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of diel fluctuations can reveal key hydrological characteris-
tics 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 surround-
ing 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 et al. 2008; Loheide II 
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 Stream-
flow (Barnard et al. 2010; Graham et al. 2012).

In recent years, hydrologists have used time–frequency 
analysis methods to understand better the complex dynam-
ics and characteristics of variations and trends in hydrologi-
cal time series. For example, (Lundquist and Cayan 2002) 
showed the capabilities of applying time–frequency tech-
niques like the Fourier Transform in identifying the distinct 
periods where diel signals predominately affect baseflow 
recession.

1  Introduction

Diurnal fluctuations in groundwater and streamflow are high-
frequency oscillations produced due to the natural dynamic 
response of the groundwater reservoir against external envi-
ronmental forces like evapotranspiration (ET). Studies of 
diel (referred to interchangeably with diurnal in this article) 
fluctuations in streamflow reveal the temporal patterns and 
dynamics of water movement and storage in streams, affect-
ing the stream system’s water quality, ecology, and manage-
ment (Kirchner et al. 2020). In addition, diel fluctuations in 
groundwater and streamflow indicate a robust connection 
between them (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 
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Similarly, Wavelet analysis is another practical time–fre-
quency approach utilised to examine variations, periodici-
ties, and trends in diverse geophysical time series (Mallat 
2009). Compared to Fourier analysis, Wavelet analysis offers 
the advantage of revealing different time–frequency compo-
nents within a time series that can be localised 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 analyse 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 (Per-
cival 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 varia-
tions (Sang 2012), simulation and forecasting of hydrologic 
series using wavelet-aided convolution neural networks 
(Adamowski and Sun 2010), and analysing groundwater 
level fluctuations including 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 characterising extreme events 
such as floods or droughts by revealing their temporal signa-
tures and how they may change over time in relation to the 
macroclimate indexes (Santos and de Morais 2013). Studies 
by (Sang 2013; Zhang et al. 2015) have used the time–fre-
quency information from CWT to improve forecast models’ 
accuracy and hydrological processes’ accuracy. Combining 
CWT with statistical models like ARIMA improved fore-
casting models for hydrological time series by capturing the 
non-stationary characteristics of hydrological time series 
(Wu et al. 2021). CWT has models. Additionally, wavelet 
analysis methods have been used to study 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 pro-
cesses. However, investigating diel fluctuations presents 
challenges due to the intricate and highly variable spatio-
temporal nature of the hydrological dynamics involved in 
these processes (Graham et al. 2012). The numerical and 
analytical methods utilised in the abovementioned stud-
ies 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 character-
istics. 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 fre-
quency-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 fluctua-
tions in streamflow have primarily relied on time-domain 
analyses, such as calculating mean daily streamflow val-
ues or investigating trends in the data (Czikowsky and 
Fitzjarrald 2004; Loheide II 2008; Sarwar et al. 2022). 
While these methods provide valuable insights into the 
overall daily hydrological behaviour of the system, they 
may not fully capture the comprehensive range of informa-
tion on daily characteristics. These approaches often over-
look critical frequency-dependent patterns and dynamics 
inherent in diurnal fluctuations, which can be essential for 
understanding the temporal impact of environmental param-
eters 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 reso-
lution 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.

2  Methodology

2.1  Overview of continuous and discrete wavelet 
transform

Wavelet analysis has two main types: continuous wavelet 
transform (CWT) and discrete wavelet transform (DWT) 
(Vetterli and Herley 1992). The following integrated expres-
sion gives the CWT of a signal x (t)

x̃ (τ, s) = 1√
s

+∞
∫

−∞
x (t) ∗ ψs,τ (t) dt� (1)

where x̃ (τ, s) is the transformed signal, τ is the transla-
tion parameter, which controls the locations of the wavelet, 
s is the scaling parameter, which controls the width of the 
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wavelet, and ψs,τ (t) refers to a wavelet basis function at that 
particular scale and translation of the mother wavelet ψ(t). A 
mother wavelet with different scaling and translation factors 
can generate countless daughter wavelets.

ψs,τ = 1√
s

ψ

(
t − τ

s

)
� (2)

As an illustration, Fig. 1 presents a schematic demonstrating 
how CWT effectively captures both the low and high-fre-
quency components of the signal. The mother wavelet ψ(t) 
undergoes continuous scaling (τ) and translation (s) opera-
tions, spanning the entire signal length multiple times. With 
each pass of CWT, a distinct daughter wavelet (for example 
ψs1,τ1 (t) and ψs2,τ2 (t)) convolves with the signal, generating 
an array of coefficients that represent the degree of simi-
larity between the signal and the wavelet at that particular 
scale and position. This process enables the identification 
and localisation 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 and Shah 2017).

The decomposed arrays of CWT coefficients represent 
their different constituent frequency components, while 
their magnitude indicates the presence of specific frequen-
cies 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 and Shah 2017).

Many types of mother wavelets are found in the litera-
ture, each with unique advantages and applications (Misiti 
2007). For example, the Morlet wavelet utilised in this study 
can effectively analyse oscillatory patterns in time-series 
data, proving invaluable in signal processing and neurosci-
ence, 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 = am

0  and τ = nb0am
0 ( a0, b0 ϵ R +; m, n ϵ 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 Eq. 2 yields:

ψm,n (t) = 1√
am

0
ψ

(
t − nb0am

0
am

0

)
� (3)

For convenience, DWT is operated as low and high pass 
filters on a dyadic grid (a0 = 2) with a fixed-width wavelet 
(b0 = 1). The wavelet function ψ(t) and a related scaling 
function, φ(t) are defined as

ψm,n (t) = gk

√
2mψ (2mt − n)� (4)

φm,n (t) = hk

√
2mψ (2mt − n)� (5)

where gk and hk 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 fre-
quency in the signal. The detail coefficient cDn 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 
cAn 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 
discretisation makes DWT a more straightforward analysis 
than CWT (Mallat 2009; Percival 2008). This also enables 

Fig.  1  Continuous Wavelet Transform (CWT) Principle: Illustrating 
the CWT process involving the convolution of the Morlet wavelet with 
the signal at various scales and translations. This enables the extraction 
of both low and high-frequency components. In this depiction, ψs1,τ1 
(t) denotes a contracted form of the mother wavelet, while ψs2,τ2 (t) cor-
responds to a scaled version
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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.

2.2.2  Thresholding rules

A threshold rule is a criterion that filters out detailed coef-
ficients using a thresholding value λ. There are three main 
types of thresholding rules.

In soft thresholding, the wavelet coefficients with signifi-
cant positive and negative magnitudes above λ are shrunk 
toward zero. The soft thresholding is given as

cD′
i (t) =

{
sgn (cDi (t)) . (|cDi (t)| − λ) |cDi (t)| > λ
0 |cDi (t)| ≤ λ � (8)

where cD′i (t) is the modified detail coefficient and sgn(x) 
is the sign function

sgn (x) =

{ 1x > 0
0x = 0
−1x < 0

� (9)

The second thresholding rule is hard thresholding. In hard 
thresholding, detail coefficients whose value falls below 
λ are discarded immediately (Andrecut, 2019). The hard 
thresholding is given as

cD′
i (t) =

{
cDi (t) |cDi (t)| > λ
0 |cDi (t)| ≤ λ � (10)

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

cD′
i (t) =

{
cDi (t) − λ2

cDi(t) |cDi (t)| > λ

0 |cDi (t)| ≤ λ
� (11)

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 fami-
lies. Figure 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 thresh-
olding 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 

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.

2.2  Application of DWT for trend removal with 
wavelet thresholding

Wavelet thresholding is utilised for distinguishing noise, 
including diurnal oscillations, from the streamflow reces-
sion signal in detecting diurnal oscillations. The fundamen-
tal concept behind wavelet thresholding is eliminating noise 
components that do not meet the specified thresholding cri-
teria from the detail components. This process produces a 
reconstructed signal representing the original signal’s non-
oscillatory trend. By utilising 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 emphasise 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 λ. The 
denoising through wavelet thresholding involves determin-
ing 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 effectively remove unwanted noise from the primary sig-
nal. By using this approach, wavelet thresholding can effi-
ciently reduce noise while preserving the essential features 
of the original signal.

2.2.1  Threshold calculation

A threshold scheme depending on the decomposition level 
(Johnstone and Silverman 1997) is employed where a 
unique λi is calculated for each detailed component based 
on its noise strength σi, and applied to each decomposition 
level individually.

λi = σi

√
2.ln (Ni)� (6)

where σ is the noise strength, and Ni is the length of detailed 
coefficients at each resolution level i. The noise strength at 
each level is calculated as

σi = 1
0.6745

Ni∑
t=1

|cDi (t)|� (7)
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where y is the original signal and ỹ is the denoised signal. A 
higher SNR value indicates a better denoising performance.

Along with SNR, quantitative indices like root mean 
square error (RMSE) and correlation coefficient are calcu-
lated 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:

RMSE =

√∑
(y − ỹ)2

length (y)
� (13)

The wavelet function that produces a detrended signal with 
the lowest SNR and RMSE values is considered optimal.

2.2.3.2  Selection process  The selection process is shown in 
the flowchart in Fig. 3.

	● Firstly, an appropriate wavelet function is selected from 
the family of discrete wavelets, and the signal is de-
trended with wavelet detrending under all three thresh-
olding rules.

	● Following the detrending, the spectral density of the de-
noised signals is analysed using the Fast Fourier Trans-
form (FFT) algorithm to find the dominant frequency 
in the signal. The resulting FFT information is used to 
filter out wavelets where the dominant frequency of the 
denoised signal significantly differed from a diurnal fre-
quency, i.e., 24 h.

	● In cases where the dominant frequency is not diurnal 
(24-h cycle), the detrended signal is deemed unfit and 
discarded, and the wavelet detrending process is repeat-
ed with another wavelet function.

	● Conversely, if the signal corresponds to a diurnal attri-
bute, it is retained for further calculations, which include 
the calculation of SNR, RMSE, and R2 against the refer-
ence denoised signal.

	● Finally, an optimal wavelet function with the low-
est SNR and RMSE values is selected, which ensures 
the wavelet’s denoising ability while minimising noise 
interference.

2.3  Automating extraction of diurnal signals using 
continuous wavelet transform

2.3.1  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 

Garrotte 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 garrotte offers advan-
tages over hard and soft shrinkage, including smaller mean-
square error and less sensitivity to small perturbations in the 
data (Fourati et al. 2005).

2.2.3  Wavelet selection

One of the key advantages of a Wavelet analysis is the avail-
ability 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 depen-
dent on the mother wavelet used, and care should be taken 
when choosing the appropriate wavelet. For this study, we 
tested 106 different Wavelet basis functions available in the 
Python library.

2.2.3.1  Performance indices  The main criteria for select-
ing an optimal Wavelet are the signal-to-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

SNR = 10ln

∑
y2

∑ √
y − ỹ

2 � (12)

Fig. 2  Comparative Visualization of Soft, Hard, and Garrotte Thresh-
olding Rules: The X-axis shows the input values, while the Y-axis dis-
plays the corresponding thresholded output values
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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 dis-
carded 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 5th–
95th quantiles are removed as they are associated with 
precipitation events and have a 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 cannot 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.

3  Testing of proposed methods

The proposed method is tested on two distinct datasets: a 
synthetic signal (SS) and a real-world streamflow (RS) data-
set. The synthetic dataset provides an ideal, controlled sce-
nario where the true noise characteristics are known. The 
methodology is assessed and validated under controlled 
conditions before its application to real data. No direct 

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). To address these issues and make DWT work with 
our long-term streamflow data, the entire length of the time 
series is divided into overlapping sections of a finite length. 
The DWT coefficients are calculated on overlapping sec-
tions, and the detrended part of the section is obtained. The 
final detrended signal is obtained by stitching together all 
the individual detrend sections. The 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.

2.3.2  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 appro-
priately. Regarding diurnal fluctuations, the coefficient 
arrays for frequencies between 23 and 25 h 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 non-diel components.

Fig. 3  Flow chart for the selection of appropriate wavelet for optimal extraction of diel signals from synthetic sample fluctuating signals and 
observed streamflow
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where a is the recession constant, b is initial streamflow, c 
is the diel amplitude, and noise is a signal having a stan-
dard normal distribution with an average of 0 and a standard 
deviation of 1 (also known as Gaussian white noise). The 
noise function with µ = 0 and σ = 1 is

p (x) = 1√
2π

e
−x2

2 � (15)

3.2  Real streamflow scenario

Hourly streamflow data from the Toenepi stream in Waikato, 
New Zealand, is applied to investigate the application of 
WT on Streamflow daily fluctuations (Fig. 5). 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 aqui-
fer. The catchment showed daily fluctuations in the stream-
flow recessions, particularly in warmer months (Sarwar et 
al. 2022).

The process is first applied to a single summer recession to 
compare the detrending performance of methods like DWT 
and moving average (Fig. 6). The recession is selected to 
represent the typical characteristics and fluctuation patterns 

parameter optimisation is performed using synthetic data; 
instead, the same methodological framework is applied to 
both datasets. Moreover, wavelet selection and denoising 
performance are evaluated independently for each dataset to 
account for their inherent differences (Fig. 4).

For SS, the reference signal consists of artificially intro-
duced oscillatory noise designed to mimic diurnal fluc-
tuations. This allows for a direct comparison between the 
noise components extracted by the proposed method and 
those intentionally added, providing a clear validation of its 
accuracy. In contrast, for RS, a lagged ET signal is used 
as a reference because diurnal fluctuations in streamflow 
are closely related to ET or PET through a specific lag time 
(Sarwar et al. 2022).

Additionally, for both datasets, the performance of 
the proposed method is benchmarked against traditional 
detrending techniques, such as the rolling mean, which has 
been widely adopted for its simplicity in prior studies to iso-
late diurnal fluctuations (Boronina et al. 2005; Gribovszki et 
al. 2008; Kirchner et al. 2020).

3.1  Hypothetical scenario

The SS is generated based on the suggestion provided by 
Kirchner et al. (2020), which represents diel fluctuations in 
the streamflow recession.

y = b−at + sin (2πυt) ∗ c−at + noise� (14)

Fig. 4  Synthetic flood recession 
with daily fluctuations when 
a = 0.003, b = 0.08, and c = 0.008
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Fig. 6  Streamflow signal from Toe-
nepi showing diurnal fluctuations
 

Fig. 5  Hourly streamflow series for Toenepi, Waikato
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levels, the detailed coefficients become more refined, locat-
ing 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.

4.1.2  Wavelet shrinkage and reconstruction

The detailed coefficient from DWT is then subjected to 
wavelet thresholding (Fig. 9). The thresholding process con-
verts the original coefficient array into modified coefficient 
arrays. The 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 contain-
ing 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 2  h to 32  h, 
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 asso-
ciated with the peak flow event.

Figure  9 shows the inverse DWT process, where the 
trend is reconstructed from the modified set of detail coef-
ficients. 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 sub-
tracting the trend from the primary signal.

Likewise, the following stem plots (Fig. 10) show wave-
let thresholding results for the four decomposition levels 
of Coif5 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 infor-
mation, 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.

found in the original extended dataset. After determining 
the best-performing wavelet for the single summer reces-
sion, the detrending method is scaled to the entire dataset. 
This involves applying the modified DWT or process to the 
entire dataset to perform a comprehensive detrending.

4  Results and discussion

This study utilises both synthetic and real streamflow data 
to assess the effectiveness of a wavelet-based detrending 
method. Unlike synthetic data, where the added signal can 
be directly compared to the extracted components, real data 
present additional complexities due to external hydrological 
influences. A similar methodological framework, including 
wavelet detrending and wavelet selection, is applied to both 
datasets. Results of each process are first presented and dis-
cussed for the SS dataset followed by RS. The RS is also 
subjected to CWT-based extraction, after which the results 
are compared with those manually identified.

4.1  DWT detrending

4.1.1  Wavelet decomposition

Figures  7 and 8 show the decomposition process of the 
synthetic signal SS and observed streamflow RS, respec-
tively. The DWT decomposition of the synthetic signal 
using wavelet “sym15” is further detailed to show the divi-
sion 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 set as 21 = 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 compo-
nents (trend) of the original signal with a frequency range 
of (fs/32 → 0). In conclusion, pyramid-like decomposition 
provides a multiresolution analysis of a signal, allowing for 
the examination of its frequency content at different scales.

For the actual streamflow signal, the DWT plots using 
the wavelet “bior6.8” are shown in Fig. 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 signifi-
cant 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 precipi-
tation events. As we move upward in the decomposition 
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a more efficient denoising process, resulting in a cleaner, 
clearer signal with the essential features intact.

Finally, the trend is reconstructed from these thresholded 
arrays of coefficients. The detrending results from the wave-
let threshold method and the moving average are shown in 
Fig. 11. The wavelet-based trend excels at adapting to sudden 

The stemplots can be tweaked by adjusting the thresh-
olding criteria. 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 

Fig. 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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careful wavelet and threshold selection, offers a clear advan-
tage in preserving signal integrity and variability, especially 
in complex, noisy conditions where the moving average’s 
simplicity becomes a limitation.

4.1.3  Performance evaluation of optimal wavelet

Wavelet detrending analysis, comprising wavelet decompo-
sition and thresholding, is conducted for each mother wave-
let from the discrete wavelet family, evaluated across three 
thresholding rules: hard, soft, and garrotte. Table 1 presents 
the coefficient of determination (R2), signal-to-noise ratio 
(SNR), and root mean square error (RMSE) for the mov-
ing average method and the three top-performing wavelets 
under each thresholding type.

For the synthetic signal (SS), SNR and correlation analy-
ses indicate that DWT method achieves denoising perfor-
mance comparable to the moving average in extracting 
diurnal fluctuations from a recession signal. Among the 
wavelets tested, the ‘sym15’ wavelet with hard thresholding 
yields the highest correlation and SNR values, demonstrat-
ing its superior ability to isolate the artificially introduced 
oscillatory noise. A detailed breakdown of the wavelet 
transform for ‘sym15’ is provided in subsequent sections. 
This consistency in SS highlights the robustness of DWT 
under controlled conditions where noise characteristics are 
known and stationary, aligning well with the moving aver-
age’s strengths in handling simpler, synthetic signals.

In contrast, for the real-world streamflow (RS) dataset, 
the moving average method performs poorly, with an R2 
near zero, a high RMSE, and a low SNR, reflecting weak 
correlation with the lagged ET reference signal, significant 
error, and poor signal-to-noise quality. This suggests that 
the moving average struggles to capture diurnal fluctua-
tions amidst the non-stationary trends and high-frequency 
noise introduced by precipitation events in the baseflow 
time series. Conversely, DWT denoising significantly 
outperforms the traditional approach. For example, the 
‘bior6.8’ wavelet with the garrotte threshold achieves an R2 
of 0.3477, an RMSE of 0.5002, and an SNR of 91.6488, 
markedly surpassing the moving average’s results. This 
underscores DWT’s effectiveness in managing complex, 
noisy, and non-stationary signals typical of real-world data, 
where traditional smoothing methods like the moving aver-
age falter.

The consistency of results between SS and RS reveals 
both strengths and limitations. For SS, both DWT and the 
moving average perform reliably due to the synthetic sig-
nal’s stationarity and controlled noise, with DWT (e.g., 
‘sym15’) offering a slight edge in precision. However, in 
RS, the performance diverges sharply: the moving aver-
age’s simplicity becomes a limitation when confronted with 

signal spikes, as the threshold-adjusted detail coefficients 
preserve peak magnitudes, ensuring a more precise depic-
tion of transient fluctuations that the moving average often 
smooths over. This flexibility arises from DWT’s capability 
to break down signals into various frequency bands, adeptly 
capturing both short-term changes and long-term patterns—
traits that render it especially suitable for non-stationary 
signals featuring dynamic variations, like the RS dataset. In 
contrast, the moving average, while computationally simple 
and effective for stationary signals like the synthetic signal 
(SS), struggles to retain critical high-frequency components 
in non-stationary scenarios, risking the loss of key signal 
features due to its rigid smoothing approach. DWT’s flex-
ibility, though computationally demanding and requiring 

Fig.  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 coef-
ficients exhibit the long-term trend in the signal
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Fig. 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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RS, such as irregular noise from precipitation or unmod-
eled environmental factors, could still compromise DWT’s 
results, though its performance remains superior. These 
findings suggest that while DWT consistently outperforms 
traditional methods, its efficacy in real data depends on 

non-stationary dynamics, while DWT adapts effectively, 
as evidenced by the ‘bior6.8’ results. This discrepancy 
highlights that DWT’s flexibility in wavelet selection and 
thresholding makes it more versatile across diverse sig-
nal types. In contrast, the moving average is better suited 
to stationary signals with consistent trends. Limitations in 

Fig. 10  Amplitudes of the DWT coefficients of the observed streamflow signal (left) and the threshold adjusted coefficients(right)
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rather than a fixed choice, ensuring adaptability to diverse 
datasets. Future research should evaluate the approach 
across a variety of hydrological datasets to determine its 
broader applicability and identify potential limitations in 
different contexts.

4.2  CWT analysis

4.2.1  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 Fig. 12

The parameters for the continuous wavelet analysis are 
adopted from (Torrence and Compo 1998) set as δt = 1  h 
since our data is hourly distributed. The first scale, SS, is 2 h 
because s = 2δt and δj = 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.

The first plot (Fig. 12b) shows the wavelet transform’s 
power (absolute value squared) for the hourly detrended 
streamflow at different scales and times. The power is rep-
resented by a colour scale, with higher power areas being 

careful wavelet and threshold selection tailored to the sig-
nal’s specific non-stationarities.

The appendix provides a complete list of the performance 
metrics of all of the 106 wavelets for both datasets.

It is to be noted that the choice of the “bior6.8” wavelet 
was based on its strong performance in capturing diurnal 
fluctuations in the specific RS dataset. However, wavelet-
based detrending is inherently data-dependent, as various 
hydrological conditions, noise levels, and signal structures 
can influence the selection of the optimal wavelet and thresh-
olding method. While “bior6.8” has proven effective for this 
dataset, other wavelets may perform better under different 
circumstances. This study emphasises a flexible framework 
where wavelet selection is guided by performance metrics 

Table 1  R2, MRSE, and SNR values for SS and the best-performing 
wavelet basis function
Signal Wavelet Threshold R2 MSRE SNR
SS Moving average 0.9996 0.0015 68.53

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 average 0.0009 18.59 19.35
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

Fig. 11  Comparison between 
detrended signals using wavelet 
threshold and moving average 
methods
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The shaded region is the cone of influence, inside which 
the distortion due to edge effects is significant. These edge 
effects occur at the wavelet spectrum’s beginning and end 
because of zero padding.

The second CWT plot (Fig. 12c) shows the global wave-
let spectrum (GWS), which is a helpful tool for determin-
ing 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 GWS cor-
respond 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 

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 and represents the expected power 
at each frequency in the absence of any accurate signal (Tor-
rence and Compo 1998).

xn = αxn−1 + zn� (16)

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

Fig.  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 (log2) in the contour image 

in (b). c Shows the global wavelet spectrum with a 95% significance 
line in the red dotted line. d Represents a 16–32  h. scaled average 
wavelet with a 95% significance line
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4.2.2  CWT analysis of detrended signals

4.2.2.1  Moving average  Figure  13b shows the wavelet 
transform’s power (absolute value squared) for the hourly 
streamflow at different scales and times. As can be seen 
from Fig. 13b. Due to incomplete detrending, the moving 
average produces an undesirable boost in power for certain 
regions while other regions are attenuated in the wavelet 
spectrum.

The global wavelet power of the moving average-
detrended signal (Fig.  13c) has a huge peak amplitude, 
which masks the peaks of higher frequencies. Although the 

noise model. In Fig. 12c, the red line represents the 95% 
significance level against a red-noise background spectrum.

The third CWT plot (Fig. 12d) shows the scale average 
variance (SAV), which measures the strength of signal fluc-
tuations 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.

Fig. 13  CWT of the moving average detrended signal
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4.3  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 epi-
sodes from the signal. The extracted diurnal signals are also 
subjected to the prescribed filtering criteria, followed by 
manual inspection (Fig. 15).

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).

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 for this observed discrep-
ancy between CWT and manually extracted diurnal epi-
sodes. These include signal noise, phase variability, or the 
presence of overlapping periodicities that obscure the 24-h 
cycle, such as harmonic frequencies or irregular external 
influences (Flinchem and Jay 2000; Anbalagan et al. 2023). 
To investigate these factors and quantify their impact, we 
applied Fourier Transform (FT) analysis with Full Width 
at Half Maximum (FWHM) assessment to the manually 
extracted episodes that diverged from CWT results. The 
FT decomposes the signal into its frequency components, 
revealing the strength and distribution of periodicities (e.g., 
6-h, 12-h harmonics), while FWHM measures the sharpness 
of these spectral peaks. A narrow FWHM indicates a well-
defined frequency, such as a dominant harmonic, whereas 
a broad FWHM suggests energy spread across multiple 
frequencies, signalling interference or a weakened diurnal 
component (Inouye et al. 1969; Locci-Lopez et al. 2018).

One primary reason is the presence of harmonic frequen-
cies (e.g., 6h, 12h, etc.) that complicate the signal. Manu-
ally identified diurnal episodes may resemble a waveform 
but are dominated by strong harmonic presence which 
overshadows or interferes with the 24-h component. On the 
other hand, the CWT method is designed to isolate true diur-
nal fluctuations, targeting a dominant frequency of approxi-
mately 24 h.

	● In many differing cases, harmonic frequencies were 
detected with amplitudes exceeding 50% of the diurnal 
signal’s amplitude, posing challenges for the CWT’s 
ability to isolate the 24-h component. For example, the 
FFT analyses of the manual diel episode: September 1, 
2008, to September 9, 2008, in Fig. 16 shows a strong 
harmonic period (12.357 h) present along with the main 
diurnal period (24.83 h), which causes the CWT method 
to discard this based on the filtering criteria.

peak is observed in the diel region, it has a broad base and is 
intersected by the 95% significance level line in the global 
wavelet power plot.

The SAV subplot (Fig. 13d) shows the time series of the 
average signal variance inside the diurnal frequency range. 
The time series for the 16–32 h 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.

4.2.2.2  Wavelet detrending  The “bior 6.8” wavelet was 
chosen for detrending purposes, with a decomposition level 
of 4. The garrotte threshold rule is used to remove noise 
in each decomposition level. The combination of wave-
let 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 scalo-
gram 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 
(Fig. 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 (Fig.  14c) of the wavelet-aided 
detrended signal has a minimal peak amplitude compared 
to the moving average, which again shows a better detrend-
ing performance of the DWT method for extracting diurnal 
fluctuations.

The SAV plot (Fig. 14d) for the 16–32 h 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 sig-
nal peaks is replicated in the scaled average variance for 
the 16–32  h band for the wavelet-aided detrended signal. 
On the time series 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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A second category of discrepancies involves episodes with 
a weak diurnal peak and a broad FWHM. In these cases, the 
PSD exhibits a wide peak around the 24-h frequency, signi-
fying that the signal’s energy is distributed across a range of 
frequencies rather than concentrated at 24 h. This broaden-
ing could result from interference (e.g., noise or overlapping 
cycles like 12-h or seasonal periods), distortion, or damp-
ing of the diurnal oscillation. For example, a broad FWHM 
might reflect a diurnal signal diluted by meteorological vari-
ability in environmental data (Fig. 17).

In the CWT analysis, such episodes were excluded 
because the diurnal frequency’s amplitude was found not sta-
tistically significantly higher than neighboring frequencies 

	● On other occasions, like the manually identified diel epi-
sode from October 10, 2008, to October 15, 2008, FT 
analysis revealed a dominant 12-h period rather than the 
expected 24-h cycle. The power spectral density (PSD) 
showed a sharp peak at 12.1 h with a narrow FWHM, in-
dicating a well-defined harmonic signal. This strong har-
monic presence likely masked the diurnal component, 
causing the CWT method to misclassify these episodes 
as non-diurnal. These findings support the argument that 
discrepancies stem from signal complexity—specifical-
ly, the overlay of harmonic frequencies—rather than an 
inherent flaw in the CWT methodology.

Fig. 14  CWT of the detrended signal via wavelet-aided thresholding
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Fig. 17  A wavelike diel form with a dominant harmonic frequency, correctly classified by CWT as non-diurnal

 

Fig. 16  Falsely identified (manual) diel episode exhibiting strong harmonic interference

 

Fig. 15  Comparison of the diurnal 
episodes: manually extracted (Pink 
Bars) vs. the CWT method (Green 
Bars)
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resolutions are tested, they may not always fully separate 
closely spaced harmonics from the diurnal frequency, par-
ticularly when these harmonics fall within its range. To 
evaluate CWT’s robustness and determine whether discrep-
ancies stem from data limitations rather than the method 
itself, we conducted a sensitivity analysis.

We re-ran CWT on discrepant cases, varying the num-
ber of sub-octaves per octave from 4 to 8 to compare finer 
(higher sub-octave) and coarser resolutions. Detection 
against manual extraction improved in only 2 (14.23%) of 14 
cases, with finer scales slightly enhancing 24-h signal isola-
tion in moderate harmonic interference. However, residual 
discrepancies persisted due to harmonic overlap (e.g., 12-h 
periods) and broad FWHM, confirming that interference—
not scale resolution—limits performance. These findings 
reinforce CWT’s robustness when an appropriate detection 
window is used.

(e.g., Z-score < 2 and p-value > 0.05). This filtering reflects 
the method’s stringent criteria for identifying robust diur-
nal patterns. Still, it also highlights a limitation: the CWT 
struggles to detect weak or diffused diurnal signals, which 
manual extraction might still flag based on subjective inter-
pretation. One such episode is presented in Fig. 18, which 
shows a weak diel episode from March 16, 2012, to March 
19, 2012.

We also analysed episodes missed by the manual method 
but detected by CWT. This category includes diel episodes 
that lack an obvious pattern to the naked eye but are con-
firmed through FT analysis to exhibit a strong diel fre-
quency. Figure  19 presents an example from November 
25 to December 1, 2007, where the FT reveals a dominant 
period of 24.83 h, indicating a clear diurnal signal despite its 
subtle appearance in the raw data.

The frequency resolution of the CWT method is cru-
cial for effective diurnal signal extraction. While different 

Fig. 19  CWT-detected diel episode with a strong frequency signal but weak visual pattern

 

Fig. 18  Weak diel episode with broad FWHM and diffused diurnal signal
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Appendix

Wavelet performance matrices for the synthetic signal.
Sr. No Wavelet R2 RMSE SNR Tmax (hr) R2 RMSE SNR Tmax (hr)R2 RMSE SNR Tmax (hr)

Soft Hard Garrote
0 bior1.1 0.7018 0.0100 30.7204 250.0000 0.7002 0.0100 30.8285 250.0000 0.7019 0.0100 30.7528 250.0000
1 bior1.3 0.9805 0.0031 54.1665 62.5000 0.9811 0.0030 54.4981 62.5000 0.9806 0.0031 54.2333 62.5000
2 bior1.5 0.9952 0.0022 60.7466 23.8095 0.9954 0.0022 61.4578 23.8095 0.9953 0.0022 60.9464 23.8095
3 bior2.2 0.9990 0.0019 64.1988 23.8095 0.9982 0.0019 64.2502 23.8095 0.9989 0.0019 64.3357 23.8095
4 bior2.4 0.9996 0.0019 64.3508 23.8095 0.9993 0.0018 64.6162 23.8095 0.9995 0.0019 64.3979 23.8095
5 bior2.6 0.9997 0.0018 64.4994 23.8095 0.9987 0.0017 65.9353 23.8095 0.9997 0.0018 64.6020 23.8095
6 bior2.8 0.9996 0.0018 64.6903 23.8095 0.9996 0.0018 64.6903 23.8095 0.9996 0.0018 64.6903 23.8095
7 bior3.1 0.9877 0.0026 57.3994 23.8095 0.9887 0.0026 57.7566 23.8095 0.9892 0.0026 57.9872 23.8095
8 bior3.3 0.9987 0.0019 63.6968 23.8095 0.9986 0.0019 63.6257 23.8095 0.9986 0.0019 63.6640 23.8095
9 bior3.5 0.9990 0.0019 64.2831 23.8095 0.9967 0.0019 64.3714 23.8095 0.9989 0.0019 64.4074 23.8095
10 bior3.7 0.9993 0.0019 64.2902 23.8095 0.9986 0.0019 64.2669 23.8095 0.9994 0.0019 64.3758 23.8095
11 bior3.9 0.9989 0.0018 64.8321 23.8095 0.9989 0.0018 64.8321 23.8095 0.9989 0.0018 64.8321 23.8095
12 bior4.4 0.9996 0.0019 64.3462 23.8095 0.9996 0.0019 64.3462 23.8095 0.9996 0.0019 64.3462 23.8095
13 bior5.5 0.9996 0.0018 65.0519 23.8095 0.9969 0.0016 67.2559 23.8095 0.9995 0.0018 65.5287 23.8095
14 bior6.8 0.9996 0.0018 64.7360 23.8095 0.9982 0.0017 66.2695 23.8095 0.9996 0.0018 64.8630 23.8095
15 coif1 0.9994 0.0019 64.1289 23.8095 0.9988 0.0018 64.6225 23.8095 0.9994 0.0019 64.3107 23.8095
16 coif2 0.9997 0.0019 64.4018 23.8095 0.9997 0.0019 64.4018 23.8095 0.9997 0.0019 64.4018 23.8095
17 coif3 0.9995 0.0018 65.0772 23.8095 0.9965 0.0015 68.1546 23.8095 0.9995 0.0018 65.3617 23.8095
18 coif4 0.9994 0.0018 64.9222 23.8095 0.9994 0.0018 64.9222 23.8095 0.9994 0.0018 64.9222 23.8095
19 coif5 0.9992 0.0018 64.7790 23.8095 0.9992 0.0018 64.7790 23.8095 0.9992 0.0018 64.7790 23.8095
20 coif6 0.9937 0.0012 72.9923 11.9048 0.9937 0.0012 72.9923 11.9048 0.9937 0.0012 72.9923 11.9048
21 coif7 0.9931 0.0011 74.6558 11.9048 0.9931 0.0011 74.6558 11.9048 0.9931 0.0011 74.6558 11.9048
22 coif8 0.9935 0.0012 73.3926 11.9048 0.9935 0.0012 73.3926 11.9048 0.9935 0.0012 73.3926 11.9048
23 coif9 0.9932 0.0011 74.3464 11.9048 0.9932 0.0011 74.3464 11.9048 0.9932 0.0011 74.3464 11.9048
24 coif10 0.9934 0.0012 73.6360 11.9048 0.9934 0.0012 73.6360 11.9048 0.9934 0.0012 73.6360 11.9048
25 coif11 0.9916 0.0009 79.5447 6.0241 0.9916 0.0009 79.5447 6.0241 0.9916 0.0009 79.5447 6.0241
26 coif12 0.9916 0.0009 79.5545 6.0241 0.9916 0.0009 79.5545 6.0241 0.9916 0.0009 79.5545 6.0241
27 coif13 0.9916 0.0009 79.5615 6.0241 0.9916 0.0009 79.5615 6.0241 0.9916 0.0009 79.5615 6.0241

extract dial signals from streamflow sessions and a work-
flow to choose the best wavelet. The wavelet-aided thresh-
old 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 WT 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 detrended 
signal obtained from the moving average. The global wave-
let spectrums also provided wavelet powers of the detrended 
signals against the mean, that the 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.

Despite these challenges, the proposed CWT method suc-
cessfully extracted a significant number of diurnal episodes, 
even detecting oscillations missed by manual extraction—
likely due to oversight or other limitations. This comparison 
underscores the complexities of analysing diurnal fluctua-
tions and the need to account for harmonic frequencies and 
frequency resolution in extraction methods. It also high-
lights CWT’s complementary nature, as it can reveal diurnal 
patterns that manual methods may overlook. It also high-
lights the complementary nature of the CWT method, which 
can uncover diurnal patterns that may go unnoticed through 
manual extraction alone.

5  Conclusion

Wavelet analysis is used in this paper to extract and anal-
yse diel fluctuation from a streamflow signal. A detrend-
ing scheme based on wavelet-aided thresholds is used to 
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Sr. No Wavelet R2 RMSE SNR Tmax (hr) R2 RMSE SNR Tmax (hr)R2 RMSE SNR Tmax (hr)
Soft Hard Garrote

28 coif14 0.9916 0.0009 79.5659 6.0241 0.9916 0.0009 79.5659 6.0241 0.9916 0.0009 79.5659 6.0241
29 coif15 0.9916 0.0009 79.5696 6.0241 0.9916 0.0009 79.5696 6.0241 0.9916 0.0009 79.5696 6.0241
30 coif16 0.9916 0.0009 79.5717 6.0241 0.9916 0.0009 79.5717 6.0241 0.9916 0.0009 79.5717 6.0241
31 coif17 0.9916 0.0009 79.5734 6.0241 0.9916 0.0009 79.5734 6.0241 0.9916 0.0009 79.5734 6.0241
32 db1 0.7018 0.0100 30.7204 250.0000 0.7002 0.0100 30.8285 250.0000 0.7019 0.0100 30.7528 250.0000
33 db2 0.9971 0.0021 61.6139 23.8095 0.9980 0.0019 64.1837 23.8095 0.9980 0.0020 62.6082 23.8095
34 db3 0.9996 0.0019 64.2457 23.8095 0.9995 0.0019 64.3833 23.8095 0.9996 0.0019 64.3134 23.8095
35 db4 0.9996 0.0019 64.3086 23.8095 0.9996 0.0019 64.3220 23.8095 0.9996 0.0019 64.3217 23.8095
36 db5 0.9995 0.0019 64.2869 23.8095 0.9995 0.0018 64.7453 23.8095 0.9995 0.0019 64.2999 23.8095
37 db6 0.9996 0.0019 64.3101 23.8095 0.9996 0.0019 64.3101 23.8095 0.9996 0.0019 64.3101 23.8095
38 db7 0.9997 0.0019 64.4370 23.8095 0.9997 0.0019 64.4370 23.8095 0.9997 0.0019 64.4370 23.8095
39 db8 0.9994 0.0019 64.3585 23.8095 0.9994 0.0019 64.3585 23.8095 0.9994 0.0019 64.3585 23.8095
40 db9 0.9996 0.0018 64.5580 23.8095 0.9994 0.0018 64.6454 23.8095 0.9996 0.0018 64.5800 23.8095
41 db10 0.9996 0.0018 64.8289 23.8095 0.9996 0.0018 64.8289 23.8095 0.9996 0.0018 64.8289 23.8095
42 db11 0.9992 0.0018 64.8963 23.8095 0.9991 0.0018 64.9812 23.8095 0.9992 0.0018 64.9080 23.8095
43 db12 0.9996 0.0018 64.4971 23.8095 0.9996 0.0018 64.4971 23.8095 0.9996 0.0018 64.4971 23.8095
44 db13 0.9994 0.0018 64.9032 23.8095 0.9994 0.0018 64.9032 23.8095 0.9994 0.0018 64.9032 23.8095
45 db14 0.9993 0.0018 64.7269 23.8095 0.9993 0.0018 64.7269 23.8095 0.9993 0.0018 64.7269 23.8095
46 db15 0.9996 0.0018 64.5790 23.8095 0.9996 0.0018 64.5577 23.8095 0.9996 0.0018 64.5794 23.8095
47 db16 0.9996 0.0018 64.7662 23.8095 0.9995 0.0018 64.8414 23.8095 0.9996 0.0018 64.7775 23.8095
48 db17 0.9932 0.0011 74.2461 11.9048 0.9931 0.0011 74.4690 11.9048 0.9932 0.0011 74.2934 11.9048
49 db18 0.9934 0.0012 73.7823 11.9048 0.9933 0.0012 73.9724 11.9048 0.9934 0.0012 73.8021 11.9048
50 db19 0.9933 0.0011 74.0246 11.9048 0.9933 0.0011 74.0246 11.9048 0.9933 0.0011 74.0246 11.9048
51 db20 0.9934 0.0012 73.9549 11.9048 0.9934 0.0012 73.9549 11.9048 0.9934 0.0012 73.9549 11.9048
52 db21 0.9933 0.0012 73.8642 11.9048 0.9933 0.0012 73.8642 11.9048 0.9933 0.0012 73.8642 11.9048
53 db22 0.9933 0.0011 74.0639 11.9048 0.9933 0.0011 74.0639 11.9048 0.9933 0.0011 74.0639 11.9048
54 db23 0.9933 0.0012 73.7999 11.9048 0.9933 0.0012 73.7999 11.9048 0.9933 0.0012 73.7999 11.9048
55 db24 0.9933 0.0011 74.0893 11.9048 0.9933 0.0011 74.0893 11.9048 0.9933 0.0011 74.0893 11.9048
56 db25 0.9933 0.0012 73.9528 11.9048 0.9932 0.0011 74.1590 11.9048 0.9933 0.0011 74.0308 11.9048
57 db26 0.9933 0.0011 74.0774 11.9048 0.9932 0.0011 74.3077 11.9048 0.9933 0.0011 74.1074 11.9048
58 db27 0.9933 0.0012 73.8408 11.9048 0.9933 0.0012 73.8408 11.9048 0.9933 0.0012 73.8408 11.9048
59 db28 0.9933 0.0011 74.0139 11.9048 0.9933 0.0011 74.0139 11.9048 0.9933 0.0011 74.0139 11.9048
60 db29 0.9933 0.0012 73.8608 11.9048 0.9933 0.0012 73.8608 11.9048 0.9933 0.0012 73.8608 11.9048
61 db30 0.9933 0.0012 73.9737 11.9048 0.9933 0.0012 73.9737 11.9048 0.9933 0.0012 73.9737 11.9048
62 db31 0.9933 0.0012 73.9632 11.9048 0.9932 0.0011 74.1540 11.9048 0.9933 0.0012 73.9969 11.9048
63 db32 0.9916 0.0009 79.5172 6.0241 0.9916 0.0009 79.5172 6.0241 0.9916 0.0009 79.5172 6.0241
64 db33 0.9916 0.0009 79.7047 6.0241 0.9915 0.0008 80.1107 6.0241 0.9916 0.0009 79.7815 6.0241
65 db34 0.9916 0.0009 79.7282 6.0241 0.9915 0.0008 80.1142 6.0241 0.9916 0.0009 79.8527 6.0241
66 db35 0.9916 0.0009 79.5155 6.0241 0.9915 0.0009 79.8725 6.0241 0.9916 0.0009 79.5214 6.0241
67 db36 0.9916 0.0009 79.5951 6.0241 0.9916 0.0009 79.5951 6.0241 0.9916 0.0009 79.5951 6.0241
68 db37 0.9916 0.0009 79.5718 6.0241 0.9916 0.0009 79.8670 6.0241 0.9916 0.0009 79.5756 6.0241
69 db38 0.9916 0.0009 79.5220 6.0241 0.9915 0.0009 79.8058 6.0241 0.9916 0.0009 79.5305 6.0241
70 dmey 0.9932 0.0012 73.8915 11.9048 0.9932 0.0012 73.8915 11.9048 0.9932 0.0012 73.8915 11.9048
71 haar 0.7018 0.0100 30.7204 250.0000 0.7002 0.0100 30.8285 250.0000 0.7019 0.0100 30.7528 250.0000
72 rbio1.1 0.7018 0.0100 30.7204 250.0000 0.7002 0.0100 30.8285 250.0000 0.7019 0.0100 30.7528 250.0000
73 rbio1.3 0.9988 0.0019 63.7902 23.8095 0.9988 0.0019 63.7902 23.8095 0.9988 0.0019 63.7902 23.8095
74 rbio1.5 0.9993 0.0019 64.2883 23.8095 0.9993 0.0018 64.5275 23.8095 0.9994 0.0019 64.3886 23.8095
75 rbio2.2 0.9983 0.0020 63.0584 23.8095 0.9984 0.0019 64.3807 23.8095 0.9987 0.0019 63.7072 23.8095
76 rbio2.4 0.9997 0.0019 64.3400 23.8095 0.9997 0.0019 64.3400 23.8095 0.9997 0.0019 64.3400 23.8095
77 rbio2.6 0.9997 0.0019 64.3939 23.8095 0.9987 0.0018 64.6861 23.8095 0.9997 0.0019 64.3952 23.8095
78 rbio2.8 0.9994 0.0018 65.3151 23.8095 0.9960 0.0016 67.2124 23.8095 0.9992 0.0017 65.8330 23.8095
79 rbio3.1 0.0035 0.1808 − 27.1492 6.0976 0.0035 0.1801 − 27.0730 6.0976 0.0035 0.1807 − 27.1478 6.0976
79 rbio3.1 0.0035 0.1808 − 27.1492 0.0035 0.1801 − 27.0730 0.0035 0.1807 − 27.1478
80 rbio3.3 0.9959 0.0021 61.7791 23.8095 0.9983 0.0020 63.3273 23.8095 0.9972 0.0020 62.5664 23.8095
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81 rbio3.5 0.9995 0.0019 64.4754 23.8095 0.9991 0.0018 64.8630 23.8095 0.9995 0.0018 64.6940 23.8095
82 rbio3.7 0.9993 0.0018 65.0757 23.8095 0.9949 0.0019 64.2033 23.8095 0.9990 0.0018 65.3482 23.8095
83 rbio3.9 0.9992 0.0018 65.2380 23.8095 0.9990 0.0018 65.2912 23.8095 0.9992 0.0018 65.2558 23.8095
84 rbio4.4 0.9997 0.0019 64.3445 23.8095 0.9997 0.0019 64.3445 23.8095 0.9997 0.0019 64.3445 23.8095
85 rbio5.5 0.9997 0.0018 64.8369 23.8095 0.9978 0.0017 66.4643 23.8095 0.9996 0.0018 65.1973 23.8095
86 rbio6.8 0.9996 0.0018 65.2262 23.8095 0.9965 0.0016 67.7550 23.8095 0.9995 0.0017 65.7192 23.8095
87 sym2 0.9971 0.0021 61.6139 23.8095 0.9980 0.0019 64.1837 23.8095 0.9980 0.0020 62.6082 23.8095
88 sym3 0.9996 0.0019 64.2457 23.8095 0.9995 0.0019 64.3833 23.8095 0.9996 0.0019 64.3134 23.8095
89 sym4 0.9996 0.0019 64.2514 23.8095 0.9996 0.0019 64.2510 23.8095 0.9996 0.0019 64.2512 23.8095
90 sym5 0.9996 0.0018 64.6842 23.8095 0.9993 0.0018 64.9188 23.8095 0.9995 0.0018 64.8281 23.8095
91 sym6 0.9997 0.0019 64.4227 23.8095 0.9997 0.0019 64.4227 23.8095 0.9997 0.0019 64.4227 23.8095
92 sym7 0.9997 0.0018 64.6437 23.8095 0.9996 0.0018 64.7232 23.8095 0.9997 0.0018 64.7034 23.8095
93 sym8 0.9997 0.0019 64.4406 23.8095 0.9997 0.0019 64.4406 23.8095 0.9997 0.0019 64.4406 23.8095
94 sym9 0.9993 0.0018 64.8065 23.8095 0.9991 0.0018 65.0325 23.8095 0.9993 0.0018 64.8144 23.8095
95 sym10 0.9997 0.0018 64.6212 23.8095 0.9995 0.0018 64.8129 23.8095 0.9997 0.0018 64.6302 23.8095
96 sym11 0.9993 0.0018 64.8497 23.8095 0.9990 0.0018 65.1384 23.8095 0.9993 0.0018 64.8922 23.8095
97 sym12 0.9996 0.0018 64.7768 23.8095 0.9995 0.0018 64.8629 23.8095 0.9996 0.0018 64.7975 23.8095
98 sym13 0.9995 0.0018 64.6509 23.8095 0.9995 0.0018 64.6509 23.8095 0.9995 0.0018 64.6509 23.8095
99 sym14 0.9995 0.0018 64.8144 23.8095 0.9992 0.0018 65.0858 23.8095 0.9995 0.0018 64.8235 23.8095
100 sym15 0.9994 0.0017 65.8801 23.8095 0.9963 0.0015 68.4950 23.8095 0.9991 0.0017 66.7495 23.8095
101 sym16 0.9994 0.0018 65.5488 23.8095 0.9969 0.0016 67.9149 23.8095 0.9993 0.0017 66.0835 23.8095
102 sym17 0.9933 0.0011 74.0730 11.9048 0.9933 0.0011 74.0730 11.9048 0.9933 0.0011 74.0730 11.9048
103 sym18 0.9933 0.0011 74.0696 11.9048 0.9933 0.0011 74.0696 11.9048 0.9933 0.0011 74.0696 11.9048
104 sym19 0.9935 0.0012 73.5325 11.9048 0.9935 0.0012 73.5325 11.9048 0.9935 0.0012 73.5325 11.9048
105 sym20 0.9932 0.0011 74.3336 11.9048 0.9931 0.0011 74.5644 11.9048 0.9932 0.0011 74.3974 11.9048

Wavelet performance matrices for the real-world streamflow signal.
Sr. No wavelet R2 RMSE SNR Tmax (hr) R2 RMSE SNR Tmax (hr) R2 RMSE SNR Tmax (hr)

Soft Hard Garrote
0 bior1.1 0.0032 22.1649 15.8243 380.0000 0.0032 22.1649 15.8243 380.0000 0.0030 21.5580 16.3796 380.0000
1 bior1.3 0.0075 3.8402 50.8838 152.0000 0.0075 3.8402 50.8838 152.0000 0.0293 2.3924 60.3481 63.3333
2 bior1.5 0.0230 2.0603 63.3370 31.6667 0.0230 2.0603 63.3370 31.6667 0.0396 1.4126 70.8859 31.6667
3 bior2.2 0.0656 1.5626 68.8679 380.0000 0.0656 1.5626 68.8679 380.0000 0.2025 0.9047 79.7977 23.7500
4 bior2.4 0.0854 1.0757 76.3345 23.7500 0.0854 1.0757 76.3345 23.7500 0.2328 0.6939 85.1016 23.7500
5 bior2.6 0.1162 1.0448 76.9183 23.7500 0.1162 1.0448 76.9183 23.7500 0.2958 0.6619 86.0471 23.7500
6 bior2.8 0.1402 0.9086 79.7118 23.7500 0.1402 0.9086 79.7118 23.7500 0.2976 0.6214 87.3088 23.7500
7 bior3.1 0.0021 4.5923 47.3070 253.3333 0.0021 4.5923 47.3070 253.3333 0.0120 2.9686 56.0330 253.3333
8 bior3.3 0.0261 1.7631 66.4533 126.6667 0.0261 1.7631 66.4533 126.6667 0.0719 1.3378 71.9733 152.0000
9 bior3.5 0.0422 1.3621 71.6136 126.6667 0.0422 1.3621 71.6136 126.6667 0.1056 0.9699 78.4050 126.6667
10 bior3.7 0.1992 0.8526 80.9838 23.7500 0.1992 0.8526 80.9838 23.7500 0.3268 0.6314 86.9908 23.7500
11 bior3.9 0.1232 0.9295 79.2564 23.7500 0.1232 0.9295 79.2564 23.7500 0.2993 0.5889 88.3855 23.7500
12 bior4.4 0.0737 1.1380 75.2097 23.7500 0.0737 1.1380 75.2097 23.7500 0.2598 0.6857 85.3409 23.7500
13 bior5.5 0.0400 1.2702 73.0108 23.7500 0.0400 1.2702 73.0108 23.7500 0.1763 0.7592 83.3045 23.7500
14 bior6.8 0.1647 0.7821 82.7100 23.7500 0.1647 0.7821 82.7100 23.7500 0.3477 0.5002 91.6488 23.7500
15 coif1 0.0196 2.6040 58.6537 253.3333 0.0196 2.6040 58.6537 253.3333 0.0419 1.6314 68.0055 126.6667
16 coif2 0.1086 1.0795 76.2648 23.7500 0.1086 1.0795 76.2648 23.7500 0.2838 0.6668 85.9001 23.7500
17 coif3 0.0781 1.1138 75.6396 23.7500 0.0781 1.1138 75.6396 23.7500 0.2719 0.6377 86.7919 23.7500
18 coif4 0.0330 1.2938 72.6425 23.7500 0.0330 1.2938 72.6425 23.7500 0.1044 0.8393 81.2974 23.7500
19 coif5 0.0673 1.0923 76.0291 25.3333 0.0673 1.0923 76.0291 25.3333 0.3026 0.7041 84.8118 23.7500
20 coif6 0.1536 0.9221 79.4169 23.7500 0.1536 0.9221 79.4169 23.7500 0.3450 0.5754 88.8493 23.7500
21 coif7 0.1048 0.8649 80.6980 23.7500 0.1048 0.8649 80.6980 23.7500 0.3162 0.5482 89.8169 23.7500
22 coif8 0.1166 0.7698 83.0274 23.7500 0.1166 0.7698 83.0274 23.7500 0.3396 0.5023 91.5672 23.7500
23 coif9 0.0037 0.3821 97.0335 12.0635 0.0037 0.3821 97.0335 12.0635 0.0002 0.2388 106.4398 12.0635
24 coif10 0.0037 0.3490 98.8469 12.0635 0.0037 0.3490 98.8469 12.0635 0.0003 0.2337 106.8658 12.0635
25 coif11 0.0026 0.3554 98.4844 12.0635 0.0026 0.3554 98.4844 12.0635 0.0000 0.2303 107.1651 12.0635
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26 coif12 0.0032 0.3322 99.8357 12.0635 0.0032 0.3322 99.8357 12.0635 0.0006 0.2255 107.5819 12.0635
27 coif13 0.0021 0.3241 100.3305 12.0635 0.0021 0.3241 100.3305 12.0635 0.0002 0.2124 108.7820 12.0635
28 coif14 0.0030 0.3347 99.6862 12.0635 0.0030 0.3347 99.6862 12.0635 0.0005 0.2253 107.6030 12.0635
29 coif15 0.0021 0.3074 101.3853 12.0635 0.0021 0.3074 101.3853 12.0635 0.0003 0.2011 109.8744 12.0635
30 coif16 0.0027 0.3357 99.6263 12.0635 0.0027 0.3357 99.6263 12.0635 0.0003 0.2220 107.8989 12.0635
31 coif17 0.0004 0.1696 113.2769 6.9725 0.0004 0.1696 113.2769 6.9725 0.0001 0.1221 119.8562 5.9843
32 db1 0.0032 22.1649 15.8243 380.0000 0.0032 22.1649 15.8243 380.0000 0.0030 21.5580 16.3796 380.0000
33 db2 0.0006 3.7285 51.4745 253.3333 0.0006 3.7285 51.4745 253.3333 0.0193 2.2519 61.5589 126.6667
34 db3 0.0349 1.4305 70.6339 253.3333 0.0349 1.4305 70.6339 253.3333 0.1335 0.8606 80.7970 23.7500
35 db4 0.0885 1.1122 75.6670 23.7500 0.0885 1.1122 75.6670 23.7500 0.3388 0.6292 87.0598 23.7500
36 db5 0.0804 1.0926 76.0237 23.7500 0.0804 1.0926 76.0237 23.7500 0.2890 0.6063 87.8024 23.7500
37 db6 0.0420 0.9557 78.7010 23.0303 0.0420 0.9557 78.7010 23.0303 0.2114 0.6001 88.0088 23.7500
38 db7 0.0581 1.1198 75.5317 23.7500 0.0581 1.1198 75.5317 23.7500 0.1999 0.6310 87.0021 23.7500
39 db8 0.0295 1.2629 73.1262 28.1481 0.0295 1.2629 73.1262 28.1481 0.1307 0.7647 83.1595 23.7500
40 db9 0.0375 1.3672 71.5394 30.4000 0.0375 1.3672 71.5394 30.4000 0.2444 0.7377 83.8780 23.7500
41 db10 0.0421 1.3667 71.5466 23.7500 0.0421 1.3667 71.5466 23.7500 0.1751 0.7726 82.9556 23.7500
42 db11 0.0108 1.3287 72.1106 17.2727 0.0108 1.3287 72.1106 17.2727 0.0803 0.7489 83.5772 23.7500
43 db12 0.0467 1.2853 72.7751 29.2308 0.0467 1.2853 72.7751 29.2308 0.2183 0.7102 84.6376 23.7500
44 db13 0.0699 0.9980 77.8337 23.7500 0.0699 0.9980 77.8337 23.7500 0.2387 0.5522 89.6731 23.7500
45 db14 0.0128 1.0628 76.5762 29.2308 0.0128 1.0628 76.5762 29.2308 0.0922 0.6510 86.3809 24.5161
46 db15 0.0621 1.0676 76.4861 23.7500 0.0621 1.0676 76.4861 23.7500 0.2182 0.6060 87.8127 23.7500
47 db16 0.0489 0.9404 79.0233 28.1481 0.0489 0.9404 79.0233 28.1481 0.1975 0.5047 91.4686 23.7500
48 db17 0.0169 1.0985 75.9160 29.2308 0.0169 1.0985 75.9160 29.2308 0.1196 0.5629 89.2863 23.7500
49 db18 0.0416 1.1570 74.8770 23.7500 0.0416 1.1570 74.8770 23.7500 0.1448 0.6890 85.2461 23.7500
50 db19 0.0423 1.0317 77.1695 28.1481 0.0423 1.0317 77.1695 28.1481 0.1846 0.5442 89.9649 23.7500
51 db20 0.0040 1.1816 74.4572 29.2308 0.0040 1.1816 74.4572 29.2308 0.0784 0.6055 87.8287 24.5161
52 db21 0.0521 1.0163 77.4715 23.7500 0.0521 1.0163 77.4715 23.7500 0.1691 0.6115 87.6307 23.7500
53 db22 0.0207 1.1247 75.4445 28.1481 0.0207 1.1247 75.4445 28.1481 0.1150 0.6092 87.7068 23.7500
54 db23 0.0136 1.1411 75.1545 29.2308 0.0136 1.1411 75.1545 29.2308 0.0960 0.6104 87.6675 23.7500
55 db24 0.0257 1.0762 76.3261 23.0303 0.0257 1.0762 76.3261 23.0303 0.1876 0.5996 88.0255 23.7500
56 db25 0.0013 0.4015 96.0432 14.9020 0.0013 0.4015 96.0432 14.9020 0.0001 0.2150 108.5366 12.0635
57 db26 0.0028 0.4311 94.6242 13.8182 0.0028 0.4311 94.6242 13.8182 0.0014 0.2458 105.8583 11.8750
58 db27 0.0018 0.4191 95.1865 12.0635 0.0018 0.4191 95.1865 12.0635 0.0004 0.2143 108.6045 11.8750
59 db28 0.0014 0.3925 96.4999 14.9020 0.0014 0.3925 96.4999 14.9020 0.0005 0.2253 107.5997 12.0635
60 db29 0.0014 0.4239 94.9610 12.0635 0.0014 0.4239 94.9610 12.0635 0.0000 0.2160 108.4398 12.0635
61 db30 0.0014 0.3888 96.6891 14.9020 0.0014 0.3888 96.6891 14.9020 0.0003 0.2002 109.9597 12.0635
62 db31 0.0037 0.4131 95.4763 12.0635 0.0037 0.4131 95.4763 12.0635 0.0000 0.2162 108.4283 12.0635
63 db32 0.0022 0.3920 96.5225 14.9020 0.0022 0.3920 96.5225 14.9020 0.0002 0.2000 109.9835 12.0635
64 db33 0.0014 0.4195 95.1693 12.0635 0.0014 0.4195 95.1693 12.0635 0.0000 0.2271 107.4395 12.0635
65 db34 0.0017 0.4054 95.8541 14.9020 0.0017 0.4054 95.8541 14.9020 0.0004 0.2074 109.2575 12.0635
66 db35 0.0014 0.4163 95.3197 14.0741 0.0014 0.4163 95.3197 14.0741 0.0002 0.2442 105.9893 12.0635
67 db36 0.0030 0.3956 96.3415 14.9020 0.0030 0.3956 96.3415 14.9020 0.0000 0.1956 110.4231 12.0635
68 db37 0.0038 0.4013 96.0552 13.8182 0.0038 0.4013 96.0552 13.8182 0.0001 0.2270 107.4514 11.8750
69 db38 0.0044 0.3784 97.2296 14.9020 0.0044 0.3784 97.2296 14.9020 0.0001 0.2005 109.9354 11.8750
70 dmey 0.0036 0.4066 95.7915 12.0635 0.0036 0.4066 95.7915 12.0635 0.0017 0.3066 101.4413 11.8750
71 haar 0.0032 22.1649 15.8243 380.0000 0.0032 22.1649 15.8243 380.0000 0.0030 21.5580 16.3796 380.0000
72 rbio1.1 0.0032 22.1649 15.8243 380.0000 0.0032 22.1649 15.8243 380.0000 0.0030 21.5580 16.3796 380.0000
73 rbio1.3 0.0001 3.3218 53.7845 190.0000 0.0001 3.3218 53.7845 190.0000 0.0128 1.8423 65.5741 190.0000
74 rbio1.5 0.0564 1.4273 70.6782 23.7500 0.0564 1.4273 70.6782 23.7500 0.2034 0.7990 82.2814 23.7500
75 rbio2.2 0.0132 3.3726 53.4806 126.6667 0.0132 3.3726 53.4806 126.6667 0.0155 2.2328 61.7295 126.6667
76 rbio2.4 0.0593 1.0686 76.4673 23.7500 0.0593 1.0686 76.4673 23.7500 0.1502 0.6994 84.9459 23.7500
77 rbio2.6 0.1391 1.0433 76.9466 23.7500 0.1391 1.0433 76.9466 23.7500 0.3254 0.6776 85.5779 23.7500
78 rbio2.8 0.1549 0.8466 81.1244 23.7500 0.1549 0.8466 81.1244 23.7500 0.3451 0.5275 90.5851 23.7500
79 rbio3.1 0.0001 210.9408 − 29.2371 6.0800 0.0001 210.9408 − 29.2371 6.0800 0.0000 196.6824 − 27.8373 6.0800
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adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​
r​g​​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.
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