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Abstract iFLOW is a free, open-source, and python-based framework and graphical user interface to
visualize and analyze temperature time series, and extract one dimensional thermal velocity, v, and bulk
effective thermal diffusivity, k.. Information of thermal properties of the sediment-water mixture (bulk) and
water allows quantifying the one-dimensional Darcian flux, ¢, and seepage velocity, v, from v;,. Available
software packages were developed to quantify g and k, only based on a specific mathematical model or focused
on specific data processing or parameter estimation techniques, and all these steps were lumped together
preventing users to identify potential source of errors. iIFLOW proposes a novel organizational philosophy with
a modular framework that parses the analysis process into three fundamental steps: (a) the mathematical model,
(b) signal processing, and (c) parameter estimation. iFLOW houses a suite of models and analysis techniques.
This suite can be readily added to and expanded through its modular framework. iFLOW contains a wizard to
guide users through the selection process with respect to the three fundamental steps. Users can analyze and
visualize intermediate results to identify problematic issues in the time series data and improve data
interpretation. Here, we present iFLOW and summarize its performance using a set of one-dimensional
synthetic heat transport simulations.

Plain Language Summary iFLOW is a free, open-source computer application to help users
visualize and analyze temperature data. It calculates the water velocity within sediment along with thermal
diffusivity from measured temperature data. Unlike other applications, iFLOW is flexible, allowing users to
check for errors by breaking down the analysis into three parts: mathematical model selection, signal
processing, and estimating parameters. It includes various models and methods that users can easily expand on.
iFLOW also guides users through the analysis and in choosing options for these three analysis stages. We
introduce iFLOW through a set of examples with simulated heat transport data.

1. Introduction

Water resources management in riverine environments can greatly benefit from mapping the temporal and spatial
streambed seepage fluxes to inform water quantity, quality, and ecological functioning. These fluxes are critical at
both hyporheic and river-aquifer scales (Krause et al., 2022; Tonina & Buffington, 2023), because they affect
aquatic organisms (Baxter & Hauer, 2000; Boulton et al., 1998; Stuart, 1954; White & Hendricks, 2000), aquifer-
river exchange (Conant, 2004; Constantz, 2008; Constantz & Stonestorm, 2003), and transport of solutes
(Marzadri et al., 2014; Mulholland & DeAngelis, 2000), pollutants (Conant et al., 2004) and fine-sediment (Battin
& Sengschmitt, 1999; Ren & Packman, 2007). Several field methods estimate streambed seepage fluxes (Buss
et al.,, 2011; Hammett et al., 2022; Tonina, 2012) including pressure-gradient measurements (Baxter &
Hauer, 2000; Bencala, 2005; Krause et al., 2012), solute tracers (Cox et al., 2007; Harvey et al., 2012; Zarnetske
et al., 2008), synoptic discharge surveys (Woessner, 2020), seepage meters (Rosenberry et al., 2020), and tem-
perature time-series measurements (Anibas et al., 2016; Constantz, 2008).
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Figure 1. (a) Example of temperature time series collected at the water-sediment interface T1 and the first 3 sensors (T2, T3,
and T4) within the streambed sediment vertically every 15 cm from November 2018 until July 2020 in Trails Creek (Idaho,
USA) and (b) schematic of a temperature probe or temperature stake with seven temperature sensors (T1-T7).

Temperature-based methods, which use heat as a tracer, have become popular because of their affordability,
robust measurement technology, negligible drift, and ability to collect long-term data (Bredehoeft & Papado-
pulos, 1965; Briggs et al., 2012; Goto et al., 2005; Hammett et al., 2022; Hatch et al., 2006; Keery et al., 2007;
Luce et al., 2013; Schneidewind et al., 2016; Stallman, 1965; Vandersteen et al., 2015). Temperature sensors are
housed in series within a PVC pipe, forming a probe or temperature stake, which is vertically driven into the
sediment, and collect temperature time series at multiple vertical locations for short (few weeks) or long (several
months or years) periods (Figure 1) (DeWeese et al., 2017; Schmidt et al., 2014).

Temperature-based methods estimate the vertical Darcian flux, g, by comparing temperature time series at
different vertical locations by either (a) analyzing the temperature signals to extract the amplitude and phase of the
temperature time series at one or multiple frequencies (e.g., Constantz & Thomas, 1996; Hatch et al., 2006; Keery
et al., 2007; Luce et al., 2013; Stallman, 1965; van Kampen et al., 2022), or by (b) numerically (Anibas
et al., 2018; e.g., McAliley et al., 2022; Voytek et al., 2014) or analytically (Lin et al., 2022) solving the heat
transport equation. A less common approach treats transient temperature time series as a succession of steady
states by applying steady-state solutions to temperature profiles at specific times or averaging them over periods
(e.g., daily or weekly means) (Anibas et al., 2009; Irvine et al., 2020).

Several software packages facilitate the analysis of the temperature time series data and estimate g. These ap-
plications include Ex-Stream (Swanson & Cardenas, 2010), VFLUX (Gordon et al., 2012; Irvine et al., 2015), and
GW-SW Seepage Flux Spreadsheet (Ford et al., 2021) for approach 1; and /DTempPro (Koch et al., 2016; Voytek
et al., 2014), FLUX-BOT (Munz & Schmidt, 2017) and tempestid (McAliley et al., 2022) for numerical and
BDFLUX (Shi et al., 2024) for analytical approach 2. Approach 1, which estimate both the bulk effective thermal
diffusivity, k,, and vertical Darcian flux, ¢, is advantageous over approach 2, which requires to know k, a-priori.
Further, approach 1 has the additional benefit of computing the streambed elevation changes, Az, under certain
assumptions (DeWeese et al., 2017; Tonina et al., 2014). For these advantages, we focus on approach 1.

Current software packages do not separate the three steps of model selection, signal processing, and parameter
estimation, limiting the identification of errors. This lumped approach affects the accuracy of parameter esti-
mation and hinders problem identification. Additionally, they often do not provide information on model structure
and parameter estimation uncertainty. These packages rely on proprietary platforms like MATLAB or Excel and
are designed with specific solutions, limiting their flexibility and the scope of analysis.

To address these limitations, we propose iFLOW (Bertagnoli et al., 2024), a framework that separates the
workflow into fundamental steps, guiding users through each step to allow intermediate results to be inspected
and analyzed. iFLOW quantifies the signal-to-noise ratio (SNR) of the temperature time series and the uncertainty
in parameter estimation. The framework includes mathematical approaches for steady-state and transient heat
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transport and signal processing methods like Fast Fourier Transform (FFT) and local polynomial (LP). Here, we
present the model, its validation with synthetic data and provide some operational guidelines.

2. Methods

Approach 1 solves the following simplified governing equation with different boundary conditions depending on
the chosen mathematical model:

oT o*T  dT

S _—y,— 1

or ‘9z 'dz o)
The value of k, and the thermal velocity, v,, are quantified directly from analysis of the temperature time series
and their solution does not require information on any thermal properties of the fluid and sediment (see Equation
A2 in Supporting Information S1). The estimation of the Darcian flux, g, requires information on the fluid and
Pl — P

= vy, withy = 2
Upucu > V=

sediment-water matrix properties such that g = v , where p is the density and c the

specific heat capacity with the subscripts m and w identifying the sediment-water matrix and water, respectively
(see Supporting Information S1 for further details). The seepage velocity, v, of the water through the porous
medium (the velocity within the pores) is quantified by dividing g by the porosity n, v = g/n.

Approach 1 relies on three steps: (a) mathematical model selection, for example, one dimensional with bounded
or semi-infinite domain, (b) signal processing of the temperature time series, and (c) parameter estimation that
quantifies the direction and magnitude of g and/or magnitude of k,. Current software packages do not separate
these three steps, such that users cannot properly identify the limitations of each step and/or locate potential
sources of error in the time series, signal processing or parameter estimation. For instance, users may be unaware
of some deficiencies in the signal processing step, such as spectral leakage (Pintelon et al., 2010; Rohling &
Schuermann, 1983), or in the selection of the mathematical model, for example, effect of the lower boundary
condition when choosing between a semi-infinite or bounded domain (e.g., van Kampen et al., 2022).

This lumped approach may affect the accuracy of the resultant parameter (g and k,) estimation step and limit the
ability to identify problems. Additionally, these software packages do not provide information on uncertainty of
model structure or of parameter estimates.

Most existing software is generally designed for a specific solution. For example, Ex-Stream and VFLUX use the
amplitude-based solution from Hatch et al. (2006) and only analyze the temperature signal frequency associated
with daily stream water temperature fluctuations, the dominant frequency in natural streams. Because of the
selected solutions, these software packages are limited to comparing signals at two vertical locations. Others, such
as the GW-SW Seepage Flux Spreadsheet (Ford et al., 2021) were designed to only analyze temperature time
series by breaking it up into short records of 24 hr such that analysis of long time series is labor-intensive because
each day is analyzed separately. These limitations greatly constrain the information that can be used from the
collected long temperature time series to predict g, k., and potentially Az.

Heat transport in aquatic systems is complex, causing the quality and strength of the temperature signal to change
over time (e.g., Figure 1a). For instance, rather steady temperature gradients may occur during the winter periods
(e.g., January to March in Figure 1a) in streambeds of temperate and boreal climates, with colder temperature near
the streambed surface and warmer temperatures deeper in the streambed (Figure 1). As days get longer, average
stream water temperature and temperature amplitudes increase (e.g., March to July in Figure 1a). Superimposed to
these seasonal and daily changes, temporal variations may occur over periods as short as a few hours due to storms
(Barlow & Coupe, 2009) or tidal influences (Bianchin et al., 2010), or weekly due to cycles of cloudy and sunny
days.

The propagation of the temperature signal within the streambed may then change temporally, such that a sensor
placed deep in the streambed might only measure constant groundwater temperatures or seasonal variations.
However, during summer, deep sensors can also capture high frequencies when the advective flux is strong
enough to prevent these frequencies from being removed by diffusion and conduction.

Because of this complexity in the temperature signal, estimation of ¢ and k, from temperature time series may
require different mathematical models (e.g., steady-state vs. transient or semi-infinite vs. bounded domain) or
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Figure 2. iFLOW modular framework separates the time series analysis into fundamental processing steps and presents the
available modeling elements associated with each one.

different sensor locations depending on the quality of the temperature signal. Similarly, signal processing needs to
be able to deal with changes in period and amplitude, and spectral leakage. Users need to be aware of when the
signal at a bottom sensor is of poor quality to provide a proper boundary condition for the bounded domain or
when the semi-infinite model may not be appropriate because the lower boundary does not satisfy the requirement
of negligible thermal flux (van Kampen et al., 2022).

To address these limitations, we propose a novel organizational approach to the problem by explicitly parsing the
workflow into its fundamental steps and by guiding users through each step to allow intermediate results to be
inspected, analyzed, and interpreted (Figure 2). Further, our methodology quantifies the signal-to-noise ratio,
SNR, of the temperature time series and the uncertainty in the parameter estimation for g and k, to evaluate data
quality. The iIFLOW processing framework and graphical user interface, GUI, streamline and guide users to select
the mathematical model, the signal processing method, and parameter estimator to quantify ¢ and k, from
temperature time series collected at two or multiple vertical locations over a user-specified period (Figure 2).

The separation of the signal processing from the other steps provides users with tools to perform a processing step
on amplitude and phase values extracted from the time series, as well as to correct or mitigate issues that arise
prior to the parameter estimation step. This allows the user to (a) analyze and post-process the results at each step,
(b) evaluate each source of error separately, and (c) add models separately to each component. The current version
of iIFLOW includes three mathematical approaches (thermal steady state (Bredehoeft & Papadopulos, 1965), and
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thermal transient state with a semi-infinite (e.g., Luce et al., 2013) and with bounded domains (van Kampen
et al.,, 2022)) and two signal processing methods (Fast Fourier Transform, FFT, and local polynomial, LP
(Pintelon et al., 2010; Vandersteen et al., 2015)). The framework includes two parameter estimation approaches
(analytical solution of the semi-infinite domain and maximum likelihood estimator, MLE) based on single and
multi-frequency analysis and for paired sensors and sensors at multiple vertical locations (Schneidewind
etal., 2016). This flexibility allows users to employ either the FFT or LP to provide phase and amplitude estimates
to the next parameter estimation step. Here, we show the capabilities and performance of iFLOW with a set of 1D
synthetic heat transport simulations, supported by a top boundary time series signal that contained typical issues
present in stream temperature time series, for example, change in amplitude and periods, trend in the temperature,
no defined maximum or minimum and change in advection. The systematic application of the modeling
framework under those conditions allows us to evaluate their implementation and to investigate the effect of
window length based on the sampling rate and period, P, of the dominant frequency, which in natural streams is
typically 24 hr.

3. iFLOW Graphical User Interface (GUI)

iFLOW is written in Python and uses commonly available libraries, for example, Numpy, Pandas and Matplotlib
packages and is distributed as freeware and open source under a 2.0 Apache license. It is independent of the local
operating system and its libraries are distributed under the GPL or MIT licenses, which avoids the use of pro-
prietary software, such as Microsoft Excel or MATLAB, and licenses. iFLOW has a wizard to guide users through
the whole process step-by-step, starting from the import of the raw temperature data, selection of the conceptual
model, to exporting the results. Python is becoming the main coding language in geosciences, and we deliberately
chose it because as all the code is open source, users can potentially add more signal processing methods,
visualization options and parameter estimation models.

3.1. Data Import and Visualization

iFLOW allows users to visualize recorded temperature time series and fill in data gaps and temporally disag-
gregate the data using linear interpolation (Figure 3). Data can be retrieved from a single temperature probe with
multiple vertical sensors or from multiple probes with different sensor sets. During visualization, users can
process the time series to identify dominant and other significant frequencies of the temperature signals, exploring
weekly, monthly, or other periodic behaviors. This helps in selecting the most appropriate mathematical model
and signal processing method.

For instance, in temperate and boreal streams, the temperature signal may show a rather steady vertical gradient
for weeks to months during winter. In such cases, the steady state method (Bredehoeft & Papadopulos, 1965) can
be applied to quantify the flux when the thermal properties are known, whereas a transient method would be more
appropriate in periods with temperature variations.

3.2. Mathematical Models

iFLOW incorporates three mathematical models: steady state, transient state with semi-infinite and bounded
domains allowing the user to solve Equation 1. iFLOW uses the analytical solution proposed by Bredehoeft and
Papadopulos (1965) for thermal steady state conditions (see Supporting Information S1 for details).

For the transient case, iFLOW guides users to select between a semi-infinite domain or bounded domain (see
Supporting Information S1). The semi-infinite approach has a time-varying upper boundary condition specified
with a temperature time series from a sensor typically at the water-sediment interface, whereas the lower
boundary condition is set with a zero-temperature gradient. This is the model commonly used in available
software packages (e.g., Ex-Stream, VFLUX, and GW-SW Seepage Flux Spreadsheet). Conversely the bounded
approach uses temperature time series specified at both the upper and lower boundaries. It is crucial to ensure the
quality of the lower boundary time series, for example, the signal-to-noise ratio should be >5 dB as suggested by
van Kampen et al. (2022) because it strongly affects the solutions of the bounded model. iFLOW provides an
estimate of the SNR (using the LP method) to evaluate the signal quality in the signal processing step.

Selection of the mathematical model also sets the minimum number of temperature signals that need to be
collected and analyzed: the steady state requires three sensors (Bredehoeft & Papadopulos, 1965), the
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Figure 3. Example of the iIFLOW environment showing the “Projects/Probes” tab of the Graphical User Interface, GUI. From
this tab users can interact with the projects and the temperature probes related to a project; users can create or delete a project
or create a new probe related to the active project following a step-by-step guided procedure.

semi-infinite analytical transient two sensors (Luce et al., 2013), the MLE semi-infinite domain at least two
sensors (Schneidewind et al., 2016) and MLE finite domain at least three sensors (van Kampen et al., 2022).

3.3. Signal Processing

Once a model is selected, users can choose a signal processing method. At this stage, users may directly analyze
and evaluate the results of the signal processing step. This analysis may help to identify potential issues in the
extracted phase and amplitude. For example, during winter months high frequencies, for example, diel fluctua-
tions, in the temperature time series may quickly fade with depth and may not be detected below a certain sensor.
Thus, the user can change the lowest sensor to be used or increase the length of the moving window to analyze
longer frequencies. It is important to note that increasing window length increases frequency resolution but re-
duces time resolution.

iFLOW includes two methods to extract the amplitude and phase from the temperature time series: the Fast
Fourier Transform, FFT, and the local polynomial, LP method (Pintelon et al., 2010; Vandersteen et al., 2015).
The FFT is a well-established and robust methodology but suffers from noise and spectral leakage issues
(Harris, 1978; Schoukens et al., 2005). The LP method is specifically designed to minimize these issues that are
naturally present in field-recorded temperature time series (Pintelon et al., 2010; Vandersteen et al., 2015).

Both methods can be applied to a fixed or moving window. The fixed window analyzes all the data or a user-
specified subset to quantify a single set of phase and amplitude. It is a convenient selection when ¢q is ex-
pected to be rather constant over time. Conversely, a moving window is more convenient for time-varying g
because it has a finite length and moves through the data set with a step-size similar to the sampling rate. Users
need to be aware of window length and its effect on distributing the system response within that window
(DeWeese et al., 2017) and the trade off between frequency and time resolution. Users can specify the window
length in iFLOW. Currently iFLOW uses a centered window (which could be modified to a forward or backward
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Figure 4. (a) Heatmap of the signal-to-noise ratio, SNR, for each sensor. This shows the SNR vertical trend within the
sediment for each frequency extracted for a specific moving window. (b) SNR time trend of selected sensors and for one
selected frequency.

window if needed) and thus, variations that take place over a period smaller than one window length are
distributed within it.

The major issue of the FFT is the occurrence of spectral leakage, which occurs in case of non-periodic signals,
signals with non-integer cycles of its periods, or time variations in parameters within the window length. When a
temperature signal is non-periodic or has a finite-length with non-integer cycles of their periods, the temperature
difference between the beginning and end of the window is an indicator of a non-periodic signal, which causes
spectral leakage. The difference in temperature between the endpoints of the data window gives rise to high-
frequency components, which are not present in the original signal. It looks as if energy at one frequency
leaks into other frequencies, by increasing the energy of frequencies that may be present in the original signal or
adding frequencies that are not present in the original signal. Spectral leakage can result in uncertainty regarding
the values of the phase and amplitude extracted because of those added non-real frequencies and the “leakage” of
energy to other frequencies, which are present in the signal.

To mitigate spectral leakage, iFLOW offers detrending and windowing functions, which are applied to the
original signal before running the FFT (Harris, 1978; Schoukens et al., 2005). Detrending fits a linear trend to the
temperature signal within the window and removes it, reducing the temperature difference between the window's
endpoints. This is helpful when temperature signals have a cyclical period of temperature variations comparable
with the window length. The windowing function technique multiplies the temperature signal within a window by
a smooth, non-negative, bell-shaped function with a zero or near-zero value at each end of the windowing
function. While this reduces spectral leakage, it can distort the signal, introducing systematic errors in phase
estimation, though corrections are available for amplitude. Windowing functions also allow the FFT to handle
non-integer cycles of the dominant period, such as 2.5 P, instead of 2 or 3 P, by minimizing discontinuities
between the start and end of the analyzed signal.

Conversely, the LP method does not require windowing functions or detrending. It acts as a non-linear form of
detrending by extracting the trend directly from the frequency representation of the signal. It uses the coefficients
extracted with the FFT, applies the LP method on the neighboring frequencies and compares it with a noiseless
reference sensor to suppress the system and spectral leakage noise. Moreover, the LP method provides an estimate
of the SNR that can be used as a quantitative metric for determining which sensors and frequencies have the best
signal to be used in the subsequent parameter estimation step. Typically, sensors with an SNR <5 dB do not
provide useable information and may be excluded from the analysis. iIFLOW generates a heatmap of the SNR for
each sensor, showing the SNR vertical trend within the sediment, the frequency extracted for a specific moving
window, and a chart of SNR against time for a specific extracted frequency (Figure 4).

Signal processing methods like FFT constrain the phase between +rn. However deep sensors may have phases
much larger than k © (with £ > 1) (Figure 5a). iFLOW includes automated procedures to adjust the phase of a
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Figure 5. Example of ad-hoc phase correction. The top panel shows the phases extracted at each depth, T1 (top sensor) to T7
(bottom sensor) with the FFT with detrending and Hanning windowing function for the Test 7 (Table 1) and an 8-times the
dominant period (192-hr) moving window length. The black dotted lines show —z and +7 range, within which the phase is
constrained by the FFT. However, the phase should increase linearly with depth, from the top to the bottom sensors, if the
streambed substrate is homogeneous. iFLOW tools allow the user to manually shift the FFT-extracted phase by a given z
amount.

selected frequency (period) to values larger than & when the signal arrival time to a sensor is longer than its period,
for instance, when the temperature signal arrives to a lower sensor the following day for the 24-hr frequency.
While the automated method addresses many cases, it may not correct all instances. Thus, iIFLOW includes a tool
to help users manually inspect and correct the extracted phases (Figure 5b). Users can also compare the results
from FFT and LP methods to gain a better understanding of the processes and limitations.

3.4. Parameter Estimation

iFLOW estimates the fundamental parameters k, and v, from the temperature time series. Then, it quantifies g and
v from user specified values of y and n. Thus, uncertainty on g and v depends on v, and on the thermal properties of
the sediment and water and sediment porosity. For simplicity, we discuss ¢ in the rest of the work because it is
typically the quantity needed rather than thermal velocity.

3.4.1. Steady State

The steady-state parameter estimation step does not require signal processing. iFLOW includes a modified
version of the approach proposed by Bredehoeft and Papadopulos (1965) to use n sensors within the top and
bottom boundary conditions, instead of the original single sensor (see Supporting Information S1 for details). The
unknown f parameter is estimated by minimizing the contribution from a system of n equations. The vertical flux
q is then quantified by assigning parameter values for k,, the density as well as the specific heat capacity of the
water and the sediment-water mixture.
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3.4.2. Transient State

iFLOW provides two options to estimate k, and g for transient temperature time series. The first is the updated
Stallman (1965) analytical approach proposed by Luce et al. (2013). This approach has the advantage that it can
be used to estimate streambed thickness changes over time, Az, once k, has been quantified during a period with
constant thickness between sensors (DeWeese et al., 2017). However, it is limited to the semi-infinite domain and
to paired-sensor analysis. Multi-frequency analysis needs to be done individually for each frequency. Uncertainty,
due to measurement set-up, can also be estimated (Luce et al., 2013).

The second option is the recently proposed Maximum Likelihood Estimation (MLEn) (van Kampen et al., 2022),
which generalizes the previous methods presented by Schneidewind et al. (2016) and Vandersteen et al. (2015).
The MLEn is applicable to both semi-infinite and bounded domains but is subject to a fixed geometry that does
not account for potential change in streambed elevation (see Supporting Information S1 for details). However, it
has several advantages over other methods: (a) use of multiple sensors at different vertical locations, (b) analysis
of multiple frequencies from which it extracts information to estimate g and &,, and (c) quantification of parameter
as well as model structure uncertainty (van Kampen et al., 2022). The MLEn approach uses a transfer function in
the complex domain using the two boundary conditions and one or more temperature measurement points in the
vertical profile. The MLEn approach uses the Maximum Likelihood Estimator, which optimally takes uncertainty
into account, to estimate the parameters by minimizing the cost function using a gradient descent algorithm. This
algorithm requires starting values of ¢ and k, as seeding values. Users have two options to quantify the seeding
value of ¢ and k,: (a) every-time option: the values are quantified at each time step with the analytical solution or
(2) first-time option: the values are quantified with the analytical solution only at the first time step and then it uses
the values quantified at the previous time step.

4. Simulations and Performance of iFLOW

iFLOW has a set of default values for the properties of the sediment and water and sediment porosity
(c,, = 4,183 J/(Kg-°C); ¢, = 800 J/(kg-°C); p,, = 998 kg/m?; p, = 2,650 kg/m*; n = 0.32) (Table S1 in Supporting
Information S1), which the user can change based on local measurements. We used those values for the simu-
lations presented in this work.

4.1. Test Cases

We verify the performance of iFLOW by comparing iFLOW-estimated k, and g to the effective thermal diffu-
sivity 0.0432 m?d~' (5 x 1077 m*s™!) and Darcian flux —0.3449 m d~! (which corresponds to a vertical thermal
velocity of —=0.5184 m d™" or —6 x 107®m s ™" and the negative sign indicates downwelling direction) imposed in
a set of eight synthetic one dimensional (1D) numerical heat-transport models constrained by known top and
bottom boundary conditions (Table 1). Each upper boundary time series (e.g., that of the sensor at the water-
sediment interface which effectively measures stream water temperature) for test cases 1-6 is designed to
have a selected problematic issue typically observed in temperature time series recorded in real world rivers. Test
Case 7 uses a real temperature time series recorded in the streambed of a small gravel-bed river, Trail Creek near
Ketchum (Idaho, USA), during 37 days in summer. Case 0 has a perfect sine signal and evaluates the performance
of the models for the perfect case.

We used a sine wave to generate the basic temperature time-series at the upper boundary condition for all test
cases except for test Case 7, which used real data from a creek in Idaho (Table 1). The basic sine wave has a 4°C
amplitude, a constant mean temperature of 10°C, a 24 hr period, and data every 20 s. The fine temporal resolution
was selected to meet the Currant requirements in numerically solving the one-dimensional numerical heat
transport equation. Test O represents a basic sine wave, to which we applied a consistent white noise of 0.006°C.
This is basically the reference case to verify that the model is well implemented. The next tests were used to
quantify the behavior of the implemented models under different signal anomalies. Test cases 1-6 are variations
of this basic wave signal and/or its propagation within the sediment (Table 1 and Figures S1-S7 in Supporting
Information S1) representing changes in g mimicking natural temporal changes in fluxes (Test 1), random
changes in amplitude due to changes in solar radiation magnitude (Test 2), random changes in period due to
changes in solar radiation period (Test 3), changes in peak mimicking clouds and storms (Test 4), a sudden
decrease in temperature mimicking a sudden arrival of cold water (Test 5), an increase in mean water temperature
over several days as observed during spring (Test 6), and a real data set where many effects of tests 2—6 are present
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Table 1
Upper Boundary Condition Temperature Time Series, T0, the for Eight Synthetic Test Cases
Test Top boundary condition Example
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Note. Every time series, except for test 7, which is from a real gravel-bed stream, consists of a sine wave with an amplitude of 4°C and a period of 24 hr with a mean
temperature of 10°C. The length of each test case is 60 days with a sample rate of 15 min. Solving the 1D advection-diffusion equation predicts the temperature time
series at T1-T6 sensors within the sediment.

in the signal (Test 7). We used a slow vertical thermal velocity of —0.5184 m d~' because those are more difficult
to estimate with good accuracy than faster ones (Luce et al., 2013). To test the effect of faster velocity and sensor
resolution we modified the simulations of Test 7 with slow (Test 7A) and fast (imposed ¢ = —0.864 m d™1) (Test
7B) velocity and sensor resolutions of 0.0625°C.
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We numerically solved the 1D heat transport equation with finite difference techniques with first-order accuracy
centered differences (Luce, Tonina, Applebee, et al., 2017; Luce, Tonina, & DeWeese, 2017). The time solution is
explicit, and we set a 5 mm spatial step and 20 s time step to fulfill the Courant conditions for the stability of the
numerical method with the imposed ¢ and k,. The selected temporal and spatial resolution provide negligible
numerical errors for our cases. The model domain is a 5 m long homogenous system. The upper boundary
condition is specified with the test time series (Table 1) while the lower boundary was set to a constant tem-
perature of 10°C for all tests, representing a groundwater temperature common in temperate climate. The syn-
thetic temperature time series within the domain were quantified every 20 s but we recorded it for further analysis
in iFLOW every 5 min at virtual sensors with a vertical sensor spacing of 15 cm. We focused on the first seven
sensors embedded into the sediment (T0-T6) such that the deepest sensor was located at 0.9 m below the surface.

4.2. iFLOW Performance

We adopted a moving window of eight times the dominant period length (8 P, 192 h) and a sampling rate of
15 min for both FFT and LP. We selected this sampling rate because it is a good compromise between adequate
temporal resolution and storage requirements for year-long data collection. The chosen 8 P, ensures solution
convergence for the LP even in very complex heat transport cases and still preserve the temporal flux changes
(Anibas et al., 2016). For the FFT approach, we used all the possible combinations of the FFT windowing function
implemented in iFLOW, with and without the detrending correction. We used TO at the water-sediment interface
as the top boundary for all simulations and also as the reference sensor for LP, which was characterized with an
order of the local polynomial with 2 and 8 degrees of freedom.

We analyzed all the available combinations of FFT windows and detrending options (on/off), to provide
guidelines on which to use. We focused on the transient method for both semi-infinite and bounded domains, as
well as MLEn and analytical solutions. To show the proper implementation of the models, we focus on three main
models: the analytical model with FFT signal processing, FFT-analytical, and MLEn model with LP signal
processing, using the semi-infinite domain, LP-MLEng, and bounded domain, LP-MLEng. However, users can
mix-and-match methods as needed, for instance LP-analytical where the phase and amplitude are extracted by the
local polynomial method and used in the analytical semi-infinite approach of Luce et al. (2013). We performed
MLEn with both first-time and every-time options as described in Section 2.

We quantify the residuals, Res; = Var, Var,

esti™ of each parameter, Var, for the ith simulation. The residuals of

imp,i>
q and k, were quantified over the entire temporal window by subtracting the imposed value (subscript imp) from
the estimated (subscript esf) the temperature time series with n points. We then quantify the model performance
using the mean, M, the standard deviation, SD, the normalized root-mean-square error, NRMSE, by the imposed

mean value, and the percent error, %E, of the residuals.

M=y @
_ (Res; — M)?
SD =4/, T 3)

NRMSE = % €
Var,,
1 Res;
% = L 9% 5
Oerror nz Varimp,i o ( )

4.3. Window Length and Sampling Rate

Window length has important effects on results including performance, resolution, and averaging of parameters
within the window when ¢ and k, vary temporally within a window length. Here, we analyze the impact of the
moving window length used in the LP and FFT signal processing step on the analytical and MLEn estimations of
the parameters g and k,, by comparing the results of four different window lengths for Test 7 (Table 1) and a 15-
min sampling rate. We select the window lengths of four (96 h), six (144 h), eight (192 h), and ten (240 h) times
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the period of the dominant frequency, P, which is 24 h in our case. The number of sample points within a window
also has important implications for both FFT and LP signal processing because it impacts the number of fre-
quencies that can be extracted. To provide guidelines on sampling rate and window length, we analyze the effect
of sampling rate at 5, 10, 15, 30, and 60-min intervals for the window lengths of 1, 2, 4, 6, and 8 P, (24, 48, 96,
144, and 192 h) for Test 7 (upper boundary defined with real data).

High-resolution data cannot always be collected in the field because of storage limitations, so long-term de-
ployments sometimes use lower sampling frequencies. However, large time steps may lead to adopting long
windows, which may reduce the precision and accuracy of capturing ¢ and k, variations in time. A potentially
useful alternative is to disaggregate the data into shorter time steps, which increases the number of points within a
window. Thus, we investigated the effect of linearly disaggregating the signal from 10, 15, 30, and 60 min to
5 min and compared their performance in supporting ¢ and k, estimation with those for the original 5 min time
series. In these analyses, we used the Hanning windowing function with the detrending option for the FFT and
MLEn with the first-time option.

5. Results and Discussion
5.1. FFT Windowing and Detrending

A comparison among the amplitudes and phases extracted for the available combinations of FFT windowing
functions and detrending options shows that the rectangular window provides the lowest accuracy for phase
extraction (Figure S9 in Supporting Information S1). Whereas the other combinations show comparable per-
formance, the FFT Hanning windowing function performs, on average, better than the others among all the tests
(M, SD and %, for g and k, show better performance for the Hanning and detrending option (Table S1 in Sup-
porting Information S1 for Test 5). Consequently, we focus on results with this configuration in the remainder of
the analysis of the iFLOW performance.

5.2. MLEn Starting Estimates

The MLEn performance is typically better with the first-time than every-time option with a moving window
(Table S2 in Supporting Information S1). This is because fluxes typically change slowly in most natural riverine
systems, so velocities are close to the previous value. Thus, the previous values for g and k&, are better starting
points for solution convergence than the analytical estimates because the later may be impacted by localized
issues in the signal, for example, subdued signal amplitude, sharp change in temperature (like for day 10-12 in
Table 1, Test 7) and are based on the semi-infinite domain model with paired sensors. However, fluxes may
change rapidly in streams impacted by hydropeaking, tides, or fast erosion and depositional processes. These
changes may be large enough to create noticeable different values of g and k, between the previous and the new
time step. In this case, the every-time option, which sets the seeding value at each time step with the analytical
values, may provide better convergence than the first-time option. Because of the better performance of the first-
time option, we use this configuration for the MLEn model in the remainder of the analysis.

5.3. Test Performance

All models evaluated in iFLOW provided parameter estimates for g and k, that closely match the imposed values
with negligible differences (Table 2). FFT-analytical and LP-MLEn estimations provide comparable values, with
LP-MLEng typically superior when a disturbance occurs in the time series (Figure 6).

The sudden change in downwelling velocity imposed in Test 1 is properly detected by LP-MLEn as a sudden
change but shifted by a half-window size in time (Figure 6b). The delay in the change of ¢ is due to the LP signal
processing that partially interprets the variation in the sensor signals as noise because it is not present in the
reference sensor. Conversely, the FFT-analytical model smears the sudden change over an entire window length.
The sudden change in velocity also impacts k,, which exhibits a sudden change when the velocity changes for LP-
MLERn that is not real (Figure 6a). As for g, the FFT-analytical solution detects an apparent but false change in k,
that persists over an entire window length.

Similarly, the models implemented in iFLOW predict k, and g values very accurately when random changes in
signal amplitude are imposed in Test 2 (Figures 6¢ and 6d). Errors for k, and g spread over the entire disturbance
period for the FFT-analytical model (Lautz, 2012) and are constrained within a short period in the LP-MLEn
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Table 2

Mean, Standard Deviation, and Percent Error of the Thermal Diffusivity and Darcian Flux

Diffusivity Darcian flux
Test case Statistic MLEn semi-infinite MLEn bounded Analytic MLEn semi-infinite MLEn bounded Analytic
Test 0 M (md™") 0 0 0 0 0 —6.65 x 107*
SD (m*d™") 452 x107° 3.01 x 107° 9.83 x 107° 3.79 x 107° 347 x107° 1.14 x 107*
%, (%) 0.12 0.12 0.13 0.06 0.05 0.12
Test 1 M (md~h) —6.65 % 107* —6.65 x 107* 333 x 1073 7.39 x 1072 739 x 1072 2.59 x 1072
SD (m?d™!) 122 %1073 1.31 x 1073 3.54 x 1073 9.56 x 1072 9.52 x 1072 4.02 %1072
%, (%) 1.45 1.62 11.23 21.54 2145 8.47
Test 2 M (md™ 0 0 0 0 0 0
SD (m?d™") 9.38 x 107> 5.49 x 107° 357 x 107 1.39 x 1073 6.68 x 1074 478 x 1073
%, (%) 0.21 0.15 1.3 0.16 0.1 1.44
Test 3 M (md™) 0 0 0 0 0 —6.65 x 107*
SD (m*d™") 5.49 x 107> 428 x 107° 7.26 x 107* 4.87 x 107* 420 % 107* 5.58 x 1072
%, (%) 0.18 0.15 2.24 0.1 0.08 1.5
Test 4 M (md™) 0 0 0 0 0 —6.65 x 107*
SD (m*d™") 3.65 x 107> 2.62 % 107° 1.07 x 107* 5.98 x 1074 352 % 107 137 x 1073
%, (%) 0.14 0.14 0.44 0.12 0.09 0.44
Test 5 M (md™) 0 0 0 532 % 1073 1.33x 1073 —6.65 x 107*
SD (m*d™") 1.34 %1073 5.18 x 107* 5.18 x 107° 145 x 1072 4.60 x 1072 417 x 107*
% (%) 273 1.52 0.22 2.1 0.7 0.17
Test 6 M (md™) 0 0 0 0 0 —6.65 x 107*
SD (m>d~") 9.43 x 107° 9.43 x 107° 9.74 x 107° 1.08 x 107 9.43 x 107° 1.05 x 107
%, (%) 0.08 0.07 0.1 0.05 0.05 0.11
Test 7 M (md™) 0 0 0 —6.65 % 107* -1.33x107° —2.66 X 107>
SD (m>d™") 123 x 107 1.12x 107 440 x 107 1.34 %1073 128 x 1073 6.77 x 1073
% (%) 0.51 0.45 1.87 0.45 0.52 2.29
Test 7A M (md™) 357 x 1074 3.94 x 107 7.82 % 1074 125 % 1073 324 x 107 —8.77 x 107*
SD (m*d™") 254 x107* 3.93 x 107 5.62x 107 3.27 x 1073 3.28 x 1073 9.67 x 107>
%, (%) 0.83 0.91 1.81 —-0.36 —0.09 0.25
Test 7B M (md™h 257 % 107* 2.14x 1074 129 x 1073 -1.76 x 1073 -1.72%x 1073 —1.44x 1073
SD (m?d™") 2.03 x 1074 1.70E x 107™* 1.08 x 1073 2.64 x 1073 248 x 1073 1.62 x 1072
%, (%) 0.59 0.49 3.00 0.31 0.30 0.25

Note. Estimation was performed using the MLEn and a moving window of 192 h. The "first-time” option was chosen for estimating the starting values for the parameters.
For comparison we also show estimation results when using the analytical approach, with the “Detrending” option activated and a Hanning FFT window.

model. The LP-MLEng shows noticeably smaller errors than LP-MLEng;. The use of a local lower boundary
better constrains the physical problem than the semi-infinite option because it has the memory of the signal at
earlier times, which influences the heat transport through the soil.

All models perform well in Test 3, with LP-MLEn outperforming the FFT-analytical solutions in suppressing
signal leakage due to period changes (Figures 6e and 6f). Similar to Test 2, the LP-MLEny achieves better results
than LP-MLEng; with this signal perturbation. Capping the amplitude of the top signal (Test 4) has limited effects
on the studied models (Figures 6g and 6h) because signal processing can isolate the phase and amplitude from the
rest of the signal. Thus, localized impacts, like a cloudy day, have limited effect on this methodology.

All model performance for Test 5 is similar to the previous tests, especially Test 2, with the LP-MLEng; having a
sudden larger error than the others (Figures 6i and 6j). This is potentially due to the use of the reference signal as
the top signal, which has a disturbance in it. All models exactly predict the imposed values with the presence of
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Figure 6. Estimated effective thermal diffusivity k, (left panels) and Darcian flux ¢ (right panels, positive and negative signs
indicates upwelling and downwelling directions, respectively) around the time when the disturbance is applied for Test 1 (top
panel) to Test 7 (bottom panel) with an 8-P (192 h) moving window length. The FFT-analytical model has the detrending
option and Hanning windowing function active whereas the LP-MLEn model has first-time option active. The black dotted
lines are the imposed values. The gray area represents the interval during which the moving window interacts with the
imposed disturbance. Note that the vertical scales are not constant for each case. See Supporting Information S1 for graphs
for the full study period.

temporal temperature gradients (Figures 6k and 61), regardless of the model (Test 6) (Table 2 and Supporting
Information S1). iFLOW performs quite well in Test 7, where all the previous effects are present in the field-
recorded temperature time series applied as the upper boundary condition. The advantage of the LP-MLEn
over the FFT-analytical model is noticeable, as it has very small errors through the entire time domain
(Figures 6m and 6n).

The tests 7A and B performed as expected on the effects of flux magnitude and sensor resolution. Large g values
generally reduce the error, especially for the LP-MLEn (Table 2, Test 7A vs. 7B). Conversely, decreasing the
temperature sensor resolution from very high to 0.06°C negligibly increases the error (Table 2, compare 7B).
These trends also hold for shorter window lengths of 96 hr (Table S3 in Supporting Information S1).

5.4. Window Length and Sampling Rate

During the signal processing step, shorter window lengths (e.g., 2—4 P,) lead to greater variations in phases and
amplitudes compared to longer window lengths (e.g., 8-10 P,) (Figure S11 and Table S4 in Supporting Infor-
mation S1). These variations, errors linked to signal processing and data limitations to describe the complexity of
a signal, increase with decreasing window length and affect the parameter estimates of g and &, (Figure 7). While
window lengths of 6 P, (144 h) or longer have similarly high accuracy, shorter window lengths have the
advantage of better detecting real temporal changes of ¢ and k,. This is particularly important for systems where g
and k, change over time spans similar to P, Shorter window lengths are more effective at detecting natural
variations caused by hydromorphological (in-stream bedform-flow interaction) and hydrologic (water table and
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Figure 7. Estimated k, (Top panels) and ¢ (bottom panels) for Test 7 with the FFT-analytical approach with Hanning and
detrending (left panels) and LP-MLEng, (TO as reference and first-time option) for four window length of 4, 6, 8, and 10 P,
The black dotted line indicates the imposed values.

stream stage) changes. However, short windows have the disadvantage that signal processing may be impacted by
local noise and anomalies in the temperature signal, which may lead to unrealistic and potentially spurious es-
timates of ¢ and k,. Larger window sizes mitigate these issues but may compromise the detection of temporal
variations. Therefore, the choice of window size should be carefully evaluated based on system dynamics. For
instance, Vandersteen et al. (2015) used moving window lengths of 3, 10 and 20 P, (with P, = 24 h) on a 90-day
data set with 10 min resolution, finding that shorter windows increased temporal variability of g. Conversely,
Anibas et al. (2016) used a 10 P, window length for a 158-day data set with 10 min resolutions, because shorter
window lengths resulted in poor SNR.

Changing the window length affects signal processing because it alters the number of data points analyzed and the
available frequencies. Shorter window lengths typically increase the signal-to-noise ratio, leading to higher errors
in g, regardless of the model or sampling rate (Figures 8a—8c). However, errors remain small (NRMS <10%) and
similar for window lengths greater than 4 P, (96 h). Sampling rates, within those typically used in the field,
become noticeably important when decreasing the window lengths shorter than 4 P, because they affect the
ability to determine phases and amplitudes and their uncertainties. For instance, the FFT-analytical model can
find a solution for 2 P, and 1 P, window lengths only with a 5-min sampling rate, less frequent sampling limits
solutions to a few moving windows in the entire time series. Whereas FFT-analytical does not show a clear
threshold of the minimum number of points necessary within a window length, our analysis suggest that the LP
method requires about 193 data points within a moving window to compute the transient to detrend the signal. As
the MLEn requires variance estimates of the Fourier coefficients, the minimum number of data points required is
about 195 to provide a solution for the case analyzed here for both semi-infinite and bounded domains. These
values depend on the quality and characteristics of the forcing signal.

Disaggregating data into finer time steps can increase the number of data points, aiding signal processing
techniques (Figure 8d). This approach is useful when data are originally collected every 10 or 15 min, which
would require a 4 P, window length (Figures 8a—8c). Although disaggregation does not add new information, it
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Figure 8. Heat maps of NRMSE of g for the FFT-analytical (a), LP-MLEn semi-infinite, LP-MLEng; (b) and LP-MLEn
bounded, LP-MLEn (c) for a combination of sampling rate and window length. Panel (d) shows the heatmap NRMSE for
linearly disaggregating the temperature time series from 60 (60-5), 30 (30-5), 15 (15-5) and 10 (10-5) minutes to 5 min
along with those for the native 5 (5 min) minutes case with a 2-P (48 h) window. White color cells in (a—c) indicates that the
model did not find a solution. Black numbers in the cell represent the normalized error.

can enhance numerical signal processing, particularly for the LP method used to estimate phases and amplitudes.
Disaggregation to 5 min time steps from 10 or 15 min shows similar errors (NRMSE) compared to the 5 min
original case (compare 5 with 10-to-5 and 15-to-5, Figure 8b), whereas larger errors occur when disaggregating
from 30 or 60 min.

iFLOW provides several options for temperature time series analysis that help users better understand the hy-
drological processes involved in heat transport in streambeds and other saturated porous media, which sets it apart
from others available software packages (Ford et al., 2021; Gordon et al., 2012; Irvine et al., 2015; Swanson &
Cardenas, 2010). Its application can go beyond temperature time series analysis and include any transient data set.
Besides temperature analysis, iFLOW can handle any transient data set, such as interpreting time series of
electrical conductivity due to natural or anthropogenic (salt injections) processes. The choice of Python, a
common language used in geoscience, coupled with iFLOW's open access and modular framework allow users to
expand data visualization and analysis, including signal processing and parameter estimation techniques. For
instance, an extension we are considering is adding a particle swarm algorithm to improve parameter estimation
beyond the currently used gradient descent algorithm in MLEn.

6. Conclusion

We present iFLOW (Bertagnoli et al., 2024), a novel framework and GUI for analyzing temperature time series
data. It estimates the effective thermal diffusivity, k,, of the sediment-water matrix and one-dimensional thermal
velocity from which the vertical Darcian flux, g and the seepage velocity, v, can be calculated using information
on the thermal properties of the sediment and water as well as sediment porosity.

iFLOW's workflow helps break down the analysis into three parts: mathematical model selection, signal pro-
cessing, and parameter estimation. This approach allows users to review intermediate results and understand or
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minimize error propagation. For instance, users can plot the signal-to-noise ratio (SNR) during the LP signal
processing step to choose the best sensors, frequencies, and time periods.

iFLOW supports comprehensive analysis of time series from multiple vertical sensors and provides tools for
visualizing, processing, and adjusting intermediate results. Comparisons with synthetic numerical heat transport
simulations show that iFLOW's models are well-implemented. Using a consistent framework and toolset, iIFLOW
offers guidelines for different methodologies. For example, FFT signal processing results improve with the
detrending option and the Hanning windows function, which typically performs well under various noise
conditions.

The performance of signal processing, but not of the model or parameter estimation technique, depends on
sampling rate and window length. Our analysis shows that a window length of four times the dominant frequency
period (4 P,) of the top boundary temperature time series balances accuracy and temporal resolution for the
forcing signal used here. For instance, a window length of 96 hr is a good first choice in natural streams where
daily temperature fluctuations are often the dominant frequency and typical sampling resolution is 15 min. Higher
temporal resolution may help signal processing with complex forcing signals. For the analyzed forcing signal, a 4
P, window length does not require high-resolution sampling data. Shorter window lengths (1-2 P,) need a 5-min
sampling rate to minimize errors, but errors double for 2 P, compared to 4 P,. Disaggregating the original signal
into smaller interpolated time steps may help by increasing the number of data points within the window, allowing
for precise tracking of temporal changes in ¢, though this may introduce uncertainty in estimating ¢ and k..

The LP-MLEn methodology, particularly the bounded domain model, provides robust solutions. The choice of
reference sensor is crucial for defining noise within temperature signals. The performance of the local polynomial
method depends on moving window length and sampling rate, impacting the number of data points available for
phase and amplitude extraction, the SNR, and useable frequencies. For the selected forcing signal, data collection
at 15-min intervals requires at least a 4 P, moving window, while a 5-min sampling rate may allow for a 2 P,
window length in most cases. However, these guidelines depend on the quality of the collected temperature
signals.

Overall, the LP-MLEn performs better than the other techniques studied here when a disturbance in the time-
series occurs, for example, sudden change in interstitial velocity. This results in spikes of extracted signal
amplitude, phase or quantified ¢ and k, that allow users to identify those values during data visualization and
remove them in the estimated ¢ and k,. We recommend the use of LP-MLEn bounded when (a) more than three
sensors are available, (b) they are continuously within the sediment, and (c) the sensor constraining the bottom
condition has a SNR >5 dB. The LP-MLEn semi-infinite model is a valuable tool with two sensors and/or the
low SNR (<5 dB) for the bottom sensor. However, LP-MLEn may be sensitive to changes in streambed
elevation.

The deliberate choice of Python with open access and a modular framework allows users to add methods for data
analysis, signal processing and parameter estimation, making it an ideal platform for further development, for
example, for multi-dimensional heat transport analysis.

Data Availability Statement

The software (version 0.1.0) is licensed under GPL 3.0, including installer and source code. It is published on
GitHub and accessible via Zenodo under the following link: https://doi.org/10.5281/zenodo.12708143. Data input
are also available at Bertagnoli et al. (2024).

Video tutorials on how to use the software are available at iflowcode—YouTube (http://www.youtube.com/@
iflowcode).
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