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Abstract

Understanding the complex dynamics of water flow within a catchment is fundamental to effective
water resource management. This understanding involves robust knowledge of the catchment's
hydrological and physiographical features. It requires a profound grasp of the spatiotemporal
variability in a catchment's climatic and hydrological patterns. Within this context, this thesis started
with a comprehensive review of the historical and current literature on diurnal fluctuations in
groundwater. The review touched upon several different aspects of the phenomenon, ranging from
discussing the mechanisms of the origin of these signals, their role in the catchment's water balance,
their link with groundwater and with the transpiration activities of the vegetation, and in the end, the

importance of studying these catchments in revealing characteristics of a catchment.

Potential gaps in the analysis of diurnal fluctuations are identified by exploring the literature., which
motivated the compilation of this thesis. Firstly, the relationship between diurnal fluctuation and the
potential evapotranspiration of riparian plants is investigated in relation to its effect on catchment
reservoir storage. A novel method of estimating evapotranspiration (ET) rates is devised by
establishing a relationship between diurnal streamflow changes and the catchment's riparian source
area. The method reasonably estimated riparian evapotranspiration (ET) and linked the riparian
area's dynamics with the diurnal patterns in stream flow by assuming a linear relationship between
saturated riparian reservoirs and outflow. This analysis provided a much-needed understanding of
the behaviour of the diurnal signals in a catchment and its relationship with the physical features of

the catchment.

Further, this analysis deeply studied the concept of time delay associated with the transpiration

activities of riparian plants and catchments' response regarding diurnal fluctuation. Additionally, the



seasonal evolution of ET estimates and the time lag revealed the tight coupling between stream
response and active vegetation zones, with more significant and rapid fluctuation in colder months
than warmer ones. In conclusion, the method provided an elaborate understanding of the complex
interplay between riparian zones, groundwater dynamics, and streamflow patterns, contributing to a

more profound understanding of catchment hydrology.

Another significant thesis objective was to develop advanced automated techniques for detecting
and analysing diurnal fluctuations to provide fast and reliable observations of diurnal fluctuations
from a large dataset. Manually identifying this scarce phenomenon in an extensive multi-year dataset
is time-consuming and one of the biggest reasons for minimal, large-sample studies concerning
diurnal streamflow fluctuations. This is addressed by forming an automated process of diurnal

fluctuation extraction with the application of the wavelet transform.

The capabilities of both types of wavelet transformation, the discrete wavelet transform (DWT) and
continuous wavelet transform (CWT) are tested to reveal time-frequency information of diurnal
signals. A detailed workflow is developed to choose the best wavelet for detrending a streamflow
series to obtain diurnal fluctuation. The detrending performance of the DWT process is compared
against the traditional time-based detrending methods like the moving average. It confirms the
superiority of wavelet transform in optimal detrending of observed streamflow data series. The CWT
presented many different plots and revealed exciting features in the diurnal patterns in streamflow.
The CWT information is then used to develop an algorithm for extracting diurnal episodes from
extensive streamflow records. The extraction process captured an adequate number of diurnal
episodes, which matched well with the manual identifications. Overall, the automated technique
addressed the limitations posed by manual identification and contributed significantly to the

advancement of time-frequency dynamics of diurnal fluctuations.

Finally, with the knowledge of diurnal fluctuation gained in the first research objective and with the
capabilities of the wavelet transform, a large sample study is carried out using streamflow records

from different New Zealand catchments. Various dataset sources from streamflow records, snow



cover maps, and digital elevation rasters are used to calculate different catchment characteristics.
The analysis showed that characteristics like catchment shape and size strongly correlate with
diurnal amplitude. The diurnal lag also showed patterns of change with the catchment parameters.
It is revealed that the correlation between catchment size and diurnal amplitude becomes weaker in
larger catchments due to the diverse and heterogeneous nature of environmental processes within

these regions.

This research significantly contributes to a deeper understanding of the temporal patterns of
streamflow, providing valuable insights for hydrological modeling and water resource management.
By integrating field observations, advanced analytical methods, and regional context, this work

advances the understanding of diurnal streamflow dynamics.
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Chapter 1. Introduction

Understanding the complex dynamics of water flows within a catchment is fundamental to effective
water resource management. This understanding involves robust knowledge of the catchment
features and different climatic and hydrological patterns within the catchment. Analysing the
spatiotemporal variability in the hydrological patterns and their climatic drivers can uncover critical

insights into the behaviour of the catchment (H. K. McMillan et al., 2022).

Climate plays a crucial role in shaping hydrological behaviours, as changes in temperature and
precipitation patterns directly influence the water cycle. Altered rainfall resulting from these climate
shifts can disrupt the water balance of a catchment in several ways, affecting runoff, groundwater
recharge, soil moisture, and ecosystems. (Chiew et al., 1995). Similarly, solar radiation directly
controls the amount of water loss from the Earth's surface through evaporation and transpiration,
affecting the soil moisture patterns in the ground and limiting the water availability to plants

(Oliveira et al., 2011; Venturini et al., 2022).

Furthermore, human activities such as deforestation, urbanization, and agriculture can alter natural
hydrological patterns, leading to water availability and quality changes. Changes in the plant cover
on hillslopes can cause a change in the groundwater abstraction and affect streamflow patterns (Bren,
1997). Converting wasteland for agriculture and construction of dams can lead to reduced
streamflow (Bibi et al., 2023). Urbanization can further change flow regimes by shortening

groundwater travel times and reducing baseflow discharge (Schilling et al., 2012).



Hydrological patterns like precipitation, streamflow, and groundwater can serve as a valuable proxy
for assessing the impact of both natural and human activities on catchment hydrology (Kirchner,
2009; McMillan et al., 2022), ultimately assisting in assessing the overall health and resilience of

catchment hydrology under various conditions.

Diurnal fluctuations in groundwater and streamflow are critical hydrologic patterns that can reveal
essential information on how catchment water systems may respond to daily and seasonal changes
in environmental conditions (Gribovszki, Kalicz, Szilagyi, et al., 2008; Széles et al., 2018). Diurnal
fluctuations in groundwater and streamflow refer to the daily variations in the groundwater table and
streamflow discharge, respectively (Troxell, 1936; White, 1932). These fluctuations often exhibit a
distinct diurnal pattern, including regular rising and falling flow rates over a day ( Lundquist &

Cayan, 2002).

Diurnal fluctuations in groundwater table and streamflow can provide valuable insight into the low-
flow hydrologic processes of a catchment. For example, analysing the streamflow patterns during
low-flow periods can be crucial for assessing the performance of water systems under drought
conditions (Koch et al., 2018). The analysis can also help determine streamflow increases or
decreases for water management decisions (Lundquist & Cayan, 2002). This underscores the
importance of a more detailed study of diurnal cycles and their drivers, including snow melt,

hillslope, and stream hydrology (Woelber et al., 2018).

1.1 Factors Influencing Diurnal Flow Cycles:

In order to fully understand the diurnal river flow fluctuation phenomenon, it is essential to consider
the different environmental factors and mechanisms that play a role in the generation, propagation,

and modulation of these daily hydrological patterns.



1.1.1 Evapotranspiration:

Evapotranspiration (ET) refers to the combined processes of water evaporation from the land surface
and plant transpiration. ET constitutes a significant component of the overall water loss to the
atmosphere, influencing the water balance in ecosystems and agricultural fields. ET rates fluctuate
throughout the day, peaking during daylight hours and decreasing at night. These fluctuations in ET
directly control the daily variations in the soil moisture. Soil moisture withdrawals through ET
influence water availability for vegetation and produce daily or diurnal patterns in the groundwater

and streamflow(Gribovszki et al., 2010).

Several studies have linked ET as the primary cause of diurnal fluctuations in groundwater levels
and baseflow (Bond et al., 2002; Gribovszki, Kalicz, Szilagyi et al., 2008; Troxell, 1936; White,
1932), particularly in small-headwater catchments. Plants within a catchment, particularly along the
riparian corridors immediately adjacent to the river, have root systems that extend into the capillary
fringe zone. This allows them to extract groundwater and, in certain instances, draw water directly
from the stream (Bond et al., 2002; Troxell, 1936). Cernohous & Sach, (2008) observed that in a
small experimental forest catchment, during rainless periods, the decrease in streamflow during the

daytime compared to nighttime was primarily attributed to forest evapotranspiration.

The amount of water withdrawn by ET is a function of the type and density of vegetation, the depth
of the groundwater, and prevailing atmospheric conditions (Shrestha, 2021; Van Camp et al., 2016).
ET-induced diurnal signals show a distinct asymmetric pattern, with a decline in the daily
streamflow during the day and a gradual rise during the night (Bren, 1997; Lundquist & Cayan,
2002). Moreover, the ET-induced fluctuations have been reported to vary between seasons,
depending upon the amount of solar radiation, and tend to disappear at the onset of winter (Széles et

al., 2018).



1.1.2 Snowmelt:

Snowmelt contributes to a substantial percentage of annual streamflow in mountainous alpine
catchments. Snowmelt is also reported as a causal factor for diurnal fluctuations in streamflow
(Kirchner et al., 2020). Snowmelt-dominated rivers exhibit sharp rises and gradual declines in
discharge each day during the spring melt season (J. D. Lundquist & Cayan, 2002). Caine (1992)
demonstrated that the amplitude and phase of the diurnal streamflow cycle in an alpine basin varied
with the reduction in snow cover depth throughout the summer. Mutzner et al. (2015) observed a
transition from a snowmelt-dominated diurnal cycle to an evapotranspiration-dominated cycle in an

alpine catchment, suggesting that different processes can influence diurnal streamflow patterns.

1.1.3 Water Viscosity:

The changes in streamflow viscosity can also affect streamflow patterns. Water viscosity is
influenced by factors such as temperature ( Cuevas et al., 2010). In forested headwater catchments,
the water temperature in the riparian zone can fluctuate throughout the day, leading to changes in
viscosity (Schwab et al., 2016). Viscosity-driven diurnal variations are most noticeable when stream
discharge is low, or the hydraulic radius is small, and (b) when the streamwater and the streambed
undergo significant temperature fluctuations, especially in unshaded channels (J. D. Lundquist &
Cayan, 2002). The daily viscosity-driven streamwater cycle exhibits a hydrograph shape similar to
the asymmetric pattern induced by riparian ET, such that a gradual rise follows a rapid decrease in
the morning and evening. However, in forested catchments with ample shading for the stream, the
viscosity-driven diurnal fluctuation of the stream temperature is generally so slight that the

mentioned effect is practically undetectable (Czikowsky & Fitzjarrald, 2004).

1.1.4 Human Activities:

Human activities such as water extraction for irrigation, industrial use, and domestic consumption
can significantly impact diurnal flow cycles. During the daytime, when water demand is typically

higher, substantial amounts of water are withdrawn from rivers and groundwater reserves. This



increased demand leads to noticeable reductions in streamflow and groundwater levels. For instance,
agricultural practices often involve intensive irrigation during daylight hours, which can lead to
marked diurnal fluctuations in local water bodies (Bouwer, 2002). In urban areas, water use peaks
in the morning and evening, corresponding with domestic activities such as bathing, cooking, and

gardening, further contributing to diurnal variations in water levels (Shiklomanov, 2000).

In addition to direct water extraction, human-induced alterations such as dam operations and
reservoir management also play a role in modulating diurnal flow patterns. Hydropower plants, for
example, often release water during periods of high electricity demand, typically during the day,
causing fluctuations in downstream flow (Morovati et al., 2024). Similarly, recreational activities
like swimming, fishing, and boating can affect water bodies, particularly in regions where such
activities are concentrated at specific times of the day. These human interventions can lead to flow

patterns that are distinctly different from those driven by natural environmental factors alone.

1.1.5 Uncertainty in Flow Measurements:

Understanding and managing the uncertainty in flow measurements is critical in the study of diurnal
fluctuations in streamflow due to evapotranspiration. Various sources, such as instrument precision,
calibration error, and human-related factors, such as reading or recording mistakes, introduce
significant uncertainty (Horner et al., 2018). Instrumentation errors, in particular, can induce false
diurnal fluctuations or mask real ones, leading to inaccurate assessments of evapotranspiration. For
example, malfunctioning or poorly calibrated equipment and transient errors like electronic noise

can create artificial patterns in the data (Hamilton & Moore, 2012).

The cumulative effect of these errors can introduce significant uncertainty in the measured flow data,
which can, in turn, affect the interpretation of streamflow patterns and the estimation of

evapotranspiration rates (H. McMillan et al., 2017).



1.2 Problem Statement:

1.2.1 ET Estimation and Diurnal Fluctuation:

In hydrological engineering, accurate evapotranspiration (ET) estimation is essential for determining
water budgets, particularly in arid and agricultural regions. Various meteorological factors, such as
solar radiation, vapour pressure deficit, temperature, and wind speed, affect ET rates (Allen et al.,
2011; Khanmohammadi et al., 2017). The tight co-dependence of ET with meteorological and
environmental variables introduces spatiotemporal variability in ET estimates and makes them
location-specific. This variability poses challenges in accurately measuring ET, especially when

extrapolating data over large areas (Allen et al., 2011).

A significant concern associated with the current ET measurement and estimation techniques is their
potential disconnect from the diverse hydrological processes occurring within a catchment. These
techniques may not directly link ET and these processes, creating a gap in our understanding of
catchment hydrology. The total moisture content of a catchment and atmospheric drivers are not
isolated variables. Instead, they are interconnected with catchment vegetation productivity in a
cause-effect relationship (K. Chen et al., 2023). Exploring ET in the context of catchment hydrology
gives us a deep understanding of how ET affects water flows within a catchment and how various

catchment features respond to changes in atmospheric water demand (Haslinger et al., 2014).

For instance, hydrological methods like weighing lysimeters can measure ET quite reasonably when
placed in locations of homogeneous vegetation and soil stratification, such as crop fields (Fenner et
al., 2019). However, lysimeters may be inappropriate for large watersheds of varying terrain, soil
type, and vegetation, as they provide plot-specific ET measurements and require significant

installation effort (Moorhead et al., 2019).

Plant physiology methods like the sap flow method have limitations when vegetation across a large
area is highly varied and unevenly distributed in species. Grasslands and other small-stemmed plants

are also unsuitable for the sap flow method (Santos et al., 2021). Similarly, the ET measurements



from the gas chamber method are highly localized and plant-specific, challenging their

extrapolations to a broader area (Stannard, 1988).

Micrometeorological methods like the eddy covariance (EC) method directly quantify water vapor's
mass flux between the Earth's surface and the atmosphere by measuring the turbulent eddy intensity
and variations in water vapour density (Allen et al., 2011). EC provides an efficient way of
measuring ET using various instruments and is one of the popular current methods used worldwide
to measure ET (Consoli, 2011). However, EC presents issues related to spatial representativeness
due to its confinement to spatially uniform extensive areas, limiting its applicability in headwater

catchments (Gelybo et al., 2013; Xiang et al., 2022).

Other meteorological methods estimate the reference or potential evapotranspiration (PET) using
analytical models. PET represents a theoretical measure of the atmosphere’s ability to absorb water
through evaporation and transpiration. These analytical models are based on principles of energy
balance and account for various meteorological and physical factors, including net radiation, ground
heat flux, vapour pressure deficit, air temperature, and wind speed (Lu et al., 2005) . PET is also
employed to estimate actual evapotranspiration (AET, referred to as ET in the manuscript) by
applying variables such as crop coefficients (Yarami et al., 2011), stress factors (Peng et al., 2019),

or non-linear relationships (Liu, 2022).

Some widely used PET models include the Penman-Monteith method (Allen, Richard ; Pereira,
1991; Monteith, 1965; Penman, 1948), Blenay-Cradel method (Blaney et al., 1952), and the priestly-
Taylor method (Priestley & Taylor, 1972). The Penman method, in particular, is an analytical
method that combines energy balance and aerodynamic principles, integrating meteorological
variables such as net radiation, temperature, humidity, and wind speed to provide a theoretical

estimate of PET.

One limitation of the Penman method is the energy closure issue. The Penman method assumes a
complete energy balance between incoming and outgoing fluxes. However, factors like turbulent

heat fluxes and storage changes in soil and vegetation canopy can disrupt this balance, leading to



biases in evapotranspiration (ET) estimates, especially for sub-daily measurements (Foken, 2008;
Hao et al., 2018). With the advent of electronic, automated weather stations, weather data are
increasingly reported for hourly or shorter periods. Therefore, in situations where calculations are
computerised, the FAO Penman-Monteith equation can be applied on an hourly basis with good
results. The FAO 56 report suggests adjustments in parameters like ground heat flux and the use of
standardised sub-daily meteorological inputs to improve the method’s robustness at finer temporal

scales (Allen, Richard ; Pereira, 1991).

The performance of PET models can also vary depending on location and climatic conditions. For
instance, the Priestley-Taylor method is considered a suitable alternative to the Penman-Monteith
method in the Ilhéus-BA region (Pimentel et al., 2023). Moreover, these methods face limitations,
including the lack of adequate meteorological input data, which may not be available for all regions
(Yong et al., 2023). These limitations highlight the need for a more integrated approach to ET

estimation that can account for the diverse hydrological processes within a catchment.

The analysis of diurnal fluctuations in groundwater and streamflow has provided a valuable
alternative to estimate ET by evaluating its effects on the catchment's hydrological patterns. It has a
long history going back to seminal work by White (1932). It is based on the principle that
groundwater levels fluctuate during the day due to ET. Many variations of the White method have
been developed. Boronina et al. 2005; Fahle & Dietrich, 2014; Gribovszki, Kalicz, Szilagyi, et al.,
2008; Loheide Il, 2008; Szilagyi et al., 2008), however, they are all based on the original White

method.

Previous research on this crucial hydrological phenomenon of diurnal fluctuations has primarily
occurred in isolation, often limited to observing and examining fluctuations in smaller catchments
and with relatively short record lengths. Moreover, the relationship between diurnal fluctuations
and catchment physical features is often neglected, limiting the comprehensive understanding of
these phenomena. In summary, the potential of diurnal fluctuations for estimating ET needs more

exploration, focusing on its relationships with catchment water and plants and systems.



1.2.2 Identification of Diurnal Fluctuations:

Given their sporadic and infrequent occurrence, analysing diurnal fluctuations has been challenging
due to their limited detection. Consequently, there has been a growing need for the development of
innovative analytical methods that can enable us to establish meaningful connections between

diurnal streamflow characteristics and catchment features.

Current methods for studying diurnal fluctuations in streamflow and water table records typically
involve manual identification of diurnal fluctuation episodes (Barnard et al., 2010; Fahle & Dietrich,
2014; Graham et al., 2012; Széles et al., 2018). In these approaches, analysts would visually examine
time series data and identify patterns corresponding to diurnal fluctuations, often based on their prior
knowledge and experience. This manual identification process is time-consuming and subjective, as

it relies on human judgment to detect these fluctuations.

Recently, some time-frequency methods have been used to analyse the diurnal variation in the
streamflow, including Fourier transform (FT) (Kovar & Bacinova, 2015; J. D. Lundquist & Cayan,
2002). However, FT has certain limitations, as it is restricted by a fixed window size, which may not
adequately capture high-frequency and low-frequency information. Wavelet transforms potentially
overcome these limitations by having a flexible window that can capture high-frequency and low-
frequency information. (Sinha et al., 2003) However, it does not appear to have been applied to the
analysis of daily fluctuations in stream flow. The wavelet transform can provide a unique tool for

analysing diurnal fluctuations, improving our understanding of this hydrological phenomenon.

1.3 Thesis Motivation:

Studying and understanding diurnal fluctuations is essential for several reasons. First, they can
provide valuable information about the hydrological pathways within catchments and surface-
groundwater connectivity (Barnard et al., 2010). Second, diurnal fluctuations can serve as indicators

of a catchment's vulnerability to climate change. Changes in the amplitude and duration of diurnal



variations can signal shifts in precipitation patterns, ET rates, and overall hydrological dynamics.

(Lundquist & Dettinger, 2003).

In this thesis, diurnal streamflow patterns are explored in depth with a focus on their hydrological
implications. Advanced analytical methods are developed to analyse diurnal patterns in long
hydrological datasets. The analysis is presented in three interconnected chapters that collectively

contribute to a deeper understanding of this hydrological phenomenon.

1.4 Aim and Objectives:

The thesis aims to address the existing research gap in the study of diurnal river discharge fluctuation
phenomena by developing innovative analytical methods and conducting comprehensive analyses

across various environmental and geographical settings.
The objectives of the thesis are as follows:

1. Investigate the relationship between diurnal streamflow fluctuations and ET for a small

catchment and assess their impact on the riparian zone-stream connections.

2. Develop automated advanced analytical tools to study the spatiotemporal variability of daily

streamflow patterns centred on wavelet analysis techniques.

3. Conduct a comprehensive data analysis to explore diurnal streamflow patterns across various

catchment settings throughout NZ.

By achieving these objectives, this research seeks to improve our understanding of diurnal
streamflow fluctuations and their connections with climatic systems and catchment features,

thereby contributing to the advancement of hydrological science and environmental management.
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1.5 Thesis Organization:

The thesis comprises five chapters, including the introduction. Chapters 2-4 have been written in the
style of stand-alone journal articles for publication. Consequently, there is some duplication in the
introductory comments and methods between the chapters. The first chapter provides a general
literature review and introduction. Chapters 2, 3, and 4 each contain a stand-alone introduction,
background literature review, materials and methods, results, and discussion sections. Chapters 2
and 3 are related to the first two Ph.D. research objectives, while chapter 4 is linked to objective 3.
Chapter 5 concludes this thesis with a general discussion, summary, and recommendations for future
work. In conclusion, each chapter contributes a unique perspective to the overarching goal of
comprehensively understanding diurnal streamflow fluctuations, and overall, this research strives to

advance our knowledge in this critical area of hydrology.

1.6 Brief Description of Chapters and Publication Details:

Chapter 2: Initial Analysis of Diurnal Fluctuations

Chapter 2 provides a detailed analysis of diurnal fluctuations in streamflow driven by riparian plant
evaporation. By scrutinizing the existing literature and manual examination, a new method is devised
to compare ET estimates and relate them to the riparian zones. This initial research enhances our
understanding of diurnal fluctuations and sets up the subsequent chapters, where advanced analytical

techniques are employed to analyse these fluctuations.

Journal Publication: Sarwar, M. W., Campbell, D. I., & Shokri, A. (2022). Riparian zone as a
variable source area for the estimation of evapotranspiration through the analysis of daily
fluctuations in streamflow. Hydrological Processes, 36(10), e14708.

https://doi.org/10.1002/hyp.14708

Conference Presentation: "Estimation of ET through signal processing of daily fluctuations in

streamflow." NZ Hydrological Society Conference (2019), Rotorua, New Zealand.
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Chapter 3: Application of Wavelet Transform

This chapter builds upon the insights gained from our initial analysis of the past methods of analysing
diurnal fluctuation. It introduces the application of wavelet transform as a powerful tool for detecting
and analysing diurnal episodes in long-term streamflow datasets. This mathematical framework
allows us to dissect the temporal dynamics of diurnal fluctuations with unprecedented precision,

offering a new perspective on their patterns and underlying drivers.
Submitted and under peer review
Chapter 4: Comparative Analysis of New Zealand Catchments

The fourth chapter extends the investigation into the spatiotemporal variability of diurnal
fluctuations in different catchments in New Zealand. By comparing diurnal fluctuations across
various catchment characteristics, we seek to discern regional variations and identify critical factors
influencing diurnal streamflow dynamics. This comparative analysis not only broadens the scope of
our research but also provides valuable insights for water resource management strategies tailored

to specific physiographical contexts.

Will be submitted along with the thesis.
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Chapter 2.  Riparian Zone as A Variable Source Area for
The Estimation of Evapotranspiration Through the

Analysis of Daily Fluctuations in Streamflow

2.1 Abstract

Evapotranspiration is a significant component of the water balance of a catchment, and riparian
zones play a critical role in the hydrological process. However, little is known about the influence
of riparian zones on Evapotranspiration, especially at a catchment scale. A new method is developed
to estimate the time series of riparian Evapotranspiration and variation of the active riparian area
around the stream by analysing the streamflow response to diurnal Evapotranspiration. The daily
fluctuations in the streamflow hydrograph are interpolated to reflect evapotranspiration losses. The
PET calculated by FAO-56 is used as an accurate reference for validation. The new method is more
straightforward and cost-effective compared to conventional techniques. In addition, the new
approach estimates average Evapotranspiration across the entire riparian area rather than a point

observation.
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2.2 Introduction

For many decades, studying the impact of Evapotranspiration (ET) on the hydrological process of a
catchment has been challenging (Gribovszki, Kalicz, Kucsara, et al., 2008; Loheide 11, 2008; Troxell,
1936; Weisman, 1977) significantly impact water table and streamflow, especially in a
heterogeneous environment with shallow water table-like riparian zones, where plant roots have

immediate access to groundwater resources (Kellogg et al., 2008; Satchithanantham et al., 2017).

The riparian zone is often defined as part of the landscape along the boundaries of a water body
(Rugenski et al., 2017). However, there is a diverse interpretation of the definition of the riparian
zone in the literature. Sometimes, the riparian zone is defined as a fixed width from the stream
network. For example, Reigner (1966) indicates that an area of up to 2 m from the stream is the
riparian zone, as this area considerably impacts streamflow. Geisler (2016), on the other hand,
suggests that the area adjacent to the stream with a slope of less than 25° is the riparian area. Figure
2.1 shows an interpretation of the riparian zone by Reigner (1966) and Geisler (2016). Still, these
suggestions conflict with some experimental studies' findings that the riparian area shrinks gradually
as the catchment dries out (Barnard et al., 2010; Bond et al., 2002; Graham et al., 2012; Tschinkel,

1963).
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Riparian Zone (Geisler, 2016)

Riparian Zone (Reigner, 1966)

Stream . Water table

Figure 2.1 A schematic diagram of a riparian zone along the stream banks

Characteristics of the soil and vegetation in the riparian area are often different from the surrounding
landscape due to their vicinity to the water resources. Consequently, the riparian zone substantially

impacts streamflow more than the rest of the catchment (Johnson et al., 2013; Marti et al., 2000).

Considering that the riparian zone has water availability throughout the year, this zone is a critical
region for the ET process, particularly during the dryer seasons (Johnson et al., 2013). Thus, studying
the influence of ET on riparian zones and, consequently, on the water table and streamflow can
reveal critical information on vegetation-stream interactions in catchments (Széles et al., 2018).
Nevertheless, several challenges for estimating ET from riparian zones are indicated in the previous
studies. For example, the narrow width of the riparian buffer around a stream is likely below the
fetch requirements of the eddy covariance and Bowen ratio ET measurement techniques (Goodrich
etal., 2000; Nachabe et al., 2005). Also, installing lysimeters in the vegetation corridor along streams

is costly and only yields point measurements.

Alternatively, physiographical methods such as crop coefficients, sap flow, and leaf chamber

systems are highly effective in determining ET rates using simple techniques at a relatively low cost
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(Lascano et al., 2016). However, the physiographical methods are ineffective when there is a degree
of non-homogeneity in the vegetation and soil types (Goodrich et al., 2000). In such cases, the
reliability of these methods can be compromised, and alternative approaches or complementary data

sources may be necessary to account for the complexity of the ecosystem.

On the other hand, the day and night variation in solar radiation leads to daily fluctuation in ET
(Széles et al., 2018). These daily changes in ET cause a periodic depletion and replenishment of
groundwater from riparian vegetation, which impacts the discharge and produces daily fluctuations
in streamflow (Bond et al., 2002; Burt, 1979; Graham et al., 2012; Gribovszki et al., 2010; J. D.
Lundquist & Cayan, 2002; Schwab et al., 2016). Often, diurnal fluctuations are characterized by a
local maximum in the early morning followed by a local minimum in the afternoon (Gribovszki et
al., 2010). The daily fluctuations in the water table, soil moisture, and streamflow in response to
higher ET during the daytime show potential for estimation (Dolan et al., 1984; Troxell, 1936;

White, 1932).

White (1932) was the first to establish a method for estimating ET from daily water table
fluctuations. He used a uniform recovery rate over 24 hours to calculate the total volume of water
evaporated due to diurnal water table fluctuations. To date, the White method has received extensive
modifications (Fahle & Dietrich, 2014; Loheide Il, 2008; Nachabe et al., 2005; Szilagyi et al., 2008).
However, the high spatiotemporal variability of groundwater recharge and specific yield remain the

primary challenge of the White method (Fahle & Dietrich, 2014).

The daily fluctuations in streamflow are also a practical and cost-effective way of characterizing
catchment hydrological processes (J. D. Lundquist & Cayan, 2002; Széles et al., 2018). Some studies
used the diel fluctuations in streamflow to estimate riparian zone ET (ET:). Troxell (1936) and
Boronina et al. (2005) estimated ET, using a similar approach to the White method by assuming a
constant recharge and computing the daily flow deficit caused by ET during a flood recession.
(Loheide 11, 2008), on the other hand, developed an empirical relation based on the rate of change

of groundwater level during the periods of zero ET at night to include the change in recharge between
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days and nights. Later, Cadol et al. (2012) modified an empirical relation for estimating ET from
streamflow fluctuations by combining the empirical Equation developed by Loheide Il (2008) with
the daily streamflow deficit. However, uncertainties in identifying specific yields and groundwater
recharge for each night made these methods less practicable (Fahle & Dietrich, 2014). In addition,
some studies show that the riparian zone and vegetation in streams play a dominant role in producing
and controlling the daily fluctuations in streamflow (Barnard et al., 2010; Bond et al., 2002; Graham

etal., 2012).

Some studies also report a lag time (tiag) between the maximum ET in the catchment and minimum
streamflow at the outlet for each diurnal fluctuation. For example, the maximum ET is observed
between 12 pm — 3 pm, and the minimum flow is between 5 pm - 8 am (Kirchner, 2009; Szilagyi et
al., 2007; Troxell, 1936). The lag time is reported to vary seasonally due to flow path change and
flow velocities (Barnard et al., 2010; Cadol et al., 2012). Also, it is suggested that the lag time can
result from the riparian system's dynamical lag to integrate the effects of its sinusoidal inputs into

outputs over time (Kirchner et al., 2020).

The total lag measured at the catchment outlet shows the overall catchment response to transpiration.
However, it can be broken down into time portions taken by individual hydrological processes
involved in the propagation of diurnal signals. For example, the time plants take to transport sap
flow in response to radiation, the time measured between the diurnal peaks in groundwater level and

baseflow (Szilagyi et al., 2008), and the instream time associated with the streamflow velocity.

Research on diurnal fluctuations highlights the intricate interplay between water availability,
groundwater storage, and riparian dynamics. However, previous studies have scarcely discussed the
relationship between ET and the riparian area as a source for generating the diurnal fluctuation. The
role of riparian areas in modulating fluctuation lag and amplitude also needs further investigation to

form a comprehensive understanding of the hydrological process involved in this phenomenon.

Therefore, the main aim of this study is to analyze the daily streamflow fluctuations to estimate an

hourly and daily time series of ET and evaluate the area of the riparian zone around stream networks.
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The new approach emphasizes the interconnection between ET and the riparian zone to quantify the
relationship between ET and daily streamflow fluctuations and investigate how changes in the

riparian area affect ET loss.

2.3 Methodology
2.3.1 Study area

The Toenepi stream (WGS84 coordinates: -37.7146, 175.5632) drains a small catchment in the

Waikato region, New Zealand

Figure 2.2. The catchment has an area of 1.6 ha and an elevation range from 40 to 130 m above mean

sea level.

The catchment is one of the five representative dairy focus catchments in New Zealand, with great
weather and hydrological data (Wilcock et al., 2006). The ground surface topography is primarily
flat (max slope 6.5%) and fully covered by pasture apart from the riparian plantings around the

Toenepi stream, consisting mainly of shade trees and shrubs (Wilcock et al., 2006).

The vicinity of the stream comprises poorly drained Topehaehae soils (13%) developed from recent
alluvium on river flood plains, 47% freely drained sandy loam textured Kereone and Kiwitahi soils,

and 40 % of clay textured Morrinsville ash soils (Muller et al., 2010).

The catchment receives an annual average rainfall of 1160 mm with an estimated ET of 892 mm/year

(2003-2012), which gives a yearly water yield of around 399 mm/year (Woodward et al., 2013).

18



Data Points

@ Metstation
B Open Drain
© Rain Gauge

B Sub-Surface Drain
A Weir

N well
= Streams
ﬁ E Study Area

D Toenepi Catchment Boundary

Figure 2.2 The Toenepi catchment and the study area boundary

2.3.2 Data access and recession analysis

The streamflow was monitored continuously from 1995 to 2014 at a 15-minute resolution, using a
V-notch weir at the outlet (Wilcock et al., 2006). For this study, the 15-minute streamflow is
converted to hourly values to be unified with the other meteorological data obtained from the
weather station in the study area. Then, hourly potential evapotranspiration (PET) time series are

calculated using the FAO-56 Panman-Montieh method (Allen, Richard G; Pereira, 1991).

Pronger et al. (Pronger et al., 2016) suggested that the PET calculated from the FAO-56 method is
an appropriate reference for estimating actual ET in pasture systems in the study area. Scotter and
Heng (2003) suggest that most pastures in New Zealand behave like the reference crop for most of

the year. In addition, considering that the majority of vegetation in the riparian area has access to
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adequate groundwater resources and water fluxes, PET reasonably estimates the actual ET in the

riparian zone (Loheide et al., 2005).

The hourly streamflow data from 2003 to 2013 are analyzed to detect the diel fluctuations. Sub-daily
random picks in the recession curves are ignored as they could be attributed to local and small rain
events. The end of fluctuation episodes is observed when either the recession is interrupted by a rain
event or the flow rate becomes too low to carry any signal. In general, three types of fluctuation
scenarios are observed in the flood recessions. Balanced fluctuations (Figure 2.3a) are usually
observed in the middle of a recession curve when the hydrograph is flat at night and steep in the day.
Rising fluctuations (Figure 2.3b) are observed at the end of a flood recession curve when the
streamflow increases at night. It was not rare to see all three types of fluctuations in one long
recession curve if the recession curve is interrupted by a rainfall event. Steep fluctuations (Figure
2.3¢) usually occurs at the beginning of a recession curve when the riparian zone shrinks rapidly and
the discharge from groundwater declines rapidly. Any combination of all three types of fluctuations

may be observed in a single prolonged recession.
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Figure 2.3 Types of diurnal fluctuations observed in the hourly streamflow record in Toenepi.
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Forty-one flood recessions with at least four days of fluctuations are detected. The duration of the
flood recessions is usually longer in warmer months, as they are less likely to be interrupted by any
precipitation. Noticeable diurnal fluctuations started from late winter in August, dominated in spring
(September- November) and summer (December — February), and diminished around early autumn
in March. No flood recession was observed between April and July that meets the required criteria.
Figure 2.4 shows the most extended fluctuation event from 12-Jan-2005 to 31-Jan-2005, when a
streamflow recession with daily fluctuations was observed for 19 days before it was interrupted by
a rainstorm. During this flood recession, the PET started at around 6 a.m., reached a maximum value
around noon, and dropped to zero shortly after 7 p.m. A lag time of 5 hours is observed between the

PET and streamflow deficit Qq peaks.
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Figure 2.4 Daily flow fluctuations in Toenepi Stream in response to temporal variations in ET
from 12-Jan-2005 to 31-Jan-2005

2.3.3 Calculation of Riparian ET (ETr)

A conceptual cross-section of a riparian zone is illustrated in Figure 2.5. In the absence of rainfall

during a flood recession, the catchment water balance can be written as:

av

Qsp —Qr — Qpr = a (2.1)
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where Qsr is the observed streamflow at the outlet, Qr. is the groundwater recharge, Qer is the ET
flow abstract, and % is the water storage change in the river network. Since ET is negligible at

night, the only source of stream flow is groundwater recharge, which recharges recedes without a
rain event—however, the difference in recharge rates between day and night results in a diurnal

streamflow fluctuation.
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Figure 2.5 A conceptual cross-section of a riparian zone and water balance components that
contribute to streamflow during (a) night and (b) day

In this study, a similar approach suggested by Gribovszki et al. (2008) for estimating ET from
groundwater table fluctuations is adopted for streamflow fluctuations. A Bezier-Spline interpolation
curve is fitted to the observed streamflow hydrograph in this method. An example of fitting a Bezier-

Spline interpolation curve to a streamflow hydrograph is illustrated in Figure 2.6.
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Figure 2.6 An example of fitting a Bezier-Spline interpolation curve to a streamflow hydrograph,

estimation of streamflow deficit Qd. and a comparison with PET and Qq

The interpolation curve is formed by linking the daily minimum and maximum discharge points at
the beginning and end of the periods when the effect of ET became negligible on streamflow. The

time series of ET from the active riparian area (ET,) is obtained by the equation (2.2) below

Qq(t)
A (t)

ET(t — tigq) = (2.2)

where tiag is the lag time between the maximum ET and minimum streamflow observed at the outlet
for each fluctuation, ET, (t-tiag) is the time series of average ET abstracted from the riparian area at,
Qq(t) streamflow deficit is the difference between the interpolation curve and streamflow at the

outlet, and A, is the size of the riparian zone that actively contributes to the streamflow fluctuations.

2.3.4 Time series of the area of the riparian zone, Ar(t)

As the catchment starts to dry out, groundwater storage in the riparian area decreases. As a result,
the riparian zone shrinks gradually at the same rate as the groundwater storage reduces. Although
the ET per unit area remains unchanged during the recession, the total volume of water ET loss in
the riparian zone decreases slowly as the size of the riparian area decreases. This information is

critical for understanding the dynamics of riparian ecosystems and underscores the significance of
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effective conservation strategies in maintaining ecological balance. A conceptual example of the
shrinkage of the active riparian area around a stream network in three timesteps is illustrated in

Figure 2.7.

2
(=}
= [ ] activeriparian area
g
a_.; /
Time (Days) \
= =
~
~
A — Streamflow Deficit (Qg)
~ — — - Riparian Area (A)
S —— Stream Area

1
Area

Streamflow Deficit (Qg)

Time (Days)

Figure 2.7 A schematic of the active riparian area around a typical stream network after a flood

event in three timesteps

An exponential expression often explains the flow decline during a recession (Tallaksen, 1995).

Qsr = ont (2.3)

Qsr is the streamflow in the recession period, k is the recession constant, and Qo is the flow at the

beginning of the recession.

The start of a recession Qo can be defined using a baseflow separation method like a recursive digital

filter-based flow separation method (Lyne & Hollick, 1979). Figure 2.8 shows the Mathematically,
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1+a
Q.= —aQ q(t_1)+T[Qs(t)_Qs(t_1)] for Q,(t)>0

(2.4)
0 otherwise

Q) =0Qs(t) — Q 4(®) (2.5)

where Qq(t) is the filtered quick flow at time t, Qq(t-1) is the quick flow component at time t-1,
Qb(t) is the baseflow, and a is the digital filter parameter. The fast digital filter method gives

consistent and easily reproducible results (Nathan & McMahon, 1992).
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Figure 2.8 Baseflow separation using the recursive digital filter method to define the starting point

of a recession.

During a flood recession, in which groundwater recharge is the only resource, and ET is the only

abstracting agent, the area of the riparian zone is assumed to be directly proportional to the

streamflow rate. Therefore,
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A, (D) = Aokt (2.6)

Where, Ao is the initial active riparian area at the beginning of the recession.

Combining equations (2.3) and (2.6) and yields:

A —ﬂ 2.7
T_QOQSF ()

Then, combining equations (2.2) and (2.7) yields:

QoQqa(t)

ETr(t - tlag) = m (2.8)

Equation (2.8) hereafter is the "new method" for estimating a time series of average ET abstracted

from the active riparian area (ET,).

2.4 Results and Discussion (Application of the method)

2.4.1 Estimation of ETr

The time series of Qq (the difference between the interpolation curve and streamflow) is calculated
by fitting Bezier-Spline interpolation curves to flood recessions. As an example, an hourly time
series of Qq for the recession curve from 12-Jan-2005 to 30-Jan-2005 is illustrated in Figure 2.9. The

magnitude of Qg declines as the average daily discharge decreases during the flood recession.
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Sometimes, the Qq value becomes negative during the night when the spline curve does not follow
a sharp change in the actual recharge rate at the start and end of the night. The negative Qq values

are removed from the Qq time series.
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Figure 2.9 An hourly time series of Qd and hourly time series of riparian area (A) in Toenepi

stream from a flood recession period between 12-Jan-2005 to 30-Jan-2005

Assuming PET truly represents ET in the riparian area, the hourly time series of ET, is calculated by
minimizing the root-mean-square error between PET and ET, calculated from Equation (2.8 by

varying A as a changing variable in MS Excel solver.

The goodness of fit measure suggested by Kling-Gupta efficiency (KGE) (Gupta et al., 2009)

measures the correlation between PET and ET,.

KGE =1— \/(r D24 (“’ﬂ - 1) + <a”” - 1) (2.9)

HUET,
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where r is Pearson's correlation between PET and ETr, ppgr is the mean of PET, ugr, is the mean
of ETr, opgr is the standard deviation of PET, and ogr, , is the standard deviation of ET,. KGE ranges

between 0 and 1, where 0 means no correlation, and 1 represents a perfect correlation.

The estimated ET, with and without considering 5 hrs lag time are compared with PET and shown
in
Figure 2.10. The correlation is not strong when the lag time is neglected. However, by offsetting the

ET, values by 5 hours, a clear relationship appears in

Figure 2.10b. Eventually, the lag time that results in the most significant KGE value is considered

the best between PET and Q.
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Figure 2.10 A comparison between hourly time series of PET and ET, (a) without lag time, (b)
with 5 hours lag time for 19 days flood recession period between 12-Jan-2005 to 30-Jan-2005

The recession constant (k) is calculated as 0.006 by fitting Equation (2.6) to hourly streamflow for
each recession episode, and Ao is estimated as 10.18 Km? by minimising the root-mean-square error
between PET and ET.. Figure 7 illustrates the hourly time series of the riparian area (Ar) estimated
by substituting Ao and k values in Equation 6. Eventually, a comparison between the time series of
A; and Qq indicates that the diel signal amplitude is directly proportional to the size of the riparian

area.
2.4.2 Analysis of hourly time series of ETr

Appendix 1 illustrates hourly estimates of PET and ET, for 41 flood recessions, along with the

goodness of fit (KGE) and lag time.

Analysing the hourly time series of PET shows that solar radiation plays a vital role in calculating
PET. A footprint of solar radiation on PET is visible as some local peaks in the hourly PET time
series are shown in Figure 2.11. It is exciting to see that the exact impact is recognisable in the hourly
ET, graphs in Figure 2.11. The footprint of solar radiation on ET, is more recognisable in spring and

early summer events.
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Figure 2.11 Analyzing the impact of solar radiation on PET and ETr

Overall, the new method shows an acceptable performance in estimating the hourly time series of

ET, compared to PET. For example, the average goodness of fit (KGE) for all flood recession events
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is 0.83. However, a better correlation between ET, and PET is observed when there are fewer
variations in solar radiations during the day, and PET has a simple bell shape graph. For example,
in a spring event from 05/09/2009 to 09/09/2009, the goodness of fit between PET and the new
method is 0.96. On the other hand, when solar radiation frequently changes, the correlation between

PET and ET, declines.

2.4.3 Seasonal variation of lag times

The lag time is calculated for all recession episodes. A summary of seasonal variation of the lag time
between ET, and streamflow response is illustrated in the Toenepi stream from 2003 to 2013 (Figure

2.12).
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Figure 2.12 Seasonal variation in the lag time tO between ETr and streamflow response in the
Toenepi stream from 2003 to 2013

On average, of 41 cases, the lag time is 4.86 hours, with a standard deviation of 1.47 hours. It is
observed that the lag time (tiag) and the streamflow deficit (Qq) vary seasonally. The average lag time
is slightly shorter in spring (5 hrs) than in summer (5.52 hrs). One explanation for the seasonal
variation is that the seasonal change in vegetation in streams results in varying the roughness of the
stream networks and, consequently, average velocity and lag time. Also, various activities in

generating ET-induced diel signals in the streamflow vary seasonally. These activities include solar
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radiation, transpiration from the stomata, sap flow movement in the plants, root water uptake,
groundwater movement, baseflow discharge to streams, and in-stream travel time to the measuring

point.

The shortest lag times of 2-3 hours are observed for shallow flow (< 2 m%nhr) in the events in
February and March. These short lag times for low flows suggest that a tiny proportion of the area
near the stream contributes to the streamflow. Therefore, any change in the ET rate more rapidly

impacts the streamflow at the outlet.

The average daily ET, and PET for all events are calculated and illustrated as a scatterplot in Figure
2.13. The summer events show a higher average daily ET, around 2.5 to 5 (mm/day), and winter
events are the lowest at around 1.5 (mm/day). In autumn and spring events, the average daily ET,
ranges from 1.5 to 4 (mm/day). The scatterplot shows a good agreement between average daily PET
and ET, with a goodness of fit of (KGE=0.88). However, comparing a linear trendline to all events

with a 1:1 line shows that the daily average ET; is marginally lower than PET.
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Figure 2.13 Seasonal comparison of daily average PET and ETr
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2.5 Conclusions

This study developed a new method to estimate the time series of riparian ET by analysing the
streamflow response to diurnal ET. The daily flow fluctuations are assumed to occur because of the
ET differences between day and night. The new method also estimates the temporal variation of the
riparian area during a flood recession by assuming a linear correlation between groundwater storage
and active riparian area. The estimated riparian ET from the new method shows an acceptable
correlation with the hourly PET calculated from FAO 56. In addition, the new method requires fewer

experimental parameters to estimate ETabstracted from riparian zones than PET.
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Chapter 3.  Application of Wavelet Transform for
Extracting and Analysing Evapotranspiration-Induced

Diel Fluctuations in Streamflow Records

3.1 Abstract

Diurnal fluctuations in groundwater and streamflow are produced due to evapotranspiration,
indicating a strong connection between streamflow and the groundwater reservoir. Studying the
patterns of diel fluctuations can provide valuable information on the hydrological processes in a
catchment. Analyzing these fluctuations makes it possible to estimate the evapotranspiration rate as
well. In this paper, the signal analysis technique of the wavelet transform is applied to the streamflow
time series to extract and analyze diel fluctuations. The performance of two main types of Wavelets
transform, continuous and discrete, is accessed against widely applied methods of trend extraction
like moving average. The results show that wavelet transform can be used successfully to identify
periodic and non-periodic features of the time series, such as seasonal and trend components, and to
distinguish between signal and noise. The continuous wavelet transform demonstrates that the
diurnal component of streamflow exhibits significant variation over different temporal scales, with

the dominant periods ranging from 12 to 36 hours. In conclusion, the findings suggest that wavelet
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transform can effectively capture evapotranspiration-induced diurnal streamflow fluctuations and

provide insights into the hydrological processes at different temporal scales.

3.2 Introduction:

Diurnal fluctuations in groundwater and streamflow are high-frequency oscillations produced due
to the natural dynamic response of the groundwater reservoir against external environmental forces
like evapotranspiration (ET). Studies of Diel fluctuations in the streamflow can reveal the temporal
patterns and dynamics of water movement and storage in streams, affecting the stream system's
water quality, ecology, and management (Kirchner et al., 2020). In addition, diel fluctuations in
groundwater and streamflow indicate the presence of a robust connection between streamflow and
groundwater (Széles et al., 2018). When diel fluctuations in groundwater and streamflow are
observed, it suggests a complex interaction and water exchange between the stream and the
underlying groundwater system. Therefore, analysis of diel fluctuations can reveal key hydrological
characteristics of a catchment, like the sources and pathways of water in streams (Barnard et al.,
2010), the rates and magnitudes of water exchange between streams and their surrounding
environments, and the impacts of human activities on stream hydrology (Satchithanantham et al.,

2017).

Some studies have analysed diel fluctuations to estimate riparian ET by computing the streamflow
loss during each diel cycle (White, 1932; Troxell, 1936; Tschinkel, 1963; Boronina et al., 2005;
Gribovszki, Kalicz, Kucsara, et al., 2008; Loheide 11, 2008; Cadol et al., 2012; Sarwar et al., 2022).
While some others have focused on investigating the origin and the mechanisms of propagation of

the diel signals in Streamflow (Barnard et al., 2010; Graham et al., 2012).

In recent years, hydrologists have used time-frequency analysis methods to better understand the
complex dynamics and characteristics of variations and trends in hydrological time series. For

example, (J. D. Lundquist & Cayan, 2002) showed the capabilities of applying time-frequency
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techniques like the Fourier Transform in identifying the distinct periods where diel signals

predominately affect baseflow recession.

Similarly, Wavelet analysis is another practical time-frequency approach utilized to examine
variations, periodicities, and trends in diverse geophysical time series (Mallat, 2009). Compared to
Fourier analysis, Wavelet analysis offers the advantage of revealing different time-frequency
components within a time series that can be localized in both the temporal and frequency domains.

(Smith et al., 1998).

Wavelet analysis has been applied in hydrology since the early 1990s due to its ability to analyze
non-stationary datasets (Rhif et al., 2019; Sang, 2013). It has been shown that Wavelet analysis is
an effective tool for extracting non-trivial and potentially useful time-frequency information from
non-stationary data sets available in geosciences (Percival, 2008). Some of the applications of
Wavelet analysis in hydrology are multiresolution analysis of hydrologic time series (Chong et al.,
2019), denoising of hydrologic series to allow for the detection of underlying trends and variations
(Sang, 2012), simulation and forecasting of hydrologic series using wavelet-aided convolution
neural networks (Adamowski & Sun, 2010), and analyzing groundwater level fluctuations including
the decomposition of time series into different frequency components (Huang et al., 2021).
Moreover, derivative techniques of Wavelet transform, like Wavelet cross-correlation and coherent
analysis, are used by (Briciu et al., 2019) to compare and correlate upstream and downstream diurnal

cycles of different water quality parameters.

Further, CWT can aid in characterizing extreme events such as floods or droughts by revealing their
temporal signatures and how they may change over time in relation to the macroclimate indexes (C.
A. G. Santos & de Morais, 2013). Studies by (Sang, 2013; A. Zhang et al., 2015) have used the time-
frequency information from CWT to improve forecast models' accuracy and hydrological processes'
accuracy. Combining CWT with statistical models like ARIMA improved forecasting models for
hydrological time series by capturing the non-stationary characteristics of hydrological time series

(Wuetal., 2021). CWT has models. Additionally, wavelet analysis methods have been used to study
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the characteristics of hydrological processes and their applications, including serial correlation

analysis, frequency analysis, and fuzzy analysis (Sang, 2013).

Understanding the daily characteristics of streamflow offers a window into the time-varying impact
of different environmental parameters on catchment hydrological processes. However, investigating
diel fluctuations presents challenges due to the intricate and highly variable spatiotemporal nature
of the hydrological dynamics involved in these processes (Graham et al., 2012). The numerical and
analytical methods utilised in the abovementioned studies have been valuable for quantifying the
link between diel signals and ET. However, these methods do not fully capture the entire range of
information on diurnal characteristics. They fall short of capturing details such as the timing and
magnitude of the daily peaks, which can vary across different periods and locations (Xiao et al.,
2018). This limitation comes from the fact that these methods primarily focus on the time domain
of streamflow signals, neglecting the frequency components of the streamflow signal (Yan et al.,
2020). Diurnal fluctuations are naturally occurring frequency-based phenomena, and only relying
on time-domain analyses could lead to the oversight of crucial frequency-dependent patterns and

dynamics (Grinsted et al., 2004; Rhif et al., 2019).

However, the previous studies examining diurnal fluctuations in streamflow have primarily relied
on time-domain analyses, such as calculating mean daily streamflow values or investigating trends
in the data (Czikowsky & Fitzjarrald, 2004; Loheide II, 2008; Sarwar et al., 2022). While these
methods provide valuable insights into the overall daily hydrological behavior of the system, they
may not fully capture the comprehensive range of information on daily characteristics. These
approaches often overlook critical frequency-dependent patterns and dynamics inherent in diurnal
fluctuations, which can be essential for understanding the temporal impact of environmental

parameters on catchment hydrological processes (Percival, 2008).

This study addresses these limitations by employing Wavelet analysis to investigate the temporal
changes in diurnal streamflow fluctuations. The specific objectives of this study are: (1) to choose

the optimal wavelet family to decompose streamflow time series into multiple lower resolution

36



levels, (2) to remove trends using wavelet thresholds and extract diel signals, and (3) to represent
diel signals at different scales and times through a power spectrum of the continuous wavelet

transform.

3.3 Methodology
3.3.1 Overview of Continuous and Discrete Wavelet Transform

Wavelet analysis has two main types: continuous wavelet transform (CWT) and discrete wavelet
transform (DWT) (Vetterli & Herley, 1992). The following integrated expression gives the CWT of

a signal x(t)

N T R
X(T‘S)_\/E_—L x(t) * P, (B)dt (3.1)

where %(t, s) is the transformed signal, z is the translation parameter, which controls the locations
of the Wavelet, s is the scaling parameter, which controls the width of the Wavelet, and v . (t) refers
to a wavelet basis function at that particular scale and translation of the mother wavelet (). A
mother wavelet with different scaling and translation factors can generate countless daughter

wavelets.

s, = % w(t_r) (32)

As an illustration, Figu presents a schematic demonstrating how CWT effectively captures both the
low and high-frequency components of the signal. The mother wavelet y(z) undergoes continuous

scaling (z) and translation (s) operations, spanning the entire signal length multiple times. With each

37



pass of CWT, a distinct daughter wavelet (for example ;. (1) and w2+ (t))convolves with the
signal, generating an array of coefficients that represent the degree of similarity between the signal
and the Wavelet at that particular scale and position. This process enables the identification and
localization of signal features with varying frequencies, making CWT a powerful tool for time-
frequency analysis. The resulting CWT coefficients provide valuable insights into the signal's time-
varying characteristics and underlying dynamics, enhancing our understanding of complex time

series data (Mallat, 2009; Debnath & Shah, 2017).

— Singal

— Wavelet

lprl ,s1

lprz ,S2

Figure 3.1 Continuous Wavelet Transform (CWT) Principle: lllustrating the CWT
process involving the convolution of the Morlet wavelet with the signal at various
scales and translations. In this depiction, ys1,t1 (t) denotes a contracted form of the

mother wavelet, while ys2,12 (t) corresponds to a scaled version.

The decomposed arrays of CWT coefficients represent its different constituent frequency
components, while their magnitude indicates the presence of specific frequencies at different time
points. Therefore, CWT coefficients provide valuable insights into the signal's time-varying
characteristics and underlying dynamics, enhancing our understanding of complex time series data

(Mallat, 2009; Debnath & Shah, 2017).

38



Many types of mother wavelets are found in the literature, each with unique advantages and
applications (Misiti, 2007). For example, the Morlet wavelet utilized in this study can effectively
analyze oscillatory patterns in time-series data, proving invaluable in signal processing and

neuroscience, where detecting transient events and rhythmic patterns is crucial.

The CWT of a signal involves significant overlapping of wavelets at and between different scales,
which results in redundant information, i.e., duplicate arrays of coefficients. The redundancy might
provide high resolution but requires substantial computational resources (Addison, 2018). One
solution to this problem is to use the DWT method, where the scale and translation parameters are
restricted to discrete values that are s = ag* and z =nbyag* (ao, bo € R+; m, n € Z) , respectively. The

integer m is the resolution level of DWT, and n is the proportionality constant (Mallat, 2009).

Implementing discrete scale and translation parameters in Equation 3.2 yields:

P (©) = 1m " <t — "ot ) (3.3)

For convenience, DWT is operated as low and high pass filters on a dyadic grid (ap =2) with a fixed-

width wavelet (bo =1). The wavelet function y(z) and a related scaling function, ¢(t) are defined as

lpm,n(t) = gk\/z_mw(zmt - Tl) (3-4)
P (£) = hy V2P (2™t — n) (3.5)
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where gk and hy are low- and high-pass filters, respectively.

DWT provides a much more concise set of information as compared to CWT. During each DWT
pass, the signal is divided into several coefficient arrays called detailed and approximation
coefficients. The division is based on a cut-off frequency fs, which is often the most dominant
frequency in the signal. The detail coefficient cD, captures all the high-frequency components
(noise) at level n, while the approximation coefficient comprises all the remaining high-frequency
components (noise+ trend). In each successive pass, the DWT is applied on the approximation
coefficient cA, to further divide it into sub-signals cDn+1 and cAn+1. The iterative process of signal
decomposition continues until either the desired level of decomposition is achieved or the signal
length can no longer be halved. The pyramid-like discretization makes DWT a more straightforward
analysis than CWT (Mallat, 2009; Percival, 2008). This also enables a more accurate signal
reconstruction from a given set of DWT coefficients. Based on these advantages, this study uses
DWT to decompose diel streamflow signals into their temporal components to identify trends and

reconstruct detrended signals.

3.3.2 Application of DWT for Trend Removal with Wavelet Thresholding:

Wavelet thresholding is utilized for distinguishing noise, including diurnal oscillations, from the
streamflow recession signal in detecting diurnal oscillations. The fundamental concept behind
wavelet thresholding is eliminating noise components that do not meet the specified thresholding
criteria from the detail components. This process produces a reconstructed signal representing the
original signal's non-oscillatory trend. By utilizing threshold-based wavelength detrending, sudden
spikes and drops in the signal can be smoothed out, allowing for the extraction of time-frequency
information associated with the non-oscillatory fluctuations. This helps to reveal and emphasize the
underlying patterns or trends in the data while effectively isolating the diurnal oscillations from other

Noise sources.

In wavelet thresholding, the signal is first decomposed into its "dyadic components” and then

reconstructed by applying a specific thresholding value denoted as 4. The denoising through wavelet
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thresholding involves determining appropriate thresholds for each level of the time scale, typically
done using a specific method. These determined thresholds are then applied with a suitable
thresholding rule to remove unwanted noise from the primary signal effectively. By using this
approach, wavelet thresholding can efficiently reduce noise while preserving the essential features

of the original signal.
3.3.2.1 Threshold Calculation:

A threshold scheme depending on the decomposition level (Johnstone & Silverman, 1997) is
employed where a unique A; is calculated for each detailed component based on its noise strength

o; , and applied to each decomposition level individually.

Ai = 0Oj+/ 2.1In (Nl) (36)

where ¢ is the noise strength, and N; is the length of detailed coefficients at each resolution level i.

The noise strength at each level is calculated as

N;
1
= . 3.7
0= G t}_lchl(t)l (37)

The signal is then reconstructed using the list of thresholded detail coefficients. Noise is removed

from all the detailed coefficients at each level. The resulting signal represents the underlying trend.
3.3.2.2 Thresholding Rules:
A threshold rule is a criterion that filters out detailed coefficients using a thresholding value A. There

are three main types of thresholding rules.

41



In soft thresholding, the wavelet coefficients with significant positive and negative magnitudes

above A are shrunk toward zero. The soft thresholding is given as

' ey _ fsgn(eDi () . (IeDi (D) — ) lcD; ()] > 4
eDh(®) = { 0 DD < A (3.8)
where ¢D’;(t) is the modified detail coefficient and sgn(x) is the sign function
1 x>0
sgn(x)={ 0 «x= (3.9)
-1 x<0

The second thresholding rule is hard thresholding. In hard thresholding, detail coefficients whose

value falls below A are discarded immediately (Andrecut, 2019). The hard thresholding is given as

cD;(t) leD; ()| > 4

, _ >
¢D i(t)—{ ' DOl = 1 (3.10)

The third type of traditional thresholding rule is the non-negative garrotte thresholding.

/12
cD'y(t) = {CDi(t) B0 leDi(B)] > 4 (3.11)
0 leD; (D] < 4
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It is intermediate between hard and soft thresholding and provides a compromise between the two.
It behaves like soft thresholding for values significantly above the threshold and reflects the
properties of hard thresholding for low input values (Gao, 1998). All three thresholding rules are
applied in the analysis to the entire set of discrete wavelet families. Figure 3.2 visually represents
how the three thresholds compare using a sample array of wavelet coefficients. The thresholding is
applied between -0.5 and 0.5. The thresholding rules differ in treating the input coefficients outside
the specified noise range. In soft thresholding, the non-noise coefficients are shrunk to zero on either
noise threshold. On the other hand, no scaling is performed in hard thresholding, and all the non-
noise coefficients are kept unchanged. The Garrote thresholding provides a compromise between
soft and hard thresholding. The coefficients gradually shrunk between zero and the original values
as we moved from smaller to larger coefficients. The garrote offers advantages over hard and soft
shrinkage, including smaller mean-square error and less sensitivity to small perturbations in the data

(Fourati et al., 2005).
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Figure 3.2 Comparative Visualization of Soft, Hard, and Garrote
Thresholding Rules: The X-axis shows the input values, while the Y-axis

displays the corresponding thresholded output values.
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3.3.2.3 Wauvelet Selection

One of the key advantages of wavelet analysis is the availability of different wavelet basis functions
called mother wavelets, which can be used for various types of analysis (Daubechies, 1988; Mallat,
2009; Zeshang Yang et al., 1995). However, the output of wavelet analysis is highly dependent on

the mother wavelet used, and care should be taken in choosing the appropriate wavelet.

For this study, different wavelet functions available in the Python library pywavelets were tested.
Pywavelets provide extensive support for a wide range of wavelet transforms. It includes 106 pre-
built wavelet functions such as Haar, Daubechies, Symlets, Coiflets, and more, with the ability to
support custom wavelet functions as well. Testing a diverse range of wavelet functions ensured that

the best possible combination of wavelet bases was selected with each thresholding type.

The first step is obtaining a recession signal exhibiting diurnal patterns. The diurnal signal is
denoised/detrended using the moving average and the wavelet thresholding process. The thresholded
wavelet coefficients are then used to reconstruct the denoised signal. The wavelet thresholding

process is repeated for all the wavelet families with all three types of thresholding rules.

The main criteria for the selection of an optimal Wavelet are based on the signal and noise ratio
(SNR) and the similarity of the denoised signal with a reference diurnal waveform. The SNR is
calculated for each denoised signal. It serves as a crucial metric to quantify the amount of the desired
signal against the noise present in the signal. A higher SNR indicates that the denoised signal has

less noise and more of the desired signal. The SNR is expressed as

2
SNR = 101n2—y2 (3.12)

XYy

where y is the original signal and y is the denoised signal. A higher SNR value indicates a better

denoising performance.
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Along with SNR, quantitative indices like root mean square error (RMSE) and correlation coefficient
are calculated to identify the similarity between the denoised signal and a reference diurnal signal.

A lower RMSE indicates a closer match to the reference signal. RMSE is given by:

2 - 9)?
RMSE = /W (3.13)

The selection process is refined by introducing a Fourier Transform-based filtering step. The spectral
density of the denoised signals is analysed using the Fast Fourier Transform (FFT) algorithm to find
the dominant frequency in the signal, i.e., the frequency component with the highest amplitude. This
step is crucial as it provides insight into the primary periodic component present in our denoised
signal. The resulting FFT information is used to filter out wavelets where the dominant frequency

of the denoised signal significantly differed from a diurnal frequency, i.e., 24.

Finally, the Wavelet that led to the highest SNR and the lowest RMSE post-FFT-based filtering was
selected as the optimal Wavelet. The performance indices of each wavelet family are also compared
against previously used detrending methods like the rolling mean to evaluate the performance of the

proposed wavelet detrending method.

The abovementioned process is also shown in the flowchart in Figure 3.3. Firstly, an appropriate
wavelet function is selected from the family of discrete wavelets, and the signal is detrended with
wavelet detrending. Following the detrending process, the dominating frequency of the detrended
signal is determined using FFT analysis. In cases where the dominant frequency is not diurnal (24-
hour cycle), the detrended signal is deemed unfit and discarded. Conversely, if the signal
corresponds to a diurnal attribute, it is retained for further calculations, which include SNR, RMSE,
and R2. Finally, an optimal wavelet function with the lowest SNR and RMSE values is selected,

which ensures the Wavelet's denoising ability while minimising noise interference.
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Figure 3.3 Flow chart for the selection of appropriate wavelet for optimal extraction of diel
signals from synthetic sample fluctuating signals and observed streamflow.

3.3.3 Automating Extraction of Diurnal Signals Using Continuous Wavelet Transform:

3.3.3.1 Modification of DWT Process:

The detrending process from discrete wavelet transform has been shown to effectively remove noise
from hydrological series and reveal the time-frequency employed to minimise these effects, but
sometimes doing so produces undesirable artifacts into the decomposition and makes it difficult to
accurately detrend lengthy data, primarily when the trend extends near the boundaries (Lukas et al.,
2016; Mallat, 2009) However, DWT has some limitations when applied to detrend a long-term
signal: (1) DWT introduces boundary effects at the edges of a times series. (2) The wavelet basis
functions have limited support in time, which means they are not well-suited for modeling long-term
trends (Mallat, 2009). The entire time series is divided into overlapping sections of a finite length to
address these issues and make DWT work with our long-term streamflow data. The DWT
coefficients are calculated on overlapping sections, and the detrended part of the section is obtained.

The final detrended signal is obtained by Stitching together all the individual detrend sections. The
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average is calculated at the central point. The detrending process removes the more significant
frequency components associated with the trend and prepares the data nicely for a more accurate

application of the continuous wavelet transform.

3.3.3.2  Extraction of Diurnal Episodes

The steps involved in the CWT extraction process are as follows:

1. The frequency range corresponding to the diel signals of interest is defined to capture the
variations appropriately. Regarding diurnal fluctuations, the coefficient arrays for frequencies
between 23 and 25 hours are chosen for further analysis.

2. Timestamps are identified where the magnitudes of the selected diel coefficients are the
largest compared to the neighbouring noise or no-diel components.

3. These timestamps are then used to extract episodes of diurnal fluctuations from the detrended
dataset.

4. Refinements are made to the extracted episodes, like removing Streamflow records exhibiting
significant power spectrum distortion due to precipitation from the analysis.

5. Diurnal episodes lasting less than four days are discarded from the analysis as employed in
similar studies (Sarwar et al., 2022) as an optimal minimum length to identify visible trends in
the episode.

6. Diurnal episodes with peaks falling outside of the 5"—95th quantiles are removed as those
are associated with precipitation events and have high noise component attribution.

7. Episodes occurring during the Autumn and Winter months (April - May- June—July) are also
discarded as the diurnal fluctuations in those months can not be associated with ET due to

frequent precipitation and decreased temperatures.

The whole process is automated through a Python script, enabling swift extraction of diurnal signals

from extensive streamflow data.
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3.4 Testing of Proposed Methods
3.4.1 Hypothetical Scenario

An ideal scenario is utilized to demonstrate the performance of the proposed DWT method. A
synthetic signal (S.S.) is generated based on the suggestion provided by (Kirchner et al., 2020),

which represents diel fluctuations in s streamflow recession.
y = b™% + sin (2nvt) * ¢~ + noise (3.14)
where a is the recession constant, b is initial streamflow, c is the diel amplitude, and noise is a signal

having a standard normal distribution with an average of 0 and a standard deviation of 1 (also known

as Gaussian white noise). The noise function with p=0and o =1 is
1 _x2
(x)= —e " /2 3.15
P Ner (3.15)

The synthetic signal includes a known trend and a noise component, which can help compare the
denoising capabilities of different wavelet functions and enable us to compare the results of DWT
with previously applied detrending methods like the moving average. In addition to the sample signal

described, one real-life streamflow signal (RS) is analyzed using the proposed method.
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Figure 3.4 Synthetic flood recession with daily fluctuations when a
=0.003, b =10.08, and c = 0.008

3.4.2 Real streamflow scenario

Hourly streamflow data from the Toenepi stream in Waikato, New Zealand, is applied to investigate
the application of W.A. on Streamflow daily fluctuations. The Toenepi stream (WGS84 coordinates:
-37.7146, 175.5632) drains a small catchment in the Waikato region, New Zealand. The catchment
has an area of 1.6 ha and an elevation range from 40 to 130 m above mean sea level. The sub-
catchment is a headwater catchment, with a flat (max slope 6.5%) and fully covered by pasture apart
from the riparian plantings around the Toenepi stream, mainly consisting of shading trees and shrubs
(Wilcock et al., 2009). There is adequate vegetation along the stream route and a moderately well-
drained aquifer. The catchment showed daily fluctuations in the streamflow recessions, particularly

in warmer months (Sarwar et al., 2022).
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Figure 3.5 Hourly streamflow series for Toenepi, Waikato.

The process is first applied to a single summer recession to compare the detrending performance of
methods like DWT and moving average (Figure 3.6). The recession is selected to represent the
typical characteristics and fluctuation patterns found in the original extended dataset. After
determining the best-performing wavelet for the single summer recession, the detrending method is
scaled to the entire dataset. This involves applying the modified DWT or process for the whole

dataset to perform a comprehensive detrending.
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Figure 3.6 Streamflow signal from Toenepi showing diurnal fluctuations.

3.5 Results and Discussion:

3.5.1 DWT Detrending

3.5.1.1 Wavelet Decomposition:

Figure 3.7 and Figure 3.8 show the decomposition process of the synthetic signal S1 and observed
streamflow R1, respectively. The DWT decomposition of the synthetic signal is further detailed to
show the division of the parent signal into detail and the approximation sub-signals at each
decomposition level. The approximation coefficient results from low-pass filtering and represents
information on all the low-frequency components at each level. For example, at level 1, the scale is
setas 2! = 2, and the frequency content is halved fs/2. The approximation coefficient, cA1, represents
a smooth version of the signal and contains all the components with a frequency range of (fs/2 —
0). Similarly, the approximation coefficient at the last decomposition contains the slowest-moving

components (trend) of the original signal with a frequency range of (fs/32 — 0). In conclusion,
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pyramid-like decomposition provides a multiresolution analysis of a signal, allowing for the

examination of its frequency content at different scales.
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Figure 3.7 DWT workflow for the synthetic diel signal. The original signal is decomposed into a

pair of detail and approximation coefficients. The approximation coefficient then undergoes

further vision at each level, revealing the finest details in the signal.
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DWT workflow for the synthetic diel signal. The original signal is decomposed into a pair of detail
and approximation coefficients. The approximation coefficient then undergoes further vision at each

level, revealing the finest details in the signal.

For the actual streamflow signal, the DWT plots using the wavelet "bior6.8" are shown in Figure
3.8. The DWT results in five decomposition levels, each representing the signal attributes at a
different resolution scale. The separation into multiple resolution levels is crucial in revealing the
significant changes in non-stationary signals like streamflow—the abrupt changes in the detailed
coefficients correspond to the rapid changes in the streamflow due to the sudden precipitation events.
As we move upward in the decomposition levels, the detailed coefficients become more refined,
locating short-term signal variations. On the other hand, the approximation coefficient is smooth and

captures the long-term pattern or trends in the streamflow signal.
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Figure 3.8 The maximum level DWT decomposition of the real-life observed streamflow. The

detailed coefficients represent the noise or short-term fluctuations at each level, while the

approximation coefficients exhibit the long-term trend in the signal.

3.5.1.2 Wavelet Shrinkage:

The detailed coefficients from DWT are then subjected to wavelet thresholding (Figure 3.9). The

thresholding process converts the original coefficient array into modified coefficient arrays. The
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detail coefficients whose values do not meet the threshold criteria are truncated. The threshold
adjustment is more frequent at higher frequency levels, where almost 95% of the values become

Zero.

DWT decomposes the hourly streamflow data containing at least one recession event into four lower-
resolution levels. The detail components denoted from cD1 to cD4 represent the sub-signals having
a period of 2hr to 32hr, respectively, with the periods increasing as we move down the resolution
level. Hence, the detailed components at lower resolution levels have lower frequencies than those
at higher decomposition levels. The approximation coefficient cA4 represents the signal's slowest
changing component at the sixth decomposition level. There is a sharp rise in the magnitudes of
coefficients around the time of the peak flow, representing the magnitudes of high-frequency noises

associated with the peak flow event.

Figure 3.9 also shows the inverse DWT process, where the trend is reconstructed from the modified
set of detail coefficients. A sub-signal of the primary signal is obtained using the waverec command
in the pywt python module. The reconstructed signal is free from all the high-frequency noise
components and represents the underlying trend of the primary signal. A detrended signal is then

obtained by subtracting the trend from the primary signal.
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Figure 3.9 Wavelet-aided thresholding to denoise each decomposed coefficient of the
signal, followed by the reconstruction of the denoised signal representing the underlying
trend.
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Likewise, the following stem plots (Figure 3.10) show wavelet thresholding results for the four
decomposition levels of Coif 5 using the Garrotte threshold rule. The left column shows the log
values of the unmodified detailed coefficients, while the right column has threshold-adjusted values
against the corresponding resolution level. The stem plots provide a visual representation of the
thresholding process. In these plots, the retained coefficients in the right column indicate parts of the
signal that are believed to contain essential information, while the eliminated coefficients in the left
column signify areas deemed to contain noise. The approximation coefficient is left unchanged as it
is believed to contain only the trend information. The resulting thresholded coefficients then be
joined with the approximation coefficient to obtain the denoised signal representing the underlying

trend of the primary signal.
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Figure 3.10 Amplitudes of the DWT coefficients of the observedstreamflow signal (left) and
the threshold adjusted coefficients(right)

Adjusting the thresholding criteria can tweak the stemplots. The threshold criteria work as a trade-
off between noise reduction and the preservation of signal details and depend on the type of
application. The selection of optimal wavelet type and thresholding criteria can ensure a more

efficient denoising process, resulting in a cleaner, clearer signal with the essential features intact.
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Finally, the trend is reconstructed from these thresholded arrays of coefficients. The detrending
results from the wavelet threshold method and the moving average are shown in Figure 3.11. The
wavelet trend can better follow the sudden spikes in the signal due to the peak magnitudes retained

in the threshold-adjusted detail coefficients.
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Figure 3.11 Comparison between detrended signals using wavelet

threshold and moving average methods.

3.5.1.3 Wauvelet Selection:

Wavelet analysis, which consists of wavelet decomposition and thresholding, is performed for each
mother wavelet of the discrete Wavelet family and against all three thresholding rules. The Table
3.1 This chart shows the coefficient of correlation (R?), SNR, and RMSE values for the moving

average and the three best-performing Wavelets against all the threshold types.

The SNR and correlation analysis for SS reveal that DWT showed similar denoising performance to

the moving average for extracting the diurnal fluctuations from a recession. The sym15 Wavelet
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with the hard thresholding had the highest correlation and SNR values. The detailed WA for the

sym15 wavelet is presented in the following sections.

For the signal R1, the moving average method performed poorly, with an R? close to zero, high
MSRE, and a low SNR value, indicating poor correlation with the original signal, high error, and
low signal-to-noise quality. In contrast, the DWT denoising showed significantly better results. For
instance, the 'bior6.8' Wavelet with the 'garrotte’ threshold delivered an R2 of 0.3477, an MSRE of
0.5002, and an SNR of 91.6488, substantially improving the moving average method. This
demonstrates the effectiveness of DWT in handling more complex, noisy signals compared to
traditional smoothing methods like the moving average. The moving average might be most suitable
for stationary signals where the underlying trend remains relatively constant. The moving average
may not effectively remove the high-frequency components if the signal exhibits non-stationarity,

such as the non-stationary trends introduced by the precipitation events in the baseflow time series.

In summary, the DWT denoising method offers a competitive, and sometimes superior, alternative
to the moving average for denoising streamflow signals. However, the DWT results heavily depend

on the choice of the best wavelet and thresholding method for the signal's specific characteristics.
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Table 3.1 R?, MRSE, and SNR values for SS and the best-performing wavelet basis function

Signal Wavelet Threshold | R? MSRE SNR
SS Moving 0.9996 | 0.0015 68.53
Average
sym15 soft 0.9994 0.0017 65.88
sym15 hard 0.9963 0.0015 68.50
sym15 garrotte | 0.9991 0.0017 66.75
RS Moving 0.0009 18.59 19.35
Average
coif8 soft 0.1166 | 0.7698 83.03
coif8 hard 0.1166 | 0.7698 83.03
bior6.8 garrotte | 0.3477 0.5002 91.65

It may be noted that similarity (R? and RMSE) calculations for synthetic and observed streamflow
signals are conducted against different reference signals due to the inherent uncertainty associated
with the actual trend in the observed streamflow data, which is unknown at the time of analysis. The
similarity between the artificially introduced sample diurnal fluctuations and the detrended signal

obtained through wavelet analysis and moving average techniques is computed for synthetic signals.

Alternatively, the similarity is computed between the detrended signals and the corresponding
lagged potential evapotranspiration (PET) for the observed streamflow. The lagged PET signal is
used here as a reference because the diurnal fluctuations are closely related to ET or PET through a

specific lag time (Sarwar et al., 2022). This distinction in correlation calculation between synthetic
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and natural streamflow is critical and reflects real-world data analysis's unique nature and
challenges. However, SNR alone can be considered adequate in the absence of a reference denoised

signal like PET.

3.5.2 CWT Analysis

3.5.2.1 Wavelet Power Spectrums

The CWT analysis presents us with multiple graphs, which can help us identify the frequencies and
times where the diurnal fluctuations were present in the primary signal. The typical CWT analysis

of the observed streamflow signal is presented in Figure 3.12

The parameters for the continuous wavelet analysis are adopted from (Torrence & Compo, 1998) set
as ot = 1 hour since our data is hourly distributed. The first scale, SS, is 2 hours because s = 26t and
dj = 0.25 to do 4 sub-octaves per octave (scale level). Moreover, j equals 11 to plot the graph to up

to eleven powers of two.

62



a) Observed Streamflow

40

20 ~

Streamflow [m3/hr]

T T T T T
2004 2006 2008 2010 2012 2014

b) Streamflow Wavelet Power Spectrum (Morlet) c) Global Wavelet Spectrum

Period (hrs)
)
o0

4 4
T T T
2004 2006 2008 2010 2012 2014 0O 200 400
— Power [{m3/hr)"2]
o d) 16-32 hr scale-averaged power
£) 5
= 2
é 1500 3
= 2
2 1000 1 1
& 0
g -1
= 500 -2
%‘ -3
5 o0- 4
& 2006 2008 2010 2012 2014
Time (hr)

Figure 3.12 CWT analysis of the observed streamflow time series. The time series and wavelet
power spectra are shown in (a) and (b). The scalogram represents the strength of power (logy) in
the contour image in (b). Fig(c) shows the global wavelet spectrum with a 95% significance line in
the red dotted line. Figure (d) represents a 16-32 hr. scaled average wavelet with a 95%

significance line.

The first plot (Figure 3.12b) shows the wavelet transform's power (absolute value squared) for the
hourly detrended streamflow at different scales and times. The power is represented by a color scale,
with higher power areas being more yellow, while lower wavelet powers scale towards blue. The
red contours correspond to the 95% significance level drawn against a red noise background

spectrum. The red noise corresponds to the signal's autocorrelation with a lagged-1 version of itself

63



and represents the expected power at each frequency in the absence of any accurate signal. (Torrence

& Compo, 1998).

Xn = Xp_q + 2y (3.16)

where a is the lag-1 autocorrelation of the time series, and z, is Gaussian white noise.

The shaded region is the cone of influence, inside which the distortion due to edge effects is
significant. Because of zero padding, these edge effects occur at the wavelet spectrum's beginning

and end.

The second CWT plot (Figure 3.12c) shows the global wavelet spectrum (GWS), which is a helpful
tool for determining the most dominant frequency in the primary signal. It is constructed by
integrating the wavelet power spectrum across all time points for each scale. The peaks in the GWS
correspond to the scales at which the signal has the most power or energy. GWS can also be used
for significance testing, where the GWS is compared against a specified background noise model.
In Figure 3(c), the red line represents the 95% significance level against a red-noise background

spectrum.

The third CWT plot (Figure 3.12d) shows the scale average variance (SAV), which measures the
strength of signal fluctuations over a specified range of scales. It is obtained by averaging the CWT
power spectrum across various scales of interest. It can help identify times of particularly strong or
weak fluctuations in the signal over the range. The scaled-powered average's statistical significance
is also assessed by comparing it against a 95% confidence level. Both the wavelet power spectrum
and the scaled power average are used to identify and filter the timestamps of significant noise in

the signal.
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3.5.2.2 CWT Analysis of Detrended Signals
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Figure 3.13 CWT of the moving average detrended signal

Figure 3.13b shows the wavelet transform's power (absolute value squared) for the hourly
streamflow at different scales and times. As can be seen from Figure 3.13b, due to incomplete
detrending, the moving average produces an undesirable boost in power for certain regions while

other regions get attenuated in the wavelet spectrum.

The global wavelet power of the moving average-detrended signal (Figure 3.13c) has a huge peak

amplitude, which masks the peaks of higher frequencies. Although the peak is observed in the diel
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region, it has a broad base and is intersected by the 95% significance level line in the global wavelet

power plot.

The SAV subplot (Figure 3.13d) shows the time series of the average signal variance inside the
diurnal frequency range. The time series for the 16-32 hr scaled averaged power has two statistically
significant peaks corresponding to the two power concentrated regions in the wavelet power
spectrum. In contrast, the average variance for the rest of the region stays below the significance

level, which tells us very little about the evolution of the diurnal signal with time.

(b) Wavelet Detrending

The "bior 6.8" wavelet is chosen for the detrending purpose, with a decomposition level of 4. The
garrote threshold rule is used to remove noise in each decomposition level. The combination of
wavelet type and threshold rule has been seen to perform best when detrending the real-life observed
streamflow signals to extract diurnal fluctuation. Represents the wavelet scalogram of the

thresholded detrended signal.

A good spread of wavelet power across the entire series length shows the ability of the wavelet
threshold algorithm to extract diel signals from non-stationary streamflow data sets having
precipitation events. The global wavelet power (Figure 3.14b) has a sharp peak concentrated in the
diel region, and its magnitude goes well above the 95% confidence level. This peak represents the
strength of diel oscillations in the signal. The GWS (Figure 3.14c) of the wavelet-aided detrended
signal has a minimal peak amplitude compared to the moving average, which again shows the DWT

method's better detrending performance for extracting diurnal fluctuations.

The SAV plot (Figure 3.14d) for the 16-32 hrs band remains above the 5% significant levels,
representing the strength of the diel fluctuations in those regions. The time series of scaled average
variance shows the temporal location of the events, which are responsible for the peaks shown in the
global power spectrum. Moreover, the decay in the diel signal peaks is replicated in the scaled

average variance for the 16 -32 hr band for the wavelet-aided detrended signal. On the time series
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of scaled average time series, there is a rise in the variance at the time of the rainfall event, whereas
the variance throughout the signal remains significant. In conclusion, the continuous wavelet
analysis of the wavelet-detrended signal shows improved results where a power concentrated spread
uniformly across the length of the data set. The scaled average variance also shows an excellent

distribution above the significance level.
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Figure 3.14 CWT of the detrended signal via wavelet-aided thresholding
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3.5.3 Extraction of diurnal episodes

The CWT plots of the detrended signals give us a deeper insight into the variability in the power and
variance of diel fluctuations inside the signal and help extract diurnal episodes from the signal. The

extracted diurnal signals are also subjected to the prescribed filtering criteria, followed by manual

inspection.

Finally, the extracted signals are validated by comparing them with the manually identified diurnal

episodes in the same data set by Sarwar et al. (2022).
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Figure 3.15 Comparison of the diurnal episodes: manually extracted (Pink Bars) vs. the CWT
method (Green Bars)

The comparison reveals that the diurnal episodes extracted through CWT analysis overlap the

manually extracted signals on several occasions (27/41); however, there are instances where the

diurnal episodes differ.

There could be several reasons accounting for this observed discrepancy. Firstly, it's crucial to

recognize that the extraction criteria employed in the CWT method are explicitly defined to isolate
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proper diurnal fluctuations. Specifically, the dominant frequency sought in these episodes is either
24 hours or very close to it. However, during the manual extraction process, it was observed that
many diurnal episodes exhibited a complex diurnal nature and contained other dominant harmonic
frequencies. These additional harmonic frequencies can significantly distort or even overlay the
underlying diurnal fluctuation pattern. As a result, this interference can compromise the CWT
method's ability to accurately distinguish the diurnal component, potentially leading to a failure in

predicting diurnal fluctuations at those timestamps.

Secondly, it's worth considering the CWT method's frequency resolution. Although different
frequency resolutions are tested to optimize the extraction process, they may not always be sufficient
to effectively separate closely spaced harmonic frequencies from the diurnal frequency, especially

when these harmonics fall within the range of the diurnal frequency itself.

Despite these differences and challenges, it's important to highlight that the proposed CWT method
still successfully extracted a reasonable number of diurnal episodes. It even revealed diurnal
oscillations where the manual extraction method failed, possibly due to oversight or other

limitations.

Overall, this comparison underscores the complexities of analysing diurnal fluctuations and the
importance of considering various factors, including harmonic frequencies and frequency resolution,
when employing different extraction methods. It also highlights the complementary nature of the
CWT method, which can uncover diurnal patterns that may go unnoticed through manual extraction

alone.

3.5.4 Comparison with FFT analysis

The CWT method is also evaluated against the traditional FFT for detecting diel signals from
streamflow data. FFT transforms data into the frequency domain, identifying dominant frequencies
through power spectral density (PSD) peaks. In the case of a diurnal signal, the desired frequency is

1/24, or 1 cycles per day.
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The data is divided into smaller segments of 5 days long, and each segment is shifted forward by 1
day to create the next episode. FFT is then applied to each window, and if four consecutive windows
show a dominant frequency corresponding to the diel signal, the entire segment is classified as

containing a diel signal. The diel identifications are presented in Figure 3.16.
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Figure 3.16 Comparison of diurnal episodes extracted from FFT , CWT and manual identification.

While the Fast Fourier Transform (FFT) segments matched the Wavelet Transform (WT) results in
multiple locations, they produced numerous false positives (Figure 3.17). The dominant frequency
within each FFT window often corresponded to diel signals. However, these signals were not
consistently present throughout each day within the window. Additionally, in regions with
pronounced peaks and deep troughs in the signal, FFT frequently mislabeled windows as diel. This
occurred because the PSD value for the diel period was highest, even when noise or other frequencies
significantly influenced the spectrum. Figure 3.18 shows the PSD graph of a noisy episode. Due to
noise distortion in the signals, a few different signals show a high strength within 70% of the peak.
Consequently, the FFT method sometimes struggles to differentiate between true diel signals and

artefacts caused by noise or other periodic influences.
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Figure 3.17 Examples of false identification of diel segments in FFT.
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Figure 3.18 The PSD graph of a streamflow segment (2008-11-03: 2008-11-06) shows different

frequencies of significant strength, causing a false identification of the diel episode in FFT.

FFT struggled to localise diel frequencies accurately, making it impossible to extract precise

timestamps when the diel signal was most prominent. The fixed window approach of FFT limits its

effectiveness with non-stationary data, where equally strengthed PSD peaks—such as diel signals
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mixed with noise—often lead to errors. Its lack of time-domain information further prevents tracking
variations in diel signal strength over time. These shortcomings reduce FFT’s reliability in
distinguishing diel signals from noise. In contrast, WT offers better temporal resolution and

accuracy, making it more suitable for analysing dynamic and complex signals like streamflow data.

3.6 Conclusion:

Wavelet analysis is used in this paper to extract and analyse diel fluctuation from a streamflow
signal. A detrending scheme based on wavelet-aided thresholds is used to extract dial signals from
streamflow sessions and a workflow to choose the best Wavelet. The wavelet-aided threshold
method was also pitted against the most widely used moving average method. Based on the
comparison with the moving average and the results of the CWT, it was seen that the W.A.
detrending scheme was better able to follow sudden peaks in the stream flow and that the detrended
data had a more uniform power spectrum as compared to the detrain did signal obtained from moving
average. The global wavelet spectrums also provided wavelet powers of the detrended signals
against mean that noise spectrum. Lastly, the scale average time series of the average variance of
the signal provided the temporal distribution of variance inside a specific frequency band. They

helped identify the exact timestamps of the event carrying the most variance in the frequency band.
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Chapter 4. Investigating  Seasonal and  Spatial
Variations in Diurnal Streamflow Fluctuations and Their

Correlation with Catchment Attributes

Abstract

Diurnal streamflow patterns within a catchment reflect the complex interplay of topography, land
cover, and climate systems, influencing both short-term and long-term hydrological behaviours.
Wavelet transform has been applied to extract and analyse diurnal fluctuation episodes from long-
term hydrological records from various regions in New Zealand, ranging from generally warmer and
more humid in the North to cooler and more variable climates in the South, with alpine landscapes
The diurnal features, namely diurnal amplitude, and lag, are compared with different catchment
features, representing catchment and drainage network shapes and sizes. The results showed positive
correlations of diurnal features with the different shape and size parameters. The climate of
catchments also played a role in controlling the temporal connection between vegetation activity and

catchment response. In general, the catchment with the warmer climate and more circular geometries
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showed longer and higher response times than the catchment with cooler temperatures and more

elongated shapes.

4.1 Introduction

Quantifying the hydrologic response of a catchment is critical for effective water management.
Hydrologists can assess the impacts of climate and other induced changes on a catchment and
forecast catchment behaviour by analysing different hydrologic patterns showing overall catchment
hydrologic response (Kirchner, 2009; Mlamla et al., 2022). These hydrologic signatures help
guantify the catchment response and include variables like surface runoff, evapotranspiration,
groundwater storage, snowmelt, and baseflow index, among others (H. K. McMillan et al., 2022).
Each signature provides a unique perspective on different hydrological processes and catchment

characteristics.

Diurnal fluctuations in streamflow are critical hydrologic patterns that can reveal key catchment
characteristics (Gribovszki, Kalicz, Kucsara, et al., 2008). Diurnal fluctuations in streamflow refer
to the daily variations in a stream's flow rate or discharge. These fluctuations often exhibit a distinct
diurnal pattern, characterised by regular rising and falling flow rates over a day following the diurnal
variation in solar radiation or ET (Lundquist & Cayan, 2002). However, the diurnal shape has been
observed to vary based on the location of the fluctuation of the falling hydrograph (Sarwar et al.,

2022).

The transpiration activities of riparian vegetation primarily drive the diurnal signature in non-snow
catchments and depend on various physical and hydrological factors within a catchment (Bren, 1997,
Graham et al., 2013; Sarwar et al., 2022; Szilagyi et al., 2008; White, 1932). Cernohous & Sach,
(2008) observed that in a small experimental forest catchment, during rainless periods, the decrease
in streamflow during the daytime compared to nighttime was primarily attributed to forest

evapotranspiration. Alternatively, Mutzner et al., (2015) found that evapotranspiration-induced

diurnal streamflow cycles can occur in alpine catchments alongside snowmelt or ice melt cycles.
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4.1.1 Characteristics of Diurnal Features

This study focuses on the two main features of diurnal streamflow signals: amplitude and timing of
the diurnal maximum and minimum. The diurnal amplitude has been defined as half of the difference
between the highest and lowest streamflow values observed within 24 hours (Czikowsky &
Fitzjarrald, 2004). The amplitude variations of diurnal streamflow fluctuations provide valuable
insights into catchment behaviour and water storage. Studying these fluctuations can also help

estimate riparian zone evapotranspiration.

The second diurnal attribute is the time lag between the timings of the diurnal minimum and the
maximum transpiration of riparian plants. The time lag helps us understand the role of riparian water
uptake in the overall water balance in the catchment. The lag times can reveal the pathways and
timings through which water moves within the catchment (Barnard et al., 2010). The total time lag
measured at the catchment outlet shows the overall catchment response to transpiration. However,
it can be broken down into time portions taken by individual hydrological processes involved in the
propagation of diurnal signals. For example, the time plants take to transport sap flow in response
to radiation, the time measured between the diurnal peaks in groundwater level and baseflow

(Szilagyi et al., 2008), and the instream time associated with the streamflow velocity.

Catchment characteristics like land use, topography, and soil types can affect diurnal streamflow
fluctuations individually or collectively. The riparian vegetation is a critical catchment characteristic
in controlling the diurnal patterns in baseflow. Vegetation also is crucial in regulating water fluxes
through its effect on ET (Bren, 1997). Several studies have investigated the impact of vegetation
cover on diurnal streamflow variations (Bren, 1997; Cuevas et al., 2018; Nachabe et al., 2005). For
example, (Bren, 1997) found that removing vegetation from slopes resulted in significant changes
in the diurnal variations of a small mountain stream. Nachabe et al. (2005) compared the ET demand
and lateral fluxes with groundwater discharge for forested and pasture covers, determined a positive

correlation between the parameters, and attributed the correlation to the ET consumptive use and the
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proximity of the vegetation to the outlet. Similarly, Sarwar et al. (2022) demonstrated that the
riparian zone could act as a source of evapotranspiration for a small headwater catchment by

analyzing daily streamflow fluctuations.

The topography of a catchment also plays a crucial role in shaping the diurnal patterns of streamflow.
A combination of factors like catchment size, shape, and slope can influence how water is distributed
within the catchment and how flow pathways are modified (Barnard et al., 2010; Bren, 1997). A
study by Wondzell et al. (2007) provided a velocity hypothesis to explain the lag increase with
catchment size and stream length increase. The stream velocity hypothesis suggested that as
catchment size and stream length increase, the daily increase in lag should also increase. Graham et
al. (2013) investigated how catchment size influences the temporal correlation between transpiration
and diel fluctuations in streamflow. The research revealed that, as summer progresses, the delay
between vegetation water utilisation and streamflow response extends in each sub-catchment. This
increase in lag time is influenced by factors such as catchment stream length and other

characteristics, including geology, vegetation, and stream geomorphology.

Another study by Fondley et al. (2016) employed an analytical solution of flow equations to
determine the role of river network size on the propagation of diurnal fluctuations in river networks.
The study concluded that the river network's shape and size could affect diurnal signal propagation
more than the soil-water processes, with larger catchments and longer river reaches exhibiting slower

propagation of diurnal fluctuations in streamflow.

In addition, other catchment characteristics, like soil properties and topography, can also influence
diurnal fluctuations. The hydraulic properties of the soil, such as its permeability and water-holding
capacity, can affect the rate of infiltration and the storage and release of water in the catchment

(Castellini et al., 2021).

The hydraulic properties of soil play a direct role in governing water infiltration into groundwater
or its movement towards surface water, such as overland flow. Key soil attributes like permeability,

water-holding capacity, and compaction significantly affect how water infiltrates the soil and
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recharges the groundwater (Xia et al., 2022). Soils with higher water-holding capacity can buffer
against rapid streamflow changes by slowly releasing water, thus masking diurnal fluctuations (Patel
et al., 2021). However, this effect may be more pronounced between extended dry/wet periods or
between different seasons like summer and spring than for rapidly changing flows in the short term.
Moreover, soils with higher permeability, like sandy soils, allow for adequate groundwater recharge
and provide higher sustained baseflow, ultimately dampening the rapid streamflow variations that
would otherwise occur due to factors like evaporation during the day and cooling at night (Wang et

al., 2009).

Soil permeability also affects hydraulic conductivity on shorter time scales. The amplitude of diurnal
fluctuations depends on the water uptake depth and the soil permeability (Loheide 1, 2008). In a
study by Ali et al. (2013)A simulation is performed to analyse 2D steady-state saturated-unsaturated
flow in hillslopes featuring depth-varying saturated hydraulic conductivity. The results of this
simulation highlighted the significant impact of variations in the magnitude of the exponential
decline in hydraulic conductivity on the patterns of flow, residence time, and the distribution of

transit times.

The length of a catchment or the longest streamflow path determines the travel time for water to
move from the upper reaches of the catchment to the outlet. Longer flow paths generally result in
slower responses and delayed diurnal fluctuations due to the increased water travel time through the
watershed (Wondzell et al., 2007). Stream travel time determines the lag between climate drivers of
ET and the overall catchment hydrologic response (Széles et al., 2018). A longer flow path also
interacts with the riparian zone over a longer distance, increasing baseflow contribution and diurnal

amplitude in streamflow through constructive interference (Wondzell et al., 2007).

Urbanisation can significantly impact streamflow patterns. The conversion of natural land cover to
impervious surfaces, such as roads, buildings, and parking lots, can increase surface runoff and
reduce infiltration, leading to changes in the timing and magnitude of streamflow (Bibi et al., 2023).

Urban areas often have extensive stormwater management systems, including storm drains and
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detention ponds. These can further alter the flow regime by shortening the groundwater travel times
and increasing baseflow discharge (Schilling et al., 2012). This interference can mask diurnal
fluctuations in streamflow, making it challenging to see the ET effect on groundwater levels and

baseflow.

4.2 Objective

Understanding the diurnal fluctuations and their relationship to catchment parameters is essential for
water resource management, ecological assessments, and flood forecasting. Several studies have
focused on analysing the mechanisms for generating and propagating diurnal fluctuations or have
used diurnal streamflow fluctuations to estimate riparian ET (Barnard et al., 2010; Bond et al., 2002;
Loheide 1I, 2008). However, very few studies have focused on studying the effects of catchment

attributes on daily fluctuations and their evolution across various catchments.

This study mainly focuses on the variability in the diurnal streamflow fluctuations across 217
catchments in New Zealand. Moreover, the possible relationships between the catchment's
physiographical parameters, including catchment shape, size, vegetation type, land cover, and soil

properties, alter the characteristics of the fluctuations.

4.3 Material
4.3.1 Study Catchments and Data

The study uses a variety of hydrological and climate datasets to analyse diurnal fluctuations and
catchment characteristics. The hydrological data consisted of streamflow observations. Streamflow
data for most of the regions in the study was readily available on environmental data portals of
regional authorities (councils). However, the 15-minute streamflow data were obtained via service
request for the Waikato region and later converted to hourly resolution. Table 4.1 provides details
of the regions in the study, the number of catchments, and the period of hydrological data used for

each region.
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Table 4.1 Details of the catchments and hydrological data included in the study

Region Auckland | Bayof | Waikato | Canterbury | Northland | Tasman
Plenty
Total 28 27 16 117 50 23
Catchments with 21 16 56 32 19
Diel Signals
Period of 2014-2021 | 2012- 2012- 2013 - 2012 - 2012-
Streamflow 2021 2022 2022 2021 2021

Apart from the streamflow data, a variety of climate and land Hourly radiation data was obtained

from CliFlo (Climate Information, https://cliflo.niwa.co.nz/) system of the NIWA (National Institute

of Water and Atmospheric Research) for some climate stations across different NZ regions.

The 8 m national DEM (Digital Elevation Model) raster from LINZ (Land Information New

Zealand_ https://data.linz.govt.nz/) was used to delineate catchments based on the location of the

flow measurement site. The delineation process was refined using the vector catchment first-order

dataset from NIWA, which is also based on the same 8 m DEM. The delineated catchments for

regions selected for study are shown in Figure 4.1. Besides obtaining the catchment shape

parameters, the NIWA dataset also contained a stream layer, which determined each catchment's

longest flow path, slope, and drainage density.
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Figure 4.1 Catchments included the study.

Snow cover data was  obtained  from NASA's  Giovanni data  service

(https://giovanni.gsfc.nasa.gov/giovanni/). The data included raster maps for the seasonal averages

of snow depths for New Zealand. Table 4.2 summarizes the different types of data used in this study

and information on their sources.
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Table 4.2 A summary of datasets used in this study with their sources.

Data

Units - Resolution

Database

Source

Streamflow

m®/s - 15 min/ 1hr

Council

Environmental Data

Digital Elevation 8m LINZ portal

Raster

1st order Vector River Environment NIWA

Catchments and Classification

Streams Database v2

Solar Radiation MJ/m? - 1hr CliFlo - NIWA

Snow Cover 0.1° - Monthly FLDAS _NOAHO01 GIOVANNI
_CP . GL_ M

Land Cover LCDB v5 LRIS Portal

4.3.2 Catchment Selection Criteria

The study employs basic rules to identify catchments for analysing diurnal stream flow fluctuations.

The first and most important of the criteria is dealing with snow-fed catchments. The South Island

of New Zealand features numerous snow-fed catchments crucial to the region's water supply and

hydroelectric power generation. These catchments are primarily found in the Southern Alps, the

mountain range that runs along the western side of the South Island (Khadka, 2020).
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Figure 4.2 Average Snow Depth during the Spring-Summer season in the South Island, New

Zealand, and the selected non-snow catchments

In the catchments where snowmelt and ET cycles occur, daily variations in solar flux drive these
cycles, but they exhibit opposite effects on the catchment streamflow. Snowmelt contributes to
streamflow during the daytime, while ET removes water from the system during the daytime. The
streamflow patterns in these catchments are often driven by a combination of factors, including
snowmelt, rainfall, and evaporation (J. D. Lundquist & Cayan, 2002). However, the net effect of
snowmelt and evaporation on streamflow depends on their relative strengths. When both processes

are active, they can cancel each other out if they are of equal strength (Kirchner et al., 2020).

Satellite snow maps, which show the long-term mean snow depth, are used to identify catchments

where the snowmelt could affect the relationship between ET and streamflow (Figure 4.2).

The catchments where the mean snow cover depth is equal to or greater than 0.01m throughout the

summer/spring season are excluded from the study to focus on a more homogenous set of catchments
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where diurnal fluctuations are primarily influenced by ET and rainfall, making the analysis more

relevant for those specific conditions

A cutoff of 500 km?for catchment size was adopted due to the increasing spatial variation in land
use. Increased travel distance along the channels might also cause destructive interference in diurnal
signals and offset the diurnal lag in larger catchments. The cutoff also removed catchments with
large water bodies like lakes and rivers on a significant portion of their area. These are also excluded

due to their possible buffering effects on masking the ET-induced diurnal fluctuations.

Finally, only catchments without any or minimal human interference were selected for the study by
employing specific land use criteria. The land use in each catchment was analysed using LCDB v5,
which had land use information from 1996 to 2018. Catchments with more than 5% residential cover
were excluded to minimize the effect of urbanization on diurnal streamflow fluctuations and
establish valid links between catchment characteristics and diel signals. Moreover, only catchments
without significant changes in dominant land use throughout the period covered by the hydrological
dataset were considered to avoid potential biases in the overall ensembles. This approach ensured
that natural factors, rather than anthropogenic ones, primarily influence the observed diurnal
fluctuations in streamflow. The complete list of catchment names, with their location and shape

attributes, is provided in Appendix A.

4.4 Methodology

4.4.1 Streamflow Data Processing

The analysis of streamflow data involves a series of crucial steps designed to uncover the underlying

patterns and diurnal characteristics. These steps are detailed below.
4411 Detrending through DWT

The hourly streamflow data were first detrended by subtracting a trend from the original time series,

which was calculated using the discrete wavelet transform (DWT).
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Figure 4.3 shows an example hydrograph and the detrended signal with the modified DWT process.
The entire streamflow signal is divided into sections of finite length, and DWT is applied to the
overlapping individual sections. The resulting detrended sections were then stitched together to
obtain the full-length detrended signal. The "bior 6.8" wavelet was chosen for the detrending
purpose, with a decomposition level of 4. The Garrotte threshold rule was used to remove noise at
each decomposition level. The combination of wavelet type and threshold rule has been seen to
perform best when detrending the real-life observed streamflow signals to extract diurnal fluctuation.
The DWT trend adequately follows the sharp rise and fall in the signal while showing fewer

variations during exponentially decaying recessions.
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Figure 4.3 Detrending of a sample hydrograph with the modified DWT thresholding process.

4412 Continuous Wavelet Transform (CWT):

The time series was passed through the designed CWT process to identify the diurnal episodes. The
CWT provides high-resolution information about a signal's time and frequency characteristics and
enables the identification of transient events like sharp peaks or sudden changes in frequency. CWT

coefficients can be presented as a power spectrum and used to visualise the relative strength of
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specific frequency components within the signal (Figure 4.4b). Peaks in the CWT spectrum indicate

the presence of significant frequency components at particular times.

The second CWT plot, (Figure 4.4c), is the global wavelet spectrum (GWS), which measures the
overall strength of different frequencies across all scales (or frequencies) in the wavelet transform.
It helps identify dominant frequencies by showing which frequencies have the highest power
throughout the entire signal length. By examining the GWS, the most significant frequency

components in the signal can be identified, regardless of when they occur.

The third plot,(Figure 4.4d) is the scale average variance (SAV) obtained by averaging the variances
between a specific scale range across the signal length. SAV is particularly useful for understanding
how a signal's variability changes for different scale ranges. A high SAV value above the specified

threshold indicates that other frequencies outside of the specified range are more dominant.

Together, the CWT helps us identify timestamps where the dominant frequency in the signal is
diurnal or close to diurnal while discarding any locations where the diurnal frequency might be more

dominant. However, there was significant distortion in the signal corresponding to a spike.

Only the episodes with a dominant diurnal frequency for at least four days are selected for further
analysis—other filtering operations, like removing the outliers before averaging and removing any

isolated event after removing outliers.
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Figure 4.4 The CWT plots for the detrended streamflow signal. Plot (b) represents the wavelet
powers for individual scales across the time domain with the help of a colour scale. Plot (b) is the
global wavelet spectrum, showing the total power in each scale and the 5% significance red-noise
threshold. Plot (c) shows the average variance in the signal between the scale range 16 -32, which

corresponds to the diurnal fluctuations, and the 5% significance red-noise threshold.
4.4.1.3 Averaging Diurnal Signals:

An average representative diurnal profile of the signals is often constructed to summarise the diurnal
characteristics of a site and compare it with different catchment parameters. This is achieved by
creating an ensemble of daily observations against each specific hour of the day across the entire

dataset (Figure 4.5).
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The ensembles are then averaged to construct the typical diurnal pattern for a specific location or
station, such that the average value at each hour of all the days forms a point on the diurnal profile
curve. Ensemble averaging produces a more reliable diurnal profile that captures the true essence of

the underlying pattern and provides a more robust and representative estimation of diurnal features.
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Figure 4.5 The Process of obtaining ensemble averages from multiple continuous diurnal
episodes. Three sample diurnal episodes are shown here on a uniform time axis. All the fluctuation
points falling on the same timestamp are averaged together across the length of each signal and

for all episodes to obtain a 24-hour representative signal.

4.4.1.4 Calculating Diurnal Features:

The average diurnal profiles are then used to calculate the diurnal amplitude and timing of each site's

diurnal maxima and minima (Figure 4.6). The amplitude is half of the difference between diurnal
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maximum and minimum values. Meanwhile, the diurnal lag is the difference between the timestamps

of maximum radiation and the following diurnal minima.
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Figure 4.6 Calcualtion of diurnal features

4.4.2 Catchment Parameters:

Different attributes are used to quantify the shape of catchments. Collectively, these indices provide

valuable information to comprehend the characteristics and behaviour of different drainage basins.

The following are the key parameters frequently utilised for this purpose:

4421 Circulatory Ratio (Rc):

The circularity ratio is the ratio of the basin area and the area of a circle with the same perimeter as
that of the basin (Miller, 1953). The circularity ratio measures the circularity or compactness of the

catchment shape. A low R value implies an elongated basin shape, while a high R. value indicates

near circular.
R, = 4mA/P? (41)

Where, A = catchment area

P = Catchment perimeter
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4.4.2.2 Elongation ratio (Re)

The elongation ratio is the ratio between the diameter of a circle with the same area as the basin and
the basin length (Schumm, 1956). The elongation ratio is used to categorise the general shape of a
subbasin. Elongation ratio values typically range from ~0.2 to 1.0, with lower values representing
elongated basins and values close to 1 representing circular basins (Subramanya, 2008). The

elongation ratio measures the drainage basin's form, and the Re was calculated by Equation:

2 (4.2)

Re = Ew/A/TL’

Where, Ly = length of longest flow path
4.4.2.3 Compactness or Form Ratio (Rf):

The form ratio of a catchment is defined as the ratio of the perimeter of a catchment to that of an

equivalent circle (Horton, 1932). Mathematically,

o 0:282+P (4.3)
N

The equivalent circle is a hypothetical circle with the same area as the catchment. This ratio may
provide a measure of a catchment's response time in relation to a precipitation event. A high form
ratio describes a catchment having a fast and peaked catchment response with a tendency of flash

flooding (Abdo, 2020; Wagener et al., 2007).
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4.5 Results
4.5.1 Extraction of Diurnal Episodes

Figure 4.7 shows the streamflow series for one of the stations included in the study. It also shows
the detrended signal by applying a modified DWT process and the timestamps for diurnal signals,
as revealed by CWT. Further, the figure shows the 24-The ensemble means for the diurnal signal

and the solar radiation.
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Figure 4.7 Extraction of diurnal episodes from a sample length of streamflow observations using
the wavelet transform process. The second plot also shows the 0-24 hr ensemble average of all the

diurnal fluctuations detected in the signal and the solar radiation.

As the CWT process reveals, the green bars represent the timestamps of diurnal episodes in the
detrended signals. The individual fluctuations are aggregated to create 24-hour ensembles. This
aggregation process smooths out the episode-to-episode variations and provides a consolidated

signal representing the streamflow's average diurnal behaviour over a 24-hour cycle.
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Similarly, a parallel process is undertaken with the solar radiation data. A 24-hour mean for the solar
radiation values is calculated by averaging radiation measurements throughout the study period. This
average allows for quantifying the difference between the peak radiation value and the subsequent
minima within the diurnal fluctuations, providing insights into the daily variation in solar radiation
and illuminating the timing and magnitude of peak solar energy input and its subsequent decline

over a day.

4.5.2 Catchment Shape Parameters

The shape parameters, including drainage density, elongation ratio, circulatory ratio, and

compactness, are calculated for the delineated catchments and summarized in Table 4.3.

Table 4.3 Average values of different catchment shape parameters for different regions

Region Elongation Circulatory Compactness
Ratio Ratio

Auckland 0.624 0.300 1.862
Bay of Plenty 0.452 0.213 2.229
Canterbury 0.465 0.226 2.241
Northland 0.586 0.298 1.872
Tasman 0.565 0.282 1.930
Waikato 0.507 0.246 2.052

The combination of these values is then used to assess the shapes of the catchments in each region.

Auckland showed the highest Re and Rc values with the smallest compactness, meaning Auckland
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had more circular-shaped catchments. The catchments in Canterbury and Bay of Plenty showed the

lowest, indicating an elongated catchment shape.

4.5.3 Seasonal Variation in Diurnal Amplitudes

The descriptive statistics of diurnal amplitude for different seasons are also shown in Figure 4.8
These parameters include maximum, minimum, mean, median, and fractional diurnal amplitude. In
addition to these diurnal parameters, the figure shows the seasonal and regional average
temperatures. The figure provides a region-wise breakdown of the parameters in different seasons
and their seasonal averages. The regions are abbreviated as Auckland (AKL), Bay of Plenty (BOP),

Waikato (WKT), Northland (NL), Tasman (TDC), and Canterbury (CANT).
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Figure 4.8 Seasonal variation in the average temperature and diurnal attributes for different NZ

regions in the study, along with their seasonal averages.
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Higher average and median diurnal amplitudes are observed in the colder winter and spring seasons
compared to the warmer summer and autumn seasons. Conversely, the proportion of diurnal
amplitude relative to the total daily mean flow exhibits an opposite pattern to the amplitude itself.
Summer and Autumn episodes showed more significant percentages than the other two seasons.

Notably, Auckland showed a significantly higher percent amplitude than the rest in all seasons.

It is worth mentioning that, unlike summer and spring, the winter and autumn seasons do not exhibit
a three-month average. The winter season only shows values for August, while Autumn represents
values for March only. This is because they represent the beginning and end of diurnal fluctuations

and do not have ET-induced fluctuations for the whole season.

Further, A simple correlation analysis is used to quantify the relationship between different
catchment parameters and the diurnal features across different seasons. In Figure 4.9, the average
diurnal amplitude is also compared with the different catchment sizes and shapes. Catchment shapes
are represented in Rc values, where higher Rc values mean closeness to a perfect circle and vice

versa.
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Figure 4.9 Correlation between the different regions' catchment size and the average amplitude of

diurnal fluctuations. The bubble size shows the catchment shape in terms of the circulatory ratio.

Overall, the catchments of various shapes exhibited a positive relationship with their scales and

diurnal amplitude (R? = 0.43). Notably, the Northland and Tasman regions displayed strong
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Lag (hr)

correlations of 0.84 and 0.81, respectively, while the Canterbury region had a lower R? value of 0.28.

Moreover, the Canterbury region had the weakest correlation for catchments larger than 300 km?2.

4.5.4 Distribution of lag time

Figure 4.10 the seasonal values of average lag times for the catchments in the different regions and

the overall average lag time for each region.

Legend
® O AKL

20 - - H n
O eor
WKT
154 O Toc

CANT
Overall Mean
10+

T T
Winter Spring Summer Auturnn

Season

Figure 4.10 Seasonal variations in the lag between maximum radiation and minimum streamflow

across different regions. The overall means are represented as grey bars.

The average lag times for the seasons lie within 11 -12 hours. However, the lag shows seasonal
variations, as seen in the box plots. For the months of Winter (August), most lag time observations
fall above the mean. The variation of lag times remains almost the same for summer and spring,
though slightly lower for summer. The autumn season also shows a declining trend in the opposite

direction, with most observations below the mean.

Figure 4.11 shows the Geographic Information System (GIS) map illustrating the seasonal lag values
across different regions. The map provides a visual representation of the temporal delay in the peak
or trough of a season. Each point on the map corresponds to a specific location, with the colour
gradient indicating the magnitude of the seasonal lag. This allows for an intuitive understanding of

how seasonal changes vary geographically.

95



Autumn (Mar)

0 100 200km
I E—

Figure 4.11 Average diurnal lags for the different NZ catchments included in the study across
seasons. The Winter season consists of only August observation, while Autumn shows only March

values.

455 Catchment Shape and Diurnal Lag

Apart from the overall distribution of lag time, further investigation is made to analyse the effects

of different physiographical parameters on it.

Figure 4.12 shows the average lag time for different lengths of main channels of different
catchments. A third parameter of the circulatory ratio is used as a variable size to see further the
effect of catchment shapes on the lag time stop. It is observed that catchments with a central channel

having less than 30 Km showed a moderate correlation with the lag time for various catchment sizes.
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The effect of catchment shape, described in terms of circulatory ratio (Rc), can also be seen in the

diurnal lag for different stream lengths.
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Figure 4.12 Average diurnal lag vs. length of the main channel in the catchment. Bubble size
represents the circulatory Ratio (Rc) of the catchment. The data shown inside the dashed box

shows the longest flow paths.

Figure 4.12 shows that the catchments can be divided into three groups according to the longest flow
path. The first group is the largest, with catchment lengths up to 30km. Most of the catchments in
this group have higher Rc values and exhibit a very weak positive correlation with the average
diurnal lag. However, for very long catchments of this group with Rc values less than 0.2, there is a

decent correlation (R? = 0.29) between catchment length and diurnal lag.
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The diurnal amplitude is also compared against the average diurnal signals for catchments of various

sizes (Figure 4.13).
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Figure 4.13 Average diurnal lag vs. average diel lag. The data (small box) show a moderate trend
between diel amplitude and diel lag. The bubble size shows the catchment area.

The figure shows that catchment size directly impacts the diurnal amplitude, as a higher, more
significant proportion of the vegetation zone contributes to the overall baseflow patterns. Most
catchments showed a positive relationship between increasing diurnal lag and amplitude,
particularly in the Waikato region's catchments. The large catchments in Canterbury showed the
highest amplitudes, and the diurnal lags in these large catchments values in. The only catchment
segment that showed some degree of correlation between diurnal lag and amplitude comprises

smaller catchments (<100 km?), with lags ranging from 8-hr to 16-hr (shown in the small box).

4.6 Discussion:

4.6.1 Diurnal Amplitude and Spatiotemporal Variability in Climate

The seasonal variation in the average diurnal amplitude reveals the effect of temperature changes on
the streamflow patterns. The colder seasons of winter and spring exhibit increased amplitudes in the
seasons compared to the warmer seasons. The increase could be attributed to a couple of processes
taking place simultaneously. Firstly, with higher soil moisture content in winter and early spring
seasons, plant roots are able to reach deeper into the saturated zone and induce more significant

diurnal dips into the saturated zone. This, in turn, produces pronounced variations in the groundwater
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table between night and day. Ultimately, this oscillation pattern then makes its way to streamflow,

resulting in the observed increase in diurnal amplitude.

Secondly, many deciduous trees and plants start to leaf out towards the end of winter or early spring.
The emergence of leaves results in a larger surface area for transpiration, and as spring commences
and temperatures begin to rise, plants may quickly utilise some of this moisture (Ehlers, 1991;
Denham et al., 2023). Combining the increased vegetation activities with available soil moisture

may result in higher diurnal fluctuations as plants take advantage of the available water.

Conversely, during the warmer season with extended dry periods, higher ET rates and low
groundwater recharge deplete the saturated zone and cause the groundwater table to decline. The
saturated zone within the soil gradually shrinks and retreats closer to the stream. Despite higher ET
demands, fewer plants can tap into the saturated groundwater reserves as the soil moisture levels are
at their lowest in summer. The reduced soil moisture content limits the availability of water for plant

roots, making it harder for many plants to engage in significant transpiration (Sarwar et al., 2022).

The temperature changes also affect the proportion of diurnal amplitudes expressed as the percentage
of the daily mean discharge's diurnal amplitude. Despite more significant diurnal variations in the
amplitude, the relative abstraction is less pronounced than the total available moisture. In late winter
or early spring, high soil moisture is the relative abstarction of water compared to the total available
water. On the other hand, as the flows shift from high recession to low flows from winter to summer,
the percentage of diurnal amplitude represents a higher fraction of the daily mean flow. This may be
due to the increased ET activity during summers when temperatures are at their peak. As a result,
more water is lost to the atmosphere through ET, further diminishing the volume of water

contributing to streamflow.

Notably, Auckland showed the most significant increase in fraction diurnal amplitude, followed by
Northland. The increase in percent amplitude is linked to the high-temperature conditions in these
regions compared to other regions, particularly the South Island. Auckland region has an average

annual temperature of 16 °C while the South Island is 12 °C. The high temperature causes a
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heightened transpiration rate and increases evaporation from the water's surface (W.K. Song and Y.
Chen, 2020). The combination of these effects culminates in an increase in diurnal streamflow

amplitude in regions with high-temperature conditions, such as Northland and Auckland.

4.6.2 Diurnal Amplitude and Catchment Attributes

Catchment size and diurnal amplitude strongly correlate across regions, except for Canterbury. This
strong correlation implies that, in general, smaller catchments exhibit lower diurnal amplitudes than
catchments with larger surface areas. Smaller catchments have limited water storage capacity, higher
vegetation ratios, and limited groundwater storage, collectively contributing to more uniform flow
patterns. (McGlynn et al., 2004). As the catchment scale increases, the area of active transpiration

and evaporation also increases, which increases the loss of Earth's water to the atmosphere.

On the other hand, larger catchments may have more significant spatial variability in the timing and
extent of snowmelt and ET processes (Graham et al., 2013). Some parts of the catchment may
experience more snowmelt due to higher elevations. In contrast, others may have more significant
ET due to lower elevations, which receive more solar radiation and have warmer temperatures and
less or no snow cover. This spatial heterogeneity in snowmelt and ET processes may induce diurnal
signals of opposing phases across different stretches of the stream and result in a mixed type of
diurnal signal (Jutebring Sterte et al., 2021; Mutzner et al., 2015; Lundquist & Cayan, 2002). So,
instead of representing a scaled-up version of the diurnal amplitude in a smaller catchment, these
signals represent an integration of the diverse hydrological responses occurring throughout the
catchment. As a result, the correlation between catchment size and diurnal amplitude becomes
weaker in larger catchments due to the diverse and heterogeneous nature of environmental processes

within these regions.

4.6.3 Catchment controls on lag time:

The lag between vegetation water use and streamflow response underscores the critical role of

subsurface storage and groundwater contributions to streamflow, particularly during low flow
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periods. The observation of diurnal lag times reveals several significant implications for catchment

behaviour, highlighting the influence of various physiographical parameters on these dynamics.

The comparisons of lag times with different channel lengths revealed that stream distances play an
essential role in determining the overall lag between maximum transpiration and the hydrological
response of the catchment. The catchments, having a more compact shape, like in the region of
Canterbury, had a smaller lag for a similar length of the main channel as compared to Auckland or
Northland, where the catchments were much more round in shape. Overall, the lag and channel
length are related positively, but a similar relation could not be established for very long streams
(>30 km). This may point toward the fact that in smaller or medium-length streams, the diurnal
signals experience less destructive interference along shorter and straighter stretches of riparian
corridors. For such catchments, their propagation times in the baseflow can be correlated with in-

stream distances.

In comparing diurnal lag with the catchment shape, the Auckland region exhibits the most extended
diurnal lag, indicating a delayed streamflow response in its catchments. While looking at the
different catchment shape parameters, it is determined that this delay could be attributed to the
unique characteristics of Auckland's catchments, notably their high elongation and circularity ratio.
In contrast, a small circularity points towards a more compact and linear catchment. These factors

mean that water has to travel a longer, more winding path before reaching the main river or stream.

Circular catchments with higher Rc values showed larger diurnal lag values for similar mainstream
lengths. In circular catchments, water converges towards the central point of the catchment through
longer tributaries running along the catchment axis. This can lead to longer travel distances and
potentially longer response times as water moves through the catchment's landscape before reaching
the central point of convergence. Moreover, water flow from various parts of the catchment to the
stream is relatively uniform and can lead to slower propagation (J. Zhang et al., 2022). On the other
hand, streamflow in elongated catchments tends to travel shorter distances because water has a more

direct path to follow along the elongated axis of the catchment. While there can still be variations in
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flow within an elongated catchment, the overall flow patterns are more constrained than circular

catchments (Zhang et al., 2022).

Overall, it was observed that catchment size and shape have effectively controlled the lag between
maximum vegetation water use and streamflow response. However, it is important to note that other
factors, such as vegetation, soil type topography, etc., can also play a significant role in affecting the
attribute of these diurnal fluctuations (Graham et al., 2013; Legarda Garzon et al., 2023; Mutzner et
al., 2015). Therefore, while catchment shape and scale might impact streamflow, they are just a few

factors that can influence diurnal amplitude and lag due to ET.

4.6.4 Catchment Heterogeneity and Durnal Fluctuations

Catchment heterogeneity plays a significant role in shaping streamflow patterns, adding complexity
to the analysis of diurnal signals and their relationship to atmospheric drivers (H. K. McMillan et
al., 2022). Variations in soil layers create differing capacities for storing and releasing water,
resulting in complex streamflow patterns that are not easily correlated with atmospheric conditions
(Blume et al., 2009). Rapid responses to rainfall in upper soil layers, combined with slower
contributions from deeper groundwater, lead to lagged and multi-peak diurnal variations

(Vereecken, 2023).

Diversity in land use impacts diurnal fluctuations by introducing variability in runoff generation,
evapotranspiration rates, and water storage dynamics across a catchment. Forested areas with dense
vegetation promote infiltration and steady baseflow, leading to pronounced fluctuations driven by
evapotranspiration (Széles et al., 2018). Agricultural lands contribute irregular patterns due to
irrigation and compacted soils that increase surface runoff (T. Zhang et al., 2018). Urban areas with
impervious surfaces amplify rapid runoff responses, often diminishing natural diurnal signals
(Rodrigues et al., 2019). The diverse responses of various soil layers and land parcels within the
catchment can cause the overall streamflow to seem "decoupled™ from daily atmospheric drivers like
evapotranspiration, making it challenging to draw direct connections between observed fluctuations

and their drivers.
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Assuming homogeneity within the catchment when significant heterogeneity exists can lead to
misleading conclusions about the factors driving diurnal fluctuations. Data may erroneously suggest
that atmospheric drivers alone control diurnal patterns, overlooking the substantial role of internal
catchment processes. Conversely, the presence of clear and consistent diurnal patterns might indicate
a homogeneous and predictable catchment response with minimal disruption from internal
variability. In such cases, streamflow patterns closely reflect external atmospheric influences, as
heterogeneities in subsurface structures, soil characteristics, and vegetation cover are not
pronounced enough to alter the direct hydrological response on a diurnal timescale. This highlights
the importance of accurately accounting for catchment heterogeneity when studying diurnal signals

to avoid false interpretations.

4.7 Conclusion:

The relationship between catchment characteristics and diurnal fluctuations in hydrological
processes is a complex and multifaceted topic. Vegetation, soil properties, topography, and the
interaction between groundwater and surface water all play essential roles in modulating diurnal
variations in streamflow, ET, and groundwater levels. Wavelet analysis and numerical modelling
are valuable tools for studying this relationship and understanding the underlying mechanisms. The
diurnal features show seasonal variations and positively correlate with the catchment areas. On the
other hand, diurnal lag showed a mix of trends between catchments and depends on many factors
like drained area, the distance to the outlet, and the distribution of the channel network. Further
research is needed to explore the specific mechanisms and interactions involved in different
catchment settings and to develop more accurate and comprehensive models for predicting diurnal

fluctuations in hydrological processes.
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Chapter 5.  Thesis Conclusion and Future Work

5.1 Conclusion

This thesis provided valuable insights into diurnal streamflow signal behaviours within catchments,
their spatiotemporal variability, and their connection to the catchment's physical features. It
highlights the complex relationships between climatic drivers, catchment characteristics, and diurnal

streamflow fluctuations.

Firstly, in Chapter 2, a review of the existing ET measurement techniques, including technigques
involving diurnal fluctuations, unveiled potential research gaps that served as the foundation. This
chapter aimed to investigate the relationship between diurnal streamflow fluctuations and the
potential evapotranspiration rate of riparian vegetation. The chapter introduced a novel technique
that provides insights into riparian areas' temporal dynamics during flood recession by assuming a
linear correlation between groundwater storage and the active riparian zone area. The estimates of
riparian ET generated by this method exhibit a reasonable correlation with the hourly Potential
Evapotranspiration (PET) calculated using the FAO 56 approach. This method also revealed the
temporal dynamics between riparian zones, groundwater, and streamflow. Also, the method required
very few parameters to estimate ET compared to traditional analytical or hydrological methods, thus

enhancing its practical applicability and utility.

Another significant goal was to develop advanced automated techniques for rapidly and reliably
detecting and analysing diurnal fluctuations in long-term river flow datasets. Manual identification
of diurnal fluctuations in long hydrological records had been a significant limitation on large-sample
studies of diurnal streamflow fluctuations, prompting the creation of an automated diurnal
fluctuation extraction process employing wavelet transform. Chapter 3 addresses this problem
through the use of wavelet transform. It introduces a systematic workflow for selecting the most
suitable wavelet for our analysis. Discrete Wavelet Transform (DWT) and Continuous Wavelet

Transform (CWT) techniques were tested for their ability to reveal time-frequency information
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within diurnal flow time series. The effectiveness of the wavelet-aided threshold method is
rigorously assessed by comparing it to the commonly utilised moving average technique. The
findings reveal that the wavelet-aided detrending scheme excels in capturing abrupt peaks in
streamflow, yielding detrended data with a more consistent power spectrum than the moving
average. Additionally, the insights gained from CWT were further utilised to develop an algorithm
for systematically extracting diurnal episodes from continuous streamflow records. The CWT plots
like global wavelet spectrum, wavelet power spectrum, and scale-average variance offer insights
into the wavelet powers of the detrended signals in contrast to the noise spectrum, shedding light on

their distinct characteristics.

Lastly, a comprehensive study was conducted in Chapter 4, using streamflow records from 217
catchments in New Zealand, which was built on the knowledge acquired in the first research
objective and utilising the capabilities of the wavelet transform; this study enabled the extraction
and analysis of diurnal patterns and their implications, shedding light on how various
physiographical parameters and land characteristics influence diurnal patterns ion streamflow. The
study encompassed catchments from several regions across New Zealand to evaluate the impacts of
different catchment attributes on diurnal fluctuations. This produced evidence of associations
between the morphologies and sizes of catchments and the characteristics of diurnal fluctuations.
Notably, the study revealed seasonal variations in diurnal features and provided evidence of a

positive correlation between diurnal amplitude and catchment scale.

Catchment shape also influenced the catchment response time. Elongated catchments within the
Canterbury region displayed rapid streamflow responses and minimal lag times between
transpiration and diurnal fluctuations, in contrast to circular catchments in the Northern regions.
These findings contribute significantly to the broader understanding of how catchment

characteristics and shape influence the diurnal dynamics of hydrological processes.

In conclusion, addressing the research objectives contributed to a deeper understanding of the diurnal

patterns in streamflow. By integrating field observations, advanced analytical methods, and
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providing a regional context, this work advances the understanding of diurnal streamflow dynamics.
The findings of the thesis offer a solid foundation for future research endeavours in this hydrology

domain, with applications extending beyond New Zealand.

5.2 Future Work

It is recommended that future studies focus on the evolution of diurnal signals for multiple-year
datasets to establish sound relationships between the diurnal streamflow signals, climatic drivers,
and catchment hydrology. The findings of this thesis can be used to automate the process of
recording diurnal observations. Automation can enhance the efficiency and accuracy of data
collection, ensuring that diurnal signals are detected without requiring extensive manual efforts, and
the potential bias might be avoided. This is essential for maintaining long-term datasets that support

ongoing research and decision-making processes.

The current research successfully employed automated extraction methods to analyse and compare
catchments' shape parameters with their diurnal signatures; however, further investigations are
needed. Future research endeavours should extend beyond comparing diurnal fluctuations solely
with shape parameters and explore their relationships with other critical catchment features. This
includes an in-depth examination of the influence of riparian vegetation, soil drainage

characteristics, channel networks, and groundwater reservoirs on diurnal streamflow patterns.

Additionally, integrating diurnal observations into coupled streamflow-groundwater models could
improve results. Investigating the impact of diurnal fluctuations on the outflow within a range of
simulations with varying land use and land cover scenarios is essential. This research can show how
land management practices, such as urbanisation or agriculture, influence diurnal streamflow

patterns and help develop sustainable land use policies.
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Appendices

Appendix A: Supplementary Results
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Figure A1 A comparison between hourly PET estimated by FAO 56 and ET, estimated by the new

method during spring months (Sep-Oct-Nov)
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Figure A2 A comparison between hourly PET estimated by FAO 56 and ET, estimated by the new

method during the summer months (Dec-Jan-Feb)
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Figure A3 compares hourly PET estimated by FAO 56 and ET, estimated by the new method

during the Winter (Aug) and early Autumn (Mar) months.
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Table Al Statistics for diurnal amplitude across different seasons and regions.

Regions Total /

Stat Season Average
AKL NL BOP | WKT | TDC | CANT (m3/s)

Count | Winter 9 20 12 11 10 59 121
Spring 17 33 15 11 18 61 155
Summer 21 33 17 11 18 62 162
Autumn 13 32 15 11 14 60 145

Max | Winter | 0.0091 | 0.0526 | 0.0576 | 0.0205 | 0.0340 | 0.0477 0.0576
Spring 0.0152 | 0.0348 | 0.0729 | 0.0173 | 0.0524 | 0.0420 | 0.0729
Summer | 0.0163 | 0.0211 | 0.0975 | 0.0109 | 0.0578 | 0.0350 | 0.0975
Autumn | 0.0067 | 0.0197 | 0.0372 | 0.0123 | 0.0340 | 0.0389 0.0389

Mean | Winter 0.0050 | 0.0146 | 0.0176 | 0.0079 | 0.0187 | 0.0099 0.0148
Spring 0.0041 | 0.0083 | 0.0180 | 0.0081 | 0.0200 | 0.0109 0.0111
Summer | 0.0026 | 0.0064 | 0.0216 | 0.0062 | 0.0156 | 0.0107 0.0088
Autumn | 0.0034 | 0.0061 | 0.0157 | 0.0057 | 0.0126 | 0.0093 0.0102
Median | Winter 0.0050 | 0.0089 | 0.0132 | 0.0068 | 0.0162 | 0.0077 0.0080
Spring 0.0031 | 0.0058 | 0.0142 | 0.0087 | 0.0133 | 0.0087 0.0069
Summer | 0.0014 | 0.0044 | 0.0150 | 0.0046 | 0.0097 | 0.0071 0.0056
Autumn | 0.0032 | 0.0042 | 0.0141 | 0.0045 | 0.0098 | 0.0064 0.0062

Amp | Winter 1.1674 | 0.8222 | 0.7813 | 0.7050 | 1.0291 | 1.0030 0.9384
(%) Spring 2.2168 | 1.5370 | 1.0735 | 1.1133 | 0.8598 | 1.1679 1.3127
Summer | 41230 | 1.6620 | 1.2938 | 1.5155 | 1.1558 | 1.9898 2.0017
Autumn | 3.1924 | 1.7350 | 1.2821 | 1.2593 | 1.2316 | 1.7818 1.7535

110



Table A2 Datials of the catchments included in the study, along with their physical attributes.

River & Site
Name

Region

Area

Perimeter

Stream
Length

Longest
Flow
Path

Form
Factor

Elong
_Ratio

Circ_
Ratio

Drainage
Density

(km?)

(km)

(km)

(km)

Mairangi Bay
Stream at
Tennis Club

AKL

1.03

5.10

1.42

1.11

1.42

1.03

0.50

1.38

Taiorahi
Stream at
Westbourne
ave

AKL

1.39

6.18

1.60

1.60

1.48

0.83

0.46

1.15

Awaruku
stream at
Glenvar Road

AKL

2.38

9.78

3.39

2.90

1.79

0.60

0.31

1.42

Vaughn
Stream at
Lower Weir

AKL

244

10.08

3.28

2.87

1.82

0.62

0.30

1.34

Taiaotea
stream at
Freyberg Park

AKL

2.64

8.82

3.58

2.03

1.53

0.90

0.43

1.36

Motions
Stream at
Western
Springs

AKL

3.55

14.64

4.66

3.78

2.19

0.56

0.21

131

Ngakoroa
Stream at Mill
Rd

AKL

4.95

15.42

7.21

5.22

1.95

0.48

0.26

1.46

Lucas at Gills
Road

AKL

6.47

15.12

9.94

3.14

1.68

0.91

0.36

1.54

Newmarket
Stream at

AYR Street
crump weir

AKL

6.86

16.08

8.62

4.76

1.73

0.62

0.33

1.26

Tamahunga
River at
Quintals Falls

AKL

8.31

18.00

13.21

5.36

1.76

0.61

0.32

1.59

Orewa at
Kowhai Ave

AKL

9.59

19.80

15.01

5.16

1.80

0.68

0.31

1.57

Puhinui at
Drop
Structure

AKL

12.29

24.00

16.31

7.06

1.93

0.56

0.27

1.33

Oteha River at
Days Bridge

AKL

12.32

22.32

18.26

6.02

1.79

0.66

0.31

1.48

Meola Creek
at Motions
Road Weir

AKL

14.89

24.78

20.96

7.62

1.81

0.57

0.30

1.41

Opanuku
Stream at
Candia Road
Bridge

AKL

17.55

25.68

28.30

5.82

1.73

0.81

0.33

1.61

Opanuku at
Vintage
Reserve

AKL

24.61

33.48

38.02

10.05

1.90

0.56

0.28

1.55

Oratia at
Millbrook
Road

AKL

28.84

33.36

47.89

8.05

1.75

0.75

0.33

1.66
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name g Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)

Mangawheau

Stream at AKL | 3093 38.46 51.38 954 | 195 | 066 | 026 | 1.66

Weir

Papakura at

Great South AKL | 4041 52.50 6421 | 1937 | 2.33 | 037 | 018 | 1.59

Road Bridge

Mahurangi

Argonaut at AKL | 4848 53.82 7147 | 12.80 | 2.18 | 061 | 021 | 147

College

Kaukapakapa | Au) | 61,90 49.44 9790 | 1361 | 177 | 065 | 032 | 1.58

at Taylors

Ararimu River

at Old North AKL | 71.06 5412 | 10824 | 1300 | 1.81 | 073 | 030 | 152

Rd Bridge

SELPMIRE L 73.92 52.08 116.69 | 17.35 | 1.71 | 056 | 0.34 | 158

Farm Bridge

Waiteitei River | ) | g gg 66.96 | 12478 | 1847 | 210 | 055 | 0.23 | 154

at Sandersons

CH;EESSR'V”“ AKL | 8165 57.66 | 129.30 | 20.98 | 1.80 | 0.49 | 031 | 158

Rangitopuni

River at AKL | 8220 59.16 | 127.08 | 19.18 | 1.84 | 053 | 030 | 155

Walkers

KalparaRIVer |\ | 843> | 5724 | 13338 | 2377 | 176 | 044 | 032 | 158

at Waimauku

Wairoa River

at Tourist AKL | 15062 | 82.80 | 24543 | 2870 | 1.90 | 048 | 028 | 1.63

Road

Wainui te

TELTEL S BOP 6.31 18.84 9.95 668 | 212 | 042 | 022 | 158

Mokorua

Gorge

Kaiate at

Kaiate Falls BOP 8.39 17.93 13.67 596 | 175 | 055 | 033 | 1.63

Rd

HEZETE et BOP 9.74 24.00 18.93 893 | 217 | 039 | 021 | 194

Goodall Rd

\S’Y*a,o',ggaeheat BOP 9.93 20.46 18.58 479 | 183 | 074 | 030 | 187

Ul L BOP | 1054 | 2556 | 2006 | 885 | 222 | 041 | 020 | 1.90

Swing Bridge

E:ﬂ‘e”e""t BOP 11.42 35.40 2337 | 1251 | 296 | 030 | 011 | 2.05

TeManiaat87 | pop | 1916 | 2286 | 2139 | 770 | 1.85 | 051 | 029 | 176

Sharp Rd

Tuapiro at BOP 36.97 40.38 58.10 972 | 187 | 071 | 028 | 157

Farm Bridge

LETEEESEN BOP | 40.29 42.07 62.67 | 1365 | 1.87 | 052 | 029 | 1.56

Braemar Rd

Raparapahoe

at Above Drop | BOP | 51.19 61.87 8032 | 2328 | 244 | 035 | 017 | 157

Structure

LA RIS BOP | 59.11 5563 | 10090 | 1892 | 204 | 046 | 024 | 171

McCarrolls
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name g Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)

Nukuhou at BOP 59.16 49.44 101.64 | 17.10 | 1.81 | 051 | 030 | 1.72

Glenholme Rd

NEPU e BOP | 60.39 7729 | 10218 | 2729 | 281 | 032 | 013 | 1.69

at SH29

Utuhina at BOP 61.76 55.93 11949 | 19.14 | 201 | 046 | 025 | 1.93

Depot St

g'g%”gmahaat BOP | 73.02 5329 | 13320 | 1894 | 176 | 051 | 032 | 1.82

gﬂ%%e”gaat BOP 78.33 77.95 127.82 | 1385 | 248 | 0.72 | 016 | 163

Waitahanui at

Otamarakau BOP | 104.62 88.09 17555 | 2833 | 243 | 041 | 017 | 168

Valley Rd

gﬁ"’;g'ta'k' at BOP | 10494 | 7093 | 164.40 | 21.48 | 1.95 | 054 | 026 | 1.57

Paraiti

(Mangorewa) BOP | 192.80 | 12860 | 30953 | 4237 | 261 | 037 | 015 | 1.61

at Saunders

Tauranga at

Omahuru BOP | 207.71 | 109.27 | 32429 | 4050 | 2.14 | 040 | 022 | 1.56

(Ogilvies)

Otaraat BOP | 240.00 | 11868 | 35256 | 3955 | 2.16 | 0.44 | 021 | 1.47

Browns Bridge

Wairoaat | pop | 30650 | 13731 | 51951 | 3447 | 221 | 057 | 020 | 1.69

Above Ruahihi

I*\(Aa:tt:i”aa”e BOP | 34158 | 18345 | 57496 | 57.96 | 2.80 | 0.36 | 013 | 1.68

Tarawera at BOP | 51563 | 18236 | 85444 | 51.01 | 227 | 050 | 0.19 | 1.66

Awakaponga

Waioeka at BOP | 66344 | 21271 | 983.09 | 5747 | 233 | 051 | 018 | 1.48

Cableway

Whakatane at

Whakatane BOP | 1491.96 | 32001 | 231826 | 105.68 | 2.34 | 041 | 0.18 | 155

(Valley Rd)

Rangitaiki at

Waiohau BOP | 2714.82 | 489.61 | 4319.14 | 154.15 | 2.65 | 038 | 0.14 | 1.59

Bridge

Rangitaiki at BOP | 287459 | 53353 | 458145 | 176.66 | 2.81 | 0.34 | 0.13 | 1.59

Te Teko

Kakahu River

at Mitchells CANT | 286 8.94 419 191 | 149 | 100 | 045 | 146

Weir No.9

Opihi Riverat | oyt | 449 11.90 6.45 229 | 160 | 1.03 | 039 | 1.46

Cloudy Peaks

Hook River at

Upstream CANT | 10.07 17.88 15.85 530 | 159 | 067 | 040 | 157

Intake

Waimate

Creek at CANT | 10.85 19.20 16.70 555 | 164 | 067 | 037 | 154

Kelceys Bush

Car Park

Barkers Creek

at McKeown | CANT | 14.40 32.94 2673 | 1069 | 245 | 040 | 017 | 1.86

Road Bridge
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River & Site
Name

Region

Area

Perimeter

Stream
Length

Longest
Flow
Path

Form
Factor

Elong
_Ratio

Circ_
Ratio

Drainage
Density

(km?)

(km)

(km)

(km)

Lyell Creek at
Downstream
Warren Creek
Confluence

CANT

15.59

24.17

27.68

6.11

1.73

0.73

0.34

1.78

Buchanans
Creek at
Fletchers
Farm

CANT

16.63

34.26

26.48

12.55

2.37

0.37

0.18

1.59

Rocky Gully
Stream at
Rockburn

CANT

22.92

29.88

36.18

8.34

1.76

0.65

0.32

1.58

Middle Creek
at SH1 Bridge

CANT

26.14

32.99

49.51

11.11

1.82

0.52

0.30

1.89

Ohapi Creek
at Houstons

CANT

26.72

46.07

45.56

17.32

2.51

0.34

0.16

1.71

Ohapi Creek
at Brown Road

CANT

27.88

47.69

48.07

17.95

2.55

0.33

0.15

1.72

Lake Stream
at Swingbridge

CANT

30.70

42.18

55,51

14.41

2.15

0.43

0.22

1.81

L-2 River at
Pannetts Road

CANT

39.43

44.32

61.97

19.83

1.99

0.36

0.25

1.57

Waihi River
at Waimarie

CANT

40.16

39.36

58.97

13.06

1.75

0.55

0.33

1.47

Waihi River
at Waimarie

CANT

41.24

41.04

60.96

14.13

1.80

0.51

0.31

1.48

Cam River at
Youngs Road

CANT

42.62

54.46

75.64

17.36

2.35

0.42

0.18

1.77

Charwell
River at
Upstream
State Highway
70

CANT

43.14

39.05

60.12

11.52

1.68

0.64

0.36

1.39

Lake Stream
at Swingbridge

CANT

43.67

41.28

71.66

7.60

1.76

0.98

0.32

1.64

Lake Stream
at Swingbridge

CANT

49.54

53.70

73.08

22.38

2.15

0.35

0.22

1.48

Kowhai River
at Below
Orange Grove

CANT

55.68

46.84

81.31

14.50

1.77

0.58

0.32

1.46

Lowry Peaks
Drain at
Longbrook
Dairy Br

CANT

57.27

60.37

96.61

12.38

2.25

0.69

0.20

1.69

Flemington
Drain at
Montgomery
Road

CANT

64.40

104.98

103.45

39.17

3.69

0.23

0.07

1.61

Flemington
Drain at
Montgomery
Road

CANT

66.45

113.98

107.55

42.87

3.94

0.21

0.06

1.62

Temuka River
at Manse
Bridge

CANT

67.94

49.86

97.43

18.98

1.71

0.49

0.34

1.43
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River & Site
Name

Region

Area

Perimeter

Stream
Length

Longest
Flow
Path

Form
Factor

Elong
_Ratio

Circ_
Ratio

Drainage
Density

(km?)

(km)

(km)

(km)

St Leonards
Drain at
Above Culvert

CANT

70.77

72.87

115.69

19.57

2.44

0.48

0.17

1.63

Halswell River
at Ryans
Bridge

CANT

71.82

72.34

112.57

21.33

241

0.45

0.17

1.57

Flemington
Drain at
Wheatstone
Road

CANT

72.97

137.73

120.41

52.03

4.55

0.19

0.05

1.65

Heathcote
River at
Buxton
Terrace

CANT

74.35

76.17

112.23

24.19

2.49

0.40

0.16

1.51

Hook River at
Hook Beach
Road

CANT

82.53

65.16

150.08

24.58

2.02

0.42

0.24

1.82

Hakataramea
River at
McRaes Gorge

CANT

85.15

64.27

135.65

13.74

1.96

0.76

0.26

1.59

Motunau
River at
Vulcan Flats

CANT

89.84

68.61

149.97

28.00

2.04

0.38

0.24

1.67

Dry Stream
(Hurunui) at
Hurunui River
Confluence

CANT

91.91

75.56

156.08

27.22

2.22

0.40

0.20

1.70

Lowry Peaks
Drain at
Longbrook
Dairy Br

CANT

98.10

72.03

160.76

17.55

2.05

0.64

0.24

1.64

Percival River
at Downstream
Chatterton
Confluence

CANT

109.08

78.33

176.95

20.66

2.12

0.57

0.22

1.62

Ashley River
at Lees Valley

CANT

121.12

68.32

176.08

18.51

1.75

0.67

0.33

1.45

Waitohi River
at Lake
Sumner Road
Bridge

CANT

122.54

89.31

182.17

37.59

2.28

0.33

0.19

1.49

Waikakabhi
Stream at Te
Maiharoa
Road Bridge

CANT

133.24

130.67

218.15

45.98

3.19

0.28

0.10

1.64

Otaio River at
SH1

CANT

146.27

109.74

247.74

46.69

2.56

0.29

0.15

1.69

Waikari at
Pannetts Rd

CANT

148.90

107.48

253.04

39.17

2.48

0.35

0.16

1.70

Tengawai
River at
Manahune

CANT

154.79

88.69

239.48

20.97

2.01

0.67

0.25

1.55

Omihi Stream
(Waipara) at
Glen Ray

CANT

158.02

86.19

265.96

29.43

1.93

0.48

0.27

1.68
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River & Site
Name

Region

Area

Perimeter

Stream
Length

Longest
Flow
Path

Form
Factor

Elong
_Ratio

Circ_
Ratio

Drainage
Density

(km?)

(km)

(km)

(km)

Mandamus
River at Tekoa
Road Bridge

CANT

169.74

80.31

250.75

25.91

1.74

0.57

0.33

1.48

Parakanoi
Drain at
Newpark Road

CANT

185.14

123.82

289.01

47.14

2.57

0.33

0.15

1.56

Maerewhenua
River at Kellys
Gully

CANT

187.02

87.31

265.91

29.43

1.80

0.52

0.31

1.42

Parakanoi
Drain at
Newpark Road

CANT

193.17

146.19

302.95

56.38

2.97

0.28

0.11

1.57

Parakanoi
Drain at
Lower Beach
Road

CANT

194.51

152.07

305.41

58.82

3.08

0.27

0.11

1.57

Cust Main
Drain at
Threlkelds
Road

CANT

195.10

130.40

325.04

44.05

2.63

0.36

0.14

1.67

Waihao River
South Branch
at
Waihaorunga
Road Bridge
(R

CANT

197.22

102.78

325.03

37.68

2.06

0.42

0.23

1.65

Mason River
at Downstream
Lottery River
Confluence

CANT

206.75

121.22

314.28

33.90

2.38

0.48

0.18

1.52

Lake Stream
at Swingbridge

CANT

217.81

138.30

340.78

73.18

2.64

0.23

0.14

1.56

Okuku River
at Fox Creek

CANT

221.71

127.40

321.12

53.59

241

0.31

0.17

1.45

Pahau River at
Upstream
Hurunui Drain
Confl (Dalzells
B

CANT

235.60

134.05

382.92

54.65

2.46

0.32

0.16

1.63

Hakataramea
River at Above
Mt Florence

CANT

349.92

123.79

611.98

27.80

1.87

0.76

0.29

1.75

Waipara River
at White
Gorge

CANT

366.50

127.16

589.19

50.31

1.87

0.43

0.28

1.61

Harts Creek at
Timber Yard
Road

CANT

390.59

212.50

610.15

83.85

3.03

0.27

0.11

1.56

Pareora River
at Huts

CANT

424.94

137.82

680.61

43.76

1.89

0.53

0.28

1.60

Hinds River at
Poplar Road

CANT

437.01

191.43

736.29

71.35

2.58

0.33

0.15

1.68

Conway River
at SH1

CANT

469.13

164.76

721.37

55.42

2.15

0.44

0.22

1.54
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River & Site
Name

Region

Area

Perimeter

Stream
Length

Longest
Flow
Path

Form
Factor

Elong
_Ratio

Circ_
Ratio

Drainage
Density

(km?)

(km)

(km)

(km)

Lake Stream
at Swingbridge

CANT

469.55

147.56

726.99

52.66

1.92

0.46

0.27

1.55

Lake Stream
at Swingbridge

CANT

483.15

173.22

780.13

75.75

2.22

0.33

0.20

1.61

Lake Stream
at Swingbridge

CANT

531.73

215.52

858.44

93.15

2.64

0.28

0.14

1.61

Pareora River
at SH1

CANT

532.01

170.82

846.15

59.98

2.09

0.43

0.23

1.59

Waihao River
at Upstream
Bradshaws
Bridge

CANT

535.54

219.84

863.67

95.11

2.68

0.27

0.14

1.61

Temuka River
at Manse
Bridge

CANT

558.05

149.33

946.07

48.48

1.78

0.55

0.31

1.70

Waipara River
at Teviotdale
Road Bridge

CANT

713.91

213.04

1149.10

74.24

2.25

0.41

0.20

1.61

Waipara River
at Teviotdale
Road Bridge

CANT

718.06

217.48

1155.67

77.64

2.29

0.39

0.19

1.61

Selwyn River
at Ridgens
Road

CANT

960.66

261.59

1565.59

101.37

2.38

0.35

0.18

1.63

Lake Stream
at Swingbridge

CANT

1136.84

254.54

1805.80

89.79

2.13

0.42

0.22

1.59

Ashley River
at SH1 Bridge

CANT

1149.05

277.17

1826.01

97.99

2.31

0.39

0.19

1.59

Whangatane
Spillway at
Donald Rd

NL

0.59

4.14

0.85

0.85

1.53

1.02

0.43

1.45

Selwyn Swamp
at Big Flat Rd

NL

4.33

14.22

6.31

3.97

1.93

0.59

0.27

1.46

Waiotemaram
a at u/s of
FNDC intake

NL

5.49

14.58

8.42

341

1.76

0.78

0.32

1.53

Raumanga at
Kotuku Dam
Intake

NL

8.49

18.54

13.16

5.85

1.79

0.56

0.31

1.55

Maungapareru
aat Tyrees
Ford

NL

10.15

21.72

16.16

6.86

1.92

0.52

0.27

1.59

Raumanga at
Bernard St

NL

16.09

30.66

26.24

8.90

2.16

0.51

0.22

1.63

Waiarohia at
Lovers Lane

NL

18.82

27.30

30.46

10.60

1.78

0.46

0.32

1.62

Mangahahuru
at County
Weir - Kauri

NL

22.13

37.08

34.37

10.59

2.22

0.50

0.20

1.55

Rangitane at
Stirling

NL

22.34

32.46

35.33

13.16

1.94

0.41

0.27

1.58

Tarawhataroa
at Redan
Bridge

NL

23.74

34.25

41.29

10.38

1.98

0.53

0.25

1.74
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name g Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)

Victoria at

Victoria Valley | NL 24.84 29.28 37.30 888 | 1.66 | 063 | 036 | 150

Road

Waihoihoi at

St Marys Rd NL 26.96 42.24 42.42 1705 | 229 | 034 | 019 | 1.57

Takahue at NL 29.34 36.89 4326 | 1280 | 1.92 | 048 | 027 | 147

Crene Road

Ul g el NL 30.27 35.40 4955 | 11.84 | 1.81 | 052 | 030 | 1.64

Draffin Road

Waipapa at NL 31.31 46.86 53.86 | 19.18 | 2.36 | 033 | 018 | 1.72

Doonside Road

Otaika at Kay NL 35.45 34.62 53.37 11.39 | 1.64 | 059 | 037 | 1.51

North at NL 38.50 46.98 6033 | 1973 | 214 | 035 | 022 | 157

Applecross Rd

Hatea at

e NL 41.44 53.81 64.58 1336 | 236 | 054 | 018 | 1.56

PuketOtara at

501 Golf olup | NE 42.87 52.97 69.34 | 2065 | 2.28 | 036 | 019 | 1.62

Ngunguru at

Dugmores NL 45.01 54.53 71.76 1859 | 229 | 041 | 019 | 1.59

Rock

Ngunguru at

Coal Hill Lane | NL 46.31 56.57 74.30 2012 | 235 | 038 | 0.18 | 1.60

Br

Otiria at

gt NL 47.37 54.29 75.70 1885 | 223 | 041 | 020 | 1.60

Ruakaka at NL 47.38 45.72 8235 | 1389 | 187 | 056 | 028 | 174

Flyger Rd

Waitangi at

Waimate NL 49.67 42.60 79.68 1364 | 1.71 | 058 | 034 | 1.60

North Rd

Te Puhi at

Meffin R NL 53.37 51.83 85.64 1817 | 200 | 045 | 025 | 1.60

Ahuroa at NL 56.27 57.47 92.12 2030 | 216 | 042 | 021 | 1.64

Braigh Flats

Kerikeri at

Peacock NL 56.83 62.33 158.89 | 23.00 | 2.33 | 037 | 018 | 280

Garden

Tirohanga at

Below O1d Mill | NE 57.46 61.43 92.35 2146 | 229 | 040 | 019 | 1.61

Kaeo at NL 72.02 6071 | 11273 | 1714 | 202 | 056 | 025 | 157

Waiare Road

WHEIEETE L NL 75.85 5548 | 11791 | 1610 | 1.80 | 061 | 031 | 155

Knights Rd

Oruru at NL 79.81 59.09 122.96 | 18.00 | 1.87 | 056 | 029 | 154

Saleyards

Hakaru at

Topuni Creek NL 82.24 68.03 12854 | 2267 | 212 | 045 | 022 | 156

Farm

\S’Y_ﬁga”g' at NL 82.62 6053 | 13268 | 2373 | 1.88 | 043 | 028 | 161

Kaeo at Fire NL 88.10 65.27 139.21 | 2150 | 1.96 | 049 | 026 | 1.58

Station
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name 9 Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)
Opouteke at NL 107.66 70.25 167.73 | 21.27 | 1.91 | 055 | 027 | 156
Suspension Br
éi'rg‘; el NL 115.98 85.96 176.25 | 2767 | 225 | 044 | 020 | 152
\é\’ra'ow atSHL |\ 121.34 79.79 198.74 | 2466 | 2.04 | 050 | 024 | 164
Victoria at
Double NL 124.90 70.97 19542 | 2335 | 1.79 | 054 | 031 | 156
Crossing
Whakaparaat | 162.29 98.03 26250 | 2594 | 217 | 055 | 021 | 162
Cableway
Waiaruhe at NL 173.39 04.67 28951 | 2450 | 203 | 061 | 024 | 167
Puketona
Hikurangi at NL 187.76 98.09 312.99 | 30.84 | 202 | 050 | 025 | 1.67
Moengawahine
S L NL 22029 | 11488 | 351.02 | 3219 | 218 | 052 | 021 | 1.59
School Cut
Waiharakeke NL 23431 | 12365 | 37431 | 4850 | 2.28 | 036 | 0.19 | 1.60
at Willowbank
Awanui at NL 236.42 115.16 | 377.22 | 3556 | 2.11 | 0.49 | 022 | 1.60
Waikuruki
'g"g;‘g%akah'a at | \L 24343 | 12568 | 38458 | 3079 | 227 | 057 | 019 | 158
S NL 32640 | 139.18 | 540.82 | 4068 | 217 | 050 | 021 | 1.66
Taheke
Manganui at
Permanent NL 409.95 | 14650 | 64154 | 51.39 | 2.04 | 044 | 024 | 156
Station
‘F’,\l’Jar'J;a el NL 54653 | 16376 | 902.87 | 46.31 | 198 | 057 | 026 | 1.65
Walrua at NL 707.01 | 19348 | 115462 | 62.60 | 2.05 | 048 | 024 | 1.63
Wairua Br
Mangakahiaat | 80954 | 21717 | 130621 | 7492 | 245 | 043 | 022 | 1.61
Titoki Br
Riuwaka
North at TDC 8.23 20.09 11.98 477 | 198 | 068 | 026 | 1.46
Littles
¥Cae'ta' e | e 16.70 26.17 23.90 843 | 181 | 055 | 031 | 143
Maitai South
at above old TDC 18.26 24.23 26.86 615 | 1.60 | 078 | 039 | 1.47
intake
E’Li'lzz' el TDC 34.48 34.07 52.57 757 | 164 | 088 | 037 | 152
Roding at TDC 37.57 34.19 51.41 1057 | 157 | 065 | 040 | 1.37
Caretakers
Roding at TDC 41.60 36.11 5737 | 1235 | 1.58 | 059 | 040 | 1.38
Caretakers
\F’Yi";“;ap“aka at |\ 1pc 42.81 37.97 71.43 1092 | 164 | 068 | 037 | 1.67
Riuwaka Sth TDC 45.84 43.00 68.11 1408 | 1.79 | 054 | 031 | 1.49
at Moss Bush
Maitaiat Avon |+~ | 5 79 5720 | 10923 | 19.90 | 1.89 | 048 | 028 | 150

Tce
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name g Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)

Tadmor at TDC 84.33 72.75 13513 | 2823 | 223 | 037 | 020 | 160
Mudstone

Riuwaka at TDC 85.25 63.58 131.66 | 24.35 | 1.94 | 043 | 027 | 154
Hickmotts

pvalsiEat TDC 91.62 79.71 131.74 | 2026 | 235 | 053 | 018 | 1.44
Belgrove

Anatoki at TDC | 100.03 71.91 137.76 | 2517 | 2.03 | 045 | 024 | 1.38
Happy Sams

'éﬁde‘;Meads TDC | 11320 68.08 162.18 | 2596 | 1.80 | 046 | 031 | 1.43
Roding at TDC | 130.80 77.43 194.18 | 3030 | 1.91 | 043 | 027 | 1.48
Peninsula

Ef‘;tos”atBatO” TDC | 17179 | 8259 | 23651 | 1750 | 1.78 | 085 | 032 | 1.38

Wairoa at TDC 194.74 89.37 283.84 | 34.40 | 1.81 | 046 | 031 | 1.46
Irvines Bridge

Waingaro at TDC | 212.09 85.04 287.04 | 3712 | 165 | 044 | 037 | 1.35
Hanging Rock

Takaka at TDC | 25977 | 13524 | 36361 | 33.00 | 237 | 055 | 0.18 | 1.40
Harwoods

Wal-iti at TDC | 28874 | 12053 | 42955 | 39.12 | 2.00 | 049 | 025 | 1.49
Livingston Rd

Aorere at TDC | 377.42 | 14321 | 542.81 | 4894 | 2.08 | 045 | 023 | 1.44
Devils Boots

Y;’&'r:g:‘at TDC | 45319 | 16003 | 661.32 | 4091 | 212 | 059 | 022 | 1.46

Wangapekaat | ho | 46979 | 17279 | 681.20 | 46.25 | 2.25 | 053 | 020 | 1.5

Walter Peak

Aorere at TDC | 567.99 | 18927 | 84447 | 6281 | 224 | 043 | 020 | 1.49
Devils Boots

Takaka at TDC | 71492 | 18124 | 103550 | 6659 | 1.91 | 045 | 027 | 1.45
Kotinga

AR L TDC | 768.05 | 22144 | 113117 | 5453 | 225 | 057 | 020 | 1.47
TDC Nursery

Te Tahi at WKT | 330 14.76 5.70 495 | 229 | 041 | 019 | 1.72
Puketurua

TapuatTapu | vyt | 2654 33.66 4076 | 1029 | 1.84 | 057 | 029 | 154
Coroglen Rd

Opitonui at

Dstm Awaroa | WKT | 2881 32.16 45.82 833 | 169 | 073 | 035 | 1.59
Confluence

Naike at

Kaawa School | WKT | 29.41 39.12 51.00 | 1231 | 204 | 050 | 024 | 173
Rd

Waitomo at

Aranui Caves WKT 36.21 40.51 54.78 11.33 1.90 0.60 0.28 1.51
Bridge

Orere at Orere

Point Rd WKT | 40.60 43.86 6740 | 1538 | 1.94 | 047 | 027 | 1.66
Bridge

\S’Lhzazkap'p' at | WKT | 4563 41.70 7537 | 1248 | 1.74 | 061 | 033 | 1.65
Otamakokore | v | 4570 | 4087 | 7376 | 1163 | 208 | 066 | 023 | 161

at Hossack Rd
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Longest

River & Site Redion Area Perimeter Stream Flow Form |Elong | Circ_ |Drainage
Name g Length Path Factor | Ratio | Ratio | Density
(km?) (km) (km) (km)

Wharekawa at

Adams Farm WKT 46.50 49.56 69.07 17.77 | 205 | 043 | 024 | 1.49

Br

Opellel WKT | 58.65 64.93 9332 | 2007 | 239 | 043 | 017 | 159

Langdon Rd

Whareroa at WKT | 59.41 53.83 95.63 18.98 | 1.97 | 046 | 026 | 1.61

Fish Trap

Alaloaiat WKT | 7111 52.93 11084 | 17.16 | 177 | 055 | 032 | 156

Hauturu Rd

Matahuru at WKT | 83.36 66.43 13474 | 2313 | 2.05 | 045 | 024 | 1.62

Myjers Farm

Waitetunaat | | gg 02 6319 | 14726 | 1898 | 1.92 | 055 | 027 | 1.71

SH23 Raglan

Piako at WKT | 108.03 75.07 199.11 | 2842 | 204 | 041 | 024 | 1.84

Kiwitahi

Oraka at WKT | 13006 | 10508 | 216.85 | 3756 | 2.60 | 034 | 015 | 1.67

Pinedale
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