (e.g., Kuraś
et al., 2008; Thyer et al., 2004). The calibration process requires long-term and comprehensive
data sets, which is an issue as such detailed monitoring of meteorological inputs and hydrologic
outputs are rare even for small watersheds. The financial and logistic burden of calibrating a
model on a large watershed thousands of square kilometers in size becomes yet another
challenge. The lack of research on large scale watersheds for the past century is a good testimony
of the outlined challenges.
Despite the challenges associated with conducting FP-based experiments, in other science
communities outside forest hydrology, methods for quantifying the relationship between
magnitude and frequency of extremes under nonstationary conditions have been widely explored
in recent years; such as in climatology (e.g., Hundecha et al., 2008; Lee and Ouarda, 2010;
Villarini et al., 2010), hydrology (e.g., Chebana et al., 2013; Leclerc and Ouarda, 2007; Ouarda
and El Adlouni, 2011; Villarini et al., 2009a, 2009b), engineering (e.g., Salas and Obeysekera,
2014), ecology (e.g., Katz et al., 2005), and oceanography (e.g., Bernier et al., 2007). Allowing
the frequency distribution to be nonstationary or to change with time and/or time-related
variables, the nonstationary frequency analysis has been used for different purposes in the wider
hydrology literature, primarily evolving around the research objectives of detection, attribution,
and quantification. There are studies that used the nonstationary frequency analysis to detect
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trends associated with historically changing frequency distributions of peak flows (e.g., Delgado
et al., 2010; Katz et al., 2002; Villarini et al., 2009a, 2012). Based on such identified trends in the
peak flow time series, some studies quantified the effects on peak flow magnitudes and
frequency using nonstationary frequency distributions for planning and engineering purposes
(e.g., Gado and Nguyen, 2016; Obeysekera and Salas, 2016; Read and Vogel, 2015; Salas and
Obeysekera, 2014; Villarini et al., 2009a; Zhang et al., 2015). When investigating trends
employing nonstationary frequency analysis, it is a fairly new practice to use peak flow
controlling factors to explain the temporal variability of peak flows, and to achieve better
estimation of time-varying peak flow magnitude and frequency (e.g., Condon et al., 2015;
Prosdocimi et al., 2015; Sun et al., 2014). Prosdocimi et al. (2015) pioneered the use of
nonstationary frequency analysis to attribute changes in the peak flow time series to historic
urban development, using a pair of control (29 km2) and treatment (55 km2) watersheds about 30
km apart, where the attribution was successful only after introducing peak flow controlling
factors in the form of covariates to account for the natural background variability in the peak
flow time series.
In summary, while there have been significant advancements in nonstationary frequency
analyses in the wider science literature, such advancements have not found their development
and application in forest hydrology. In this dissertation, I use these recent developments and
bring them to bear on the topic of forest harvesting effects on peak flows.
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1.5

Thesis objective and overview

1.5.1

Thesis objective
The research presented in this dissertation was undertaken with the primary objective to

understand and quantify forest harvesting effects on the peak flow regime in snow environments,
by introducing and applying frequency pairing (FP) under nonstationary conditions in five pairs
of watersheds with varying watershed sizes and proximities in British Columbia, Canada.
To the best of my knowledge, this is the first nonstationary frequency analysis (FP) ever
conducted to evaluate forest harvesting effects on peak flows by first introducing the method in a
well-established existing small paired watershed study site, then applying the method at four
other large watershed pairs. The application of the nonstationary frequency analysis constitutes
the second scientific contribution of this research, as the nonstationary frequency analysis can
relax some of the most constraining challenges associated with conventional paired watershed
studies in regards to watershed size and proximity. Based on the outcomes of the five pairs of
watersheds, the third scientific contribution of this research is the development of a general
physical model governing the relation between forest harvesting and peak flow regime in snow
environments, which can guide future researchers and practitioners under the new FP framework.
The following research questions form the basis of the dissertation:
1. Is it possible to use nonstationary frequency analysis to understand and quantify forest
harvesting effects on peak flows using data from existing paired watersheds?
2. Can nonstationary frequency analysis be used to resolve the constraints of catchment size
and proximity imposed by conventional paired watershed design?
3. What are the first-order physical controls of the relation between forest harvesting and
the peak flow regime in snow environments?
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1.5.2

Thesis overview
The remainder of Chapter 1 reviews the challenges and limitations of the current paired

watershed experimental design. The existing methods for evaluating forest harvesting effects in
large watersheds are highlighted and questioned. A new research method from outside of forest
hydrology is introduced to potentially resolve the fundamental constraints associated with the
paired watershed design.
Chapter 2 provides a detailed description of the paired watershed study sites and data
involved in the nonstationary frequency analysis of this dissertation. A detailed description of the
physical characteristics and forest disturbance history of each watershed are provided. The
hydrologic and climatic data used in the nonstationary frequency analysis are described in terms
of the station location, record length, and proximity to the corresponding watersheds.
Chapter 3 reviews the extreme value theories with an emphasis on stationary and
nonstationary frequency modelling. Different nonstationary models are developed and shown for
the corresponding paired watersheds. Two methods used for evaluating forest harvesting effects
of peak flows are described in detail.
Chapter 4 outlines the results associated with the detection and attribution of time trends
in the peak flow time series to historic forest harvesting. Forest harvesting effects on peak flows
at various historic time steps are quantified and presented.
Chapter 5 provides a discussion of the results with a specific focus on physical processes
governing snowmelt peak flows under harvested conditions. The frequency-based meta-analysis
of the five paired watersheds is then used to develop a physical model to guide future research
and practitioners in the understanding and prediction of forest harvesting effects on peak flows
with varying watershed physiographic features and logging regimes. The advantages of the
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nonstationary FP method, in comparison to its CP and stationary FP counterparts, are
highlighted.
Chapter 6 presents an overarching philosophical discussion of the old CP versus new FP
paradigms guiding research work in forest hydrology. A summary of research findings and future
research directions addressing the uncertainties and limitations associated with this dissertation
are provided.
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Chapter 2: Study sites and data
The thesis used five pairs of treatment-control watersheds located in the continental snow
environment of British Columbia (BC), Canada (Figure 1). The Camp Creek (treatment)-Greata
Creek (control) paired watersheds are located in the southern interior of BC. The Mather CreekFry Creek and Baker Creek-McKale River pairs are located in the eastern interior of BC.
McGregor River is the control watershed for both Bowron River and Willow River, all of which
are located in the central interior of BC.

Figure 1: Location of the paired watersheds.
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2.1

Camp Creek-Greata Creek pair
In order to first showcase the new method, it was necessary to use a harvested watershed

with temporally increasing levels of harvesting and a control watershed that had experienced
little or no land-use changes. The demo pair of control-treatment watersheds should belong to the
same hydro-climate regime, in this case the interior continental snow environment. The
hydrologic record should be available in both watersheds at the time when forest disturbance
affected the peak flow regime in the treatment watershed. In addition, the paired watersheds
should not be affected by features such as reservoirs or dams that may attenuate the natural
response from climate inputs. Contrary to the old perception that the paired watersheds have to
be small and neighboring, I used five pairs of control-treatment watersheds with varying sizes,
proximities, and physiographies. The difference between the old and the new methods in terms
of size and proximity constraints between the control and treatment watersheds are discussed in
Section 5.4.
The Greata and Camp Creeks watersheds have long-term streamflow monitored by
Water Survey of Canada (WSC). These watersheds have been the subject of several CP (Cheng,
1989; Moore and Scott, 2005) and stationary FP-based (Green and Alila, 2012) studies on the
effects of harvesting on the peak flow regime. The two watersheds are located on the western
slopes of the Okanagan Valley, about 20 km west of Peachland, BC (Figure 2). The sizes of
Camp Creek and Greata Creek are 37 km2 and 41 km2, and the corresponding elevations range
from 1079 to 1920 m and 880 to 1620 m above sea level (asl), respectively. The average slopes
are 20% and 23%, while the predominant aspects are south- and north-exposed for Camp Creek
and Greata Creek, respectively. There are 23 km and 27 km of stream channels in Camp Creek
and Greata Creek, which correspond to stream densities of 0.62 km/km2 and 0.66 km/km2. Mixed
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stands of lodgepole pine (Pinus contorta Dougl) and Douglas-fir (Pseudotsuga menziesii) cover
the majority of both watersheds, with a higher abundance of lodgepole pine in the lower and
more Douglas-fir in the intermediate elevations. White spruce (Picea Engelmanii Parry) and
subalpine fir (Abies lasiocarpa) mixed stands are present at higher elevations. The physiographic
properties of the watersheds are summarized in Table 1.
The Water Survey of Canada stream gauges IDs for Camp Creek and Greata Creek are
08NM134 and 08NM173, with hydrometric data being used from 1968 to 2012 and 1971 to
2011, shown in Figure 3a and Figure 4a, respectively. For the Camp Creek-Greata Creek pair,
peak flows were defined as the annual maximum daily discharges. Peak flow outliers occurred in
1972 and 1997. They were identified for both watersheds based on a statistical test outlined in
Pilon and Harvey (1994). The nonstationary frequency analysis was carried out with and without
outliers. Weather data from 1968 to 1993 were obtained from “Summerland CS” station (ID:
112G8L1), located about 49 km southeast of the Camp Creek stream gauge. Weather data from
1994 to 2012 were obtained from “Peachland Brenda Mines” station (ID: 1126077) located
about 21 km northwest of the Greata Creek stream gauge. Even though two weather stations
were used, the distance between the two weather stations is close enough to be considered in a
group where there is little difference in the long-term characteristics of climate measurements
(Degaetano, 2001). The mean annual temperature is 10°C. January has the lowest monthly mean
temperature (-1°C) and July is the warmest month (22°C), based on weather data from
“Summerland CS”. The mean annual precipitation is about 600 mm, 60% of which falls as snow
in winter between November and March. Snow data were based on the average of the two nearby
snow pillow stations: “Trout Lake” (ID: 2F01) and “Summerland Reservoir” (ID: 2F02). These
are located about 19 km west of the Camp Creek stream gauge and 18 km west of the Greata

21

Creek stream gauge, respectively. Both stations are surveyed by the BC Provincial Government.
The peak of the snowpack water equivalent (SWE) was selected on an annual basis to represent
the general snowfall condition partially responsible for peak flows.
As mentioned in Chapter 1, peak flows in snow-dominated regimes are governed by
several factors such as: (i) the amount of moisture in the form of snow accumulation; (ii)
moisture in the soil; (iii) energy causing the melt; and (iv) occasional rain falling on melting
snow. During the peak of the freshet, the soil in both watersheds (control and treatment) should
be highly saturated from the snowmelt induced moisture in the days preceding the peak flow of
the freshet hydrograph (Williams et al., 2009). Antecedent soil moisture plays less of a role in
controlling the peak flow of the annual snowmelt hydrograph in small (Schnorbus and Alila,
2013) and large watersheds (Curry and Zwiers, 2018). Therefore, antecedent soil moisture was
not considered for further analysis. In addition, precipitation events were also not considered in
the analysis of Camp Creek and Greata Creek, because significant rain on spring melting snow is
rare for small watersheds in the BC’s interior (Loukas et al., 2000; Schnorbus and Alila, 2004a,
2013; Troendle et al., 2001). The relatively small sizes of Camp Creek and Greata Creek reduce
the chance of them receiving localized precipitation events. Following Green and Alila (2012)
and Curry and Zwiers (2018), two primary climate inputs controlling the magnitude of the
annual peak flows were used for Greata Creek and Camp Creek: (i) peak snow accumulation and
(ii) average 3-day temperature preceding peak flows (Figure 3b, 3c and Figure 4b, 4c for Camp
Creek and Greata Creek, respectively).
Continuous forest harvesting and changes in forest cover conditions took place at Camp
Creek over 30 years. Logging commenced in 1976, and over 29% of the watershed was
harvested by the end of 1977 in response to a widespread Mountain Pine Beetle (MPB) outbreak.
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An additional 12% was harvested since then resulting in 41% of Camp Creek being disturbed. In
Greata Creek, approximately 9% of the total catchment area was harvested. Some of the logging
occurred prior to 1980, while the remaining occurred between 1980 and 1991. More than half of
the total disturbance occurred in the lower half of Greata Creek (Figure 2). Harvesting at low
elevations is not expected to affect the peak flow of the annual snowmelt hydrograph (Schnorbus
and Alila, 2004a, Figure 8 and related discussion). Therefore, the forest harvesting that occurred
at Greata Creek was ignored, as in previous CP- and stationary FP-based studies of the same
paired watershed site (Cheng, 1989; Green and Alila, 2012; Moore and Scott, 2005).
The overall land-use conditions resulting from historic forest harvesting, which occurred
at Camp Creek from 1968 to 2012, were quantified and used in the nonstationary modelling as a
covariate. Since forest harvesting is temporally and spatially cumulative, equivalent clearcut area
(ECA) was used as a metric to describe the combined effects of forest harvesting over space and
time. The Camp Creek time series of ECA is shown in Figure 5. ECA can: (i) describe individual
forest harvesting areas or cut blocks into a quantifiable metric; (ii) account for cut blocks that
occurred at different locations of the watershed; and (iii) account for cut blocks that occurred at
different times in the disturbance history of the watershed with vegetative re-establishment. The
use of ECA is common in the literature on the effects of forest management on hydrology (e.g.,
King, 1989; Macdonald, 2000; Price et al., 2009; Talbot and Plamondon, 2002; Valdal and
Quinn, 2011; Varhola et al., 2010a).
The initial hydrologic effects of the individual harvest areas can reduce over time as a
result of vegetative regrowth, be it natural regeneration and/or planting. For instance, the ECA of
a new cut block is 100%, where there is little to no forest-related hydrologic functions served by
the new cut block. However, the new cut block ECA can reduce to zero over time as vegetation
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re-establishes, leading to the recovery of hydrologic response to pre-harvest conditions (hence
the concept of recovery). At the watershed level, ECA can increase and decrease over time,
depending on the evolution of forest harvesting and forest regrowth. To form the ECA time
series, the ECA values of individual cut blocks were obtained from the sum of harvested areas in
the catchment to form the ECA value at the catchment level. The combined ECA was adjusted
on an annual basis to accommodate the increase of ECA due to additional forest harvesting and
the decrease of ECA due to forest regrowth in the harvested areas. Despite 41% of Camp Creek
being logged historically (Figure 2), the peak ECA value was approximately 26% due to the
partial hydrologic recovery of previous cut blocks (Figure 5).
Therefore, the calculation of ECA at the catchment level hinges on two factors: (i) the
history of forest harvesting and (ii) the empirical relationship between ECA and forest stand
conditions used to calculate the reduction of ECA as a result of the hydrologic recovery. This
relationship is assumed to be a nonlinear function between forest stand height (dominant trees)
and ECA. The generalized relation between ECA and forest stand conditions, representative of
Camp Creek watershed, was taken from Winkler and Boon (2015). The history of forest
harvesting at Camp Creek, in terms of the size of individual harvesting areas and their respective
date, was obtained from a digital forest cover information database derived from the Vegetation
Resource Inventory (VRI) provided by the BC Provincial Government (http://geobc.gov.bc.ca).
The associated spatial data were processed using ArcGIS®.
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Figure 2: Location and topography of the Camp Creek and Greata Creek.
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Figure 3: The time series of (a) Camp Creek peak discharge, (b) peak snow accumulation at the
time of peak discharge and, (c) average 3-day temperature preceding peak discharge of Camp
Creek.
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Figure 4: The time series of (a) Greata Creek peak discharge, (b) peak snow accumulation, and
(c) average 3-day temperature preceding peak discharge of Greata Creek.
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Figure 5: ECA time series and annual forest harvesting of Camp Creek from 1968 to 2012.
Table 1: Physiography of treatment Camp Creek and control Greata Creek watersheds.
Camp Creek

Greata Creek

Catchment area (km2)

37

41

Elevation range (m)

1079-1920

880-1620

Aspect distribution

S/SE/E/W

N/NW/SE/S

Peak ECA

26%

-

Dominant vegetation

Lp/Df/Sp/Bf

Lp/Df/Sp/Bf

Average slope

20%

23%

23.0

27.0

Stream density (km/km )

0.62

0.66

Stream gauge

08NM134

08NM173

Stream length (km)
2

Snow pillow

2F01, 2F02

Weather station

112G8L1, 1126077

Record length
Outliers

45 (1968-2012)

41 (1971-2011)
1972, 1997
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ECA (%)

Forest Disturbance (% of catchment
removed)

9%

2.2

Mather Creek-Fry Creek and Baker Creek-McKale River pairs
To illustrate how the nonstationary frequency pairing can potentially relax the proximity

constraint under the framework of the conventional paired watershed study design, two pairs
(two treatments and two controls) of watersheds were used in this research. Mather Creek and
Baker Creek are treatment watersheds, while the respective control watersheds are Fry Creek and
McKale River. The two control watersheds have experienced little or no historic land-use
changes. The selection of additional pairs of control-treatment watersheds used in this thesis
follows the same criteria outlined in Section 2.1, which guided the selection of the Camp CreekGreata Creek pair.
Mather Creek (treatment watershed) and Fry Creek (control watershed) are located in
southeastern BC (Figure 6), with respective sizes of 133 km2 and 585 km2. The elevation ranges
from 1100 to 2600 m and 550 to 3200 masl, giving rise to an average slope of 22% and 53% for
Mather Creek and Fry Creek, respectively. The predominant slope is east- and west-facing for
Mather Creek, while it is west- and north-facing for Fry Creek. There are 104 km and 542 km of
stream channels in Mather Creek and Fry Creek, which correspond to 0.79 km/km2 and 0.93
km/km2 of stream densities. For Mather Creek, the Engelmann Spruce-Subalpine Fir (ESSF)
zone is situated in the higher elevations, while the Montane Spruce (MS) zone is located in the
lower elevations. The dominant tree species include lodgepole pine, western larch (Larix
occidentalis), Engelmann spruce (Picea engelmannii), and subalpine fir. For Fry Creek, the
ESSF zone predominates, with a small proportion of the Interior Cedar-Hemlock (ICH) at the
lower elevations. The dominant tree species include subalpine fir and Engelmann spruce. The
catchment characteristics for both pairs of watersheds are summarized in Table 2.
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Baker Creek (treatment watershed) and McKale River (its control watershed) are located
in central BC (Figure 6). The size of Baker Creek and McKale River watersheds are 1564 km2
and 353 km2, respectively. The elevations range from 469 to 1524 m and 700 to 3450 masl,
respectively. There are approximately 1407 km and 249 km of stream channels in Baker Creek
and McKale River, giving rise to stream densities of 0.90 km/km2 and 0.99 km/km2. The
topography in Baker Creek is plateau-like, with an average slope of 9%. The terrain at McKale
River is more mountainous, with an average slope of 48%. The slopes of McKale River are
predominantly east- and west-facing. The Biogeoclimatic Ecosystem Classification (BEC) zones
in the Baker Creek watershed are primarily Sub-Boreal Pine Spruce (SBPS) and Sub-Boreal
Spruce (SBS), with dominant tree species including lodgepole pine, interior spruce (Picea glauca
x englemannii), and a smaller portion of trembling aspen (Populus tremuloides). The BEC zones
in the McKale River watershed are primarily ESSF in the mid-high elevations, with small
portions of SBS and ICH in low elevation areas. The dominant tree species are subalpine fir and
Engelmann Spruce.
The WSC stream-gauge IDs for Mather Creek and Fry Creek are 08NG076 and
08NH130, with annual peak flows being used from 1973 to 2014 and 1973 to 2015, respectively.
Based on the statistical test outlined in Pilon and Harvey (1994), the peak flows that occurred in
2013, 2005 and 2013, were identified as outliers for Mather Creek and Fry Creek, respectively.
Weather data for Mather Creek were obtained from two weather stations: “Marysville” (ID:
1154909) and “Kimberley PCC” (ID: 1154203), for data from 1973 to 2004 and 2005 to 2014,
respectively. The weather stations are located about 10 km south of the Mather Creek stream
gauge. According to “Marysville” weather station, the mean annual precipitation at Mather
Creek is 433 mm, while the mean annual temperature is 5.41°C. January has the lowest monthly
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mean temperature (-7.23°C), while July is the warmest month (17.76°C). Weather data for Fry
Creek were obtained from the “Kaslo” weather station (ID: 1143900), located about 16 km south
of the stream gauge. Peak snow accumulation for both Mather Creek and Fry Creek were
obtained from the “Sullivan Mine” snow pillow station (ID: 2C04).
The WSC stream-gauge IDs for Baker Creek and McKale River are 08KE016 and
08KA009, with annual peak flows being used from 1964 to 2012 and 1971 to 2014, respectively.
Based on the statistical test outlined in Pilon and Harvey (1994), the peak flows that occurred in
1991, 1995 and 2001, were identified as outliers for Baker Creek and McKale River,
respectively. The nonstationary frequency analysis was carried out with and without outliers.
Weather data for Baker Creek were obtained from three weather stations less than 10 km away
from the Baker Creek stream gauge. These were “Quesnel A” station (ID: 1096630), “Quesnel
AWOS” station (ID: 1096625), and “Quesnel Airport” station (ID: 1096631), for data from 1964
to 2006, 2007 to 2010, and 2011 to 2013, respectively. Weather data for McKale River were
obtained from two weather stations: “McBride North” station (ID: 1094955) and “Red Lake”
station (ID: 1166658), for data from 1973 to 1985 and 1986 to 2014, respectively. The two
weather stations are located about 20 km southeast of the stream gauge. Missing data in 1972
were obtained from “McBride 4SE” station (ID: 1094950), while missing data in 1997, 1998,
and 2001 were obtained from “McBride Elder Creek” station (ID: 1094948). According to the
“Quesnel A” weather station, the mean annual precipitation at Baker Creek is about 530 mm,
while the mean annual temperature is about 5°C. January has the lowest monthly mean
temperature (-9°C) and July is the warmest month (17°C). Snow data were collected from the
nearby “Nazko” snow pillow station (ID: 1C08), surveyed by the BC Provincial Government.
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The peak of the snowpack water equivalent (SWE) was selected on an annual basis to represent
the general snowfall conditions partially responsible for peak flows.
Convective storms in the BC’s interior become important in the summer (May to August)
as they are high intensity and short duration events that cover small areas in space (Eaton and
Moore, 2010). As watershed size increases, the influence of convective storms in producing peak
flows is reduced since the relative rain-cell size becomes increasingly smaller in comparison to
the catchment size. However, increasing watershed size increases the likelihood of the watershed
catching these localized convective storms. Therefore, in addition to peak snow accumulation
and average 3-day temperature preceding peak flows, the total 7-day precipitation preceding
peak flows was used as another climate input controlling the magnitude of the annual peak flows
at the Baker Creek-McKale River and Mather Creek-Fry Creek pairs. The time series of peak
flows, SWE, temperature, and precipitation used in the analyses are shown in Figure 7a-7d,
Figure 8a-8d, Figure 9a-9d, and Figure 10a-10d, for Mather Creek, Fry Creek, Baker Creek, and
McKale River, respectively.
Continuous forest harvesting and changes in forest cover conditions occurred at both
Mather Creek and Baker Creek. Forest harvesting at Mather Creek took place from the mid1990s to 2010, resulting in cumulative logging of 24.22%, concentrated in the lower 50% of the
watershed. No forest harvesting occurred at Fry Creek. Historic harvesting at Baker Creek began
in the 1970s, with major harvesting events starting in the 2000s as a response to a widespread
MPB outbreak. The cumulative area logged from 1964 to 2012 was 48.25%. The distribution of
the historic logging was such that there were no specific concentrations at certain elevations or
aspects (Figure 6). Approximately 4% of McKale River was harvested in the lowest elevation
bands in the 2000s (Figure 6). Since this level of harvesting at low elevation is not expected to
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affect the peak flow of the snowmelt season hydrograph, logging at McKale River was ignored.
The total logging that occurred at the treatment watersheds Mather Creek and Baker Creek were
quantified into ECA time series, as it was done for Camp Creek. The ECA time series of Mather
Creek and Baker Creek are shown in Figure 11 and Figure 12, respectively.

Figure 6: Location and topography of Baker Creek, McKale River, Mather Creek, and Fry Creek.
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Figure 7: The time series of (a) Mather Creek peak discharge, (b) peak snow accumulation at the
time of peak discharge, (c) average 3-day temperature preceding peak discharge and, (d) total 7day precipitation preceding peak discharge of Mather Creek.
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Figure 8: The time series of (a) Fry Creek peak discharge, (b) peak snow accumulation at the
time of peak discharge, (c) average 3-day temperature preceding peak discharge and, (d) total 7day precipitation preceding peak discharge of Fry Creek.
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Figure 9: The time series of (a) Baker Creek peak discharge, (b) peak snow accumulation at the
time of peak discharge, (c) average 3-day temperature preceding peak discharge and, (d) total 7day precipitation preceding peak discharge of Baker Creek.
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Figure 10: The time series of (a) McKale River peak discharge, (b) peak snow accumulation at
the time of peak discharge, (c) average 3-day temperature preceding peak discharge and, (d) total
7-day precipitation preceding peak discharge of McKale River.
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Figure 11: ECA time series and annual forest harvesting of Mather Creek from 1973 to 2014.
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Figure 12: ECA time series and annual forest harvesting of Baker Creek from 1964 to 2012.
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Table 2: Physiography of treatment (Mather Creek and Baker Creek) and control (Fry Creek and
McKale River) watersheds.
Mather Creek
133.16

Fry Creek
585

Baker Creek
1563.90

McKale River
353

1100 – 2600

550 - 3200

469 - 1524

700 - 2450

Aspect distribution

E/W/S=N

W/N/SW/E

NW/W/S=N

E=W/S=N

Peak ECA

22%

-

52%

4%

Dominant vegetation

PL, LW, SE, BL

BL, SE, FDI, LA

PL, PLI, S, AT

BL, S, CW, HW

Average slope (%)

22

53

9

48

Stream length (km)

104.02

542.70

1406.69

248.75

Stream density
(km/km2)
Stream gauge

0.78

0.93

0.90

0.99

08NG076

08NH130

08KE016

08KA009

Snow pillow

2C04

2C04

1C08

1A14

Weather stations

Marysville
(1154909)
Kimberley PCC
(1154203)

Kaslo (1143900)

Quesnel A
(1096630)
Quesnel AWOS
(1096625)
Quesnel Airport
Auto (1096631)

Record length

42 (1973 – 2014)

43 (1973 – 2015)

48 (1964 – 2012)

McBride Elder
Creek (1094948)
McBride 4SE
(1094950)
McBride north
(1094955)
McBride S & W
ranch (1094962)
Red Lake
(1166658)
42 (1971-2014)

Outliers

2013

2005, 2013

1991

1995, 2001

Catchment area
(km2)
Elevation range (m)

39

2.3

Bowron River- and Willow River-McGregor River pairs
Bowron River, Willow River, and McGregor River make up the fourth and fifth control-

treatment pairs of watersheds used in this thesis (Figure 1). These large watersheds are located in
the BC’s interior with long-term records of streamflow. The sizes of the neighbouring treatment
watersheds, Bowron River and Willow River are 3550 km2 and 3110 km2, respectively. The size
of their common control watershed, McGregor, is 4780 km2. The elevations of Bowron River
and Willow River watersheds range from 600 to 2350 m and 570 to 2080 masl. There are 2747
km and 2730 km of stream channels in the Bowron River and Willow River watersheds, giving
rise to stream densities of 0.82 km/km2 and 0.95 km/km2. The Bowron River watershed has a
higher relief than the Willow River watershed, characterized by average slopes of 22% and 15%,
respectively. The distributions of the landscapes by aspect within the Bowron River and Willow
River watersheds are similar, with predominantly northeast- followed by southwest-facing slopes
(Table 3). The landforms are glaciofluvial and fluvial terraces along the Bowron and Willow
Rivers. The soils for both watersheds are loamy glaciological material along the broad valley
bottoms, while the valley sides are covered by a variable layer of till and colluvium (Dawson,
1989). The BEC zones in the Willow River watershed are SBS in the lower elevations and ESSF
in the higher elevations. In the Bowron River watershed, the BEC zones are ICH and SBS in the
lower elevations and ESSF in the higher elevations. The split in BEC zones occurs at about 1100
m for both watersheds, which is H40 for Willow River and H50 for Bowron River (e.g., H40 and
H50 are hypsometric elevation contour lines above which lies 40% and 50% of the total
watershed area). Coniferous species such as lodgepole pine and Douglas-fir are found in the
dryer areas, while interior spruce and subalpine fir are found in moister areas. Deciduous species
such as trembling aspen (Populus tremuloides) and paper birch (Betula papyrifera) are found in
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seral stands. Alders (Alnus sp.) and willow (Salix sp.) are present in some riparian areas
(Beaudry and Nassey, 1994).
Streamflows have been monitored by WSC at Bowron River, Willow River, and McGregor
River. The WSC stream-gauge ID for McGregor River is 08KB003, with hydrometric data being
used from 1963 to 2009. For Bowron River, flow data were obtained from two stations,
08KD004 and 08KD007, with collective hydrometric data being used from 1955 to 2009. Station
08KD007 was installed at the outlet of the watershed in 1954, and it was relocated upstream to
08KD004 in 1977, resulting in a reduction of drainage area from 3550 km2 to 3330 km2. For
Willow River, flow data were also obtained from two stations, 08KD006 and 08KD003. The
hydrometric data from 1953 to 2009 were used. Station 08KD003 was discontinued and
relocated to station 08KD006 in 1976. The relocation resulted in a reduction of drainage area
from 3110 km2 to 2860 km2. Relocation of stream gauges is not uncommon in practice (e.g.,
Frazier and Page, 2006; Siriwardena et al., 2006; Yihdego and Webb, 2013). The streamflow
data for both Bowron River and Willow River were adjusted using a nonlinear equation to
accommodate for the nonlinear features between peak flows and catchment area, following
Coulson and Neill (2004), Obedkoff (1998), and Watt (1989):
Qn = Qo * (An / Ao)0.785

(1)

where Qn and Qo are peak flows (m3/s) for the new and old locations, while An and Ao are the
new and old catchment areas (km2), respectively. This form of the equation is commonly used
for adjusting measured flow to account for gauge relocation in science and professional practice
alike. It was used in the analysis of the effects of harvesting on streamflows in Bowron River and
Willow River by Zhang and Wei (2014). Weather station “Prince George A”, about 40 km west
of the outlet of Willow River, was used to obtain the general climate conditions for the Bowron
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River and Willow River watersheds. According to data obtained from “Prince George A”, the
mean annual precipitation and mean annual temperature are 603.48 mm and 3.81°C. January is
the coldest month in terms of monthly mean temperature (-10.15°C) while July is the warmest
month (15.32°C).
Following Curry and Zwiers (2018), the warming rate, defined by the slope of the trend
line fitted to the daily mean temperature between April 1st and peak snow accumulation (SWE),
appears to be a dominant climate control of peak flows generated in large scale, snow-dominated
catchments in British Columbia. Hence, the warming rates for each of the successive peak flows
were computed using data from weather station “Prince George A”. Data with warming rates
greater than zero were retained for further analysis. Peak snow accumulation data were obtained
from nearby snow pillow stations. For the McGregor River watershed, snow data were obtained
from the “Pacific Lake” station (ID: 1A11). For both Bowron River and Willow River
watersheds, snow data were mostly obtained from the “Barkerville” station (ID: 1A03P).
However, there are some missing data at this station. Therefore, linear regression models were
developed, as shown in Equations (2) and (3), to estimate the snow accumulation at the 1A03P
station using data from nearby snow pillow stations as predictors. These stations are “Longworth
(upper)” (ID: 1A05) for the Bowron River watershed and “Prince George Airport” (ID: 1A10)
for the Willow River watershed.
1A03P SWE = 0.20 * 1A05 SWE + 210.41 (r2 = 0.21, p < 0.01)

(2)

1A03P SWE = 0.90 * 1A10 SWE + 256.62 (r2 = 0.37, p < 0.01)

(3)

The time series of peak flows, SWE, and warming rates used in the analyses are shown in Figure
14a-14c, Figure 15a-15c, and Figure 16a-16c, for Bowron River, Willow River, and McGregor
River watersheds, respectively. Unlike Camp Creek, where annual peak flows were used, peaks-
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over-threshold (POT) events were used for Bowron River and Willow River paired watersheds
resulting in longer sample sizes. The longer sample size increased the likelihood of relating peak
flows with their corresponding climate inputs to account for the natural background variability,
which can lead to better detection of land-use change effects on peak flows (Prosdocimi et al.,
2015). The enhancement brought by an increased sample size in the POT time series, in
comparison to the annual peak flow time series, is particularly useful for these three largest
watersheds. The climatic variability can sometimes offset the hydrologic response as a result of
land-use changes, increasing the difficulty to detect changes in the peak flow time series
(Schulze, 2000).
Forest harvesting and changes in forest cover conditions began in the 1960s and
continued throughout the next several decades for both the Bowron River and Willow River
watersheds. In the Bowron River watershed, an epidemic of spruce bark beetle infestation
occurred in 1975 and it triggered a landscape-level salvage logging to control and reduce fire
hazards. Logging was concentrated in the mid and low elevations, although some harvesting
occurred at higher elevations. The historic rate of annual logging in the Bowron River watershed
is shown in Figure 17. In the Willow River watershed, as Figure 18 shows, continuous, smallscale logging occurred over the entire 60 years of record. Several major harvesting events
happened in the mid-80s, most of which were concentrated at the mid and high elevations. The
total logged area of the Bowron River and Willow River watersheds was 28.7% and 34.7%,
respectively. The overall logging in both watersheds was quantified into ECA time series, as it
was done for Camp Creek.
In the McGregor River watershed, about 8% of the total watershed was harvested mostly
in the 1980s, all at the lower elevation band (Figure 13). This low level of harvesting in the lower
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elevation band is not expected to affect the peak flow of the snowmelt season. Therefore, the
forest harvesting that occurred in the McGregor River watershed was ignored.
The effects of forest roads on watershed hydrology have been a focus of concern in
watershed management (Luce, 2002; Luce and Wemple, 2001). Forest roads can increase the
watershed’s drainage efficiency via (i) increasing the impervious area in the watershed through
soil compaction; (ii) altering the natural flow pathways by intercepting surface and sub-surface
runoff; (iii) re-routing runoff through roadside ditches to existing streams and/or other road
networks (e.g., Harr et al., 1975; Jones, 2000; Luce, 2002; Tague and Band, 2001; Wemple and
Jones, 2003). However, in comparison to the rain and rain-on-snow environments, watersheds in
the snow environment, especially with subdued topographies, are inherently less conducive to
road effects on peak flows. Snow deposited on forest roads often melts earlier due to a lack of
shade (Bowling and Lettenmaier, 1997), hence not contributing to moisture recharge and peak
flows to a large extent. In some cases, part of the earlier snowmelt can be lost to the atmosphere
via evapotranspiration creating a water deficit after the construction of roads (Kuraś et al., 2012).
In addition, subdued terrains can limit the movement of subsurface flows when the land is not
sloping (Whipkey, 1965). There are also fewer road cuts and ditch surfaces in the forest roads of
subdued terrains, which further reduce the effects of subsurface flows and limit the effects of
runoff re-routing via forest roads. Therefore, the roadside ditches are not always “activated”
during the freshet in the snow environment (Kuraś et al., 2012; Megahan, 1972). Forest road
construction did not appear to affect the peak flows in the snow environments (King and
Tennyson, 1984; Kuraś et al., 2012). In addition, logging in BC’s interior often occurs in winter
months when soils are frozen and covered with snow accumulation (Conlin et al., 2004).
Logging in winter, as opposed to other seasons, can mitigate soil disturbance associated with
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ground-based harvesting systems (Johnson et al., 2007; Miller et al., 2004). In this thesis,
therefore, the potential effects of forest roads on peak flows associated with the five pairs of
watersheds were assumed negligible, in comparison to the effects of changes in the vegetation
cover.

Figure 13: Location and topography of McGregor River, Willow River, and Bowron River.
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Figure 14: The time series of (a) peaks-over-threshold (POT) of Bowron River with separation r
= 13, (b) peak snow accumulation at the time of peak discharge and, (c) warming rate preceding
peak discharge of Bowron River.
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Figure 15: The time series of (a) peaks-over-threshold (POT) of Willow River with separation r
= 9, (b) peak snow accumulation at the time of peak discharge and, (c) warming rate preceding
peak discharge of Willow River.
47

Figure 16: The time series of (a) peaks-over-threshold (POT) of McGregor River with separation
r = 7, (b) peak snow accumulation at the time of peak discharge and, (c) warming rate preceding
peak discharge of McGregor River.
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Figure 17: ECA time series and annual forest harvesting of Bowron River from 1954-2009.
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Figure 18: ECA time series and annual forest harvesting of Willow River from 1953-2009.
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Table 3: Physiography of treatment Bowron River, Willow River, and control McGregor River
watersheds.
Bowron River

Willow River

McGregor River

3110
2860
570 - 2080

4780

Elevation range (m)

3550
3330
600 -2350

600 - 3221

Aspect distribution

NE/SW/NW=S

NE=W/S=SW

S/SW/N/S

Peak ECA

22%

22%

-

Dominant vegetation

BL, SW, SX

SW, BL, PLI, SX

BL, SX, S

Average slope (%)

22

15

31

Stream length (km)

2747

2730

5315

Stream density (km/km2)

0.82

0.95

1.11

Stream gauge

08KD006
08KD003
1A03P, 1A10

08KB003

Snow pillow

08KD004
08KD007
1A03P, 1A05

Record length

1954 - 2009

1953 - 2009

1963 - 2009

Separation

11/13/15

1/5/9

7/8/9

Arrival rate

1.5/1.43/1.35

1.6/1.50/1.39

2.04/1.93/1.83

Sample size

81/77/73

77/76/75

94/89/84

Catchment area (km2)

1A11
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Chapter 3: Method
3.1

Overview
The effect of forest harvesting on the peak flow time series is detected and attributed

using nonstationary frequency models by incorporating covariates in the modelling procedures.
Historic forest harvesting that occurred at the treatment watersheds was quantified into a time
series of ECA, and subsequently used as a covariate in the modelling procedures. However,
forest harvesting effects alone may or may not be able to explain any variability in the time
series of peak flows due to the typical natural background variability of peak flows. Therefore,
climate-controlling factors (e.g., snow, temperature) were first used as covariates to explain such
variability in the peak flows, prior to the introduction of ECA in the modelling procedure. Such a
procedure is conceptually similar to a stepwise method in developing deterministic regression
models, with manual selection and introduction of independent variables (Bendel and Afifi,
1977). The summary statistics (of models) were used to compare various nonstationary models
via the Likelihood Ratio (LR) test and Akaike Information Criterion (AIC).
The theoretical frequency distribution describing the peak flows is characterized by
several distribution parameters such as the location, scale, and shape parameters for the
Generalized Extreme Value (GEV) distribution, and scale and shape parameters for the
Generalized Pareto distribution (GPD). The GEV distribution, describing the annual peak flows,
was used for the Camp Creek, Baker Creek, and Mather Creek watershed pairs. The GPD
distribution, describing the peaks-over-threshold (POT) events, was used for the Bowron River,
Willow River, and McGregor River watersheds. Each of these distribution parameters can be
related to different climate-controlling factors of peak flows for physically meaningful reasons.
Since it is possible to have different combinations of climate covariates associated with different
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distribution parameters that best explain the variability of peak flows, a list of models for each
watershed was developed (e.g., Table 4). The same model development procedures were applied
for each pair of control and treatment watersheds. However, forest harvesting was only
introduced as a covariate to the nonstationary treatment watershed models. The quantification of
forest harvesting effects on peak flows proceeded after (i) no temporal trends were found in the
control watershed, and (ii) when changes in the peak flow time series were attributed to forest
harvesting in the treatment watershed.
The effects of forest harvesting on peak flows were quantified via two methods. The first
method allowed the climate covariates and forest harvesting to change historically to evaluate
how the magnitude of a peak flow event (of a fixed frequency) has consequently changed in time
during the disturbance history. The second method fixed the climate covariates using their longterm average values to evaluate the effects on the magnitude (frequency) of a peak flow event on
a fixed frequency (magnitude). It allows for the quantification of treatment effects at specific
forest harvesting levels (i.e., a snapshot in time at various stages of forest re-establishment,
and/or continued forest harvesting activities).
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3.2

Nonstationary analysis of annual extreme events

3.2.1

Generalized Extreme Value (GEV) distribution
Annual peak flows and the GEV distribution were used for the analysis of the Camp

Creek-Greata Creek, Baker Creek-McKale River, and Mather Creek-Fry Creek watershed pairs.
The peak flow time series, composed of the annual maximum discharge of each snowmelt
season, is often assumed to be generated from heavy-tailed distributions such as the GEV (El
Adlouni et al., 2008; Katz et al., 2002). The GEV distribution is one of the most applicable
regional parent distributions of BC’s interior (Wang, 2000 p. 74; Yue and Wang, 2004), and it
has been used previously to analyze peak flows generated in the snow environments in this
region (e.g., Kuraś et al., 2012; Schnorbus and Alila, 2004a, 2013; Shrestha et al., 2017).
Denoting Q as the random variable describing annual peak flows and 𝑞 as the sample of peak
flows (from the parent GEV), the probability density function (pdf), and cumulative density
function (cdf) of the sample GEV distribution are defined by (Hosking and Wallis, 1997) as:

fq(𝑞) = 𝜎

−1 − ( 1−𝜉)𝑡−𝑒 −𝑡

𝑒

, t={

−𝜉 −1 ln( 1 −
(𝑞− 𝜇)
𝜎

𝜉(𝑞−𝜇)
𝜎

), 𝑤ℎ𝑒𝑛 𝜉 ≠ 0,

(4)

, 𝑤ℎ𝑒𝑛 𝜉 = 0

Fq(q) = exp {−𝑒-t}

(5)

where 𝜇, 𝜎, and 𝜉 are the location, scale, and shape parameters of the GEV distribution,
respectively. The set of flow values (q) that defines the function is determined by the shape
parameter as: 𝜇 + 𝜎/ 𝜉 < q < ∞ if 𝜉 < 0; -∞ < q < ∞ if ξ = 0; -∞ < q ≤ 𝜇 + 𝜎/ 𝜉 if 𝜉 > 0. See
Hosking and Wallis (1997) for more details on the GEV distribution.
3.2.2

Stationary vs. nonstationary GEV modelling
In the case of stationary modelling, peak flows were fitted to a GEV distribution Q ~

GEV (𝜇, 𝜎, 𝜉), where all three parameters were kept constant (i.e., not changing in time). In the
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nonstationary case, one or more GEV distribution parameters were modelled to change as a
function of one or more covariates. For instance, a simple linear function can be used to model
the location parameter in association with a vector of a covariate (X1,…, Xp), so that 𝜇(X1,…, Xp)
𝜌

= 𝛽0+ ∑𝑗=1 𝛽𝑗 𝑋𝑗 , where 𝛽0 and 𝛽𝑗 are parameters. The estimation process would then be
optimized for 𝛽0 and 𝛽𝑗 , as opposed to one single value for the location parameter (under the
stationary scenario). As a result, the location parameter of the distribution takes a different value
for each observation of the covariate j. Preliminary analysis showed no nonlinear features of the
relationships between peak flows of either watersheds and the covariates. Therefore, only linear
models were considered for this research. While the location and scale parameters of the GEV
distribution were allowed to change as a function of covariates, the shape parameter was kept
constant due to computational uncertainties related to modelling the shape parameter (Coles,
2001; Prosdocimi et al., 2015).
Both stationary and nonstationary models developed for the Camp Creek, Baker Creek,
and Mather Creek watershed pairs were fitted using Maximum Likelihood Estimation (MLE).
MLE is widely accepted in the hydrology literature (Strupczewski et al., 2001). However, the
difficulty of reaching convergence under MLE increases rapidly when multiple covariates are
used to model peak flows. Therefore, it is possible to have a lack of convergence ending with a
non-optimum point under MLE (Restrepo and Bras, 1985).
3.2.3

Model development to meet the research objective
The goal of the modelling procedures was to search for signals in the peak flow time

series of the treatment watersheds (e.g., Camp Creek) in relation to forest harvesting. However, it
is inherently difficult to detect any changes in peak flows caused by continuous forest harvesting
because climate variability and forest harvesting affect the time series simultaneously. As a
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result, the development of nonstationary models involves several primary factors controlling the
magnitude of peak flows following Green and Alila (2012) and Curry and Zwiers (2018): (i) the
peak snow accumulation measured at nearby snow pillow stations; (ii) average 3-day
temperature preceding peak flows for the Camp Creek-Greata Creek, Mather Creek-Fry Creek,
and Baker Creek-McKale River watershed pairs; (iii) warming rates preceding peak flows for the
Bowron River- and Willow River-McGregor River watershed pairs; and (iv) total 7-day
precipitation preceding peak flows for the Baker Creek-McKale River and Mather Creek-Fry
Creek pairs. These climate-controlling factors were used to explain the natural background
variability of peak flows and, subsequently, to isolate any signal caused by forest harvesting.
Therefore, the introduction of ECA only took place when a nonstationary model with climatecontrolling factors was judged as explaining the natural background variability of the peak flows.
This judgment was conducted using the LR test and AIC as detailed in the next sub-section. The
time series of ECA, representative of historic forest harvesting conditions, was developed and
applied to the harvested watersheds only.
Time was introduced in a nonstationary model either by itself (e.g., Villarini et al., 2009a,
2009b) or in addition to climate-controlling factors (Prosdocimi et al., 2015), for all treatment
and control pairs. The introduction of time in the nonstationary models can illustrate: (i) the
potential detection (or lack thereof) using time as a surrogate for the forest harvesting (ECA)
time series and/or (ii) the potential detection (or lack thereof) without considering the climatecontrolling factors of peak flow. The list of nonstationary models is shown in Table 4 for the
Camp Creek-Greata Creek watershed pair, Table 5 for the Mather Creek-Fry Creek and Baker
Creek-McKale River watershed pairs, and Table 6 for the Bowron River- and Willow RiverMcGregor River watershed pairs. The abbreviation CM1 refers to Control watershed Model 1,
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while TM1 refers to Treatment watershed Model 1. To limit the number of acronyms introduced
in this thesis, these same abbreviations were used consistently for each of the five pairs of
watersheds. In the attribution process, the data used to fit all the models were rescaled to (0, 1)
(Prosdocimi et al., 2015) via the equation 𝑥𝑛𝑒𝑤 =

𝑥− 𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥 −𝑥𝑚𝑖𝑛

(Jain et al., 2005); where 𝑥, 𝑥𝑛𝑒𝑤 ,

𝑥𝑚𝑖𝑛 , and 𝑥𝑚𝑎𝑥 are the original, rescaled, minimum, and maximum value in the time series,
respectively.
3.2.4

Evaluating the GEV models
When covariates are used to develop different nonstationary models, it is critical to

evaluate if the addition of a certain covariate can help further explain the variability of the peak
flows. There are two ways of comparing the performance of various GEV models: (i) a formal
hypothesis testing procedure using the LR test and (ii) the comparison of AIC scores between
models, all of which are based on the log-likelihood function of the models. Formal hypothesis
testing was carried out using the LR test that involves a statistical comparison of the respective
log-likelihood functions of the nested models (Coles, 2001). Based on the MLE estimates for the
location (𝜇), scale (𝜎), and shape (𝜉) parameters of a GEV distribution (when 𝜉 ≠ 0), the loglikelihood of the stationary GEV model can be derived as (Prosdocimi et al., 2015):
𝑛
−𝑡𝑖
l(𝜇, 𝜎, 𝜉; q) = ∑𝑀
}
𝑖=1 ln (𝑓(𝜇, 𝜎, 𝜉; 𝑞𝑖 )) = -Mln 𝜎 − ∑𝑖=1{𝑡𝑖 (1 − 𝜉) + 𝑒

(6)

𝑡𝑖 = - 𝜉 −1 ln(1- 𝜉(𝑞𝑖 - 𝜇)/ 𝜎)

(7)

where q = (q1,…qM) is the time series of M peak flows.
For the nonstationary case, where the location parameter (𝜇) is changing linearly as a
function of a covariate 𝑋, i.e., 𝜇𝑖 = 𝛽0 + 𝛽1 𝑋𝑖 , the estimation procedure for the model leads to four
parameters (𝛽0 , 𝛽1 , 𝜎, 𝜉), as opposed to three parameters (𝜇, 𝜎, 𝜉) as in the case under stationary
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conditions. The log-likelihood function then becomes a modified version of the above equations
(Prosdocimi et al., 2015):
l(𝛽0 , 𝛽1 , 𝜎, 𝜉; q) = -Mln 𝜎 − ∑𝑛𝑖=1{𝑡𝑖 (1 − 𝜉) + 𝑒 −𝑡𝑖 }

(8)

𝑡𝑖 = - 𝜉 −1 ln(1- 𝜉(𝑞𝑖 - 𝛽0 − 𝛽1 𝑥𝑖 )/ 𝜎)

(9)

The LR test involves comparing the difference of the double log-likelihood functions of
two nested models, to the (1 – α) quantile of the Chi-square statistic, χ2𝑘 , where α is the level of
significance and k is the difference in the number of parameters between the two nested models.
The advantage of the LR test is that it provides formal hypothesis testing, but the procedure is
limited to nested models. For instance, model A is nested in model B if the parameters of model
A are a subset of the parameters of model B. The LR test is commonly used in the nonstationary
frequency analysis literature for the purpose of detecting trends (e.g., Coles, 2001; Prosdocimi et
al., 2015, 2014; Sun et al., 2014).
One way to overcome the challenge of comparing only nested models using the LR test is
through the use of the AIC. However, model evaluation using AIC does not allow formal
̂)
statistical hypothesis testing. The AIC is a metric derived from the log-likelihood functions (𝑀
̂ ) – p) where p is the number of parameters in the fitted
of the fitted models: AIC = -2(log-lik (𝑀
model, as a penalty term in the AIC formulation. The penalty term is used because higher
likelihood values (or smaller negative log-likelihood values) can always be obtained when more
parameters are added into a model, regardless of the contribution of the covariate. Hence, the use
of AIC to evaluate models can also alleviate the challenges of overfitting when the use of extra
covariates does not explain additional variability of peak flows (López and Francés, 2013; Yan et
al., 2017). Both AIC and LR tests are considered in this research to allow for a more objective
discrimination between models.
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Table 4: Nonstationary GEV models developed for Camp Creek-Greata Creek pair.
Treatment watershed
Camp Creek

TM1*

TM2

TM3

TM4

TM5

TM6

TM7

TM8

TM9

TM10

TM11

TM12

TM13

Control watershed
Greata Creek
*

CM1

CM2

CM3

CM4

CM5

CM6

CM7

CM8

CM9

CM10

Model
1, Qp(µ, σ, ξ)
2, Qp(µ(time), σ, ξ)
3, Qp(µ, σ(time), ξ)
4, Qp(µ(time), σ(time), ξ)
5, Qp(µ(snow), σ, ξ)
6, Qp(µ, σ(snow), ξ)
7, Qp(µ(snow), σ(snow), ξ)
8, Qp(µ(temp), σ, ξ)
9, Qp(µ, σ(temp), ξ)
10, Qp(µ(temp), σ(temp), ξ)
11, Qp(µ(ECA), σ, ξ)
12, Qp(µ, σ(ECA), ξ)
13, Qp(µ(ECA), σ(ECA), ξ)
* TM and CM stand for Treatment and Control Watershed Models, respectively.
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Table 5: Nonstationary GEV models developed for the Mather Creek-Fry Creek and Baker
Creek-McKale River pairs.
Model

Treatment watershed
Mather Creek
Baker Creek

TM1*

TM2

TM3

TM4

TM5

TM6

TM7

TM8

TM9

TM10

TM11

TM12

TM13

TM14

TM15

TM16

Control watershed
Fry Creek
McKale River

CM1*

CM2

CM3

CM4

CM5

CM6

CM7

CM8

CM9

CM10

CM11

CM12

CM13

1, Qp(µ, σ, ξ)
2, Qp(µ(time), σ, ξ)
3, Qp(µ, σ(time), ξ)
4, Qp(µ(time), σ(time), ξ)
5, Qp(µ(ECA), σ, ξ)
6, Qp(µ, σ(ECA), ξ)
7, Qp(µ(ECA), σ(ECA), ξ)
8, Qp(µ(snow), σ, ξ)
9, Qp(µ, σ(snow), ξ)
10, Qp(µ(snow), σ(snow), ξ)
11, Qp(µ(temp), σ, ξ)
12, Qp(µ, σ(temp), ξ)
13, Qp(µ(temp), σ(temp), ξ)
14, Qp(µ(precip), σ, ξ)
15, Qp(µ, σ(precip), ξ)
16, Qp(µ(precip), σ(precip), ξ)
* TM and CM stand for Treatment and Control Watershed Models, respectively.
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3.3
3.3.1

Nonstationary analysis of peaks-over-threshold events
Generalized Pareto distribution (GPD)
Peaks-over-threshold (POT) events were used for the Bowron River, Willow River

treatment watersheds and their common control watershed, McGregor River. The POT approach
is described as follows (Khaliq et al., 2006). Consider a sequence of M independent and
identically distributed (iid) random variables X1, X2, … Xm conditioned on X > 𝜇, where 𝜇 is a
sufficiently high threshold. It can be shown that given sufficiently high threshold 𝜇, the
distribution function of the excess values Y = X- 𝜇 can converge to the generalized Pareto
distribution (GPD) (Khaliq et al., 2006; Sugahara et al., 2009):
𝐹(𝑦, 𝜎, 𝜉) = 𝑃 𝑟(𝑋 ≤ 𝜇 + 𝑦|𝑋 ≥ 𝜇)

(10)

𝜉 −1/𝜉
𝑦
1 − (1 + 𝑦)
, 𝜎 > 0, 1 + 𝜉 ( ) > 0
𝜎
𝜎
= {
−𝑦
1 − exp ( ) , 𝜎 > 0 , 𝜉 = 0
𝜎
The GPD is described by 𝜎 and 𝜉, which are the scale and shape parameters, respectively. The
scale parameter describes the spread of distribution (analogous to variability in standard terms),
while the shape parameter describes the tail behavior of the distribution, often termed the tail
index. When 𝜉 < 0, the GPD is thin-tailed, and if 𝜉 > 0 the distribution is heavy-tailed or Pareto.
When 𝜉 = 0, the distribution is light-tailed or exponential. The inverse of F, F-1, is the quantile
function such that the (1- 𝑝) quantile, y1-p, is given by:

𝑦1−𝑝

𝜎
( ) (𝑝−𝜉 − 1), 𝜉 ≠ 0
𝜉
= 𝐹 −1 (1 − 𝑝, 𝜎, 𝜉) =
1
𝜎𝑙𝑜𝑔 ( ) , 𝜉 = 0
{
𝑝

(11)

where log indicates natural logarithm.
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Under the POT framework, it is a common practice to express the quantile function in
terms of the return period, T, and the rate of occurrence, 𝜆, (e.g., the long-term average number
of events per year) as: yT = 𝜎((𝑇 λ)𝜉 – 1)/ 𝜉 (e.g., Khaliq et al., 2006) where yT is the T-year
return level (the magnitude exceeded once in T years), or the magnitude exceeded in any one
year with probability 1/T. See Khaliq et al. (2006) and Sugahara et al. (2009) for more details on
the GPD.
3.3.2

Condition of independence and de-clustering
When conducting extreme value analysis, peak flow observations have to be statistically

independent when selected from a daily discharge time series. De-clustering is perhaps the most
widely-adopted method to do so. It was used to filter dependent observations to obtain a set of
threshold excess observations, which make up the POT time series and are approximately
independent (e.g., Acero et al., 2011; Beguería and Vicente-Serrano, 2006; Caires et al., 2006).
The selection of POT events depends on two criteria: (i) the threshold magnitude above
which an observation is considered as a peak and (ii) the separation criterion. The threshold
should remain low enough to include extra peak flows, yet high enough so the peak flows remain
independent. A commonly used threshold in the hydrologic analysis of extreme events is the
minimum of the annual maxima time series (e.g., Hosking and Wallis, 1987; Langbein, 1949).
Hence, at least one event per year is selected in the entire time series of daily flows. Threshold
stability plots and mean residual life plots (plots not shown), adopted from Coles (2001), were
used to evaluate the suitability of such threshold for the three large watersheds. Once the
threshold was determined, the method of runs de-clustering was employed in the separation
process to compose the POT time series. In brief, runs de-clustering first involves choosing a run
length or separation, denoted by r. A cluster is identified when there are r consecutive
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exceedances of events above the selected threshold. The maxima of the clusters are preserved
and used for subsequent analysis. However, the selection of r is an arbitrary process similar to
selecting the threshold. Hence, the metric of the extremal index was employed to identify a
suitable r (Coles, 2001; Ferro and Segers, 2003). The nonstationary analysis was carried out
using multiple independent POT time series de-clustered using different r values. See Coles
(2001) for more details on the de-clustering process.
3.3.3

Stationary vs. nonstationary GPD modelling
In the case of stationary modelling, the samples of peak flow maxima, Q, were fitted into a

GPD, denoted by Q ~ GPD (𝜎, 𝜉) where the GPD parameters were kept constant. Under
nonstationary modelling, the GPD parameters were modelled as a function of one or more
covariates. For example, to model the scale parameter in association with covariates (X1,…, Xp),
𝜌

a simple linear function can be used so that 𝜎(X1,…, Xp) = 𝛽0+ ∑𝑗=1 𝛽𝑗 𝑋𝑗 . The two parameters,
𝛽0 and 𝛽𝑗 , are optimized in the estimation process, as opposed to optimizing for only one single
value for the scale parameter (as under the stationary condition). As a result, the scale parameter
of the distribution can change at each time step according to the covariate, and it would have a
different value for each observation of the covariate j. Only linear models were used in the model
development as it was the case for the GEV analysis. While the scale parameter of the GPD was
allowed to change as a function of covariates (e.g., Khaliq et al., 2006; Tramblay et al., 2013),
the shape parameter was kept constant due to computational uncertainties associated with the
estimation for the shape parameter under nonstationary conditions (e.g., Pujol et al., 2007;
Renard et al., 2006). See Coles (2001) for more details on the use of GPD under nonstationary
conditions or other applications of nonstationary analysis using GPD (e.g., Beguería et al., 2011;
Coles, 2001; Eastoe and Tawn, 2009; Kyselý et al., 2010; Roth et al., 2012; Silva et al., 2016;
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Thiombiano et al., 2017; Tramblay et al., 2013). Both stationary and nonstationary models
developed for treatment and control watersheds were fitted using MLE.
3.3.4

Model development to meet the research objective
The ultimate goal of the modelling processes is to explore the signals in the peak flow time

series of the treatment watersheds in relation to historic forest harvesting. However, it is
challenging to detect any changes in a time series of extreme events caused by previous
disturbance because the peak flow time series are simultaneously affected by climate variability
and forest harvesting. Following Curry and Zwiers (2018), peak snow accumulation (SWE) and
warming rates, defined by the slope of trend line fitted to the daily mean temperature between
April 1st and the date of peak flow, appear to be the dominant climate control on the peak flows
generated in large scale, snow-dominated catchments in British Columbia. These climatecontrolling factors were used as predictors to explain the natural background variability, and
subsequently, to isolate any leftover signal caused by forest harvesting. The ECA time series was
developed and introduced as a covariate for the Bowron River and Willow River treatment
watersheds only. It was introduced when a nonstationary model with climate-controlling factors
can explain the natural background variability of peak flows. The list of nonstationary models
developed for the Bowron River, Willow River, and McGregor River watersheds are shown in
Table 6.
3.3.5

Evaluating the GPD models
When covariates are used to develop nonstationary models, it is important to evaluate if the

addition of a certain covariate can further explain the variability of the peak flows. To this effect,
the performance of the GPD models is evaluated in two ways: (i) a formal hypothesis test using
the LR test and (ii) the comparison of AIC scores among models. Both the LR test and AIC
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comparison of the models are based on the log-likelihood function, which can be shown as (Del
Castillo and Daoudi 2009):
l(𝜎, 𝜉; q) = − log(𝑠𝜉𝜎) −

1+𝜉
𝜉𝑛

∑𝑀
𝑖=1 log (1 + 𝑠𝑞𝑖 /𝜎 ), where s = sign (𝜉)

(12)

where q = (q1,…qM) is the time series of M peak flows. For the nonstationary case, the scale
parameter is changing linearly as a function of covariates, for instance, 𝜉(𝑥) = 𝛽0 + 𝛽1 𝑥𝑖 . The
estimation procedure for this nonstationary model leads to three parameters (𝛽0 , 𝛽1 , 𝜉), as
opposed to only two parameters (𝜎, 𝜉) under stationary conditions. The log-likelihood function
estimation under nonstationary conditions would replace the scale parameter, 𝜉, with a linear
equation, 𝛽0 + 𝛽1 𝑥𝑖 , in the estimation procedures. Both the LR test and AIC were used to
evaluate GPD models. The evaluations of GPD models are similar to those of the GEV models
described in Section 3.2.4.
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3.4

Quantifying forest harvesting effects on peak flows
Two conditional quantification techniques were used to evaluate forest harvesting effects

for data fitted to both GEV and GPD. The quantification was conducted based on the final fitted
nonstationary models incorporating ECA in addition to the chosen climate covariates, which best
explain the peak flow data. The first technique is illustrated as return level plots, which consist of
time series of estimated peak flow magnitudes of fixed frequencies, one at a time, from the final
fitted model. Return level plots allow for all climate covariates and ECA to change in time.
Because the final fitted model incorporates the climate covariates and ECA time series, the
natural background variability in the peak flow time series from the climate inputs can be
accounted for. Therefore, any change or trend in the return level plots can be attributed to
historic forest harvesting. Based on the final fitted model with climate and ECA covariates, peak
flow magnitudes (of fixed frequency) can be derived from historically changing peak flow
frequency distributions. The frequency distribution parameters can be estimated using
coefficients of the covariates and the covariates themselves. Conditional quantification in the
form of return level plots derived from nonstationary models involving peak flow controlling
covariates, such as climate inputs, is common in the nonstationary frequency analysis literature
(e.g., Du et al., 2015; Sugahara et al., 2009; Sun et al., 2014).
While the first conditional quantification method allows both climate covariates and ECA
to change, the second method fixes both climate and ECA conditions. This quantification
technique can reveal the treatment effects on the magnitude (frequency) for a peak flow of a
certain frequency (magnitude) as a snapshot at any specific time of interest during the
disturbance history of the harvested watershed. Although the return level plots explained above
can reveal the evolution of peak flow magnitude as a result of forest harvesting, it is necessary to
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develop flood frequency curves (FFC), representative of forested and harvested conditions, in
order to quantify how specific peak flow events (e.g., 100-yr, 50-yr, 20-yr) were affected. Such
treatment effect quantification involves the development of GEV- and GPD-based FFCs
representative of fixed ECA levels of interest. The estimation of the GEV or GPD parameters
were based on (i) the coefficients of the covariates of the final fitted model that incorporate
climate-controlling factors and ECA; (ii) the level of ECA of interest; (iii) and the long-term
average value of the climate covariates. The nonstationary model was driven with the long-term
climate average to control for the temporal variability of the climate (e.g., Lane et al., 2005). The
nonstationary model adjusted for climate produces an estimation of hydrologic responses over
time as a result of only the logging. For instance, the GEV distribution is described by three
parameters (location, scale, and shape). The quantification of the location and scale parameters
of a nonstationary model would be a simple linear regression, making use of the estimated
coefficients of the associated covariates and the covariates themselves. Once the FFCs were
developed, sample statistics were derived from these FFCs to evaluate forest disturbance effects
on the mean and standard deviation of peak flows. Sample statistics were calculated based on
samples of peak flows (n = 10,000) randomly generated using the corresponding GEV
distributions. These are the same GEV distributions used to develop FFCs at different ECA
levels.
3.5

Uncertainty analysis of GEV- and GPD-based Quantiles
The confidence interval (CI), for the FFC representative of forested conditions, was

developed based on a re-sampling exercise for data fitted to the GEV distributions. This
technique is similar to the ones used by Alila et al. (2009), Green and Alila (2012), and Sugahara
et al. (2009). The traditional resampling process involves several steps. First, the observed peak
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flows were fitted to a frequency distribution, the so-called parent distribution (GEV). Sample
peak flows of the same record length were then randomly generated based on the parent
distribution. The sample peak flows were fitted to a GEV frequency distribution that gave rise to
the sample distribution. Peak flows at the return period of interest (e.g., 100-yr, 50-yr, 20-yr)
were estimated based on this sample distribution. The above re-sampling process was repeated
for 10,000 iterations, providing samples with which to calculate confidence limits of the peak
flows of the FFC.
For data fitted to the GPD, the CI of the forested FFC was based on the estimation of
standard errors via the Delta method. A benefit of using MLE to approximate the distribution
parameters is that standard and widely used approximations are available for a number of useful
sampling distributions, which lead to approximations for standard errors (Coles, 2001). The
standard errors and the variances of the estimated peak flow magnitude for a specific return
period are often used to compute the confidence interval of the peak flows. The confidence
interval of the FFCs representative of forested conditions was developed based on the Delta
method (Casella and Berger, 2002), which relies on the asymptotic normality of maximumlikelihood estimators, and produces a symmetric confidence interval (Cooley, 2013). The Delta
method is based on the Taylor series approximation. It allows for an approximation of the mean
and variance of a function of a random variable, based on the variance-covariance matrix
computed using the expected information matrix. See Casella and Berger (2002), Coles (2001),
and Cooley (2013) for more details on the Delta method. The calculations were carried out in R
(R Core Team, 2016), using the package “extReme” (Gilleland and Katz, 2016).
It is inherently difficult to detect any signal caused by climate or land-use changes in a
hydrologic time series (Delgado et al., 2010), given the background variability in the time series
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from natural climate variability (Burt, 1994; Burt et al., 2015). Therefore, we do not report or
discuss the results as important only if they are statistically significant. This is an attempt to
avoid dismissing true treatment effects based on the conventional null hypothesis testing and its
subjective choice of the level of significance (Amrhein et al., 2019; Johnson, 1999; Yoccoz,
1991). This is especially the case when such effects are physically plausible (Klemeš, 1974) and
practically significant (Kirk, 1996). This becomes even more important when small changes in
the peak flow magnitude, as a result of forest harvesting, can invoke surprisingly large changes
in the peak flow frequency (Alila et al., 2010, 2009; Wigley, 1985).

Table 6: Nonstationary GPD models developed for Bowron River-McGregor River and Willow
River pair-McGregor River pairs.
Model

Treatment watershed
Bowron River
Willow River

TM1

TM2

TM3

TM4

TM5

TM6

TM7

TM8

Control watershed
McGregor River


Qp(σ, ξ)
CM1

Qp(σ(snow), ξ)
CM2

Qp(σ(dT/dt), ξ)
CM3

Qp(σ(time), ξ)
CM4
Qp(σ(ECA), ξ)

Qp(σ(snow, dT/dt), ξ)
CM5
Qp(σ(snow, dT/dt, ECA), ξ)

Qp(σ(snow, dT/dt, time), ξ)
CM6
* TM and CM stand for Treatment and Control Watershed Models, respectively.
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Chapter 4: Results
4.1
4.1.1

Camp Creek-Greata Creek pair
Are peak flows at the control watershed stationary after accounting for climate

variability via covariates?
Prior to conducting the detection and attribution processes for the Camp Creek
watershed, it was necessary to rule out any trend in Greata Creek to ensure stationarity, therefore
allowing the attribution of any potential trends found in Camp Creek to forest harvesting. The
associated negative log-likelihood, AIC value, and LR test results for nonstationary models
developed for Greata Creek are shown in Table 7.
No trends in relation to time were detected in the location and scale parameters of the
peak flow distribution of Greata Creek, when time alone was used as a covariate to model the
distribution parameters (CM2, CM3, and CM4 vs. stationary model or CM1). For instance, when
the peak flows were modelled to change as a function of time for the location (CM2), scale
(CM3) and, both location and scale (CM4) parameters of the frequency distribution, there was no
evidence that the addition of time (CM2, CM3, and CM4) led to a significant increase in
likelihood over the stationary model (CM1), when evaluated by either LR test or the AIC
outcomes. For example, the associated negative log-likelihood values for CM1 and CM3 are:
173.08 and 172.40, and the double of the difference in negative log-likelihood values between
CM1 and CM3 is 1.36. Since 1.36 is less than the critical values of 2.71 and 3.84, which are the
approximate 90th and 95th quantiles of χ12 , there was no evidence that the scale parameter of the
peak flow frequency distribution is changing in time (CM3).
Peak snow accumulation was a significant covariate for both the location and scale
parameters of the peak flow frequency distribution. Both location (CM5) and scale (CM6)
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parameters changed as a function of peak snow accumulation. The addition of snow in CM5 and
CM6 yielded a significant increase in likelihood over the stationary model. Although
convergence issues were encountered for CM6 using the full record, the same conclusions, with
regards to the significance between snow and the location parameter, and between snow and the
scale parameter, were reached using the reduced record. A different route to evaluate the role of
snow in relation to the scale parameter is via a comparison between CM5 and CM7. The
component where the scale parameter changes as a function of snow is the difference between
CM5 and CM7, and such a component is shown in CM6. Therefore, the comparison between
CM5 and CM7 is similar to the comparison between CM6 and the stationary model CM1.
According to the negative likelihood values and AIC scores, there is evidence that the addition of
snow from CM5 to CM7 led to a significant increase in likelihood. Therefore, the same
conclusion with regards to the relation between snow and the scale parameter can also be
reached. Whether a nonstationary model with one covariate (e.g., CM5) or two covariates (e.g.,
CM7) is used, both models led to the conclusion, i.e., that both the location and scale parameters
of the peak flow frequency distribution of Greata Creek were related to peak snow accumulation.
Another feature that is worth noting is the potential dominance of one climate covariate
over another. For instance, the significant relation between snow and the scale parameter of the
frequency distribution can be shown by comparing CM6 and the stationary model CM1. The
same evaluation of the significance of the relation between snow and the scale parameter can
take place by comparing the combined model with both parameters changing as a function of
snow (CM7) and its reduced model with only the location parameter changing as a function of
snow (CM5). It is interesting to note that the addition of snow to model the scale parameter
yielded a significant increase of likelihood only between CM6 and the stationary model CM1,
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not between CM5 and CM7. The effects of snow in relation to the scale parameter was
dominated by the other component in the model when comparing CM5 and CM7. The
significance between snow and the scale parameter cannot be ignored, given the fact that both
CM6 and CM7 are statistically better than the stationary model CM1. As a result, the
convergence issues associated with CM6 using the full record and the dominating effects further
emphasize the importance of using both reduced and full records and the need to develop models
allowing only one (e.g., CM5) and both distribution parameters (e.g., CM7) to vary as a function
of covariates.
Temperature, on the other hand, appeared to be a significant climate covariate for only
the location parameter of the peak flow frequency distribution of Greata Creek. The
nonstationary models, CM8, CM9, and CM10 for instance, were developed to allow the
distribution parameters to change as a function of temperature. The addition of temperature to
only the location parameter (CM8) caused a significant increase in the likelihood over the
stationary model CM1. As a result of the non-significant relation between temperature and the
scale parameter, the combined model (CM10), with both location and scale parameters changing
as a function of temperature, was not an improvement over the stationary model CM1. There
were some dominating effects shown here as well between CM10 and the stationary model. Even
though the location parameter was shown to be strongly related to temperature (CM8 vs.
stationary model CM1), the lack of relationship between temperature and the scale parameter
(CM9 vs. stationary model CM1) demonstrates that the combined model (CM10) did not provide
an improvement over the stationary model CM1.
Given the strong relation between snow and both distribution parameters, and
temperature with the location parameter, CM11 was developed. Even though prior results
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showed that temperature had only a weak relationship with the scale parameter, CM12 was
developed to further scrutinize the lack of relationship between the scale parameter and
temperature. However, comparing CM11 and CM12 showed no significant relationship between
temperature and the scale parameter, in line with previous results. Therefore, CM11 was
considered to be the best model given the available climate covariates and was used to further
evaluate the potential time trends in the peak flow time series.
Time was introduced as a covariate in addition to CM11 for both the location and scale
parameters, giving rise to CM13. However, CM13 was not significantly improved over CM11.
Therefore, the time series of peak flows of Greata Creek appeared to be stationary given the
climate covariates used in this research. A similar conclusion was reached by comparing CM2 to
CM4, without accounting for the temporal variability caused by the climate inputs. However, the
comparison between CM11 and CM13 lends more confidence to this conclusion by taking into
account the natural background variability of peak flows.
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Table 7: Negative log-likelihood functions and AIC values for the GEV models of Greata Creek
(control watershed).
Control
Model

Model Description

Greata Creek
(full record)

Greata Creek
(reduced record)

Negative log- AIC Negative log- AIC
likelihood
likelihood
173.08
352.15
176.43
358.87

CM1

Qp(µ, σ, ξ)

CM2
CM3
CM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

173.07
172.40
172.04

354.14
352.80
354.08

176.43
175.58
175.35

360.87
359.16
360.71

CM5
CM6
CM7

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

156.29*
135.02~
154.07*

320.58
278.04
318.14

160.37*
172.34*
159.82*

328.74
352.69
329.63

CM8
CM9
CM10

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

171.17#
173.04
151.88~

350.35
354.07
313.76

174.49*
176.31
174.15

356.98
360.63
358.29

CM11 Qp(µ(snow, temp), σ(snow), ξ)
152.63*
317.26
158.58*
CM12 Qp(µ(snow, temp), σ(snow, temp), ξ)
151.91*
317.82
158.03*
CM13 Qp(µ(snow, temp, time), σ(snow, time), ξ)
150.68*
317.36
156.47*
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied
~ the estimation of model parameter did not converge

329.17
330.06
328.95
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4.1.2

Is there a remaining signal in the peak flows of the treatment watershed

attributable to forest harvesting, after accounting for climate variability via covariates?
Procedures to detect any signal caused by forest harvesting in the peak flow time series of
the Camp Creek (treatment watershed) are similar to those of the Greata Creek (control
watershed). Snow and temperature were used as covariates to account for the natural background
variability of peak flows. Instead of searching for a trend in relation to time as a surrogate
variable for forest harvesting activities in the peak flow time series, the objective was to attribute
any changes in the peak flow time series of Camp Creek directly to the historic time series of
ECA. The detection and attribution of forest harvesting effects on peak flows at Camp Creek
consisted of several steps: (i) identify the best combination of climate covariates that explains the
natural background variability of peak flows of Camp Creek; (ii) identify nonstationary signals
in the peak flow time series in relation to forest harvesting using ECA as an add-on predictor to
the best-fitted climate model; and (iii) verify the nonstationary signals by comparing results from
the control watershed. The modelling results for Camp Creek are summarized in Table 8.
The peak flow time series for Camp Creek did not change as a function of time, when
time was used as a covariate. TM2, TM3, and TM4 correspond to nonstationary models allowing
for the location, scale, and both location and scale parameters to change as a function of time,
respectively. Since there was no significant increase in likelihood between the nonstationary
models (TM2, TM3, and TM4) and the stationary model (TM1), the location and scale
parameters of the peak flow frequency distribution were considered to not change as a function
of time. The lack of a statistically significant improvement can also be found when ECA was
used to model the location (TM5) and scale (TM6) parameters individually, or simultaneously
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(TM7). Without the use of climate covariates, the time series of peak flows of Camp Creek did
not appear to be changing as a function of time or ECA.
If the peak flows of Camp Creek are changing as a result of ECA or time, and given a
high natural background variability, the detection of such a signal may not be possible without
introducing climate covariates in the attribution process. Snow and temperature, were introduced
as climate covariates in the modelling process to account for the natural background variability
of the peak flow time series. Snow appeared to be a significant covariate for the location (TM8)
and the scale (TM9) parameters of the peak flow frequency distribution. When both the location
and scale parameters were modelled to change as a function of snow (TM10), the combined
model was an improvement over the stationary model (TM1), but not over TM8. Given the
strong signal between snow and the location parameter (TM8), the significance of snow in
relation to the scale parameter in the combined model (TM10) was relatively weak, resulting in
some dominating effects similar to Greata Creek. A convergence issue was encountered for
TM10 using the reduced record, therefore most of the inferences made between snow and the
distribution parameters were based on modelling results of the full record.
In addition to snow, temperature appeared to be strongly related to both location and
scale parameters. When both location and scale parameters were modelled to change as a
function of temperature (TM13), the model was significantly improved over the stationary model
(TM1). Similar conclusions can be reached when individual distribution parameters were
modelled to change as a function of temperature (e.g., TM11 vs. TM1, TM12 vs. TM1). The
only model that did not show a significant relationship between temperature and the scale
parameter was TM12 (full record), where the addition of temperature did not yield a significant
increase in likelihood over the stationary model. However, considering the overall pattern of
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results with regards to temperature and the frequency distribution parameters, the role of
temperature in relation to the scale parameter cannot be ignored. This is especially so when
TM13 (both distribution parameters changing as a function of temperature) constituted a
statistical improvement over the stationary model (TM1).
As a result of the significant relations between the climate covariates and the distribution
parameters, TM14 was created, where both distribution parameters were changing as a function
of both climate covariates. However, although there was a significant increase in the likelihood
of TM14 over the stationary model, given the four climate covariates in TM14, and the potential
of adding ECA on both distribution parameters resulting in six covariates in total, potential
convergence issues existed. Therefore, only one climate covariate was kept for each distribution
parameter. Snow was determined to be a stronger covariate than temperature for the location
parameter by comparing AIC scores between TM8 and TM11. On the other hand, temperature
appeared to be a stronger covariate than snow in relation to the scale parameter by comparing
AIC scores between TM9 and TM12. Thus, temperature and snow were removed as covariates
for the location and scale parameters, respectively, giving rise to TM15. TM15 was a better
model than TM14 based on AIC scores and the LR test. Therefore, ECA was introduced in
addition to TM15 giving rise to TM16.
The addition of ECA led to a significant increase in likelihood according to the LR test
results (reduced record). The same conclusion was reached using the AIC scores (full record). To
further confirm that the signal in the peak flow time series was caused by forest harvesting and
not time, time was introduced as a covariate in addition to TM15. However, there was no
evidence that the signal in the peak flow time series of Camp Creek was changing as a function
of time (TM17 vs. TM15). In summary, after accounting for the natural background variability
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of peak flows using both snow and temperature, ECA as a surrogate of forest harvesting
continued to improve the modelling results for Camp Creek, while no further time trends were
found for Greata Creek.

Table 8: Negative log-likelihood functions and AIC values for the GEV models of Camp Creek
(treatment watershed).
Treatment
Model

Model Description

Camp Creek
Camp Creek
(full record)
(reduced record)
Negative logAIC Negative log- AIC
likelihood
likelihood
196.63
399.25
196.52
399.04

TM1

Qp(µ, σ, ξ)

TM2
TM3
TM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

196.63
196.43
196.43

401.25
400.86
402.85

196.45
196.29
196.26

400.90
400.59
402.52

TM5
TM6
TM7

Qp(µ(ECA), σ, ξ)
Qp(µ, σ(ECA), ξ)
Qp(µ(ECA), σ(ECA), ξ)

196.48
196.43
196.25

400.97
400.86
402.51

196.51
195.96
195.96

401.01
399.92
401.92

TM8
TM9
TM10

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

179.91*
193.78*
179.70*

367.81
395.57
369.40

184.79*
196.24
155.87~

377.58
400.48
321.75

TM11
TM12
TM13

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

194.76#
195.64
193.41*

397.52
399.27
396.82

193.42*
193.15*
191.60*

394.84
394.29
393.19

TM14
Qp(µ(snow, temp), σ(snow, temp), ξ)
178.29*
370.58
152.91~
TM15
Qp(µ(snow), σ(temp), ξ)
179.73*
369.45
184.78*
TM16
Qp(µ(snow, ECA), σ(temp, ECA), ξ)
177.38*
368.76
182.03*
TM17
Qp(µ(snow, time), σ(temp, time), ξ)
178.58*
371.17
183.90*
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied
~ the estimation of model parameter did not converge

319.83
379.55
378.07
381.80
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4.1.3

Conditional predictions of forest harvesting effects on peak flows at Camp Creek
The return level plots for the time series of estimated peak flow magnitudes for Camp

Creek are illustrated in Figure 19a for the 100-yr (Q100) and 25-yr (Q25), Figure 19b for the 50yr (Q50) and 15-yr (Q15), and Figure 19c for the 20-yr (Q20) and 7-yr (Q7) events. These time
series were derived from the final model (TM16), with both location and scale parameters
changing in time as functions of climate and forest harvesting covariates. Despite the fluctuations
in the peak flow time series associated with the natural background variability of snow and
temperature, there was an obvious temporal upward trend associated with the time series of each
quantile (Q100 to Q7) because of forest harvesting. Based on a simple linear regression analysis
using time as a predictor, the slope of the trend line fitted to the Q100, Q50, Q25, Q20, Q15, and
Q7 ranged from 0.01 m3/s to 0.005 m3/s per year, with slope increasing with the return period.
Over the course of 40 years, forest harvesting appeared to cause about a 10% increase in peak
flow magnitude for events of all return periods, which hints to a change in frequency. For
instance, Figure 19a shows how the magnitude of Q25, which is 2.4 m3/s at the end of the return
level plot, is the same as the magnitude of Q100 at the beginning of the same return level plot.
Therefore, the flow magnitude that was originally defined to be a 100-yr event became about
four times more frequent 40 years after the start of forest harvesting in the Camp Creek
watershed. Similarly, Figure 19b (19c) illustrates how the 50-year (20-year) event changed into a
15-year (7-year) event, 40 years after the start of forest harvesting in the Camp Creek watershed.
Another way of quantifying the effects of forest harvesting on peak flow frequency (and
magnitude) is based on a snapshot comparison of pre- and post-harvest flood frequency curves
(FFC) at any one time in the disturbance history of the Camp Creek watershed. Each FFC in
Figure 20 represents a specific harvested condition shown in Figure 21 (i.e., state of disturbance).
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These harvested conditions represent historic snapshots at various stages of forest harvesting and
regrowth. The estimated peak flow magnitudes and frequencies were derived from GEV
distributions with fixed snow and temperature conditions (long-term averages), allowing only
ECA to vary. Therefore, the difference between FFCs was a result of varying forest disturbance
conditions. The effects of forest harvesting are summarized in Table 9 for a range of peak flow
quantiles from Q2 to Q100. These were derived from the TM16 frequency model for the 11%,
17%, and 24% ECA levels, which were arbitrarily selected for illustrative purposes. At 24%
ECA, the magnitude had increased from 31% to 19% for the 2-yr to 100-yr peak flow events. At
24% ECA where 41% of the area of the Camp Creek watershed had historically been disturbed
(Figure 21), forest harvesting also made peak flow events 3 to 4 times more frequent, where a
100-yr event becomes a 25-yr event, a 50-yr becomes a 15-yr, and a 20-yr becomes a 7-yr
(Figure 20). The ECA level of 11%, which resulted in only a 14% (9%) increase in the peak flow
magnitude of the 2-yr (100-yr) event, doubled the frequency of all peak flows between the 2-yr
and 100-yr return periods. ECA levels of 17% and 24% resulted in an effect on the frequency
that increased with peak flow event size, where a 20-yr event became 2 to 3 times more frequent,
while a 100-yr event became 3 to 4 times more frequent (Figure 20). The confidence interval of
forested FFC (representative of no disturbance conditions) intersected the 24% ECA FFC at a
return period of 40-yr approximately. Hence, the detection limit, as per the null hypothesis
testing at the subjectively selected significance level, would be up to the approximate 40-yr
event, given 24% ECA and 45 years of data. The tilt at the upper end of the confidence band is
associated with the increasing uncertainty in estimating large peak flows (>50-yr) for the given
record length. Here, I report and recognize the role of confidence intervals, but without touting
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the predictions of the nonstationary FP model as important only if they are statistically
significant. This issue will be discussed further in the next section.

Table 9: Magnitude of peak flows of various return periods predicted by TM16 frequency model
for control (ECA=0) and treatment (ECA=11%, 17%, and 24%) scenarios, with % change in
comparison to control provided in parenthesis.
Magnitude (m3/s)

Return period (years)
Control

11% ECA

17% ECA

24% ECA

2

1.04

1.19 (14%)

1.27 (22%)

1.36 (31%)

5

1.39

1.55 (12%)

1.64 (18%)

1.74 (25%)

10

1.62

1.79 (10%)

1.88 (16%)

2.00 (23%)

20

1.83

2.02 (10%)

2.12 (16%)

2.24 (22%)

50

2.12

2.32 (9%)

2.42 (14%)

2.55 (20%)

100

2.33

2.54 (9%)

2.65 (14%)

2.78 (19%)
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Figure 19: The estimated peak flow magnitudes of (a) 100-yr (Q100) and 25-yr (Q25) events, (b)
50-yr (Q50) and 15-yr (Q15) events, and (c) 20-yr (Q20) and 7-yr (Q7) events, and their
respective trend lines fitted to the time series. The red line arrows within the respective panels
are showing an increase in the frequency of peak flows (e.g., the magnitude of the 100-yr event
at the beginning of the time series has become the magnitude of the 25-yr event over 40 years
historic disturbance in the Camp Creek watershed).
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Figure 20: Flood frequency curves representative of 24%, 17%, 11% ECA levels, and no
disturbance conditions in the Camp Creek watershed. The vertical dashed lines indicate the
magnitudes of large peak flows (i.e., Q20, Q50, and Q100) under no disturbance condition. The
red line arrows demonstrate the effects on the return periods of these large events as a result of
harvesting at 24% ECA.

Figure 21: Hypsometric elevation contour lines of the Camp Creek watershed (panel a) (e.g.,
H40 and H60 are hypsometric elevation contour lines above which lies 40% and 60% of the total
watershed area) in relation to (b) aspect distribution, and cut block locations at: (c) 11% ECA,
(d) 17% ECA, and (e) 24% ECA.
82

4.2
4.2.1

Mather Creek-Fry Creek and Baker Creek-McKale River watershed pairs
Are peak flows at the control watersheds stationary after accounting for climate

variability via covariates?
Both the location and scale parameters of the McKale River (control watershed) did not
change as a function of time (Table 10), when time alone was used as a covariate (CM2, CM3,
and CM4 vs. stationary model or CM1). For Fry Creek (control watershed), the distribution
parameters did change with time, based on the same model comparisons (Table 11). Both CM3
and CM4 were significantly improved over CM1 at a = 0.05 when the full record of peak flows
was used. However, the same conclusion could not be made with the reduced record. Therefore,
the time trends found in CM3 and CM4 for Fry Creek could have been an artifact of outliers.
Hence, the time trends needed to be scrutinized further using climate covariates to account for
some temporal variability of peak flows.
Peak snow accumulation (SWE) was a significant covariate for the location parameter of
the peak flow frequency distribution for McKale River. There are two ways to evaluate the
increase of likelihood brought by an additional covariate (SWE) in a nonstationary model, by
comparing CM5 and CM1, as well as comparing CM7 and CM6. The difference between the two
is the addition of SWE to model the location parameter. Based on the results in Table 10, there is
evidence that the location parameter (CM5) changed as a function of SWE. The addition of SWE
in CM5 led to a significant increase in likelihood over the stationary model (CM1). The
improvement brought by SWE, in relation to the location parameter, is consistent with the
comparison between CM7 and CM6. In addition, SWE was also a significant covariate for the
scale parameter when the full record was used via a comparison between CM1 and CM6.
However, the signal was lost when the reduced record was used. The non-significance of SWE in
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relation to the scale parameter was also consistent with the comparison between CM5 and CM7.
Therefore, SWE was a significant and stronger covariate for the location than the scale parameter
for peak flows at McKale River.
SWE was a significant covariate for both the location and scale parameters of the peak
flow frequency distribution for Fry Creek. For the location parameter, the significance of SWE
was shown by comparisons between CM5 and CM1, and CM6 and CM7. The significance of
SWE for the scale parameter was shown by a comparison of CM5 and CM7. Despite the fact that
SWE was not a significant covariate for the scale parameter via a comparison between CM1 and
CM6, a comparison of the two-covariate model (CM7) and CM5 showed that SWE was indeed a
significant covariate for the scale parameter.
Temperature was not a significant climate covariate for both the location and scale
parameters for both McKale River and Fry Creek. Although some convergence issues were
encountered for Fry Creek using the reduced record (e.g., CM9 and CM10 in Table 11), the
conclusion remained the same when the analysis was conducted using the full record. Hence,
temperature was not considered in further model development and evaluation.
Precipitation was a significant covariate for the location parameter of the McKale River
peak flows, based on the comparison between CM11 and CM1 (full record). However, the
significance was lost when the reduced record was used. Despite the fact that the combined
model (CM13) was significantly improved over the stationary model, CM13 was not improved
over its reduced counterpart CM11. Hence, precipitation may be related to the location parameter
only, instead of both distribution parameters. On the other hand, only the scale parameter
changed as a function of precipitation for Fry Creek. Amongst the three models (CM11, CM12,
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and CM13) that used precipitation as a covariate, only CM12 was statistically improved over the
nonstationary model, albeit at a 0.10 significance level.
The distribution parameters for McKale River and Fry Creek appear to be related to
different combinations of snow and precipitation. Additional climate models were developed for
the two watersheds for further evaluation (CM14, CM15, CM16, and CM17 for McKale River;
CM14 and CM15 for Fry Creek). CM16 was the best-fitting model amongst the newly developed
combined models for McKale River, based on the corresponding log-likelihood and AIC scores.
CM16 was also significantly improved over its reduced model CM7 counterpart indicating that
SWE was a significant covariate for both distribution parameters, while precipitation was a
significant covariate for only the location parameter. This is consistent with previous findings in
CM5 and CM11. For Fry Creek, when precipitation was incorporated to model the scale
parameter in CM14 and CM15, both models were not statistically improved over their reduced
model counterpart (CM7). Hence, the use of precipitation did not yield any additional
improvement. Therefore, SWE was the only significant covariate for both the location and scale
parameters for Fry Creek. Consequently, CM16 and CM7 were considered to be the best climate
models for McKale River and Fry Creek, respectively.
To further evaluate the stationarity (or lack thereof) of the control watershed peak flow
time series, CM18 and CM16 were developed for McKale River and Fry Creek, respectively, by
introducing time as a covariate on top of the best climate models. Both CM18 and CM16 were
not improved over their respective reduced climate models (i.e., CM16 for McKale River and
CM7 for Fry Creek). Therefore, the time series of peak flows of McKale River and Fry Creek
were stationary given the climate covariates used in this thesis. It is interesting to note that the
same conclusions were reached for McKale River using models CM2, CM3, and CM4. This was
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not the case for Fry Creek without accounting for the temporal variability. Comparisons using
the combined model with climate inputs and time can lend more confidence to the stationarity
conclusion by taking into account the natural background variability of the peak flow time series.
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Table 10: Negative log-likelihood functions and AIC values for the GEV models of McKale
River (control watershed).
Control
Model Description
Model

McKale River
McKale River
(full record)
(reduced record)
Negative logNegative logAIC
AIC
likelihood
likelihood
168.12
342.24
183.40
372.79

CM1

Qp(µ, σ, ξ)

CM2
CM3
CM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

168.07
166.96
166.90

344.14
341.92
343.80

183.40
182.59
182.51

374.79
373.18
375.02

CM5
CM6
CM7

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

163.19*
166.63#
163.16*

334.38
341.26
336.33

179.53*
183.37
179.31*

367.06
374.74
368.63

CM8
CM9
CM10

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

167.85
167.96
167.81

343.71
343.93
345.62

183.33
182.76
182.75

374.67
373.53
375.51

CM11
CM12
CM13

Qp(µ(precip), σ, ξ)
Qp(µ, σ(precip), ξ)
Qp(µ(precip), σ(precip), ξ)

165.25*
167.23
164.39*

338.49
342.46
338.78

182.20
183.38
148.19~

372.40
374.76
306.39

CM14
CM15
CM16
CM17

Qp(µ(snow), σ(precip), ξ)
Qp(µ(snow), σ(snow, precip), ξ)
Qp(µ(snow, precip), σ(snow), ξ)
Qp(µ(snow, precip), σ(snow, precip), ξ)

162.89*
162.88*
160.12*
159.95*

335.78
337.75
332.23
333.90

179.41*
179.08*
178.37*
145.75~

368.82
370.16
368.74
305.51

CM18 Qp(µ(snow, precip, time), σ(snow, time),
159.68*
335.36
177.79#
* significant over the stationary model at 95% significance levels when LR test is applied
ξ)
# significant over the stationary model at 90% significance levels when LR test is applied

371.59

~ the estimation of model parameter did not converge
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Table 11: Negative log-likelihood functions and AIC values for the GEV models of Fry Creek
(control watershed).

Control
Model

Fry Creek
(full record)

Fry Creek
(reduced record)

Model Description
Negative loglikelihood

AIC

Negative loglikelihood

AIC

CM1

Qp(µ, σ, ξ)

180.33

366.65

187.26

380.53

CM2
CM3
CM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

179.70
177.55*
177.52#

367.41
363.10
365.04

187.15
186.68
186.59

382.30
381.37
383.17

CM5
CM6
CM7

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

174.81*
179.07
172.94*

357.62
366.14
355.87

184.52*
187.06
182.89*

377.05
382.12
375.77

CM8
CM9
CM10

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

180.20
179.88
179.84

368.40
367.76
369.68

187.20
153.37~
165.62~

382.40
314.74
341.24

CM11
CM12
CM13

Qp(µ(precip), σ, ξ)
Qp(µ, σ(precip), ξ)
Qp(µ(precip), σ(precip), ξ)

179.96
178.77#
178.21

367.92
365.53
366.42

186.87
185.70#
185.20

381.74
379.40
380.41

CM14
CM15

Qp(µ(snow), σ(snow, precip), ξ)
Qp(µ(snow), σ(precip), ξ)

172.72*
174.20*

357.45
358.40

182.37*
183.90*

376.74
377.80

CM16
Qp(µ(snow, time), σ(snow, time), ξ)
171.92*
357.84
182.20#
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied

378.41

~ the estimation of model parameter did not converge
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4.2.2

Is there a remaining signal in the peak flows of the treatment watersheds

attributable to forest harvesting, after accounting for climate variability via covariates?
The modelling results are summarized in Table 12 for Mather Creek and Table 13 for
Baker Creek. The peak flow time series of Mather Creek and Baker Creek changed as a function
of time, when time alone was used as a covariate. When TM3 and TM4 were compared to TM1,
there was evidence that both the location and scale parameters were changing as a function of
time for both treatment watersheds, albeit at a 0.10 significance level. Similar time trends were
concluded using ECA as a covariate (TM5, TM6, and TM7). However, the ECA signals were
inconclusive between the full and reduced records. For instance, it can be concluded that forest
harvesting was not affecting the peak flow time series for Baker Creek when both distribution
parameters were not changing as a function of ECA (TM7) using the full record. The opposite
can be concluded with the same TM7 for Baker Creek using the reduced record. Therefore, such
inconclusive outcomes based on time and ECA as standalone covariates can be misleading.
SWE is a significant covariate for both Mather Creek and Baker Creek. Amongst the
three nonstationary models incorporating SWE as a covariate (TM8, TM9, and TM10), both
TM8 and TM10 were improved over the stationary model. Hence, the scale parameter (TM9)
may not be changing as a function of SWE for both Mather Creek and Baker Creek.
Interestingly, when both location and scale parameters were modelled to change as a function of
SWE (TM10), the combined model was improved over the stationary model (TM1) for both
treatment watersheds. SWE was a significant covariate for both distribution parameters for Baker
Creek, since TM10 was improved over the reduced models TM8 and TM9. However, TM10 was
not improved over its reduced counterpart TM8 for the Mather Creek. This indicated a non-
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significant relation between SWE and the scale parameter. Therefore, SWE was a significant
covariate for the location parameter only for Mather Creek.
When temperature was used as a covariate in nonstationary models TM11, TM12, and
TM13, the models mostly showed no improvement over TM1 for both treatment watersheds. The
addition of temperature showed an improvement over the stationary model at a 0.10 significance
level (TM11), and only when the full record was used for Mather Creek. The significance of
temperature as a covariate in further model development was likely to be overshadowed by the
use of other climate covariates (e.g., SWE), as indicated previously. Hence, temperature was not
considered in further model development.
Precipitation was a significant covariate for both the location and scale parameters for
Mather Creek based on the outcomes of nonstationary models TM14, TM15, and TM16.
Therefore, both SWE and precipitation were considered for further model development, giving
rise to models TM17, TM18, and TM19. Amongst these newly developed models incorporating
SWE and precipitation for Mather Creek, TM18 was the best climate model based on the
associated AIC scores. TM18 is also an improvement over its reduced model counterpart
(TM16). Therefore, the location parameter was changing as a function of SWE and precipitation
(consistent with TM8 and TM14). The scale parameter was changing as a function of
precipitation alone (consistent with TM15). For Baker Creek, there was no evidence that the
nonstationary models, incorporating precipitation as a covariate (TM14, TM15, and TM16),
were improved over the stationary model. Since SWE was the only significant climate covariate
for Baker Creek, TM10 was the best climate model to use for further evaluation.
To evaluate potential time trends caused by forest harvesting, ECA was introduced as a
covariate to the corresponding final climate models. Nonstationary models TM20, TM21, and
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TM22 for Mather Creek, and TM17, TM18, and TM19 for Baker Creek were developed. For
Mather Creek, the comparison between TM20 and its reduced counterpart, TM18, suggested that
only the location parameter was changing as a function of ECA, rather than both distribution
parameters. Although convergence issues were encountered for TM22, where both distribution
parameters were modelled as a function of ECA, it was apparent that ECA was related to the
location parameter (i.e., TM20 vs. TM18), but not the scale parameter (i.e., TM21 vs. TM18).
For Baker Creek, both location and scale parameters were changing as a function of ECA based
on comparisons between TM19 and its reduced model counterparts TM10, TM17, and TM18.
Unlike the inconclusive outcomes from TM5, TM6, and TM7, where ECA alone was used as a
covariate, consistent outcomes in relation to ECA were obtained between the full and reduced
records when climate covariates were used in the nonstationary models. Therefore, TM20 and
TM19 were considered to be the final models to quantify forest harvesting effects on peak flows
for Mather Creek and Baker Creek, respectively.
To further evaluate the time trend signal in the peak flow time series, time as a covariate
was introduced to TM18 and TM10, for Mather Creek and Baker Creek, respectively. These
nonstationary models incorporating climate covariates and time (TM23, TM24, and TM25 for
Mather Creek; TM20, TM21, and TM22 for Baker Creek) showed no improvement over their
respective reduced models. Hence, there was no evidence that the peak flow time series was
changing as a function of time, after accounting for the temporal variability of peak flows using
climate covariates for both treatment watersheds. ECA, as a surrogate of forest harvesting,
continued to improve modelling results at both Mather Creek and Baker Creek. No further time
trends were found in their respective control watersheds, Fry Creek and McKale River.
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Table 12: Negative log-likelihood functions and AIC values for the GEV models of Mather
Creek (treatment watershed).

Treatment
Model

Model Description

Mather Creek
(full record)
Negative logAIC
likelihood
183.91
373.83

Mather Creek
(reduced record)
Negative logAIC
likelihood
183.77
373.54

TM1

Qp(µ, σ, ξ)

TM2
TM3
TM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

183.69
182.02#
181.46#

375.39
372.04
372.91

183.61
182.33#
182.04

375.22
372.67
374.08

TM5
TM6
TM7

Qp(µ(ECA), σ, ξ)
Qp(µ, σ(ECA), ξ)
Qp(µ(ECA), σ(ECA), ξ)

182.47#
180.63*
179.87*

372.94
369.27
369.74

182.97
182.15#
181.76

373.94
372.29
373.53

TM8
TM9
TM10

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

175.13*
183.65
174.98*

358.26
375.29
359.95

174.71*
183.76
174.43*

357.42
375.51
358.87

TM11
TM12
TM13

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

182.38#
183.89
182.37

372.75
375.78
374.75

182.95
183.73
182.88

373.90
375.46
375.76

TM14
TM15
TM16

Qp(µ(precip), σ, ξ)
Qp(µ, σ(precip), ξ)
Qp(µ(precip), σ(precip), ξ)

179.83*
181.00*
178.84*

367.65
369.99
367.67

181.41*
182.03#
180.40*

370.82
372.07
370.80

TM17
TM18
TM19

Qp(µ(snow, precip), σ(snow), ξ)
Qp(µ(snow, precip), σ(precip), ξ)
Qp(µ(snow), σ(snow, precip), ξ)

170.52
167.64
172.76

353.03
347.28
357.51

170.34
169.06
173.30

352.69
350.11
358.60

TM20
TM21

Qp(µ(snow, precip, ECA), σ(precip), ξ)
Qp(µ(snow, precip), σ(precip, ECA), ξ)
Qp(µ(snow, precip, ECA), σ(precip,
ECA), ξ)

164.72*
167.62

343.45
349.25

166.60*
169.01

347.20
352.02

136.35~

288.70

131.39~

278.77

Qp(µ(snow, precip, time), σ(precip), ξ)
166.34
346.68
167.89
Qp(µ(snow, precip), σ(precip, time), ξ)
167.63
349.26
169.06
Qp(µ(snow, precip, time), σ(precip,
TM25
166.21
348.41
167.84
time), ξ)
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied
~ the estimation of model parameter did not converge

349.77
352.11

TM22
TM23
TM24

351.67
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Table 13: Negative log-likelihood functions and AIC values for the GEV models of Baker Creek
(treatment watershed).
Treatment
Model

Model Description

Baker Creek
Baker Creek
(full record)
(reduced record)
Negative logNegative logAIC
AIC
likelihood
likelihood
214.54
435.08
218.79
443.58

TM1

Qp(µ, σ, ξ)

TM2
TM3
TM4

Qp(µ(time), σ, ξ)
Qp(µ, σ(time), ξ)
Qp(µ(time), σ(time), ξ)

214.50
212.22*
212.19#

437.00
432.44
434.37

218.65
216.22*
216.20#

445.31
440.45
442.39

TM5
TM6
TM7

Qp(µ(ECA), σ, ξ)
Qp(µ, σ(ECA), ξ)
Qp(µ(ECA), σ(ECA), ξ)

213.73
212.67#
212.24

435.45
433.34
434.48

217.18#
216.07*
215.60*

442.36
440.15
441.20

TM8
TM9
TM10

Qp(µ(snow), σ, ξ)
Qp(µ, σ(snow), ξ)
Qp(µ(snow), σ(snow), ξ)

205.48*
214.42
203.69*

418.96
436.84
417.37

209.93*
218.78
208.77*

427.87
445.56
427.55

TM11
TM12
TM13

Qp(µ(temp), σ, ξ)
Qp(µ, σ(temp), ξ)
Qp(µ(temp), σ(temp), ξ)

213.40
214.48
213.38

434.81
436.96
436.75

217.78
218.65
217.78

443.56
445.29
445.55

TM14
TM15
TM16

Qp(µ(precip), σ, ξ)
Qp(µ, σ(precip), ξ)
Qp(µ(precip), σ(precip), ξ)

213.98
214.23
213.26

435.97
436.47
436.51

218.17
218.33
217.45

444.33
444.67
444.90

TM17
TM18
TM19

Qp(µ(snow, ECA), σ(snow), ξ)
Qp(µ(snow), σ(snow, ECA), ξ)
Qp(µ(snow, ECA), σ(snow, ECA), ξ)

201.36*
202.87*
199.87*

414.72
417.75
413.74

206.17*
207.28*
204.26*

424.35
426.55
422.52

TM20
Qp(µ(snow, time), σ(snow), ξ)
201.54*
415.07
206.49*
TM21
Qp(µ(snow), σ(snow, time), ξ)
202.84*
417.67
207.53*
TM22
Qp(µ(snow, time), σ(snow, time), ξ)
200.57*
415.14
205.34*
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied

424.98
427.06
424.68

~ the estimation of model parameter did not converge
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4.2.3

Conditional predictions of forest harvesting effects on peak flows at Mather Creek

and Baker Creek
The return level plots for the time series of estimated peak flow magnitudes are illustrated
in Figure 22a-22c and Figure 23a-23c for Mather Creek and Baker Creek, respectively. These
time series, ranging from Q100 to Q2, were estimated based on the corresponding final
quantification models, TM20 for Mather Creek and TM19 for Baker Creek. This quantification
technique allowed the distribution parameters to change as functions of climate and ECA
covariates. There are visually identifiable upward trends associated with all estimated peak flow
time series as a result of forest harvesting for both treatment watersheds. Based on a simple
linear regression analysis using time as a predictor, the slopes of the trend line fitted to the
estimated Q100, Q50, Q30, Q20, and Q7 time series of Mather Creek ranged from 0.19 m3/s to
0.12 m3/s per year (Figure 22). The same slopes ranged from 1.29 m3/s to 0.35 m3/s per year for
the estimated Q100, Q50, Q20, Q4, Q3, and Q2 time series of Baker Creek (Figure 23). The
slopes are increasing with return periods for both watersheds. According to the fitted trend lines,
the 100-yr event had increased from approximately 17 m3/s to 25 m3/s (Figure 22a) and 91 m3/s
to 151 m3/s (Figure 23a), for Mather Creek and Baker Creek, a 47% and 66% increase,
respectively.
Over four to five decades, forest harvesting caused as much as a 38% and 114% increase
in peak flow magnitude at 22% and 37% ECA levels at Mather Creek and Baker Creek,
respectively. Such changes in the peak flow magnitude are hinting to a change of peak flow
frequency as a result of forest harvesting. For instance, Figure 23a shows how the magnitude of
the 100-yr event, which is about 150 m3/s at the end of the return level plot according to the
fitted trend line, is similar to the magnitude of 4-yr events at the beginning of the same return
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level plot. Therefore, the flow magnitude that was originally defined to be the 100-yr event has
become 25 times more frequent 43 years after the start of forest harvesting in the Baker Creek
watershed. For Mather Creek, forest harvesting appeared to cause an increase in peak flow
magnitude, hence a shift in peak flow frequency as well. Such effects on the peak flow frequency
are similar to those of Camp Creek, yet the effects are lower than those predicted for Baker
Creek.
Despite the fact that the red arrows are not perfectly horizontal in Figure 22, these arrows
still provide an illustrative example of forest harvesting effects on the frequency from the
perspective of a return level plot. The effects of forest harvesting on peak flow frequency (and
magnitude) is based on a snapshot comparison of pre- and post-harvest flood frequency curves
(FFC), at any one time in the disturbance history of the Mather Creek and Baker Creek
watersheds, shown in Figure 24 and Figure 25, respectively. Again, these harvested conditions,
represent historic snapshots at various stages of forest harvesting and regrowth. The estimated
peak flow magnitudes and frequencies were derived from GEV distributions with fixed climate
conditions (long-term averages), allowing only ECA to vary. Therefore, the difference between
FFCs is a result of varying forest disturbance conditions. The forest harvesting effects are
summarized in Table 14 and Table 15 for Mather Creek and Baker Creek, respectively. The peak
flow quantiles, ranging from 2-yr to 100-yr events at various ECA levels, were selected
arbitrarily for illustrative purposes.
At a 22% ECA level, the magnitude had increased from 38% to 15% for the 2-yr to 100yr peak flow events (Table 14) at Mather Creek, where about 25% of the watershed had been
disturbed (Figure 26). Large peak flows still became approximately three times as frequent, so
that a 50-yr event became a 15-yr event, and a 100-yr event became a 30-yr event. At a 10%
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ECA for the Mather Creek watershed, an increase in the magnitude of only 17% to 7% resulted
in doubling the frequency of all peak flows between the 2-yr and 100-yr return periods. At a 37%
ECA for Baker Creek watershed, where 46% of the area had been historically disturbed (Figure
27), the treatment effects are higher than those predicted for Mather Creek. The magnitude
increased by 114% to 112% for the 2-yr to 100-yr peak flow events (Table 15). Forest harvesting
caused the peak flows to be 10 to 25 times more frequent, where a 20-yr event became a 2-yr
event, a 50-yr event became a 3-yr event, and a 100-yr event became a 4-yr event. The effect on
frequency tends to increase with peak flow event size. At Baker Creek, an ECA level of 10%
resulted in about a 30% increase in peak flow magnitude (Table 15). This level of increase
tripled the frequency of all peak flows between the 2-yr and 100-yr return periods.
The 95% confidence intervals (CI) of the forested FFC followed a similar trajectory for
both treatment watersheds. The CIs were lower than the corresponding 10% ECA FFCs at the
lower end. The CIs intersect their FFCs at approximately Q7 for Mather Creek and Q50 for
Baker Creek. As a result of a larger uncertainty in the estimation of the large peak flows, the
upper tails of the CIs were tilted upwards. The CIs illustrate how the detection limit would be up
to approximately the Q7 event, given 22% ECA and 42 years of data for Mather Creek. The
detection limit for Baker Creek would be up to approximately the Q50 event, given 37% ECA
and 48 years of data.
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Figure 22: The estimated peak flow magnitudes of (a) 100-yr (Q100) and 30-yr (Q30) events, (b)
50-yr (Q50) and 20-yr (Q15) events, and (c) 20-yr (Q20) and 7-yr (Q7) events, and their
respective trend lines fitted to the time series. The red line arrows within the respective panels
are showing an increase in the frequency of peak flows (e.g., the magnitude of the 100-yr event
at the beginning of the time series has become the magnitude of the 30-yr event over 40 years
historic disturbance for Mather Creek).
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Figure 23: The estimated peak flow magnitudes of (a) 100-yr (Q100) and 4-yr (Q4) events, (b)
50-yr (Q50) and 3-yr (Q3) events, and (c) 20-yr (Q20) and 2-yr (Q2) events, and their respective
trend lines fitted to the time series. The red line arrows within the respective panels are showing
an increase in the frequency of peak flows (e.g., the magnitude of the 100-yr event at the
beginning of the time series has become the magnitude of the 4-yr event over 50 years historic
disturbance for Baker Creek).
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Figure 24: Flood frequency curves representative of 22%, 10% ECA levels, and no harvesting
conditions for Mather Creek. The vertical dashed lines indicate the magnitudes of large peak
flows (i.e., Q20, Q50, and Q100) under no disturbance condition. The red line arrows
demonstrate the effects on return periods of these large events as a result of harvesting at 22%
ECA.

Figure 25: Flood frequency curves representative of 37%, 30%, 20%, 10% ECA levels, and no
harvesting conditions for Baker Creek. The vertical dashed lines indicate the magnitudes of large
peak flows (i.e., Q20, Q50, and Q100) under no disturbance condition. The red line arrows
demonstrate the effects on return periods of these large events as a result of harvesting at 37%
ECA.
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Table 14: Magnitude of peak flows of various return periods predicted by TM20 frequency
model for control (ECA=0) and treatment (ECA=10%, and 22%) scenarios for Mather Creek,
with % change in comparison to control provided in parenthesis.
Magnitude (m3/s)

Return period (years)
Control

10% ECA

22% ECA

2

8.17

9.57 (17%)

11.26 (38%)

5

10.85

12.25 (13%)

13.95 (29%)

10

12.86

14.26 (11%)

15.96 (24%)

20

14.99

16.38 (9%)

18.08 (21%)

50

18.05

19.45 (8%)

21.14 (17%)

100

20.6

22.00 (7%)

23.69 (15%)

Table 15: Magnitude of peak flows of various return periods predicted by TM19 frequency
model for control (ECA=0) and treatment (ECA=10%, 20%, 30%, and 37%) scenarios for Baker
Creek, with % change in comparison to control provided in parenthesis.
Magnitude (m3/s)
20% ECA
30% ECA

Return period
(years)

Control

10% ECA

2

32.71

42.77 (31%)

52.85 (62%)

62.92 (92%)

69.97 (114%)

5

47.33

61.79 (31%)

76.28 (61%)

90.76 (92%)

100.90 (113%)

10

57.61

75.17 (30%)

92.76 (61%)

110.34 (92%)

122.65 (113%)

20

67.94

88.62 (30%)

109.33 (61%)

130.03 (91%)

144.52 (113%)

50

82.05

106.99 (30%)

131.95 (61%)

156.91 (91%)

174.38 (113%)

100

93.19

121.49 (30%)

149.81 (61%)

178.13 (91%)

197.96 (112%)

37% ECA

100

Figure 26: Hypsometric elevation contour for the Mather Creek watershed with (a) no logging,
(b) 10% ECA, (c) 22% ECA, in relation to aspect distribution (panel d).

Figure 27: Hypsometric elevation contour for the Baker Creek watershed with (a) no logging, (b)
10% ECA, (c) 20% ECA, (d) 30% ECA, (e) 37% ECA, in relation to aspect distribution (panel
f).
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4.3
4.3.1

Bowron River- and Willow River-McGregor River watershed pairs
Are peak flows at the control watershed stationary after accounting for climate

variability via covariates?
It is necessary to rule out any potential time trends for McGregor River (control
watershed) prior to conducting attribution processes in the treatment watersheds. This allows for
the attribution of any potential time trends found for the Bowron River and the Willow River
watersheds to forest harvesting. The modelling procedures were carried out with POT peak flows
that were identified using separations, r, equal to 7, 8, and 9. The resulting arrival rates, defined
by the number of peak flow events per year, ranged from 1.83 to 2.04. The negative loglikelihood, AIC scores, and the LR test results of the models associated with the McGregor River
are shown in Table 16.
No time trends were detected in the scale parameter of the peak flow distribution for the
McGregor River watershed when time alone was used as a covariate (CM2). The nonsignificance is consistent amongst the three POT time series with different arrival rates.
However, such stationary conclusions can be misleading given the large temporal variability of
the peak flow time series, as shown previously. The time trends need to be scrutinized by climate
covariates, as illustrated below.
SWE was a significant covariate for the scale parameter of the peak flow frequency
distribution for McGregor River, demonstrated by the comparison between CM3 and the
stationary model (CM1). The significance is consistent amongst the three POT time series.
However, the same cannot be concluded for the other climate covariate, warming rates. The
introduction of warming rates in CM4 yielded significant improvement only when the POT time
series with the lowest arrival rate was used. No improvement was made for the other two time
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series. Despite the lack of consistency, warming rates was retained for further model
development to evaluate the contribution of warming rates in a two-covariate model. Therefore,
both SWE and warming rates were used to develop the nonstationary model, CM5. This
combined model seemed to be an improvement over the stationary model. However, the
improvement brought by warming rates was lost when it was compared to its reduced model
counterpart (CM3). The lack of improvement brought by warming rates is in line with the
outcomes of CM4. As a result, SWE was the only significant covariate for modelling the peak
flows of McGregor River and CM3 was the best climate model.
Time as a covariate was introduced to CM3, giving rise to CM6, to evaluate if there was
any leftover signal in the peak flows. As the results of CM6 suggest, there was no evidence that
the addition of time led to a significant increase in likelihood. Both the nonstationary model with
time alone (i.e., CM2) or with one climate covariate (i.e., CM6), led to the same conclusion: the
peak flow time series of McGregor River was stationary given the climate covariates used in this
thesis.
Table 16: Negative log-likelihood functions and AIC values for the GPD models for McGregor
River control watershed.
Model McGregor River

r =7, m =2.04
r =8, m =1.93
r =9, m =1.83
Negative log- AIC Negative log- AIC
Negative logAIC
likelihood
likelihood
likelihood
396.70
797.41
377.36
758.73
358.62
721.24

CM1

Qp(σ, ξ)

CM2

Qp(σ(time), ξ)

396.58

799.16

377.26

760.51

358.54

723.07

CM3

Qp(σ(snow), ξ)

386.53*

779.05

366.54*

739.08

346.37*

698.73

CM4

Qp(σ(dT/dt), ξ)

396.24

798.48

376.44

758.88

357.20#

720.39

CM5

Qp(σ(snow, dT/dt), ξ)

386.44*

780.88

366.32*

740.65

346.14*

700.28

CM6

Qp(σ(snow, time), ξ)

385.99*

779.99

366.05*

740.10

345.89*

699.78

* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied
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4.3.2

Is there a remaining signal in the peak flows of the treatment watershed

attributable to forest harvesting, after accounting for climate variability via covariates?
To detect the signals caused by forest harvesting in the peak flow time series for the
Bowron River and Willow River watersheds, it is important to follow similar procedures as for
the McGregor River watershed. The modelling results are shown in Table 17 and Table 18, for
the Bowron River and Willow River, respectively. No time trends were detected in the scale
parameter of the peak flow distribution of Bowron River, when time alone was used as a
covariate (TM2). However, the addition of ECA has led to a significant increase in the likelihood
of TM3 from the stationary model for Bowron River. The outcomes in regards to ECA are
consistent for the three POT time series. On the other hand, the peak flow time series was
changing as a function of both time (TM2) and ECA (TM3), albeit only at a 0.10 significance
level for Willow River. The improvement brought by ECA was applicable to two of the three
POT time series. Hence, the ECA signal at Willow River remained inconclusive, and it needs
further evaluation using climate covariates.
SWE and warming rates were both statistically significant covariates for the peak flow
frequency distributions of Bowron River and Willow River. There was strong evidence that the
addition of SWE led to a significant increase in the likelihood of TM4 over TM1. However, a
similar comparison between TM5 and TM1 revealed that warming rates can be a significant
covariate for the peak flows of Willow River, but not Bowron River. Further evaluation, using
TM6 and TM4 for Bowron River, revealed significant improvement brought by warming rates.
This comparison indicated that the scale parameter was changing as a function of warming rates
at Bowron River, similar to Willow River. Therefore, warming rates was a significant covariate
for the peak flow frequency distribution for both treatment watersheds via different comparisons.
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It is interesting to note that SWE appeared to be a significant covariate in similar ways for both
Bowron River and Willow River. This was determined by the difference in AIC values between
TM1 and TM4. Warming rates, on the other hand, was a stronger covariate for the peak flows of
Willow River than Bowron River. For instance, warming rates alone was not a significant
covariate for Bowron River (i.e., TM5 vs. TM1) and the difference in AIC values between the
nested models (i.e., TM5 vs. TM1, TM6 vs. TM4) were greater for Willow River than Bowron
River.
Both SWE and warming rates were significant covariates for Bowron River and Willow
River. Hence, TM6 was the best climate model for both treatment watersheds. ECA was
introduced to TM6 giving rise to TM7, which was used to evaluate forest harvesting signals in
the peak flow time series. The addition of ECA led to a significant increase in the likelihood of
TM7 over TM6 for both treatment watersheds. The improvement was consistent for all three
POT time series. After accounting for the natural background variability of peak flows using
SWE and warming rates, ECA, as a surrogate of forest harvesting, continued to improve the
nonstationary modelling results at Bowron River and Willow River. No further time trends were
concluded in their nearby control watershed McGregor River.
To further evaluate the time trend signal in the peak flow time series for Bowron River
and Willow River, time as a covariate was introduced to TM6, giving rise to TM8 for both
treatment watersheds. There is no evidence that the peak flow time series of Bowron River was
changing as a function of time after accounting for some temporal variability using SWE and
warming rates. For Willow River, on the other hand, time as a covariate made similar
improvements in the nonstationary model as ECA (i.e., TM7 vs. TM6, TM8 vs. TM6). As a
matter of fact, the historic forest harvesting that occurred in Willow River watershed resulted in a
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gradual and monotonic increase in ECA levels (Figure 18), which was similar to the pattern of
time as a covariate. Hence, time as a surrogate of ECA could explain the leftover signal in the
peak flow time series in relation to forest harvesting.
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Table 17: Negative log-likelihood functions and AIC values for the GPD models for Bowron
River.
Model

Bowron River

r =11, m = 1.5
Negative log- AIC
likelihood

r =13, m = 1.43
Negative log- AIC
likelihood

r =15, m =1.35
Negative log- AIC
likelihood

TM1

Qp(σ, ξ)

350.33

704.66

334.91

673.81

318.99

641.97

TM2

Qp(σ(time), ξ)

349.65

705.29

334.25

674.49

318.38

642.76

TM3

Qp(σ(ECA), ξ)

348.16*

702.31

332.37*

670.74

315.81*

637.62

TM4

Qp(σ(snow), ξ)

347.79*

701.59

332.44*

670.88

316.88*

639.76

TM5

Qp(σ(dT/dt), ξ)

349.47

704.94

334.19

674.39

318.88

643.75

TM6

Qp(σ(snow, dT/dt), ξ)

345.08*

698.15

329.42*

666.84

314.58*

637.16

Qp(σ(snow, dT/dt,
343.63*
697.27
327.92*
665.85
313.22*
ECA), ξ)
TM8
Qp(σ(snow, dT/dt,
344.46*
698.93
328.85*
667.70
314.26*
time), ξ)
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied

636.44

TM7

638.53

Table 18: Negative log-likelihood functions and AIC values for the GPD models for Willow
River.
Model Willow River

r =1, m =1.76
r =5, m =1.50
r =9, m =1.39
Negative logAIC Negative log- AIC Negative logAIC
likelihood
likelihood
likelihood
384.97
773.93
337.10
678.21
315.00
634.00

TM1

Qp(σ, ξ)

TM2

Qp(σ(time), ξ)

383.30#

772.61

335.21#

676.43

313.90

633.80

TM3

Qp(σ(ECA), ξ)

383.32#

772.65

335.44#

676.89

314.12

634.24

TM4

Qp(σ(snow), ξ)

383.11#

772.22

334.53*

675.07

312.49*

630.97

TM5

Qp(σ(dT/dt), ξ)

372.70*

751.39

329.10*

664.20

308.30*

622.60

TM6

Qp(σ(snow, dT/dt), ξ)

372.22*

752.44

328.05*

664.10

307.13*

622.26

Qp(σ(snow, dT/dt,
374.66*
759.32
325.60*
661.20
305.05*
ECA), ξ)
TM8 Qp(σ(snow, dT/dt,
374.50*
759.01
325.05*
660.09
304.29*
time), ξ)
* significant over the stationary model at 95% significance levels when LR test is applied
# significant over the stationary model at 90% significance levels when LR test is applied

620.10

TM7

618.58
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4.3.3

Conditional predictions of hydrologic effects from forest harvesting at Bowron

River and Willow River
The nonstationary frequency models were used in this research for two purposes. The
first purpose was to detect and attribute the effects of forest harvesting on the frequency
distribution parameters and, hence, on the magnitude and frequency of peak flows. The second
purpose was to quantify the potential effects of forest harvesting on the magnitude and frequency
of peak flows. In the previous sections, I have shown that the peak flow time series of McGregor
River (control watershed) appeared to be stationary. The peak flow time series of the treatment
watersheds were found to be related to forest harvesting, using the nonstationary frequency
models driven by climate covariates and ECA. In this section, I further illustrate the forest
harvesting effects on peak flow using two quantification techniques. Both methods were based
on the final fitted model for the treatment watersheds (TM7). The quantification of treatment
effects was carried out using r = 13 and 9, for Bowron River and Willow River, respectively.
The return level plots for the time series of estimated peak flow magnitudes are illustrated
in Figure 28a, 28b and Figure 29a, 29b, for Bowron River and Willow River, respectively. These
time series of peak flows, ranging from Q100 to Q3, were estimated based on their final
quantification model (TM7). This quantification technique allowed distribution parameters to
change as functions of climate and ECA covariates. Despite the fluctuations in the peak flow
time series, as a result of the natural background variability, there are obvious upward trends
associated with the estimated time series for both treatment watersheds, brought about by forest
harvesting. Based on simple linear regression analyses using time as a predictor, the slopes of the
trend line fitted to the estimated Q100, Q20, Q4, and Q3 time series ranged from 2.61 m3/s to
1.78 m3/s per year for Bowron River. The same slopes ranged from 3.14 m3/s to 1.92 m3/s per
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year for the estimated Q100, Q20, Q5, and Q4 time series for Willow River, with the slope
increasing with return period. According to the fitted trend line, the 100-yr event increased from
approximately 392 m3/s to 590 m3/s (Figure 28a) and 330 m3/s to 562 m3/s (Figure 29a) for
Bowron River and Willow River (51% and 61% increase), respectively, over the course of
approximately five to six decades. For Bowron River (Willow River), forest harvesting elevated
the magnitude of 4-yr (5-yr) events at the end of the return level plot similar to those of 100-yr
events. Despite both 100-yr and 10-yr events being subject to a similar upward trend for Bowron
River and Willow River, it is interesting to note that the difference between the magnitude of
100-yr and 10-yr events got increasingly larger with time. This implies that the bigger event, the
bigger are treatment effects, as was implied in the increasing slopes (of fitted trend lines) with
increasing return period.
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Figure 28: The estimated peak flow magnitudes of (a) 100-yr (Q100) and 4-yr (Q4) events and
(b) 20-yr (Q20) and 3-yr (Q3) events, and their respective trend lines fitted to the time series.
The red line arrows within the respective panels are showing an increase in the frequency of peak
flows (e.g., the magnitude of the 100-yr event at the beginning of the time series has become the
magnitude of the 4-yr event over 50 years historic disturbance for the Bowron River).
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Figure 29: The estimated peak flow magnitudes of (a) 100-yr (Q100) and 5-yr (Q5) events and
(b) 20-yr (Q20) and 4-yr (Q4) events, and their respective trend lines fitted to the time series.
The red line arrows within the respective panels are showing an increase in the frequency of peak
flows (e.g., the magnitude of the 100-yr event at the beginning of the time series has become the
magnitude of the 5-yr event over 50 years historic disturbance for the Willow River).
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A snapshot comparison of pre- and post-harvest FFC, at any one time in the disturbance
history, can be used to quantify the effects of forest harvesting on peak flow frequency (and
magnitude). The FFCs for Bowron River and Willow River are shown in Figure 30 and Figure
31, respectively. The corresponding cut block distributions are shown in Figure 32. The
estimated peak flow magnitudes and frequencies were derived from GPD, with fixed SWE and
warming rates (long-term averages), allowing only ECA to vary. Therefore, the difference
between FFCs was a result of varying forest disturbance conditions. The effects of forest
harvesting are summarized in Table 19 and Table 20, for Bowron River and Willow River,
respectively. The peak flow quantiles, ranging from 2-yr to 100-yr, were predicted by the TM7
frequency model. The 10% and 22% ECA levels were arbitrarily selected for illustrative
purposes. At 22% ECA, large peak flows such as 20-yr, 50-yr, and 100-yr events under forested
conditions became events with less than a 5-yr return period. The magnitude had increased by
27% to 40% for Bowron River (Table 19), and 42% to 55% for Willow River (Table 20), for
peak flow events ranging from 2-yr to 100-yr. At 10% ECA, large events (20-yr, 50-yr, and 100yr) become events with less than a 10-yr return period for both watersheds, as a result of an
increase in magnitude ranging from 12% to 18% (19% to 25%) at Bowron River (Willow River).
The percentage increase in peak flow magnitude was higher at Willow River than Bowron River
(Table 19 and Table 20), which is consistent with the effects predicted by the return plots above.
The 95% CI of the forested FFC intersected the 22% ECA FFC at about a 30-yr return
period for Bowron River. This illustrates the detection limit, as per the null hypothesis testing at
the subjectively selected significance level (0.05), would be at about the 30-yr event, given 22%
ECA and sample size of 75 POT events. The upper tail of the Bowron River FFC (>20-yr) was
steepened as a result of a larger uncertainty in estimating the larger peak flows of given record
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length. For Willow River, the 95% CI of the forested FFC resembles the 10% ECA FFC.
Therefore, forest harvesting effects beyond 10% ECA can be statistically detected, as per the null
hypothesis testing, based on a sample size of 77 POT events.
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Figure 30: Flood frequency curves representative of 22%, 10% ECA levels, and no harvesting
conditions for the Bowron River. The vertical dashed lines indicate the magnitudes of large peak
flows (i.e., Q20 and Q100) under the no disturbance condition. The red line arrows demonstrate
the effects on return periods of these large events as a result of harvesting at a 22% ECA.

Figure 31: Flood frequency curves representative of 22%, 10% ECA levels, and no harvesting
conditions for the Willow River. The vertical dashed lines indicate the magnitudes of large peak
flows (i.e., Q20 and Q100) under the no disturbance condition. The red line arrows demonstrate
the effects on return periods of these large events as a result of harvesting at a 22% ECA.
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Table 19: Magnitude of peak flows of various return periods predicted by TM7 frequency model
for control (ECA=0) and treatment (ECA=10% and 22%) scenarios for the Bowron River, with
% change in comparison to control provided in parenthesis.
Magnitude (m3/s)
Return period (years)
Control

10% ECA

22% ECA

2

257.32

288.88 (12%)

326.80 (27%)

5

334.03

388.01 (16%)

452.86 (36%)

10

364.64

427.57 (17%)

503.17 (38%)

20

382.43

450.56 (18%)

532.40 (39%)

50

395.06

466.88 (18%)

553.16 (40%)

100

400.10

473.40 (18%)

561.44 (40%)

Table 20: Magnitude of peak flows of various return periods predicted by TM7 frequency model
for control (ECA=0) and treatment (ECA=10% and 22%) scenarios for the Willow River, with %
change in comparison to control provided in parenthesis.
Magnitude (m3/s)

Return period (years)
Control

10% ECA

22% ECA

2

135.67

161.64 (19%)

192.74 (42%)

5

217.32

266.92 (23%)

326.50 (50%)

10

259.55

321.37 (24%)

395.63 (52%)

20

290.07

360.72 (24%)

445.58 (54%)

50

317.83

396.51 (25%)

491.02 (54%)

100

332.18

415.02 (25%)

514.52 (55%)
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Figure 32: Hypsometric elevation contours of the Bowron River and Willow River watersheds in
relation to (a) aspect distribution, at (b) no logging, (c) 10% ECA, and (d) 22% ECA conditions.
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Chapter 5: Discussion
5.1
5.1.1

Understanding the physics of peak flows in a nonstationary stochastic framework
Forest harvesting effects on stand-level processes
Under both forested and harvested conditions, peak snow accumulation (SWE) appears to

be the dominant climate covariate for the location parameter of the GEV distribution of Camp
Creek, Mather Creek, and Baker Creek. The location parameter is a function of the mean of the
peak flow frequency distribution, which can be interpreted as the peak flow event with an
approximate 2-yr return period (Q2). The relationship between Q2 and snow accumulation has
been implied in the regional flood frequency analysis literature. This type of analysis is often
used to estimate the magnitude and frequency of peak flows in ungauged watersheds, using
regression analysis to relate watershed and climate characteristics to peak flows. For example,
drainage area is highly correlated to the volume and rate of precipitation falling on the watershed
(Benson, 1964). Drainage area is the dominant predictor for all 50 states in the United States
(US) and in some cases the only predictor in the regression equations (Jennings et al., 1994). In
addition, mean annual snowfall is the dominant predictor of peak flows for snow-dominated
states such as Vermont and Wisconsin (Jennings et al., 1994). Mean watershed elevation, a
surrogate of soil moisture input from rain or snow, depending on climate (Gupta and Dawdy,
1995), is the dominant predictor for snow-dominated states, such as New Mexico (Waltemeyer,
1986) and Utah (Thomas and Lindskov, 1983). A recent study revealed the strong relationship
between peak snow accumulation and annual peak flows in snow-dominated watersheds across a
range of spatial scales in British Columbia (Curry and Zwiers, 2018). Whether it be drainage
area, annual precipitation, annual snowfall, or mean watershed elevation, these predictors
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represent the direct (e.g., precipitation) and indirect (e.g., drainage area) soil moisture input that
is potentially contributing to peak flows.
Temperature and warming rates were significant predictors of peak flows in the
nonstationary modelling results of Camp Creek, Bowron River, Willow River, and McGregor
River. The outcomes were in line with the findings of Green and Alila (2012) and Curry and
Zwiers (2018). The modelling results showed that peak flows under harvested conditions are
more related to temperature and warming rates, than those generated under forested conditions.
For Greata Creek, this was shown in the improvement made by using temperature as a covariate
for only the location parameter. For Camp Creek, temperature appeared to be a significant
covariate for both distribution parameters. Warming rates were significant climate covariates for
Bowron River and Willow River, but not their control watershed McGregor River (Table 16-18).
Based on the well-established understanding of energy balance in relation to harvesting, it is
reasonable to expect peak flows generated under harvested conditions to be more sensitive to
temperature. In continental snow environments, peak flows are primarily generated as a result of
snowmelt, which is largely driven by radiative energy (US Army Corps of Engineers, 1956).
Even though both forested and harvested watersheds receive the same source of radiation from
the atmosphere, the presence of forest cover can alter the form of energy. The accumulated snow
receives different total amounts of energy for snowmelt under forested and harvested conditions.
For instance, under harvested conditions, the dominant energy source generating snowmelt is
shortwave irradiance, whereas under forested conditions canopy extinction reduces shortwave
irradiance by reflection and absorption (Ellis and Pomeroy, 2007; Link and Marks, 1999a).
While shortwave irradiance is reduced by the canopy, the effects of heating increase as a result
of increasing longwave irradiance from thermal emission off the branches, foliage, and tree
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trunks (Black et al., 1991). As a result, longwave radiation becomes the dominant source of
energy for snowmelt under forested conditions. Hence, the significant relationship found
between warming rates and the peak flows of the large treatment watersheds. The total amount of
energy acting on the snowpack contributed primarily by shortwave irradiance is generally higher
under harvested conditions than forested conditions, especially on south-exposed slopes (Ellis et
al., 2011). At Camp Creek, for instance, since harvesting occurred mostly on south-exposed
slopes (Figure 21), the peak flows generated under harvested conditions are expected to be more
sensitive to temperature input than those generated under forested conditions.
Precipitation, in the form of rain during the days leading to the peak of the melt season
hydrograph, was found to be a significant climate covariate for the peak flows of McKale River,
Mather Creek, and Fry Creek. There are several interesting patterns between precipitation and
peak flows, in relation to watershed location and size.
Firstly, it is interesting how the nonstationary frequency modelling was able to detect
some relation between precipitation and peak flows, because the majority of peak flow events are
primarily generated as a result of snowmelt, largely driven by net shortwave radiation (US Army
Corps of Engineers, 1956). However, some peak flows can be affected by precipitation events in
the form of rain via their contributions to snowmelt energy and moisture input. These
precipitation events in BC’s interior are mostly convective, where the moisture availability and
amount of surface heating determine the duration and intensity of the precipitation event (Eaton
and Moore, 2010). Convective precipitation events are usually of short duration (less than a day),
high volume, high intensity, and localized (less than 30 km2) (Borga et al., 2008). When
temperatures are above freezing, these precipitation events can occur in late spring through early
fall.
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Secondly, a relationship between precipitation and peak flows was found in three
watersheds, which are all located on the windward side of the Rocky Mountain Range (Figure 6),
where annual precipitation is higher than the watersheds located in BC’s interior. (e.g.,
Schnorbus et al., 2010 Figure 6 p. 7). The air mass derived from the Pacific Ocean ascends and
releases moisture on the western slopes of the Coastal Mountains (of BC), so the leeside (BC’s
interior) receives little moisture from the air mass and has some of the driest climates within the
entire province. As the air masses move farther eastward in the province, they reach the Rocky
Mountain Range and release some additional moisture on the windward side of the Rocky
Mountains (Eaton and Moore, 2010), where the Mather Creek-Fry Creek pair is located.
Therefore, extra moisture arriving in the form of convective events in the area, in addition to the
existing snow accumulation and melt, can increase the likelihood of precipitation affecting the
peak flow events.
Lastly, the signal between precipitation and peak flows in the three watersheds is reduced
with increasing watershed size. For instance, the relationship between precipitation and peak
flows is: (i) significant via both distribution parameters of the peak flow frequency distribution at
0.05 significance levels at Mather Creek (133 km2); (ii) significant via only one parameter at
McKale River (353 km2); and (iii) only weakly significant via one parameter at Fry Creek (585
km2). As watershed size increases, it is more likely to catch the localized convective precipitation
events affecting the peak flows. However, the signal between precipitation and peak flows can be
reduced and eventually lost in larger watersheds (Baker Creek, 1564 km2). Given the relatively
small size of the convective rain cells, the moisture contribution from the precipitation event is
reduced relatively, as watershed size increases. The amount of moisture brought by precipitation
can be relatively small in comparison to the amount of snowmelt (Macdonald and Hoffman,
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1995). This rational remains speculative as precipitation measured by nearby weather stations
may not accurately represent the contribution to the peak flows with increasing watershed size.
There is often a shortage of weather stations in large watersheds to provide adequate spatial
coverage of the localized precipitation events (Macdonald and Hoffman, 1995).
Forest harvesting can affect the mass and energy balance in snowmelt events affected by
precipitation, causing peak flows to be more sensitive to energy inputs in the open conditions. In
a typical liquid precipitation event occurring during snowmelt, due to conditions brought by
overcast and often considerable wind speeds, shortwave radiation becomes less important while
turbulent heat exchange becomes the dominant form of the snowmelt energy balance (Berris and
Harr, 1987; Harr, 1981; Marks et al., 1998; Pomeroy et al., 2016). Marks et al. (1998, 2001) and
Mazurkiewicz et al. (2008) have repeatedly found that 54% to 90% of the snowmelt energy came
from turbulent heat exchanges1 associated with saturated air conditions and dew point
temperatures above 0°C. Forest cover can have counteracting effects on both mass and energy by
intercepting precipitation in the canopy and by reducing the amount of turbulent heat exchange
by reducing wind speed via canopy extinction (Ellis and Pomeroy, 2007; Link and Marks,
1999a). Increased wind speeds in open areas during precipitation events can increase the amount
of turbulent heat exchange at the snow surface. The snowmelt in open areas can be significantly
greater than in forested areas (Marks et al., 1998). Turbulent energy accounts for 67% to 72% of
the total energy for snowmelt in open areas, while only accounting for 32% to 47% under
forested conditions (Garvelmann et al., 2014). Similar patterns were found by Berris and Harr

1

The components of turbulent heat exchange are: (i) sensible heat which is the amount of
convective heat transfer at the snow-air interface, and (ii) latent energy flux which is a result of
evaporation, condensation, or sublimation driving more rapid snowmelt during precipitation
events (Mazurkiewicz et al., 2008).
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(1987), where the total energy available in open areas was 40% greater than in forested areas.
Their measured water outflow, which included both precipitation and snowmelt generated flows,
was 21% greater in the open area than in the forested area. Marks et al. (1998) also found that
high temperature, humidity, and relatively high wind speeds in open areas, accounted for 60% to
90% of the energy for snowmelt derived from the turbulent heat exchange. Therefore, when
liquid precipitation falls on a melting snowpack peak flows generated in treatment watersheds
can be more sensitive to changes in energy inputs than those generated under forested conditions.
Two features should be highlighted while interpreting the relationship between climate
covariates and the frequency distribution parameters. Different combinations of climate
covariates were found to be related to different distribution parameters (location vs. scale), with
the patterns changing between open and forested conditions. The climate covariates can be
related to both distribution parameters. However, parsimony and computational difficulty limited
the number of covariates used in the nonstationary analysis. As a result, only one or two climate
covariates were included in the final fitted model. Despite the fact that SWE was found to affect
the location parameter, as a surrogate of the moisture contribution to the peak flows, SWE was
also related to the scale parameter. However, in some cases, SWE was excluded from the final
GEV fitted model because temperature was a better covariate than SWE for the scale parameter
for physically meaningful reasons.
In addition, SWE appears to be the dominant climate covariate for the location parameter
of the GEV, while also being the dominant covariate for the scale parameter of the GPD. There
are three parameters associated with the GEV distribution (location, scale, and shape), while the
GPD distribution is associated with only two parameters (scale and shape). Direct evaluation
between the location parameter of GPD and climate covariates is limited. The threshold of the
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GPD is perhaps analogous to the location parameter of the GEV in defining the frequency
distribution. However, such an evaluation between the threshold and climate covariates is
beyond the scope of the current research.
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5.1.2
5.1.2.1

Linking stand-level processes to watershed level responses to forest harvesting
Camp Creek
Despite the complexity of the hydro-meteorology and related space-time heterogeneity

revealed by decades of reductionist and deterministic mass and energy balance studies at the
smaller plot and hillslope scales (Sivapalan, 2003), the effect of removing trees appears to have a
recognizable and rather predictable signal in the statistical characteristics of peak flows for all
watersheds. ECA levels of (i) 11%, (ii) 17%, and (iii) 24% at Camp Creek resulted in (i) 14%
and 5%, (ii) 21% and 7%, and (iii) 31% and 10% increases in the means and standard deviations
of sample peak flows, respectively. The combination of forest stand hydrologic processes and
watershed spatial integration of such processes can explain these effects on peak flows at Camp
Creek. The higher effects on the mean than the standard deviation of the frequency distribution
are consistent with the outcomes of the stationary FP analysis of the same post-harvest peak flow
data, conducted at the same paired watershed study site by Green and Alila (2012).
To explain the treatment effects on the peak flow frequency distribution, Green and Alila
(2012) hypothesized that an increase in the mean of the peak flows was a result of an increase in
soil moisture input, while an increase in peak flow variability around their mean (measured by
the standard deviation) was caused by an enhancement of snowmelt synchronization at the
watershed level. The findings of Camp Creek further support the concept that the mean and
variability around the mean of peak flows are dominantly related to the soil moisture input and
snowmelt synchronization, respectively. Forest harvesting can indeed increase the overall
moisture input contributing to peak flows by increasing the snowmelt energy due to a transition
from longwave- to shortwave-dominated snowmelt (see Subsection 5.1), and increasing the
amount of snow accumulation via the reduction of canopy interception and sublimation
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processes. Seasonal loss of the total annual snowfall from interception and sublimation measured
at the stand level can be as high as 31% for mature pine stands and 40% for mature spruce stands
(Pomeroy et al., 1998). Therefore, an increase in snow accumulation associated with forest
harvesting is not uncommon in snow environments (Varhola et al., 2010b). It is reasonable to
expect an increase in the mean of peak flow frequency, in association with an increase in overall
moisture input contributing to peak flows caused by forest harvesting in snow environments.
The inherent catchment physiography of Camp Creek, in addition to the locations of
forest harvesting, can further explain the physical processes of an increase in peak flow
variability. The dominant aspect of Camp Creek is largely south-exposed; this makes the
snowmelt of Camp Creek dominated by shortwave irradiance and sensitive to energy input (e.g.,
Ellis et al., 2011; Musselman et al., 2015; Pomeroy et al., 2008; Sicart et al., 2004), as previously
explained. The relation between an increase in shortwave irradiance and forest removal locations
is more pronounced on south-facing slopes than on north-facing slopes. This is because there is a
larger amount of shortwave irradiance acting on the south-facing slopes (Ellis et al., 2011).
Therefore, forest harvesting in the Camp Creek watershed resulted in an increase in snowmelt
synchronization that translated into an increase in the variability of peak flows. However, the
locations of forest harvesting may have mitigated some of the synchronization of snowmelt at the
spatial scale, leading to a smaller increase in the peak flow variability than the mean in the postharvesting period. There was a concentration of harvesting occurring in the mid-elevations of
Camp Creek between 1200 m and 1500 m, or the middle third of the catchment between H40 and
H60 elevation contours (Table 21). There was a further concentration of harvesting occurring on
the southeast-facing portion of the watershed, while the southwest aspect is mostly unlogged.
Such logging patterns can create a difference in the timing of snowmelt along elevation gradient
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and within elevation band (Ellis et al., 2013; Schnorbus and Alila, 2013), or in vertical and
horizontal orientations (Figure 21). It is expected that the concentration of forest harvesting
occurring in mid-elevation, south-exposed landscapes, could break down the spatial
synchronization of snowmelt at Camp Creek. As a result, the snowmelt de-synchronization can
mitigate some of the effects associated with peak flow variability. This could explain the lower
effects associated with the variability than with the mean in relation to forest harvesting at Camp
Creek (Green and Alila, 2012).
Table 21: Percentage of Camp Creek watershed harvested historically at different elevations.
Time
Elevation

H0 - H20
H20 - H40
H40 - H60
H60 - H80
H80 - H100
Total

1968-1977
<11% ECA
0%
0.2%
4.2%
5.4%
2.4%
12.2%

1978-1979
11%-17 % ECA
0%
0.4%
2.5%
1.9%
1.5%
6.3%

1980-2012
17%-22% ECA
6.7%
8.3%
4.9%
2.3%
0.4%
22.6%

Total
6.7%
27.2%
8.9%
11.6%
9.6%
13.9%
4.3%
41.1%
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5.1.2.2

Mather Creek and Baker Creek
ECA levels of 10% and 22% at the Mather Creek watershed resulted in a 16% and 35%

increase in the means, respectively, and no effects on the standard deviations of sample peak
flows. There are several features of the Mather Creek watershed that reduced spatial
synchronization of snowmelt at the watershed level, which limited forest harvesting effects on
peak flow variability. The lower 50% of Mather Creek drains southward, with an average slope
of less than 20%. The upper 50% of the watershed is more mountainous, drains eastward, and
has a higher average slope of more than 30% (Figure 33). There is also a diverse aspect
distribution at Mather Creek (Figure 33) that further limits snowmelt synchronization. Snowmelt
can occur at different times, due to different amounts of energy acting on slopes facing different
aspects (Ellis et al., 2011; López-Moreno et al., 2013; Seyednasrollah and Kumar, 2013). There
was no concentration of logging on specific aspects because of the diverse aspect distribution of
the watershed. The concentration of logging located primarily below the H50 elevation can also
limit snowmelt synchronization throughout the elevation ranges, suppressing peak flow
variability (Table 22). Therefore, the topographic features of the watershed and logging patterns
are both leading to a de-synchronization of snowmelt, making it reasonable to expect little to no
effect associated with peak flow variability at Mather Creek.
It is interesting to compare results from Camp Creek (the mean and variability have
increased by 31% and 10%) and Mather Creek (35% increase in the mean with no change in
variability), when both watersheds have similar ECA levels and similar patterns of effects on the
mean and variability. Both Camp Creek and Mather Creek have logging patterns that can limit
snowmelt synchronization. The difference between the two watersheds is that Camp Creek is a
sensitive watershed (primarily south-exposed) while Mather Creek is inherently less sensitive
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from its unique topographic features (upper and lower halves drain to different directions and
have different slopes). Camp Creek produced a 10% increase in variability with harvesting
patterns that limit snowmelt synchronization. It is reasonable to expect little or no effect on the
peak flow variability associated with Mather Creek, especially when both the topography and
logging locations are expected to limit snowmelt synchronization. Lastly, the effects on the peak
flow variability brought by forest harvesting appear to be the lowest for Mather Creek and Camp
Creek amongst the five pairs of watersheds. Interestingly, these two watersheds happen to have
the lowest stream densities, which can limit the delivery efficiency of snowmelt runoff, and
hence the effects on peak flow variability. The Camp Creek and Mather Creek outcomes derived
from nonstationary frequency modelling are consistent with previous stationary FP research,
based on the same line of reasoning concerning physical processes (Green and Alila, 2012).
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Figure 33: The aspect distribution (panel a) and average slope (panel b) of Mather Creek
watershed.

Table 22: Percentage of the Mather Creek watershed harvested historically at different
elevations.
Time
Elevation

H0 - H20
H20 - H40
H40 - H60
H60 - H80
H80 - H100
Total

1973-2007
<10% ECA
0%
0.47%
1.92%
3.85%
6.26%
12.50%

2008-2014
10%-22% ECA
0%
0.46%
4.24%
5.00%
2.02%
11.72%

Total
0%
7.09%
0.93%
6.16%
8.85%
17.13%
8.28%
24.22%
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At Baker Creek, ECA levels of (i) 10%, (ii) 20%, (iii) 30%, and (iv) 37% resulted in (i)
31% and 30%, (ii) 61% and 58%, (iii) 92% and 86%, and (iv) 113% and 110% increase in the
means and standard deviations of sample peak flows. Forest harvesting at Baker Creek resulted
in the highest treatment effects amongst the five pairs of watersheds. This was due to the high
levels of logging, evenly distributed in a subdued watershed (Table 23). Such logging levels and
patterns promote snowmelt synchronization. The subdued topography, low elevation, and
plateau-like nature in most of Baker Creek allowed snowmelt to occur simultaneously at
different locations of the watershed. The peak flows of Baker Creek can be sensitive to
harvesting at any particular location given the inherent subdued topography. It was shown by
Bewley et al. (2010 Figure 3 p. 471) that despite snow accumulation over time exhibiting
different patterns in time at different locations, there was a uniformity in snowmelt because of
the low relief and subdued topography of the watershed. The subdued topography of Baker
Creek, compared to the more diverse and mountainous terrain in Mather Creek, can also reduce
the amount of natural shading offered by the landscape. The inherent circularity of Baker Creek
(rounded shape) adds to the sensitivity to forest harvesting. Due to drainage network geometry
and streamflow aggregation (Gupta et al., 1980; Rinaldo et al., 1995), watersheds with greater
basin circularity can increase the efficiency of runoff delivery to the main channel more so than
in watersheds with other shapes (Ayalew and Krajewski, 2017). Baker Creek is a sensitive
watershed to harvesting due to its inherent physiographic features in addition to high logging
rates, all of which further exacerbate snowmelt synchronization in the watershed.
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Table 23: Percentage of Baker Creek watershed harvested historically at different elevations.
Time
Elevation

H0 - H20
H20 - H40
H40 - H60
H60 - H80
H80 - H100
Total

5.1.2.3

1964-1994
<10%
ECA
3.24%
3.59%
2.99%
2.68%
0.88%
13.38%

1995-2005
10%-19%
ECA
2.43%
2.33%
4.24%
3.32%
1.48%
13.80%

2006-2009
19%-29%
ECA
3.72%
2.73%
2.61%
1.57%
0.89%
11.52%

2009-2012
29%-37%
ECA
2.02%
2.84%
2.02%
1.67%
1.00%
9.55%

Total

11.41% 34.76%
11.49%
11.86%
9.24%
13.49%
4.25%
48.25%

Bowron River and Willow River

At Bowron River, the mean and standard deviation of peak flows were increased by (i)
13% and 28%, and (ii) 28% and 65%, at the 10% and 22% ECA levels, respectively. At Willow
River, the mean and standard deviation of peak flows were increased by (i) 20% and 29%, and
(ii) 43% and 64%, also at the 10% and 22% ECA levels, respectively. Given the same levels of
peak ECA, the difference in treatment effects could be related to different physiographic features
of the two large watersheds. Similar to Baker Creek, forest harvesting resulted in higher effects
on the variability than the mean of peak flows at both Bowron River and Willow River, owing to
the concept of snowmelt synchronization. A cross-comparison of the physiography with Baker
Creek and Camp Creek can be used to physically explain the effects on the mean and variability
of peak flows at Bowron River and Willow River.
Bowron River and Willow River were sensitive to forest harvesting due to both
topographic features and logging locations. The topographies of the lower elevation terrain of
Bowron River and Willow River watersheds are just as subdued if not more so than those found
at the Baker Creek watershed. For areas below the H60 elevation contours, where the majority of
logging occurred, the average slopes for Bowron River and Willow River were only 11.5% and
7.4%, respectively. For comparison, the average slope for the Baker Creek watershed was 9%
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(Table 2). The plateau-like topography of the Baker Creek watershed contributed to the
substantial hydrologic effects; having similar features for the Bowron River and Willow River
watersheds mean that they could be affected in similar ways. Therefore, the two large watersheds
could be just as sensitive to logging as the Baker Creek watershed, especially when the logging
was concentrated on subdued topography, conducive to lesser amounts of shade provided by the
landscape. In addition, cut blocks for both large watersheds are predominantly southwest-facing,
similar to Camp Creek. South-facing aspects are the most sensitive to incoming shortwave
radiative energy.
Although the Bowron River and Willow River watersheds are both sensitive to logging,
they exhibit different treatment effects at the same ECA levels. As shown in Table 24 and Table
25, where historic forest harvesting is categorized by elevations, there has been more logging at
Willow River than Bowron River, especially in high elevation bands. By the time both
watersheds reached a 10% ECA level, the majority of harvesting in the Bowron River watershed
had occurred at the lowest elevations. The same amount of forest harvesting moved up to the
H20 to H60 elevations in Willow River, which further exacerbated treatment effects. The trend
of high elevation logging of Willow River is the most apparent when 20.55% of the Willow
River watershed was logged above H60 (Table 25), while only 12.24% was logged at above that
elevation on Bowron River watershed (Table 24). Interestingly, the difference in topographic
features can also explain the different treatment effects, especially the mean of the peak flows.
The area composed of 20% of the highest elevation is located about 300 m higher in the Bowron
River watershed than it is in the Willow River watershed. The higher elevation in the Bowron
River watershed received little logging. The snowmelt in the upper 20% of the Bowron River
watershed can perhaps mitigate some potential effects associated with forest harvesting.
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Schnorbus and Alila (2004a) hypothesized that the upper 40% of the Redfish Creek watershed
(an area with non-merchantable forests), where the timing and magnitude of snowmelt are
largely unaffected by logging, can provide a substantial source of soil moisture input to the peak
flows during the freshet, and mitigate the effects of logging in the lower 60% of the watershed.

Table 24: Percentage of the Bowron River watershed harvested historically at different
elevations.
Time
Elevation

H0 - H20
H20 - H40
H40 - H60
H60 - H80
H80 - H100
Total

1955-1982
<10% ECA
0%
0.32%
2.22%
2.48%
6.25%
11.27%

1983-1984
10%-17% ECA
0.29%
0.75%
2.66%
3.41%
0.26%
7.37%

1985-2012
22%-18% ECA
0.21%
2.45%
3.34%
1.94%
2.19%
10.13%

Total
0.50%
12.24%
3.52%
8.22%
7.83%
16.53%
8.70%
28.77%

Table 25: Percentage of the Willow River watershed harvested historically at different
elevations.
Time
Elevation

H0 - H20
H20 - H40
H40 - H60
H60 - H80
H80 - H100
Total

1955-1979
<10% ECA
0.36%
1.81%
4.62%
4.38%
0.79%
11.96%

1980 - 1995
10%-22% ECA
1.56%
4.73%
4.45%
2.23%
2.47%
15.44%

1996-2012
~22% ECA
0.71%
1.26%
1.16%
2.28%
1.89%
7.3%

Total
2.63%
20.66%
7.80%
10.23%
8.89%
14.04%
5.15%
34.7%
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5.2

A meta-analysis using the nonstationary FP method reveals a highly sensitive peak

flow regime to harvesting
The application of the nonstationary FP method reveals a highly sensitive peak flow
regime to forest harvesting, albeit to different degrees in each of the five treatment watersheds.
There are several aspects to such sensitivity:
(i) An increase in the magnitude and frequency of peak flows across not only small and
medium (return periods < 10-yr) but also the large events (return periods > 10-yr).
(ii) In absolute terms, there was an increase in the effect on the magnitude and frequency of
peak flows with an increase in event size.
(iii) At the 20% ECA level, large peak flows became 3 to 4 times more frequent in Mather
Creek, but 10 to 20 times more frequent in Baker Creek. This is due to contrasting
watershed physiographies and forest disturbance regimes.
(iv) There was no apparent threshold event size beyond which forest harvesting had no effect
on the magnitude and frequency of peak flows.
(v) Peak flows were sensitive to even small ECA levels. For instance, at Camp Creek,
although an ECA of 11% caused a 9-14% increase in the magnitude, all peak flows have
approximately doubled in frequency.
(vi) Both small and large watersheds were affected by logging. Forest harvesting continues to
impact peak flows as catchment size increases, as evident from Camp Creek (37 km2) to
Baker Creek (1564 km2) and Bowron and Willow Rivers (>3000 km2).
How plausible is such a high sensitivity? Especially when predicted by frequency
distribution models (e.g., TM16 for Camp Creek) fitted to only four to five decades, ranging
from 42 years (Mather Creek) to 56 years (Willow River) of post-harvesting peak flow data at
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the five treatment watersheds? Conceding to these results, especially as outcomes of a new
method, is even more challenging because they run counter to the prevalent wisdom. Such
conventional wisdom can be summarized in two points: (i) forest harvesting may affect small
and medium peak flows, but should not affect the larger floods; and (ii) the larger the peak flow
event the smaller the effect on such an event (e.g., Calder et al., 2007; DeWalle, 2003). This
deeply entrenched precept is found in forest hydrology textbooks (e.g., Brooks et al., 2012;
Calder, 2005; Chang, 2012; Jeffrey, 1970; Lee, 1980). Although it has been admitted that this is
a long-held dogma predating experimentation and research in forest hydrology (DeWalle, 2003
p. 1255; Pinchot, 1903 p. 58), it has been reinforced by decades of CP-based paired watershed
study literature (e.g., Bathurst et al., 2011a, 2011b; Beschta, 1978; Beschta et al., 2000; Hess,
1984; Jones, 2000; Moore and Scott, 2005; Moore and Wondzell, 2005; Rothatcher, 1973;
Thomas and Megahan, 1998; Troendle and King, 1985; Wright et al., 1990). For instance, Moore
and Scott (2005, p. 340) conducted a CP-based analysis of peak flows at the same Camp CreekGreata Creek paired watershed study site used in this thesis and concluded:
“At Camp Creek, harvesting appeared to increase the smaller, more frequent peak
flows, with little to no effect on larger peak flows.”
Alila et al. (2009), Alila et al. (2010), Green and Alila (2012), Alila and Green (2014a,b),
Kuraś et al. (2012), and Schnorbus and Alila (2013) challenged the CP-based studies on
methodological grounds and argued that their outcomes are irrelevant to how forest harvesting
affects peak flows of all sizes, but especially the larger peak flows. From a physical perspective,
the reasoning often used to support the conjecture that forest harvesting does not affect large
floods, originally conceived for rain but later adopted to snow environments (Brooks et al., 2012;

135

Chang, 2012; Jeffrey, 1970; Lee, 1980; NRC, 2008), is best described by Macdonald and
Stednick (2003, p. 13):
“During the largest rain or snowmelt events the soils and vegetative canopy will
have little additional storage capacity, and under these conditions much of the
rainfall or snowmelt will be converted to runoff regardless of the amount or type of
vegetative cover.”
First, in the snow environments, such a physical explanation is incomplete and has been shown
to conceal the true effects on the larger peak flows (Alila et al., 2009; Green and Alila, 2012;
Kuraś et al., 2012; Schnorbus and Alila, 2013). Canopy snow interception and soil storage
capacities are not the only nor the most dominant factors in controlling peak flows. The CPbased explanation also ignores the significant role of energy and snowmelt in the generation of
peak flows. Second, because it is CP-based, such a physical explanation is reductionist and
deterministic. The threshold size flood event beyond which forest harvesting has no effect can
only be predicted and physically explained stochastically (i.e., within the frequency distribution
or FP framework) (Alila et al., 2009; Alila and Green, 2014a, 2014b; Green and Alila, 2012).
DeWalle (2003, p. 1255) pointed out how “specific attention was often not given to
extreme events” in CP-based literature. This was typically blamed on the short sample sizes of
measured peak flows associated with paired watershed studies (e.g., Jones and Grant, 2001).
However, recent stationary FP-based studies, which used 100 years of peak flows simulated by
deterministic hydrologic models in snow environments, revealed how larger peak flows can be
substantially affected by forest harvesting (Kuraś et al., 2012; Schnorbus and Alila, 2004a,
2013). Collectively, these studies illustrate how harvesting can increase the mean and the
variability of the peak flow around their mean. This in turn translated into an upward shift of the
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post-harvest FFC and a divergence of the upper tails of pre- and post-harvest FFCs, at least
within the simulated record of 100 years of peak flows. Green and Alila (2012) conducted a
meta-analysis of long-term measured and model-simulated peak flows at four study sites in snow
environments using the stationary FP method. They demonstrated how the threshold event,
beyond which forest harvesting has no effect on peak flows, shifts to larger return periods with
an increase in sample size. The “no-effect” threshold shifted from a return period of 20-yr, to 50yr, to over 100-yr, when the sample size increases from 19, to 48, to 95 years of post-harvest
peak flow data, respectively. Therefore, the effects of harvesting on the magnitude and frequency
of peak flows can increase unchecked with an increase in event size when evaluated using a FP
framework (Kuraś et al., 2012; Figure 5 p. 9; Schnorbus and Alila, 2004a; Figure 9 p. 10;
Schnorbus and Alila, 2013; Figure 6 p. 525). Other independent FP-based studies, published in
the wider hydrology literature, have also demonstrated how forest cover changes affect small and
large floods in small (<100 km2) and large (>7000 km2) watersheds in the snow (Du et al., 2016;
Figure 7 p. 225; Kuchment and Gelfan, 2002; p. 84; Schnorbus et al., 2010; Figure 29 p. 37) and
rain (Crooks and Davies, 2001; Figure 6 p. 591; Svoboda, 1991; Figure 5 p. 467; Reynard et al.,
2001; Figure 5 p. 356; Zhang et al., 2012; Figure 5 p. 2115) environments. Typically, these FPbased studies have not been cited by mainstream forest hydrology literature, perhaps because
their FP-based outcomes do not conform to the well-established CP-based presumption of how
forests do not affect large floods.
As a standalone study, my predicted effects of forest harvesting on large peak flows using
nonstationary frequency distribution models with only four to five decades of data are
understandably uncertain. However, considered in the context of the consistently emerging
patterns from the collective outcomes of other FP-based studies (e.g., taken in a meta-analysis
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context), conducted with a wider range of record lengths, the effects of forest harvesting on large
peak flows predicted in this thesis should be considered likely, and not a mere consequence of
sampling variability. This is especially the case when such effects could be supported by
reasonably sound physical understanding and when such effects would likely be associated with
significant practical consequences. This is an argument repeatedly emphasized across disciplines
when faced with a lack of statistical power in scientific research (Amrhein et al., 2019; Johnson,
1999; Kirk, 1996; Klemeš, 1974; Lewis et al., 2010; Lykken, 1968).
If the nonstationary frequency pairing model predictions of changes in magnitudes and
frequencies at each treatment watershed are real, then how else could the physics of the effects of
forest harvesting on large peak flows be explained? If the prediction of a system’s response
necessitates the use of the frequency distribution framework, which is the case for the effects of
forests on peak flows, its physics can only be understood within the same probabilistic
framework (Green and Alila, 2012; Alila and Green, 2014a, 2014b). A large untapped body of
literature, on the probabilistic understanding of the forests and flood relations, albeit in smallsized watersheds, exists outside forest hydrology, pioneered by Eagleson (1972). Berris and Harr
(1987, p. 141) hinted to the forest hydrology community as to how the peak flow regimes of
watersheds with milder sloped flood frequency curves should be more sensitive to forest
harvesting. While such a hint was lost in the midst of decades of CP-based literature, where the
dimension of frequency is rarely invoked, similar and related constructs have guided research on
climate and land-use change effects on hydro-climatological extremes outside forest hydrology
(e.g., Allen and Ingram, 2002 and references therein). For instance, hydro-climatological
extremes have been recognized as highly sensitive to small changes in the mean and variance of
their frequency distributions caused by climate or land-use changes (Katz, 1993; Katz and
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Brown, 1992; Schaeffer et al., 2005; Wigley, 1985, 2009). Allen and Ingram (2002, p. 230)
pointed out how “[e]ven modest increases in the magnitude of events in the tails of the
distribution can have a very substantial impact on the expected return times of events of a given
magnitude.” In relation to the research work covered in this thesis, flood frequency curves in
mountainous snow environments generally have relatively mild slopes, in comparison to their
rain or rain-on-snow counterparts (van Tol, 2016 and references therein). Flood frequency curves
in larger watersheds have even milder slopes than smaller watersheds in the snow environment
(Beckers et al., 2002; Blöschl and Sivapalan, 1997). Hence, the sensitivity to harvesting in large
watersheds is further amplified. Such high sensitivity to harvesting in large watersheds was
demonstrated for the first time in the forest hydrology literature, using the nonstationary FP
framework in this thesis. This means that small changes in the magnitude of larger peak flow
events cause surprisingly large jumps in their return periods. However, this also translates into
the frequency of these same large events being substantively affected by even modest harvestinduced increases in energy and melt rates at the stand- and watershed-scale. This distinctive
stochastic or statistical physics phenomena are exacerbated when harvesting occurred within the
critical zone (Camp Creek watershed), on southwest-facing slopes (Bowron River and Willow
River watersheds), and in subdued topography (Baker Creek watersheds). These explanations
lend further support to a highly sensitive peak flow regime, predicted by the nonstationary FP
method, in both small and large watersheds across small, medium, and most importantly large
peak flows.

139

5.2.1

A proposed conceptual model featuring the meta-analysis research outcomes
The collective outcomes have shown that the mean of the peak flow frequency

distribution has increased for all five treatment watersheds, while the variability of peak flows
increased in four watersheds and remained unchanged in Mather Creek. The differences in the
treatment effects of the five pairs are hinting to different levels of sensitivity of the peak flows to
harvesting, owing to the different physical characteristics of the watersheds. Therefore,
understanding the impact of physiography and forest disturbance regime differences on
hydrologic effects can provide a holistic understanding of how forest harvesting may be affecting
the flood regime across scales and locations. The generalizing principles, driven by the
integrated meta-study type of understanding at the stand- and watershed-levels discussed below,
are summarized and featured in a physical model (Figure 34a).
Forest removal increases stand-level SWE due to the suppression of interception. Melt
rates are increased by transitioning from a longwave- to shortwave-dominated snowmelt. Hence,
the orientation, elevation gradient, and canopy density of the cut blocks can affect the stand-level
hydrologic responses to harvesting. For instance, cut blocks located on a steep or south-facing
slope can receive more snowmelt energy than their counterparts on a subdued or north-facing
slope (Ellis et al., 2011). Large effects on SWE and snowmelt energy is also expected in cut
blocks with high canopy density (Sicart et al., 2004) and at high elevations (Schnorbus and Alila
2013). The resulting effects at the forest stand level can increase the average melt rates at the
watershed level, which in turn causes an upward shift in the mean of the peak flow frequency
distribution. As a result, the largest increase in the mean of the frequency distribution should be
associated with the largest increase in net radiation. Hence, watersheds with small aspect
distributions, steep slope gradients, and high stand density are inherently sensitive because these
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facets can maximize incoming solar radiation. Forest harvesting effects on net radiation and melt
rates can integrate in space, affecting the variability of the peak flow frequency distribution as
well. The variability of peak flows is mostly affected by the processes of integration, such as
snowmelt synchronization and the snowmelt runoff delivery to the stream channel. Therefore,
the largest increases in peak flow variability are expected in watersheds with minimal elevation
range, minimal aspect distribution, and high drainage density. In the proposed physical model
(Figure 34), the gradient of the sensitivity of peak flows to harvesting, discussed below, is
illustrated by featuring the outcomes of my nonstationary FP analyses conducted for treatment
watersheds with contrasting physiographies and forest disturbance regimes.
Baker Creek, for instance, is the most sensitive watershed to harvesting amongst the five
pairs, attributed to its plateau-like subdued topography. The difference in the timing of snowmelt
generating peak flows across a large range of elevations is minimized in subdued terrain,
allowing snowmelt to occur simultaneously. Furthermore, the Baker Creek watershed is circular
in shape and characterized by a high stream density (Figure 6 and Table 2), which introduces
additional sensitivity in its response to harvesting by efficiently delivering snowmelt runoff to
the stream channel. In summary, snowmelt synchronization is maximized by the inherent
watershed characteristics and the evenly distributed logging within the Baker Creek watershed.
The high sensitivity has led to the highest treatment effects on both the mean and variability of
the frequency distribution, as illustrated by the first possible scenario of the physical model in
Figure 34b. This translated into large peak flows becoming 15 to 25 times more frequent (50-yr
to 3-yr and 100-yr to 4-yr) at a 37% ECA. The high sensitivity of the peak flow regime to forest
harvesting due to subdued topography and high drainage density is also applicable to Bowron
River and Willow River, featured by the second possible scenario in Figure 34c.
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Mountainous watersheds with wide elevation ranges can be sensitive to logging, as
demonstrated by Camp Creek. The high sensitivity is caused by the dominant south-facing aspect
and the specific cut block locations in relation to the role of hypsometry. Schnorbus and Alila
(2004a), Biggs and Whitaker (2012), and White et al. (2002) illustrated how the hypsometry of a
watershed can play a significant role in the contribution of snowmelt to runoff during peak
discharge in the snow environments. Biggs and Whitaker (2012), for instance, demonstrated how
60-80% of melt volume during the peak discharge was generated from a critical elevation zone
making up only 22%-38% of total basin relief of their study watersheds (469-831km2),
depending on the snow accumulation and melt dynamics of the year. Such a critical zone consists
of a mid-elevation band between approximately the H75 and H25 elevation contour lines, above
which lies 75% and 25% of the total watershed area, respectively. The critical zone may
correspond to a different range of total basin relief and may shift up or down in elevation from
one watershed to another. For the Camp Creek watershed, 73% of the total harvested area was
located between H80 and H20, and 66% was located above the H60 elevation contour (Figure 21
and Table 21). Hence, the location of harvesting on the south-facing slopes can further explain
why the peak flow regime for Camp Creek was sensitive to forest harvesting. Contrarily, for the
Mather Creek watershed (the least sensitive watershed among the five pairs), only 29% of the
harvested area was located between H80 and H20.
The effects of harvest area and its distribution within different elevation bands on the
peak flow regime were illustrated in a modelling study of 11 hypothetical harvesting scenarios in
Redfish Creek, a 26 km2 snow-dominated watershed with a high elevation range (700-2300 m) in
southeastern BC, by Schnorbus and Alila (2004a). Significant effects on peak flows across a
wide range of return periods occurred only for harvesting scenarios that incorporated cut blocks
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between the H60 and H40 elevation contours. Such effects became increasingly more severe
with an increasing proportion of harvest areas within this critical zone. Schnorbus and Alila
(2004a) further demonstrated how the extent of the effects on peak flows were more dependent
on the location than the size of the harvested area. The effect on the magnitude of peak flows
among the various harvesting scenarios was found to be highly linearly correlated with the
proportion of harvested area located within the critical zone (Schnorbus and Alila, 2004a;
Figures 8a vs. 8b and related discussion). At the Redfish Creek watershed, harvesting scenarios
with cut blocks equaling or exceeding 6.4% of the total watershed in size, located in the critical
zone between the H60 and H40 elevation contour lines, caused statistically significant effects on
peak flows across a wide range of return periods. The 11% ECA scenario at Camp Creek was
associated with 12.2% of the total area of the watershed being harvested, made up of 2.4% below
H80, 5.4% between H80 and H60, and 4.4% above H60 elevation contour (Figure 21 and Table
21). The total logging in the critical zone between H60 and H40 was 11.6% at Camp Creek,
almost twice as much as the 6.4% suggested by Schnorbus and Alila (2004a). However, it was
only 6.2% at Mather Creek (Table 22).
The effect on the magnitude of peak flows predicted by the nonstationary FP method at
Camp Creek also was highly correlated with ECA (results not shown). This can be explained by
the fact that harvesting occurred dominantly within what could be considered the mid-elevation
critical zone, which contributes substantial melt during the peak discharges. The striking
parallels in the way Redfish and Camp Creek peak flow regimes were highly sensitive to the
location and size of harvest area within this critical zone may be explained by the fact that the
two watersheds are both snow-dominated and mountainous with wide elevation ranges (Biggs
and Whitaker, 2012; Schnorbus and Alila, 2004a; White et al., 2002). Therefore, logging at
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Camp Creek resulted in higher effects on the mean than the variability, as shown by the third
possible scenario in the physical model (Figure 34d). This translated into the large peak flows at
Camp Creek becoming about three to four times more frequent (50-yr to 15-yr and 100-yr to 25yr) at a 24% ECA level.
Certain topographic features can reduce a watershed's sensitivity to harvesting, which is
supported by the outcomes at Mather Creek. Mather Creek has the largest elevation range
amongst the five pairs. The upper and lower halves of the watershed have different slopes and
aspect distributions, leading to different draining directions. The Mather Creek watershed has
physiographic features that can lead to a difference in the timing of snowmelt throughout the
watershed, minimizing snowmelt synchronization. In addition, the concentration of logging on
the lower half of the Mather Creek watershed introduces earlier melt in this lower region that
further de-synchronized the snowmelt between the lower and upper elevations, analogous to the
fourth possible scenario of the physical model (Figure 34e). Therefore, 22% ECA resulted in the
least effect on the mean and no change in peak flow variability, translating to large peak flows
becoming only two to three times more frequent (50-yr to 20-yr and 100-yr to 30-yr).
Overall, the collective understanding in my proposed physical model of Figure 34 is
largely consistent with the stationary FP-based outcomes from Green and Alila (2012), a metaanalysis of four snow-dominated watersheds. The findings of this thesis support the two
hypotheses conjectured by Green and Alila (2012), in relation to the physical understanding of
the effects of forest harvesting on the mean and variability around the mean of peak flows. Green
and Alila (2012, Figure 7 p. 11) developed a physical model based on four small (<40 km2)
treatment watersheds with similar cut rates and logging locations to generalize such an
understanding. My physical model made use of an additional five pairs of watersheds, ranging in
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size from small (37 km2) to large (3550 km2), with contrasting physiographic characteristics and
sensitivities to harvesting. The research outcomes from this thesis are one step forward in
advancing the newly emerging frequency-based physical understanding of the forests and floods
relation. The hypotheses underlying this physical model can be further corroborated or refuted by
future studies in snow-dominated watersheds with different physiographic characteristics and
forest disturbance regimes.
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Figure 34: Conceptual model of the effects of basin characteristics on the hydrologic responses
to forest harvesting at the stand- and watershed-levels (panel a). Different harvesting scenarios
can lead to different effects on the frequency distributions, including high effects on both mean
and variability (panel b), higher effects on the variability than mean (panel c), higher effects on
the mean than variability (panel d), and an increase in the mean with no change in variability
(panel e). Harvesting may also affect the form (skew or the shape parameter) of the frequency
distribution, but the model only considers the effects on the mean and variability.
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5.3
5.3.1

Performance testing and corroboration of nonstationary frequency model predictions
Performance testing using long-term measured peak flows
The Camp Creek-Greata Creek pair of watersheds is used in this sub-section for

demonstration purposes. The long-term records of measured peak flows provide an opportunity
to test the ability of the nonstationary frequency models CM11 and TM16 to reproduce the
observed peak flow frequency curves for the control and treatment watersheds. The second
conditional quantification technique was used for this test because it allows fixing the ECA level
to specific values of interest for the Camp Creek watershed. Figure 35a shows the results of the
first test of CM11, when the model was driven by the long-term average values of the climate
covariates. CM11 reproduced well the frequency curve estimated by the 1971-2011 observed
time series of peak flows at Greata Creek, with a slight overestimation at the upper and lower
tails of the distribution.
Continuous harvesting and forest regrowth caused the ECA level at Camp Creek to be
relatively stable over the last three decades (Figure 5), which is opportune for testing the
performance of TM16. Figure 35b displays the results of the second test of how TM16 with
ECA=24% reproduced well the frequency curve estimated by the 1981-2012 observed time
series of peak flows at Camp Creek, again with slight overestimation at the upper and lower tails
of the distribution.
The reliability of the estimated effects of harvesting on peak flows for any ECA level
depends, in part, on how reliable TM16 is at estimating the pre-harvest peak flow frequency
curve (as illustrated in Figure 35 and Table 9). The period of flow record for Camp Creek under
no harvesting conditions is not long enough to provide a direct way of testing the performance of
TM16 under ECA=0. Instead, the expected pre-harvest peak flow frequency curve, predicted by
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the traditional pre-harvest calibration equation, was used for evaluating the performance of
TM16 with ECA=0. Figure 35c shows the outcomes of how TM16 with ECA=0 reproduced
reasonably well the pre-harvest (baseline or control) peak flow frequency curve, notwithstanding
the uncertainty associated with the use of a calibration equation discussed in Chapter 1. The
reasonable performance in Figure 35c is perhaps due to the fact that the development of the FFC
under forested conditions did not extrapolate beyond the range of data used to develop the
calibration equation. The largest event in the calibration occurred in 1972, with a magnitude of
3.43 m3/s.
The nonstationary frequency model TM16 performed well in reproducing the observed
peak flow frequency curves, possibly because the Camp Creek watershed has a single dominant
south aspect, which is most sensitive to changes in energy and melt rates caused by harvesting.
In addition, harvesting was concentrated over the mid-elevation zone, contributing to the
majority of melt during the annual peak discharge (Biggs and Whitaker, 2012; Schnorbus and
Alila, 2004a). Collectively, these factors contribute to SWE and temperature being strong
predictors of the frequency distribution of peak flows. Furthermore, the relatively slow recovery
and the fact that ECA was relatively stable at around 24% for long enough, provided a strong
basis for testing model performance. Therefore, the Camp Creek-Greata Creek pair may provide
a textbook case for illustrating the application of the nonstationary FP method.
Could the challenge of overfitting, commonly encountered in hydrological modelling,
have contributed to this notable performance of the CM11 (Greata Creek) and TM16 (Camp
Creek) models? By analogy, the nonstationary FP method introduced in this thesis could be
categorized as an application of the so-called top-down hydrologic modelling (Sivapalan et al.,
2003), where the hydrologic model attempts to predict the overall watershed function based on
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the modeller’s interpretation of the observed watershed response (peak flows in this case). The
method closely resembles the derived flood frequency approach (Eagleson, 1972), recognized as
a bottom-up approach by Klemeš (1983). The similarity between Eagleson’s approach and the
method introduced in this thesis is that both attempt to physically explain and predict peak flows
using a stochastic framework. The top-down approach leads to models with only a few necessary
parameters, i.e. parsimony (Barrett and Charbeneau, 1997; Perrin et al., 2003). The climate
covariates have a strong physical basis, at both the forest stand and watershed levels (e.g., Sicart
et al., 2004; Ellis et al., 2011; Curry and Zwiers, 2018). Therefore, efforts were made to reduce
the effects of overfitting in this research.
Nonstationary frequency models have the ability to reproduce FFCs of watersheds with
sizes ranging from 133 km2 to 4780 km2. Similar performance testing was conducted for the
other pairs of watersheds, except for Willow River where continuous forest harvesting occurred
throughout the record period, making it difficult to find a time period with stable ECA conditions
to conduct performance testing (Figure 18). The outcomes of the testing procedures for the other
control-treatment pairs of watersheds led to similar performance patterns found at the Greata
Creek-Camp Creek pair. The FFCs can be found in Appendix A.
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Figure 35: Performance testing of nonstationary models: a) FFC predicted by CM11 versus FFC
estimated by 1971 to 2011 observed time series of peak flows at Greata Creek; b) FFC predicted
by TM16 with ECA=24% versus FFC estimated by observed peak flows from 1981 to 2012; and
c) FFC predicted by TM16 with ECA=0% versus FFC estimated using data from 1981 to 2011
with calibration equation from 1971 to 1976 (Camp Qp (m3/s) = 1.22 * Greata Qp (m3/s) + 0.38
(R2 = 0.90)).
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5.3.2

Nonstationary FP predicts rational relationships between watershed physiography,

logging regime, and peak flows
The nonstationary FP revealed how forest harvesting only affected the mean of the peak
flows at Mather Creek (Figure 24), while both mean and variability were affected at Baker Creek
(Figure 25). The increase in the mean is also much higher at Baker Creek than Mather Creek for
the same harvesting rates. As discussed in Section 5.2, these distinctive nonstationary FP
predictions are consistent with how the contrasting physiographies, logging rates, and cut block
locations are expected to affect the peak flow regime in the two watersheds. However, when
plotting the peak flow time series, Mather Creek and Baker Creek exhibit similar patterns as
shown in Figure 36a, despite the fact that the nonstationary FP analyses revealed contrasting
sensitivities and treatment effects between the two watersheds. The similarities in patterns are
most apparent starting in the mid-1990s, indicated by the “fan” shape, when forest harvesting
started to accelerate at both treatment watersheds (Figure 36a). Hence, it is reasonable to
conclude that the fan shape of the peak flows after the year 2000 is caused by forest harvesting,
because both treatment watersheds exhibit similar patterns in the peak flow time series. This is
especially the case because the same patterns could not be found in the peak flow time series of
the respective control watersheds (Figure 36b). It is remarkable how the treatment effects
predicted by the nonstationary FP models, which could have been concealed by the large
temporal variability in the peak flow time series (Figure 36a), are in line with the interpretation
of the physical processes related to watershed characteristics and disturbance regimes.
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Figure 36: Peak flow time series of a) Baker Creek and Mather Creek, b) McKale River and Fry
Creek.
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5.3.3

Nonstationary FP predictions are identifiable in the measured time series of peak

flows of Baker Creek
Remarkably, the changes in peak flow frequency caused by forest harvesting on the
Baker Creek watershed can be readily identified in the peak flow time series plot (Figure 37),
and are consistent with those predicted by the nonstationary FP models (Figure 25). The
horizontal dashed lines in Figure 37 points to the magnitude of 50-yr and 20-yr peak flow events
estimated by the nonstationary FP method (Table 15), while the vertical dashed line indicates the
time at which ECA started to accelerate as a result of harvesting. Prior to 1996, the 50-yr event
was exceeded once, while the 20-yr event was exceeded twice. However, these 50-yr and 20-yr
events were exceeded six and ten times in 17 years post 1996, respectively. On average, this
translates into the 50-yr event becoming a 3-yr event and the 20-yr event becoming a 2-yr event,
as a result of the harvesting.
Despite the fact that the attribution process proposed in this thesis requires a nearby
control watershed, the predicted signal by the nonstationary FP method is visually identifiable
from the time series plot of Baker Creek (Figure 37). The harvesting signals on the Baker Creek
peak flows are obvious even without accounting for the effects of the difference in climate of the
pre- and post-1996 periods on the background variability in peak flows. This is perhaps due to
the plateau-like topography that made the peak flow regime highly sensitive to the rather
aggressive forest harvesting. The changes in the frequency of peak flows at Baker Creek are also
consistent with those predicted by Forest Practices Board (2007) and Schnorbus et al. (2010), via
the use of DHSVM and Variable Infiltration Capacity (VIC) deterministic models, respectively.
These two studies simulated long-term peak flows under various forest disturbance scenarios at
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the Baker Creek watershed. They subsequently analyzed the effects of forest harvesting on the
peak flow regime using stationary frequency pairing.
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Figure 37: The historic daily discharge of Baker Creek with the horizontal dashed lines showing
the magnitude of the 50-yr and 20-yr events and the vertical dashed line indicating the time
where ECA started to increase as a result of logging.
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5.3.4

Documented changes in channel geomorphology at Bowron River and Willow

River corroborate the nonstationary FP predictions
The nonstationary FP models for Bowron River and Willow River showed large peak
flows becoming 5 to 20 times more frequent as a result of forest harvesting (20-yr becomes 4-yr
event and 100-yr becomes 5-yr event). The increase in these flows can affect various hydrogeomorphological processes (Poff et al., 1997), such as immobilizing sediments (Gomi and
Sidle, 2003), enhancing surface erosion (Roberts and Church, 1986), and increasing landslides
and debris flows (Brardinoni et al., 2003). In some watersheds, the geomorphology of channel
networks may be resilient to changes in the peak flow regime. However, in other more sensitive
watersheds changes to the channel network can be identified by evaluating aerial photographs
before and after the disturbance. The geomorphic alterations can be potentially linked to forest
harvesting induced changes in the peak flows (Imaizumi et al., 2008; Lyons and Beschta, 1983).
This provides an indirect way of validating the peak flow changes predicted by the nonstationary
FP models.
Beaudry and Gottesfeld (2000) showed a loss of sinuosity and an increase in the average
channel width in 12 medium-sized sub-basins within Bowron River and Willow River
watersheds, ranging from 20 to 120 km2. The authors hypothesized that these changes were
caused by forest harvesting. Besides the geomorphic changes to the stream channels, Bowron
Watershed Committee (1997) suggested that forest harvesting at the 24% ECA level could have
triggered landslide activities when the logging occurred in the mid-low elevations at Haggen
Creek, a 250 km2 sub-basin of the Bowron River watershed. Firth Hollins Resource Science
Corporation (1994) speculated that about one-third of the 550 landslides identified in the Bowron
River watershed could be attributed to logging activities in the mid-1980s. The historic logging
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and associated hydrologic effects on the sub-basins can perhaps integrate in space to produce
distinguishable geomorphic changes near the outlet of Bowron River and Willow River.
My independent evaluation of aerial photos taken by the BC Provincial Government
(Appendix B) shows some obvious changes to the channel in Bowron River between 1977 and
2015, when the channel experienced an increase in width and a reduction in sinuosity (Figure
38). There were no obvious changes to the channel in the nearby control watershed McGregor
River between 1964 and 2015 (Figure 39). This lends some confidence to the assumption that the
geomorphic changes to Bowron River could be attributed to the increased high flows from
logging activities. In addition, aerial photos taken in 1987 and 2015 show lower levels of channel
widening at Willow River (Figure 40). However, the overall geomorphic changes are more
substantial and, hence, more evident at Bowron River than Willow River. It is reasonable to
expect smaller and less evident changes at Willow River because the channel has only
experienced high levels of ECA (and associated changes in high flows) since the late 1990s
whereas the ECA levels have remained high since the early 1980s at Bowron River. It is also
possible that the geomorphology of Willow River is more resilient to changes in the flow regime
than Bowron River. However, this remains a speculation awaiting further field-based research.
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a)
b)

Figure 38: Aerial photos of Bowron River at 1977 (panel a) and 2015 (panel b). The
corresponding roll/frame IDs are BC77004/278 and BCD15109/885.
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a)
b)

Figure 39: Aerial photos of McGregor River at 1964 (panel a) and 2015 (panel b). The
corresponding roll/frame IDs are BC4284/119 and BCD15107/279.
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a)
b)

Figure 40: Aerial photos of Willow River at 1987 (panel a) and 2015 (panel b). The
corresponding roll/frame IDs are BC87005/003 and BCD15109/334.
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5.4
5.4.1

The advantages of the nonstationary FP method
Nonstationary FP relaxes the constraints of watershed size and proximity
It is the changing role of the control watershed under the nonstationary FP framework

that allows relaxing the size and proximity constraints between control and treatment watersheds.
The old CP framework is based on the pairing of the peak flow responses between the control
and treatment watersheds by the same weather event (one at a time). The paired watersheds have
to be neighboring and relatively small to receive the same weather input allowing a calibration
equation to be developed with high enough predictive power for the peak flow response of the
treatment watershed, had there been no logging during the post-treatment period (see Subsection
1.1). The new FP framework is based on pairing by equal frequency, which imposes the
modelling and comparison of the pre- and post-harvest frequency distributions. These
distributions can be stationary or nonstationary, due to climate variability and/or historic landuse changes. Estimations of the frequency distributions are based on the entire record of peak
flows driven by the long-term climate. To account for climate variability, the nonstationary FP
framework models the temporally changing frequency distributions using climate covariates in
both watersheds, prior to introducing time (ECA) as a covariate in the control (treatment)
watersheds. Any time trends detected in the peak flows of the treatment watershed, but not in the
control watershed, can be attributed to historic forest harvesting with greater confidence. The
attribution of forest harvesting to the peak flows in the treatment watershed is plausible when the
peak flow frequency distribution of the control watershed is not changing in time. As a result, the
new role of the control is to rule out a changing frequency distribution over time allowing for
any temporal changes in the treatment watershed to be attributed to forest disturbance. This
attribution process does not require the paired watersheds to be either small or in close proximity
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(e.g. Prosdocimi et al., 2015). It also does not necessarily require the control and treatment
watersheds to be similar in their physiographic characteristics, as long as they are influenced by
the same regional climate (Cunderlik and Ouarda, 2009; Zhang et al., 2001). The physiographic
features of the control and treatment watersheds are accounted for in the development of their
respective flood frequency distribution models. Therefore, different physiographies do not affect
the evaluation of time trends caused by time or ECA. In summary, while the weather and
physiography should be as similar as possible between the paired watersheds under the old CPbased framework (Andréassian et al., 2012), these limiting constraints are relaxed under the
nonstationary FP framework, due to the changing role of the control watershed.
5.4.2

Nonstationary FP can identify commonly undetectable changes in peak flows
Extreme events are highly sensitive to small, often statistically undetectable changes in

mean and variability around the mean of the frequency distribution (Allen and Ingram, 2002;
Porporato and Ridolfi, 1998). However, it is inherently difficult to detect changes in a hydrologic
time series using traditional trend analyses (Delgado et al., 2010; Lins and Cohn, 2011; Milly et
al., 2015; Reeves et al., 2007; Serinaldi and Kilsby, 2015). Detecting signals in peak flows
caused by forest harvesting without a control watershed is even more challenging because the
available records are typically short. Conventional trend analyses, like Man-Kendall and
Spearman rho, can only correctly detect trends 50% of the time, with time trends of up to 1% in
slope with 50 years of data (Yue et al., 2002). Even with a paired watershed experiment, which is
designed to ‘isolate’ the effects of forest harvesting, it has been shown that forest harvesting
effects on peak flows are difficult to isolate using conventional trend analyses, given the noise
from natural climate variability (Burt, 1994; Burt et al., 2015). The background climate
variability of peak flows can be explained using climate covariates. Under the nonstationary FP
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framework, it is possible for an add-on ECA covariate to capture the remaining forest-harvesting
induced signals. Therefore, the nonstationary FP can detect as small as 10% changes in the
variability of peak flows (e.g., at Camp Creek).
The nonstationary FP method allows detecting signals that would have been almost
impossible to detect using conventional trend analysis methods. For instance, at Baker Creek, the
watershed with the highest treatment effects amongst the five pairs, the peak flow time series
was not changing as a function of ECA alone (TM7, Table 13), given the large temporal
variability. Therefore, the time series could have been concluded as stationary. It was only
possible to detect and attribute forest harvesting signals hidden in the time series after accounting
for the natural background variability of peak flows.

5.4.3

Nonstationary FP eliminates the need for a calibration equation
The role of the control watershed in the new nonstationary FP framework is different than

in the CP- and stationary FP-based frameworks when evaluating the effects of harvesting on
peak flows. This role eliminates the need for the calibration process and hence the associated
uncertainties. In brief, the calibration equation is necessary for the CP- and stationary FP-based
methods to estimate the expected peak flows, had there been no harvesting in the post-treatment
period. As stated in Chapter 1, the development and use of the calibration equation is associated
with several sources of uncertainty: (i) a relatively short calibration period (Bren and Lane, 2014;
Kovner and Evans, 1954; Wilm, 1949); (ii) the calibration relation can change in time due to
external factors (Ssegane et al., 2017); and (iii) a watershed can respond outside the range of the
conditions that occurred during the calibration period (Hornbeck, 1973). The nonstationary FP
method can eliminate these uncertainties altogether because of the fundamentally different
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technique for quantifying the forest harvesting effects on peak flows by using snapshots of
historically changing peak flow frequency distributions.
5.4.4

Nonstationary FP can improve the estimation of the effect on extreme events
Another advantage of nonstationary FP is that it can make use of a longer sample size

than both the CP and stationary FP methods. Historically, the sample size has always been
blamed for not being long enough to reveal much about forest harvest effects on the larger peak
flows. For instance, Thomas and Megahan (1998), in a CP-based study, evaluated forest
harvesting effects on peak flows based on subsets of five years of post-harvesting peak flows to
meet the stationarity assumption. Green and Alila (2012), in a stationary FP-based study,
evaluated forest harvesting effects at Camp Creek using 19 years of peak flows, although 45
years of data were available. Even though there are de-trending techniques that can be used to
help meet the stationarity assumption, such techniques can be cumbersome and are associated
with uncertainties (Fatichi et al., 2009; Koutsoyiannis, 2006; Serinaldi, 2010). The new FP
method can accommodate nonstationarities inherent in the peak flows and allows the use of a
much longer record. It improves the estimation and makes better inferences about the effects on
extreme events. In this thesis, for instance, 45 years of peak flows were used at Camp Creek,
instead of only the 19 years used by Green and Alila (2012).
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5.4.5

Nonstationary FP can predict the recovery of the peak flow regime to pre-harvest

conditions
The nonstationary FP method allows for understanding and predicting hydrologic effects
at various stages of forest disturbance history in a watershed. This is equal to, if not more
important than, quantifying the immediate effects post-harvesting. For instance, an engineer who
is designing a structure with a life span of 50 years on the basis of the 100-yr event (Obeysekera
and Salas, 2014), needs to accommodate how the 100-yr event will change in the next 50 years
as a result of future forest management. While the stationary FP does not allow for quantifying
treatment effects at various ECA levels, the nonstationary FP method does. Consequently, the
nonstationary FP can have more practical implications for forest management, general ecosystem
planning, and engineering designs than the stationary FP method.
For example, the continuous harvesting activities and the nature of slow forest regrowth,
characteristic of its dry snow environment in the Camp Creek watershed, caused the FFC to shift
upward as the ECA increased with time (Figure 20). However, in most paired watershed
experiments a harvesting scenario is applied only once, then the flows are monitored for decades
during forest re-establishment in the harvested areas. In this case, the FFC should shift
downward as the ECA decreases with time until it returns to the pre-harvest level. Therefore, the
nonstationary FP method can provide answers to the hydrologic recovery question of how long it
takes for the peak flow regime to partially or fully recover to pre-harvest conditions.
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5.4.6

Nonstationary FP can illuminate the unrelenting disagreements in the CP-based

literature
For close to a century, the CP framework has dominated research on forest harvesting
effects on peak flows. The CP-based peak flow response to forest practices has been, and
continues to be, characterized as “highly variable, and for the most part unpredictable” (Hibbert
(1967, p. 535), echoed by Eisenbies et al. (2007); R. D. Harr (presented paper, 1979 ), echoed by
Hewlett (1982, p. 557); Leopold (1972), echoed by Jones (2000)). In the new era of research on
this topic, guided by the FP framework, the nonstationary method is a step in the right direction.
It has the potential to illuminate many misconceptions and misunderstandings in the CP-based
literature (Alila et al., 2010). This will allow moving beyond the unrelenting lack of consensus
on the topic of forest harvesting effects on the peak flow regime, and forests and floods in
general.
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Chapter 6: Conclusion
6.1

Philosophical reflections on the science of forests and floods
Scientists have been disagreeing for decades on how forests, and conversely forest

harvesting practices, affect floods (e.g., Alila et al., 2009, 2010; Alila and Green, 2014a, 2014b;
Anderson, 1949, 1950; Bathurst, 2014; Birkinshaw, 2014; Bradshaw et al., 2009; Burton, 1997,
1999; Harr et al., 1979; Harr, 1986; Ives, 2006; Jones and Grant, 1996; Lewis et al., 2010;
Rothatcher, 1973; Thomas and Megahan, 2001; Troendle and Stednick, 1999; van Dijk et al.,
2009). As previously mentioned, Eisenbies et al. (2007, p. 81) described the state of science on
this topic as “enigmatic.” Dunne (1998, p. 795) made the daunting declaration about the state of
forest hydrological sciences in general: “Forest hydrology has a sad history of being embroiled
in controversies that never seem to get resolved…Forest hydrologists could be recruited to
defend almost any side of a debate, because our confusion about the various processes and their
interactions in forests and streams…has left much room for opinion and its attendant
influences.” Therefore, one may ask: Why has the topic of forests and floods been singled out?
Platt (1964, p. 350) pointed out how a failure to agree for so long, on any topic in science,
could be a sign of a failure to disprove, i.e. a sign of being misguided by the wrong research
questions or hypotheses. The science of forests and floods is rarely questioned, perhaps because
it is a politically sensitive topic (DeWalle (2003), echoed by Stednick (2008), echoed by Alila et
al. (2009)). Is it not the case that asking the right question in a scientific enquiry is, at least in
part, a reflection of a sound understanding of the physics of the problem being investigated
(Leopold and Langbein 1963)? If the science on this topic has been misguided, an uncomfortable
question must be dealt with: What if we never got the physics of forests and floods right?
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Confronting this question head-on is crucial, as reliable predictions of a system’s response are
predicated on a sound understanding of its operation.
The CP-based way of evaluating how harvesting affects peak flows appears to have
obfuscated what may now be viewed in hindsight as rather obvious. First, the flood regime of
mountainous watersheds can be sensitive to even small harvesting rates when the logging is
located in the mid-elevation critical zone, which contributes substantial melt volume during the
peak discharge (e.g., Camp Creek watershed, 37 km2). Second, watersheds with subdued
topography are even more sensitive to logging, because of the spatial synchronization of
snowmelt, regardless of the cut block location or watershed size (e.g., Baker Creek watershed,
1564 km2). Finally, the FP-based outcomes for Camp Creek and Baker Creek showed that the
larger the watershed, the bigger the treatment effects. Hence, the “no-effect” contention in large
watersheds appears to have been largely misled by the CP-based, deterministic, and reductionist
research hypotheses, questions, and methods.
What may not be so obvious is why it has taken this long to recognize that such a high
sensitivity of peak flows to harvesting can only be revealed through the frequency-pairing
framework, a method well established in the wider science literature (e.g. climatology; Wigley,
1985 and references therein). Hewlett and Helvey (1970, p. 779) pointed out how the “more
difficult question concerns the frequency” and how this “might seriously affect flooding and
flood damage downstream. ...Complete answers to old questions, particularly when surrounded
by years of controversy, are slow in coming.”
Hewlett (1982, p. 546), taking stock and looking ahead, attentively advised the forest
hydrology community:

167

[H]ydrologists have understandably been confused by the difficulties inherent in
describing the nature and frequency of floods to laymen, who are apt to have little
patience with probability statements. ...But among ourselves we must drop back to
rigorous language in order to discuss and trade information about land-use causes
and flood effects.
These rare quotes should be interpreted as appeals from luminous hydrologists to the
wider forest hydrology community to abandon the deterministic approach and adopt a
probabilistic framework for understanding and predicting the effects of forest harvesting
practices on floods. Klemeš (1978, p. 291) stated:
“[a] very popular misconception is to identify causality with determinism… A Causal
relationship is not necessarily a deterministic one and a deterministic relationship is not
necessarily causal.”
However, for over a century published CP-based paired-watershed studies rarely invoked
the dimension of frequency in investigating the effects of harvesting on peak flows. A decade has
passed since Alila et al. (2009) first made the case that pairing must be by equal frequency, and
not equal chronology, and how the latter leads to irrelevant outcomes. Follow up papers, also by
Alila and co-workers, furthered the case for FP over CP. It is interesting, that historic CP-based
studies with diametrically opposite outcomes from FP-based research (i.e., the “no-effect”
contention in large watersheds) are still reported in the literature, as if they are scientifically
defensible, or never been challenged on methodological grounds (e.g., Bathurst et al., 2018,
2011b, 2011a; Birkinshaw et al., 2011; Perry et al., 2016).
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Kiang (1995) points out how misconceptions in archival science are not easily, or
quickly, corrected. They need wide recognition if they are to be overcome. Platt (1964, p. 350)
stated:
“The difficulty is that disproof is a hard doctrine. If you have a hypothesis and I have
another hypothesis, evidently one of them must be eliminated. The scientist seems to
have no choice but to be either soft-headed or disputatious. Perhaps this is why so
many tend to resist the strong analytical approach - and why some great scientists
are so disputatious.”
The only way forward is to abandon the old and adopt the new (Alila et al., 2009, 2011;
Alila and Green 2014a,b), as clinging to the old CP-based methods and regurgitating their
outcomes continue to unduly influence professional practice and land-use policies worldwide
(e.g., Bruijnzeel, 1990; Calder, 2005; Calder et al., 2007; Eaton and Church, 2001; Eisenbies et
al., 2007; FAO, 2003; FAO/CIFOR, 2005; Grant et al., 2008; Hamilton, 2008; Hewlett, 1982;
MacDonald and Stednick, 2003; Perry et al., 2016; Stratford et al., 2017; Troendle et al., 2006;
van Dijk et al., 2009; Winkler et al., 2010).
6.2

Summary
Merz et al. (2012, p. 1385) stated: “The current mainstream of flood trend studies focuses

on detection. The far more difficult problem of trend attribution is addressed, if at all, rather
sloppily…we call for more scientific rigour in flood detection and attribution studies.” This
research falls within the newly emerging field of “attribution science”, that uses a combination of
observations and models to tease apart the factors that contribute to extremes (Merz et al., 2012;
Prosdocimi et al., 2015; Stott et al., 2004; van Oldenborgh et al., 2017). Although the main
objective was to introduce a new method for detecting, attributing, and quantifying forest
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harvesting effects on the peak flow regime, this thesis paves the way to a wider range of
applications, not just in forest hydrology and the wider field of hydrology, but also in other
geoscience fields. Taking advantage of recent developments in nonstationary extreme value
theory, for the first time in forest hydrology literature, an FP-based method that allows
parameters of the frequency distributions to change in time using physically-based covariates,
was successfully applied to peak flows of five pairs of control and treatment watersheds in the
snow environments of British Columbia, Canada.
The nonstationary FP modelling outcomes have shown various levels of effects on the
mean (28% to 113%) and standard deviation (no effects to 110%) of peak flows because of forest
harvesting (22% to 37% ECA levels) in watersheds ranging from 37 km2 to 3550 km2. Forest
harvesting affects the stand-level snow hydrology, which results in more snow accumulation and
higher melt rates in the cut blocks. These stand-level hydrologic effects can integrate across
space to affect the peak flows generated at the watershed level. Differences in logging rates and
spatial distributions of cut blocks led to different sensitivities to harvesting, all of which were
linked to the varying physiographic features amongst the five treatment watersheds.
The Camp Creek watershed (37 km2) is sensitive to forest harvesting due to the predominantly south-facing aspect. The concentration of harvesting in the south-facing, midelevation zone suppressed snowmelt synchronization over the watershed, which in turn inhibited
some of the effects on the variability of peak flows around their mean. Hence, forest harvesting
resulted in greater effects on the mean than the variability of peak flows. Mather Creek (133
km2) is not as sensitive as Camp Creek because snowmelt generation is de-synchronized by the
unique topography of this watershed. The concentration of logging in the lower half of the
watershed can further de-synchronize snowmelt and limit the increase in peak flow variability.
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Baker Creek (1564 km2) is the most sensitive watershed as a result of its subdued topography,
high levels of harvesting, and the even distribution of harvesting within the watershed. All of
these facets promote snowmelt synchronization, leading to the highest treatment effects amongst
the five treatment watersheds I studied. Bowron River (3550 km2) and Willow River (3110 km2)
are also sensitive watersheds, because of their subdued topography and southwest-slopes in the
mid-low elevations, where logging was concentrated. The contrasting watershed sensitivities
have led to a wide range of effects on the peak flow frequency. The 100-yr event became 3 times
more frequent for the least sensitive watershed Mather Creek, while the100-yr became 25 times
more frequent for the most sensitive watershed Baker Creek. The first order controls of the
treatment effects, revealed by the nonstationary frequency analyses at the five pairs of
watersheds, are largely consistent with those hypothesized by Green and Alila (2012) in their
meta-study of stationary frequency analyses of four snow-dominated watersheds. The collective
outcomes from this thesis furthered the development of a physical model to advance the
understanding and prediction of the frequency-based relations between forests and floods.
The outcomes of the FP-based nonstationary analysis brought to light some compelling
advantages over its stationary FP counterpart. For instance, pairing by frequency in a
nonstationary framework relaxes the fundamental constraints associated with watershed size and
proximity between the control and treatment watersheds. This advantage opens the doors wide
for future opportunistic paired watershed studies using data outside of the experimental
watershed domain. This new method can quantify the treatment effects at different stages of
disturbance, as well as hydrologic recovery. Even with moderate levels of harvesting, the method
can detect small changes in the peak flow time series after accounting for the natural background
variability of peak flows. It allows frequency analyses to be conducted using a larger sample
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size, which improves estimation and allows better inferences about the effects on extreme events.
In summary, the nonstationary FP framework can move the forest hydrology literature forward
and continue to shed light on the CP-based confusions, misunderstandings, and misconceptions.
6.3

Recommendations for future research
Without further FP-based research, it would be difficult to establish sustainable forest

management guidelines, such as annual harvest volumes and long-term timber supply rates, that
account for the inherent physical characteristics of watershed and forest harvesting and regrowth
regimes. Future research, fundamental to improving the understanding of forest harvesting
effects on peak flows, can focus on improving the performance of nonstationary FP models by
addressing several uncertainties.
Climate data, transposed from regional snow pillows and weather stations to model the
frequency distribution parameters with covariates, may not be accurately representing the
meteorological conditions in the watersheds, especially for the extreme hydro-meteorological
years. This is one source of uncertainty associated with the current application of nonstationary
FP analysis, which can be evaluated using deterministic hydrologic models. The Distributed
Hydrology Soil Vegetation Model (DHSVM) (e.g., Schnorbus and Alila, 2004a, 2013) and
Variable Infiltration Capacity (VIC) models (e.g., Schnorbus et al., 2010) were used successfully
in the BC snow environment to evaluate the effects of forest harvesting on hydrologic responses,
in watersheds across a wide range of scales. Climate inputs such as SWE, temperature, and
warming rates preceding peak flows can be obtained within the modelling domain and compared
with measured values from nearby weather stations. This comparison is useful to evaluate the
spatial variations of climate within large watersheds (when the climate inputs are generated at
different locations). Similar evaluations between simulated and measured climate inputs, and
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climate inputs and hydrologic responses were conducted by Curry and Zwiers (2018) in the
Fraser River Basin of British Columbia.
Driving these hydrologic models often requires long-term synthetic weather data, which
are products of numerical weather prediction models that interpolate and extrapolate in time and
space. These weather predictions, similar to those generated by the hydrologic models, can be
compared to climate inputs obtained from weather stations to conduct the same evaluation (of the
spatial variations of climate within large watersheds). For instance, Schnorbus and Alila (2004b)
provided an empirical-stochastic tool to generate hourly weather data for the DHSVM
application of the Redfish Creek experiment (Schnorbus and Alila, 2004a; Whitaker et al., 2003).
The Parameter Elevation Regressions on Independent Slopes Model (PRISM) (Daly et al., 2008)
is another popular tool used in hydrologic modelling (e.g., Gao et al., 2017). Other commonly
used models to simulate long-term weather in North America to conduct hydrologic simulations
can be found in Elsner et al. (2014).
There are three additional sources of uncertainty that can be tested using deterministic
hydrologic models. The FP modelling in this research assumed linear relationships between the
location and scale parameters of the frequency distributions and the climate covariates. Any nonlinearity, perhaps masked by the natural background variability given the relatively short sample
size, was unaccounted for. At Camp Creek, for instance, a longer record of simulated peak flows
from a potential DHSVM application (e.g., Schnorbus and Alila, 2004a, 2013), could reveal
nonlinearities which have been difficult to discern from the 45 years of measured peak flows
used in this thesis. In addition, the uncertainties associated with treatment effects predicted at
various ECA levels by the nonstationary FP models (e.g., Figure 20) can be evaluated using the
deterministic hydrologic models. Hypothetical harvesting scenarios can be incorporated into the
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model domain to evaluate harvesting effects at different levels and/or locations (Schnorbus et al.,
2010; Schnorbus and Alila, 2004a, 2013). Therefore, the historic snapshots of treatment
conditions (e.g., Figure 21) can be incorporated via scenario analyses, allowing for the
comparison of FFCs predicted by the deterministic hydrologic models and nonstationary FP
models. Lastly, since hydrologic responses can be potentially affected by both roads and tree
removal, it is difficult to disentangle their respective effects using measured flows at existing
paired watershed study sites (Jones and Grant, 1996; Thomas and Megahan, 1998). In future
studies, the management scenarios of vegetation removal and roads can be introduced separately
in a physically-based model, hence allowing for the isolation of their respective effects (e.g.,
Bowling et al., 2000; Bowling and Lettenmaier, 2001; Kuraś et al., 2012; La Marche and
Lettenmaier, 2001; Tague and Band, 2001). This is in line with recommendations by others who
suggested how process-based studies ‘‘should be coupled with the development and validation of
physically-based, distributed hydrologic models in order to forecast the effects of forest cutting
and roading activities on a given watershed’’ (Thomas and Megahan, 1998, p. 3403).
In addition to improving the performance of nonstationary FP modelling, new research
can be conducted to advance the probabilistic understanding of the forests and flood relations.
One dimension of this new research would be to apply the same method in existing paired
watersheds, and other opportunistic paired watersheds, not just in the snow environments but
also in other hydro-climate regimes. In some jurisdictions, such as Northern BC, the coverage of
snow pillows and weather stations is much lower and there is a lack of forest cover information.
Instead of using the BC VRI database to obtain forest cover information, remote sensing
technology can make use of existing satellite images to obtain historic forest cover information
(Sachs et al., 1998; Staus et al., 2002). There are studies that have used historic satellite images
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to predict the hydrologic responses in large, snow-dominated watersheds (e.g., Yang, 2003;
Yang et al., 2009). In addition, there are other means of conducting a landscape-level survey
using remote sensing technology via unmanned automated vehicles (UAV). These UAV
applications are growing in popularity due to their affordability and flexibility (Koh and Wich,
2012). In addition, given the lack of weather stations, the temporal variability of peak flows in
the snow environment can be explained by climate indices representing large scale atmospheric
circulations, which heavily influence winter precipitation and peak flows. These climates indices
are Pacific Decadal Oscillation (PDO), Pacific-North American (PNA), El Niño-Southern
Oscillation (ENSO), Southern Oscillation Index (SOI), and Sea Surface Temperature (SST)
(Curry and Zwiers, 2018; Kwon et al., 2008; Thorne and Woo, 2011). These climate indices are
also useful when explaining the variability of hydrologic responses in other hydro-climate
regimes.
There are two research approaches from outside of the forest hydrology literature that can
be used to advance the current research agenda in attributing signals to forest land-use changes.
For instance, fingerprinting is a method that was specifically developed to identify the sources
and processes that contribute to an observed signal (Viglione et al., 2016). Fingerprinting is a
commonly used technique to trace the origin of nutrients in the food web by matching the
specific chemical compounds between the samples and potential sources (Larsen et al., 2013). In
a similar vein, fingerprinting is used in geoscience to trace the origin of sediments by matching
the physical and/or geochemical properties of sediments at various locations with those from
source areas (Walling, 2013, p. 1658). The fingerprinting method has been used in the climate
science literature to identify signals related to anthropogenic climate change (e.g., Hegerl et al.,
1997, 1996; Hidalgo et al., 2009; Levine and Berliner, 1999). Since the harvesting impacts in
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sub-basins can integrate to produce a watershed-level signal on the peak flows (Subsection 5.3),
the method of fingerprinting can be applied to forest hydrology by matching the signals at the
outlet of a large harvested watershed (e.g., Bowron River) with those generated in its sub-basins
(e.g., Haggen Creek).
Another technique that is worth noting is constructing a multivariate distribution of peak
flows based on the notion of the copula (Favre et al., 2004). The peak flow time series from a
treatment watershed is inherently a multivariate frequency distribution driven by multiple
factors, such as climate inputs and forest harvesting. The copula framework uses efficient
algorithms to simulate joint distributions of the observed hydrologic responses based on different
driving factors. Copulas have been widely used in the finance (e.g., Embrechts et al., 2002),
hydrology (e.g., Long and Krzysztofowicz, 1992; Singh and Singh, 1991), and actuarial sciences
(e.g., Frees and Valdez, 1998) as a tool to estimate conditional distributions. The conditional
distributions produced using the copula framework are analogous to those developed under the
second conditional quantification technique (see Subsection 3.4). For instance, the frequency
distributions in this thesis were developed based on the conditions of an average long-term
climate and specific ECA levels (e.g., flood frequency curves at different ECA levels, Figure
20). Therefore, these conditions associated with climate and land-use can perhaps be
incorporated in a copula framework allowing for the quantification of forest harvesting effects on
the peak flow regime.
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Appendices
Appendix A: Performance test of nonstationary models

Figure A1: Performance testing of nonstationary models: (a) FFC predicted by CM2 versus FFC
estimated by 1963 to 2014 observed time series of peak flow at McGregor River; (b) FFC
predicted by TM7 with ECA = 3% and 21% versus FFC estimated on observed peak flows from
1955 to 1981, and 1985 to 2012, representing 3% and 23% ECA conditions, respectively.
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Figure A2: Performance testing of nonstationary models: (a) FFC predicted by CM7 (CM16)
versus FFC estimated by 1973 to 2015 (1972 to 2014) observed time series of peak flow at Fry
Creek (McKale River); (b) FFC predicted by TM19 (TM20) with ECA = 3% (0%) versus FFC
estimated on observed peak flows from 1964 to 1984 (1973 to 2000), representing 3% (0%) ECA
conditions pf peak flows at Baker Creek (Mather Creek).

199

