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Quantifying groundwater-surface water interactions with transfer function models
Assessment of a data-driven method applied to a case study of a tunnelling project
in Kolmarden, Sweden

JOAQUIM ALTIMIRAS GRANEL

Department of Geology and Geotechnics

Chalmers University of Technology

Abstract

This project aims to develop and evaluate a data driven method for analysing
groundwater-surface water interactions. These interactions are analysed by using
time-series analysis and transfer function modelling to create models for ground-
water head, stream flow and stream level. The method is applied to a case study:
a tunnelling project in Kolmarden, Sweden, where a recipient stream in a nature
reserve risks being affected by tunnel-induced groundwater drawdown due to leak-
age. The method consists of two modelling stages. In the first stage groundwater
head models (GWMs) are developed. In the second stage, the GWMs are used to
extend existing groundwater head time series and develop three types of models:
models that estimate baseflow (BFM), stream total flow (TFM), and stream level
(SLM). Additionally, the results are simulated using 18 different methods for esti-
mation of potential evapotranspiration, to see how different methods impact results.

Results from the first modelling stage indicate higher model performance for models
representing groundwater level in soil, compared to rock, and for models using longer
calibration periods across all four seasons. Results from the second modelling stage
present very poor results for the stream baseflow models (BFMs), which is proba-
bly related to the baseflow separation procedure’s inability to account for specific
local conditions. Total stream flow models (TFMs) and stream level models (SLMs)
perform much better, with R2-values around 0.6 in validation. However, all models
show signs of overfitting, with R?-values above 0.8 in calibration. The contribution
from groundwater head to the variations seems to be higher for the SLMs.

The developed method constitutes a simplified and data driven approach for analysing
groundwater-surface water interactions, making it possible to study, e.g., how tunnel-
induced groundwater drawdown might affect a watercourse. Further development
is recommended, e.g., using additional model evaluation metrics and simulating dif-
ferent leakage rate scenarios with pump test data. The method shows promise for
allowing effective modelling of the dynamic response of groundwater-fed surface wa-
ter to hydroclimatic variables, and can be seen as an additional tool for representing
hydrogeological systems.

Keywords: hydrogeological modelling, groundwater-surface water interactions, time
series analysis, transfer-function models, impulse response models, Pastas, Python
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1

Introduction

While hydrology is the broader study of all the water on earth, the field of hydro-
geology relates to all the water under the surface of the Earth and relationship of
its processes with geologic materials (Fetter & Kraemer, 2022). Understanding the
complex three-dimensional hydrogeological system at a site can be challenging, as
the available information is limited to measurements at a few points (Bakker & Post,
2022). Creating models to describe these systems and understand the behaviour of
the groundwater is therefore a common approach in the field of hydrogeology.

In projects that require construction underground, it is important to understand
how the groundwater will be affected. Constructions under the groundwater level
are exposed to the risk of groundwater inflow, which can cause groundwater draw-
down (Sundell et al., 2019). Tunnelling-induced drawdown is a well-known issue and
can have significant impacts on the environment and activities at the surface. The
properties of the hydrogeological system including the distribution and connectivity
of aquifers, as well as groundwater dependent ecosystems, will determine the magni-
tude of negative consequences induced by leakage into an underground construction,
e.g. a tunnel (Yoo, 2016). For tunnels excavated in rock, it is difficult to predict how
the water moves due to natural rock formations like dykes and fractures (Zarei et al.,
2011). The extent of the groundwater inflow can be mitigated by using grouting
techniques, which consists of injecting cement and chemical compounds in cavities
along the tunnel walls to prevent groundwater from flowing in (Swanson & Babcock,
2023). Groundwater head can be measured with pressure transducers, commonly
called divers, which are placed inside groundwater wells under the water table and
measure absolute pressure exerted by the water column and the atmosphere.

This type of groundwater drawdown is interesting when studying interactions be-
tween groundwater and surface water bodies. The areas in the subsurface where
the groundwater and the surface water meet are called hyporheic zones and is where
there is an exchange of water (Fetter & Kraemer, 2022). Water can either move from
the groundwater into the stream, creating a gaining stream, or from the stream into
the groundwater, creating a losing stream (Kalbus et al., 2006). The characteris-
tics of this water exchange are related to hydraulic head, and can vary over time
due to, e.g., seasonal precipitation patterns. The interactions are complex as other
factors, like geological conditions, have a significant impact on the fluxes (Sopho-
cleous, 2002). By understanding this interaction at a site, it is easier to predict how
changes in the groundwater head might impact the surface water, which can be used
to protect the ecological values of surface water courses.
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Another challenge in these types of projects is to accurately estimate the natural
hydrological processes, e.g. recharge, and how the hydrogeological conditions will
be affected by changes imposed by construction (Collenteur, Bakker, Klammler, &
Birk, 2021). A common tool for handling these challenges is to develop models that
are a simplified representation of the complex real system (Bakker & Post, 2022).
Groundwater models are often used to quantify groundwater head at different points
at a site (Anderson et al., 2015). Two categories of such mathematical models can
be identified, process-based models and data-driven models. Process-based models
are based on physical principles and processes to estimate the flow of groundwater.
They are solved numerically, meaning that an unknown variable is approximated
using methods that solve partial differential equations like finite-element (FE) or
finite-difference (FD) (Anderson et al., 2015). In hydrogeology, these models can
be used to represent the whole hydrogeological system in an area, but they usually
require a significant amount of data and conceptual understanding of the site, and
are therefore time-consuming to develop (Haaf et al., 2023). Data-driven models
use empirical or statistical equations and existing data-series of known variables to
calculate values of an unknown variable. They can be considered simpler since they
can be solved analytically, i.e., an exact value for the unknown dependent variable
is obtained. The choice of which model type to use depends on the type of problem
at hand. This project aims to apply a data-driven approach using transfer function
(TF) modelling and time series analysis, i.e., variations over time, to describe the
interactions between groundwater and surface water.

1.1 Aim

The aim of this project is to develop a method constituting a data-driven approach
for describing the relationship between groundwater levels and discharge in surface
water recipients. The approach will be based on time series analysis and, specifically,
transfer function models. It will be developed and demonstrated using data obtained
from an existing investigation program for a tunnelling project in the Geta nature
reserve in Kolmarden, Sweden.

1.2 Specific Objectives

o Gather, process, and interpret field data to ensure adequate data quality for
modelling.

o Develop local models for simulation of groundwater head at the points where
pressure transducers measuring groundwater head are installed at the site, by using
climate stresses such as precipitation and potential evapotranspiration.

o Analyse how different methods for estimating potential evapotranspiration affect
the results.
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» Develop models describing the relationship between groundwater head and flow in
the stream, using the developed groundwater head models as input stress in addition
to climate stresses.

o Evaluate model performance across calibration and validation periods by com-
paring simulation results and observed values, and optimise the models by adjusting
parameters iteratively.

o Identify sources of uncertainties to understand limitations of the method and draw
conclusions regarding significant model parameters based on the model performance.

o Ensure that the developed method constitutes a streamlined workflow that is
comprehensible, applicable and that improves conceptualisation of the hydrological
system.

1.3 Project Limitations

The project will focus on developing and optimising models to understand the re-
lationship between surface water and groundwater and does not aim to specifically
quantify the inflow rate to the planned tunnel. Additionally, it does not aim to
evaluate or propose measures to mitigate the inflow of groundwater, or treatment
or use of the water that enters the tunnel. These issues might be relevant to study
in future research and are briefly discussed in Chapter 5.
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Case Study Description

The case study used to evaluate this data-driven modelling approach for groundwater-
surface water interactions is a tunnelling project planned in Kolmarden, outside the
city of Norrkoping in Sweden. The tunnel will be approximately 8 km long, and is
part of a larger infrastructure project, the East Link, which consists of a new 160 km
long double-track railway between Stockholm and Linképing (Trafikverket, 2024).

2.1 Project Background

In 2022, the Swedish government decided that new main railway lines were to be built
to connect the three largest cities, Stockholm, Gothenburg and Malmoé (Trafikverket,
2023a). Omne of the main parts of this development is the 160 km railway in the
project called Ostldnken, which connects the cities of Stockholm and Linképing
(Trafikverket, 2023b). In the area of Kolmérden, near the city Norrképing, an 8
km long tunnel will be excavated approximately 100 m underground (Trafikverket,
2022). The tunnel passes through a ravine of a few hundred meters at Geta, which
is in a nature reserve and has a stream, Getabacken, that leads to the recipient,
the bay Braviken. The Swedish National Transportation Agency, Trafikverket, is
the project owner and due to the specific conditions of the site, there is a risk that
groundwater could flow into the tunnel and cause groundwater drawdown, which
could affect the recipient stream at the Geta nature reserve (Trafikverket, 2023c).
The stream is considered to be groundwater-fed and has a high ecological value for
the nature reserve and should therefore be protected.

2.2 Case Study Area

The area is mainly covered by nature with a main highway, the E4, passing through
south of the planned tunnel route. There are also several minor roads with houses
alongside. The terrain in the area is quite hilly and has pronounced topographical
gradients towards Braviken in the south. The Geta stream comes down from the
lakes in the north and passes the area in a pronounced ravine, meaning that higher
elevations can be found on both sides of the ravine. The stream then continues down
in a southeastern direction until it reaches the recipient. In the middle of the area,
north of Algutsbo, another stream called Rodmossebacken merges with Getabacken
and continues downstream. The stream is mostly 2-3 meters wide and has a mean
flow of 90 1/s at the point leading out to Braviken (SMHI, 2020).
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The main hydrogeological concern in this area is that a fracture zone in the bedrock
passes through in the same direction as the Geta stream, which increases the risk of
negatively impacting the stream because of tunnel-induced groundwater drawdown
(Trafikverket, 2023c). An overview of the area is presented in Figure 2.1.
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Geta Lilla Strandvilfan 2 Scranoh 5
Getyifimaren
Haga

Figure 2.1: Overview of the case study area. The red dotted figure highlights
the main area of interest with the Geta stream, the blue line, passing through the
middle. The pink highlighted rectangle shows approximately where the tunnel passes
the ravine.

2.3 Geological Setting

The bedrock in the area is between 2000 to 1650 million years old and was formed
during the Svecokarelian orogeny (SGU, 2024). The Geta ravine was developed over
time following the underlying fault zone in the bedrock. Soil type maps from the
Geological Survey of Sweden (SGU), show that the area consists of mostly bedrock,
postglacial sand and gravel at the surface (SGU, 2023a). An overview of the geology
at the site is presented in Figure 2.2. In the soil type map the ravine, which is where
the stream passes, is clearly distinguished in the yellow area representing postglacial
silt. This geological setting is expected since the retreating ice sheet left fine-grained
sediments in the ravine. Underneath the silt and clay, there is glaciofluvial sediment
with higher hydraulic conductivity that can be considered an aquifer. The mod-
elled soil depth is up to 10-20 m along the ravine, but the topmost impermeable
layer might be very thin at some parts (SGU, 2023b). Previous investigations in
the area suggest that at some parts the stream has eroded the top layer of low-
conductivity soils, down to the glaciofluvial sediment (Trafikverket, 2023¢c). This
enables a connection between the stream and the groundwater.
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Sandy till

Glaciofluvial sediment |}
Peat
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Glacial silt

Glacial clay

Figure 2.2: Map of soil types in the case study area from SGU (SGU, 2023a).

An additional hydrogeological concern within the project is the fact that the ravine
in Geta has developed in a fracture zone, meaning that the bedrock is also permeable
and can be considered an aquifer along the ravine (Lansstyrelsen, 2014). To visualise
the geological setting and the challenges in the project, a conceptual cross-section of
the stratigraphy in the ravine is presented in Figure 2.3. With this geological setting
of several permeable layers, there is a potential risk that leakage to the tunnel will
cause significant groundwater drawdown, which would impact the stream.

(m)
0+

Clay/silt

104

Glaciofluvial sediment

e

100 4 C

Figure 2.3: Conceptualisation of the stratigraphy in the ravine as a cross-section.
The stream seems to have eroded down to the glaciofluvial sediment at some places
along the stream.
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2.4 Meteorological Data

The Swedish Meteorological and Hydrological Institute (SMHI) has one weather
station that is very close to the area, approximately at 2 km from Geta, called
Kolmarden-Stromsfors A. From this station, precipitation, wind, humidity, and tem-
perature data could be collected. In the city of Norrképing, at approximately 13
km, there is another weather station called Norrkoping-SMHI collecting more types
of data, which was used for data collection of sun hours and shortwave radiation.
These data sets from SMHI are open to the public and were used in the models
developed in this study.

2.5 Awvailable Data

Since the project is in an investigation phase and has been for several years at the
time of writing, more than 200 groundwater wells have been installed along the
planned railway. In the catchment area in Geta, 26 groundwater wells have been
installed. Since December 2022, researchers at Chalmers University of Technology
have been collecting high-resolution (every 3 h) groundwater head data with pressure
transducers at nine of the groundwater wells, see detailed information in Table 2.1.
The barometric pressure is measured in well 17S1KB15 along diver EB938, but
above the water table. An additional transducer, labelled DF155, measures stream
level at one point, and Trafikverket measures stream flow at another point called
MP4 Algutsbo. The locations for measurements of groundwater head, stream level
and stream flow are presented in Figure 2.4.

Table 2.1: Details about groundwater head measurements. Well labels with cor-
responding diver labels and well types.

Well label | Diver label Well type
225108GU | DF150 Soil
17HB103 DF164 Rock
17HB102 DF165 Rock
225107GU | EB829 Soil
225119GU | EC402 Soil
17THB104 EGb534 Rock
16S113GU | X3469 Soil
17S1KB15 | EB938 + DES842 (barometric) | Rock
155113GU | EGH51 Soil
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Figure 2.4: Map with locations of points for measurements of groundwater head,

stream level and stream flow. The blue line represents the Geta stream.
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Methods

3.1 Overview

The project is planned to consist of two modelling stages. The first stage consists of
developing several local groundwater head models (GWMs), capable of simulating
groundwater head changes. The second modelling stage consists of using the models
from the first stage to extend the time series for groundwater head. They are
then used as inputs to the three model types in the second stage: stream total
flow models (TFMs), stream baseflow models (BFMs), and stream level models
(SLMs). All models include measured precipitation data and modelled potential
evapotranspiration data to represent recharge. The modelling approach is to use
transfer function modelling, time series analysis, and the Python package Pastas
as the main tool (Collenteur et al., 2019). A simplified version of the modelling
workflow is presented in Figure 3.1.

Gather and process input data

2

Develop GWM '

v

Evaluate results

Stage 1

Stage 2
Process input data

v
Develop BFM, TFM and SLM ': ’

v

Evaluate results

Figure 3.1: Presentation of the modelling workflow. The arrows inside the model
development highlight that the process is iterative.

Recharge is the water added to the zone of saturation of the hydrogeologic system
and can come from different processes (European Environment Agency, 2001). In
the models of this project, recharge is represented through measured precipitation
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and potential evapotranspiration (PET), which is modelled. Temperature data was
also added separately to be able to account for snow. Measured data for ground-
water head, stream total flow, stream baseflow and stream level is also needed for
calibrating the models. Figure 3.2 presents a flowchart of the modelling approach
and data sets needed for each stage and model.

Figure 3.2: Flowchart of the modelling approach and data sets for each stage. The
meteorological data consists of the parameters needed for estimation of potential
evapotranspiration, see Section 3.3.2.
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3.2 Transfer Function Noise Modelling and Python

The method developed in this study uses time series and the concept of transfer func-
tion noise models for analysing groundwater-surface water interactions. In practice,
this was done by coding with Python across several steps, from processing data to
creating models and visualising results. Some minor data processing was done in
Microsoft Excel. Several specialised Python packages were used in different stages
of the project: Pastas, PyEt and Baseflow. All scripts and coding details can be
found on GitHub, see information in Appendix A.

3.2.1 Transfer Function Noise Modelling

Transfer function noise models combine one or more input series and translate these
into a single output series using a transfer function that describes the relationship
between the inputs and the outputs (Hipel & McLeod, 1994). When trying to model
a real complex system, the transfer function will not represent the system perfectly,
which leads to disturbances in the results, commonly called noise. The use of TFN-
models is a common approach in hydrology where single outputs are caused by
several inputs. In groundwater modelling, Von Asmuth et al. (2002), introduced a
new type of TFN-model based on predefined impulse-response (IR) functions. Since
the introduction of this type of model, it has become increasingly used in the field
of hydrogeology (Collenteur et al., 2019).

As mentioned, TFN-models model a single unknown variable using several known
variables as input. This is done by using data sets for the inputs and creating
a model that can produce values that correspond to the observed target variable.
In hydrogeology that could mean using measured precipitation as an input and
try to model groundwater head as a target output. By having measured data for
groundwater head, the model can be calibrated. The model structure of a TFN-
model can be expressed as in Equation 3.1 (Collenteur et al., 2019).

h(t) = jzwj B (t) + d + (1) (3.1)

h(t) is the observed groundwater head.

hm(t) is the head contribution from the stress m.
M is the total number of stresses.

d is the base elevation.

o 1(t) is the residual term.

Each stress, m, contributes to the head and can be computed through convolution of
a stress time series and an impulse response function, see Equation 3.2 (Collenteur
et al., 2019).

11
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o (£) = /t S, (F)un(t — 7)dr (3.2)

—0oQ
e S, is the time series of stress m.
e 0,, is the impulse response function for stress m.

There are different impulse response functions that can be used for different pur-
poses, e.g. Gamma, Exponential, and Hantush (Collenteur et al., 2019). The re-
sponse functions describe how the dependent variable will respond to the applied
stress and can have different levels of complexity depending on the amount of pa-
rameters it uses. The residuals of the model can be modelled with a noise model to
better understand how the developed model performs.

3.2.2 Python Package Pastas

Pastas is an open-source Python package used specifically for analysing groundwater
time series with TFN-modelling, and has two purposes according to the developers:
"provide a scientific framework to develop and test new methods, and to provide a re-
liable ready-to-use software tool for groundwater practitioners" (Collenteur, Bakker,
Calje, & Schaars, 2021). Collenteur et al. (2019) explain the inner workings and
functionality of the Pastas package in detail. Pastas uses TFN-modelling and IR-
functions to simulate output series.

Pastas uses two types of time series to create models, dependent and independent
time series (Collenteur et al., 2019). The dependent time series are the targeted
series that will be modelled, e.g., groundwater head, and are added as an oseries.
Independent time series are used as inputs to model the dependent time series and
are often referred to as stresses, e.g., precipitation and potential evapotranspiration.
Pastas has an object-oriented design and three main classes, Model, StressModel and
RechargeModel. Once the time series have been collected and read, a Model can be
created that stores the dependent time series as an oseries. The stresses are then
applied to the model through stress models, of which there are different types.

In this study three types of stress models were used: StressModel, RechargeModel,
and TarsoModel (Collenteur, Bakker, Calje, & Schaars, 2021). The StressModel
is the simplest one and uses a single stress time series and a response function to
compute the contribution of that stress to head fluctuations. The RechargeModel
and TarsoModel combine specifically precipitation and potential evapotranspiration
data to represent recharge as a stress. Both stress model types allow the opportunity
to choose a specific model for recharge (Collenteur, Bakker, Calje, & Schaars, 2021).
For all models developed in this study, the FlexModel was used as recharge model
since it offers the possibility to consider presence of snow by adding a temperature
time series. The TarsoModel (Threshold Autoregressive Self-Exciting Open-loop)
is a model that breaks down the data into different regimes based on threshold
values (Knotters & De Gooijer, 1999). A piecewise linear function is created for each
regime, describing the relationship and modelling groundwater head. This allows for
a non-linear analysis where different conditions can be applied to different regimes.

12
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If several stress models were added to a model, the contributions of each stress model
added to a model was obtained using the Pastas function get contribution.

3.3 Data Sets and Data Processing

As seen in Figure 3.2, several data sets were used to develop the models. All data is
related to the case study and was collected continuously in time series. Before using
the data sets in the models, they had to be processed which included several steps:
unit adjustment, temporal resolution adjustment, quality control, filtering and data
imputation. The approach for data processing was to keep the original raw data
in Excel files (.xlsx), and then apply the processing steps in Python scripts. Using
time series with daily values is recommended for this type of modelling (Collenteur,
Bakker, Calje, & Schaars, 2021).

3.3.1 Meteorological Data

Data sets for precipitation, temperature and meteorological data needed for PET
were collected from SMHI’s weather stations. The meteorological data needed for
estimating potential evapotranspiration are described further in Section 3.3.2. All
data was resampled to daily values, precipitation in total [mm/day], and tempera-
ture in mean [°C/day].

3.3.2 Estimation of Potential Evapotranspiration

Potential evapotranspiration (PET) is a term used to describe the water loss in a
natural system due to surface evaporation and transpiration from vegetation, which
often do not need to be separated in hydrogeology (Fetter & Kraemer, 2022). It is
one of the main parameters when studying the hydrological characteristics of a site
and has historically been very important in agriculture. However, measuring PET
directly is difficult and expensive, and therefore several methods for estimating PET
have been developed over the years (Vremec et al., 2024).

To obtain PET time series, the Python package PyEt was used. PyEt is an open-
source Python package that uses meteorological data to estimate daily PET (Vremec
et al., 2023). At the time of writing the package supports PET estimations based on
18 different methods. The parameters needed for estimating PET with all methods
are, mean, minimum and maximum day temperature [°C], mean day wind speed
[m/s], incoming solar radiation [MJ m~2 d~!|, site elevation [masl.], site latitude,
and mean, minimum and maximum relative humidity [%]. All the methods in
PyEt are presented in Table 3.1. There are three types of PET methods, that use
different parameters: methods based on radiation, methods based on temperature,
and methods based on a combination of both (Vremec et al., 2023). Most methods
have been developed focusing on agriculture.

13
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Table 3.1: All methods for estimating PET in the PyEt Python package.

Method Name Model Type | Reference

Penman Combination | (Penman, 1947)

FAO-56 Combination | (Allen et al., 1998)
Priestley-Taylor Combination | (Priestley & Taylor, 1972)
Kimberly-Penman | Combination | (Wright, 1982)

Thom-Oliver Combination | (Thom & Oliver, 1977)
Blaney-Criddle Temperature | (Blaney & Criddle, 1950)
Hamon Temperature | (Hamon, 1963)

Romanenko Temperature | (Romanenko, 1961)

Linacre Temperature | (Linacre, 1977)

Haude Temperature | (Haude, 1955)

Turc Radiation (Turc, 1961)

Jensen-Haise Radiation (Jensen & Haise, 1963)
McGuinness-Bordne | Radiation (McGuinness & Bordne, 1972)
Hargreaves Radiation (Hargreaves & Samani, 1983)
FAO-24 Radiation (Jensen et al., 1990)

Abtew Radiation (Abtew, 1996)

Makkink Radiation (Makkink, 1957)

Oudin Radiation (Oudin et al., 2005)

3.3.3 Groundwater Head Data

Groundwater head data was needed for the models in the first modelling stage for
calibration. The groundwater head was collected at nine locations with pressure
transducers that were placed in groundwater wells measuring absolute pressure,
see Figure 2.4. An additional transducer was placed above the water column in
another groundwater well to measure the barometric pressure. The transducers
yield the pressure in cm H,O. By subtracting the barometric pressure from the
absolute pressure in each time step, the remaining value is the pressure exerted
by the water column above the diver level. This procedure is done for barometric
compensation and gives a comprehensible value since the transducers measure the
pressure in cm HyO. This could then be transformed to meters above sea level (masl.)
by subtracting the diver depth in the well from the reference level. By then adding
the water column height, the values have been transformed from absolute pressure
in cm HyO to masl. Figure 3.3 illustrates conceptually how this was done.

3.3.4 Stream Level Data

Stream level data was needed for the SLMs in the second modelling stage to use it
as a time series for calibration. The data was obtained from an additional pressure
transducer placed in a groundwater well located in the Geta stream. The stream
level is calculated with the same principle as the groundwater head data, using the
barometric data for compensation. The groundwater well with this data is located
close to well 225119GU, see Figure 2.4.

14
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v RL: Reference level

Water column heightg

RL - DD : o
R ’ \/ DbD: Diver depth

Figure 3.3: Visualisation of conversion from pressure to masl.

3.3.5 Stream Flow Data

Stream flow data was needed for the TFMs in the second modelling stage to use it
as a time series for calibration. The measurements were collected continuously at
a point called MP4 Algutsbo by Trafikverket, which is located downstream of the
divers, see Figure 2.4.

3.3.6 Estimation of Baseflow

Baseflow data was needed in the calibration of the BFMs, in the second modelling
stage. Baseflow is defined as the part of the total flow in a stream that originates
from groundwater and depends on the specific conditions of a watercourse (Fetter
& Kraemer, 2022). It has been shown that baseflow in Sweden, even during precip-
itation events, can be as high as 95%, meaning that almost all flow originates from
groundwater in that case (Rodhe, 1987). Estimating how much of the total flow in
a stream is baseflow is complicated, and there are several methods that can be used
to estimate it. The Python package Baseflow uses 12 different methods for baseflow
separation and chooses the best result based on the metric Kling-Gupta efficiency
(KGE) (Xie et al., 2020). The best performing model is then exported and used for
calibration in the BFMs.

3.3.7 All Processed Input Data

All these data sets were used either as independent stresses in the models or as
dependent series for calibration. All the processed input data sets are presented in
Table 3.2 as daily values.
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Table 3.2: All data sets after processing, resampled to daily values. The asterisk

indicates that the data is modelled instead of measured.

Data Set Unit Start of Series | End of Series
Temperature °C (mean) 1995-12-17 2024-04-09
Precipitation mm (total) 1995-12-14 2024-04-09
Potential Evapotranspiration®™ | mm (total) 1995-01-01 2024-04-09
Groundwater Head masl. (mean) | 2022-12-07 2024-03-19
Stream Level masl. (mean) | 2022-12-07 2024-03-19
Stream Flow /s (mean) | 2022-12-01 2024-04-04
Stream Baseflow™ m?3/s (mean) | 2022-12-01 2024-04-04

3.4 Modelling Stage 1: Groundwater Head
Models

The first modelling stage consisted of creating models for groundwater head (GWM)
for each diver location. This was done using the Python package Pastas. Four sets
of input data were needed for each GWM: precipitation, temperature and potential
evapotranspiration for stresses, and measured groundwater head for calibration. In
total, nine GWMs could be created since there were nine divers measuring ground-
water head, and one measuring barometric pressure. However, three of these were
later discarded, see Section 4.1.

Each model was created through an iterative process of testing different stress mod-
els and changing model parameters. The optimisation aimed at finding a model
variation that both performed well continuously over the calibration and valida-
tion periods, and that represented the real system as accurately as possible. When
a final model variation was chosen, simulations were done for each PET method
across the calibration and validation period. The four best PET methods were then
highlighted, and the best performing model was used for the next modelling stage.

3.5 Modelling Stage 2: Stream Flow, Stream
Baseflow, and Stream Level Models

The aim of the second modelling stage was to model stream total flow, stream
baseflow and stream level, using extended groundwater head data from the first
modelling stage as stresses. Three types of models were created: baseflow models
(BFMs), total flow models (TFMs), and stream level models (SLMs). Each model
type used a different dependent series for calibration, i.e., baseflow for the BFMs,
total flow for the TFMs, and stream level for the SLMs, see Table 3.2.

Two types of stresses were added to all these models: one RechargeModel represent-

ing recharge with precipitation and PET data, and one StressModel with extended
groundwater head data from one of the GWMs from the first stage. Since there

16
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were six complete GWMs, six models of each type could be created, each using a
different groundwater head series as a stress. An example is the model labelled
TFM-17THB102, presented in Section 4.2.2, which modelled the total stream flow
by using a total flow series for calibration, and a groundwater head series from
well 17THB102 as a stress. The modelling development process was iterative and
exploratory, to identify a general baseline model that was not too complex and that
produced reasonable results consistently. In practice, this means that the models
were run in several iterations trying out different combinations of stress models,
response functions and parameters, like turning on and off presence of snow and
groundwater uptake.

3.5.1 Extending Groundwater Series From GWM

When a stress is added to a Pastas model, a default warm-up period of 10 years is
automatically implemented. This means that any stress time series that is added
in a stress model must have data for the last 10 years. By using the GWMs from
the previous modelling stage, the existing time series for groundwater head could be
extended by simulations, since the GWMs only used precipitation and PET. This
was done for each GWM. An extra quality control step was added at this point
by controlling the simulated levels with manually measured values for nearby wells.
Since there are many groundwater wells in the area that have been part of control
programs over the years, there were time series with monthly values for some of
them. By standardising the results, a visual quality control could be done to check
model fits.

3.6 Model Evaluation

To evaluate the model results, the metric coefficient of determination, R?, was used.
R? is a metric that ranges from 0 to 1 and that describes how much of the variation
in one series, e.g., measured groundwater head, is explained by another series, e.g.,
modelled groundwater head (Britannica, 2024). Using R? on its own has some
limitations as it does not show if a model is biased, with values continuously too
high or too low, or overfitted, i.e., too adjusted to the calibration data (Frost, 2024).
It is good practice to also evaluate the residual plots when using R?. In this study
R? was used as a general metric to compare models, and its use is discussed further
in Section 5.3. The choice of the best model variations was mainly based on the
results in validation, since that describes the real performance of the model with
data that it has not been calibrated against.
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Results

This chapter presents the results for the first and second modelling stage. For each
modelling stage, data, model development, and specifications of the final models are
presented. By simulating the models iteratively, using different PET methods, a
more in-depth analysis of the impact of PET data was performed.

4.1 Modelling Stage 1: GWM

Of the nine time series from divers, six were considered to be good enough, based on
data quality and continuity, for creating a groundwater head model (GWM). The
data sets for divers EB938 (17S1KB15), EG551 (15S113GU) and X3469 (165113GU)
were discarded during the model development process, mainly due to lack of consis-
tent data and overall short measuring periods. The lack of data made it difficult to
properly calibrate and validate the models.

For each model, measured groundwater head was used as a time series for calibration
in Pastas. Time series for precipitation, PET and temperature were added as stresses
to the models. Table 4.1 and Figures 4.1 and 4.2 present the time series of these
inputs. Of the six measured groundwater head series, four have a length of 15
months, and two have a length of 8 months. To maintain consistency across the
different models, the ratio 75-25% was chosen to divide the periods into calibration
and validation. The main reason for this choice of ratio was that a calibration period
of one year was desired, to capture the variations over one whole year. Detailed
model results from the calibration period are presented in Appendix B.

Table 4.1: Precipitation, temperature and PET data used for the GWMs.

Time series | Source Start of series | End of series
Precipitation | Measured (SMHI) | 1995-12-14 2024-04-09
Temperature | Measured (SMHI) | 1995-12-17 2024-04-09
PET Estimated (PyEt) | 1996-02-01 2024-04-09
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Temperature and Precipitation Time Series
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4.1.1 GWM-225108GU

Well 22S5108GU was driven in soil approximately 130 m from the Geta stream in
the middle of the area, with an elevation of 76 masl. The model contains one
stress model, a RechargeModel used to represent the recharge in the system with
precipitation and PET data. The RechargeModel uses a FlexModel with a Gamma
response function and accounts for groundwater uptake and presence of snow. The
calibration period for the model is eleven months, from 2022-12-22 to 2023-11-22,
and the validation period is four months, from 2023-11-22 to 2024-03-19. The results
for the different PET methods are presented in Figure 4.3.
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Figure 4.3: Results for GWM-225108GU across the calibration and validation
periods for all the PET methods.

The PET methods that produce the best results for GWM-22S108GU during cali-
bration and validation are presented in Table 4.2. Turc’s PET method was chosen
as the best method for the next modelling stage.

Table 4.2: Top four results for GWM-22S108GU based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method | R? Calibration | R? Validation
Blaney-Criddle | 0.99 0.81
Linacre 0.89 0.89
Turc 0.95 0.94
Jensen-Haise 0.97 0.79
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4.1.2 GWM-17HB103

Well 17THB103 was driven in rock approximately 2 km east of the Geta stream,
close to well 17THB104, with an elevation of 140 masl. The model contains one stress
model, a TarsoModel used to represent the recharge in the system with precipitation
and PET data. The TarsoModel uses a FlexModel with an Fxponential response
function and accounts for groundwater uptake and presence of snow. The calibration
period for the model is eleven months, from 2022-12-22 to 2023-11-22, and the
validation period is four months, from 2023-11-22 to 2024-03-19. The results for the
different PET methods are presented in Figure 4.4.
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Figure 4.4: Results for GWM-17THB103 across the calibration and validation pe-
riods for all the PET methods.

The PET methods that produce the best results for GWM-17HB103 during calibra-
tion and validation are presented in Table 4.3. Turc’s PET method was chosen as
the best method for the next modelling stage.

Table 4.3: Top four results for GWM-17HB103 based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method | R? Calibration | R? Validation
Priestley-Taylor | 0.99 0.52
Blaney-Criddle | 0.99 0.54
Turc 0.99 0.59
Hargreaves 0.99 0.49
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4.1.3 GWM-17HB102

Well 17HB102 was driven in rock approximately 2 km west of the Geta stream
with an elevation of 103 masl. The model contains one stress model, a TarsoModel
used to represent the recharge in the system with precipitation and PET data. The
TarsoModel uses a FlexModel with an Ezponential response function and accounts
for groundwater uptake and presence of snow. The calibration period for the model
is eleven months, from 2022-12-22 to 2023-11-22, and the validation period is four
months, from 2023-11-22 to 2024-03-19. The results for the different PET methods
are presented in Figure 4.5.
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Figure 4.5: Results for GWM-17THB102 across the calibration and validation pe-
riods for all the PET methods.

The PET methods that produce the best results for GWM-17HB102 during calibra-
tion and validation are presented in Table 4.4. McGuinness-Bordne’s PET method
was chosen as the best method for the next modelling stage.

Table 4.4: Top four results for GWM-17HB102 based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method R? Calibration | R? Validation
Thom-Oliver 0.97 0.67
Blaney-Criddle 0.95 0.68
McGuinness-Bordne | 0.95 0.73
FAO-24 0.94 0.68
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4.1.4 GWM-225107GU

Well 225107GU was driven in soil approximately 130 m from the Geta stream close to
well 225108GU, with an elevation of 76 masl. The model contains one stress model,
a RechargeModel used to represent the recharge in the system with precipitation and
PET data. The RechargeModel uses a FlexModel with a Gamma response function
and accounts for groundwater uptake and presence of snow. The calibration period
for the model is eleven months, from 2022-12-22 to 2023-11-22, and the validation
period is four months, from 2023-11-22 to 2024-03-19. The results for the different
PET methods are presented in Figure 4.6.
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Figure 4.6: Results for GWM-225107GU across the calibration and validation
periods for all the PET methods.

The PET methods that produce the best results for GWM-225107GU during calibra-
tion and validation are presented in Table 4.5. McGuinness-Bordne’s PET method
was chosen as the best method for the next modelling stage.

Table 4.5: Top four results for GWM-225107GU based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method R? Calibration | R? Validation
FAO-56 0.96 0.88
McGuinness-Bordne | 0.92 0.92
Hargreaves 0.94 0.88
Abtew 0.96 0.87
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4.1.5 GWM-225119GU

Well 225119GU was driven in soil approximately 10 meters from the Geta stream,
close to the flow measurement point MP4 Algutsbo, with an elevation of 59 masl.
The model contains one stress model, a RechargeModel used to represent the recharge
in the system with precipitation and PET data. The RechargeModel uses a Flex-
Model with a Gamma response function and accounts for groundwater uptake and
presence of snow. The calibration period is shorter than for previous models and is
six months, from 2023-07-13 to 2024-01-15. The validation period is two months,
from 2024-01-15 to 2024-03-19. The results for the different PET methods are pre-
sented in Figure 4.7.
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Figure 4.7: Results for GWM-225119GU across the calibration and validation
periods for all the PET methods.

The PET methods that produce the best results for GWM-225119GU during cal-
ibration and validation are presented in Table 4.6. Makkink’s PET method was
chosen as the best method for the next modelling stage.

Table 4.6: Top four results for GWM-22S119GU based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method | R? Calibration | R? Validation
Blaney-Criddle | 0.99 0.65
Jensen-Haise 0.99 0.64
Hargreaves 0.99 0.67
Makkink 0.99 0.71
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4.1.6 GWM-17HB104

Well 17THB104 was driven in rock approximately 2 km east of the Geta stream with
an elevation of 139 masl. The model contains one stress model, a TarsoModel used
to represent the recharge in the system with precipitation and PET data. The
TarsoModel uses a FlexModel with an Ezponential response function and accounts
for groundwater uptake and presence of snow. The calibration period is shorter also
for this model and is six months, from 2023-07-13 to 2024-01-15. The validation
period is two months, from 2024-01-15 to 2024-03-19. The results for the different
PET methods are presented in Figure 4.8.
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Figure 4.8: Results for GWM-17THB104 across the calibration and validation pe-
riods for all the PET methods.

The PET methods that produce the best results for GWM-17HB104 during calibra-
tion and validation are presented in Table 4.7. Blaney-Criddle’s PET method was
chosen as the best method for the next modelling stage.

Table 4.7: Top four results for GWM-17HB104 based on R? across the calibration
and validation periods. The best model is highlighted in green.

PET method R? Calibration | R? Validation
Blaney-Criddle 0.98 0.30
Linacre 0.94 0.23
McGuinness-Bordne | 0.98 0.21
Oudin 0.98 0.21
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4.1.7 GWM Summary

The best GWMs were used to extend the groundwater head time series in the next
modelling stage. Two model results are significantly better than the others, GWM-
225108GU and GWM-225107GU, which were based on data sets measured close to
the Geta stream. Table 4.8 presents a summary of the best performing GWMs.

Table 4.8: Calibration and validation results of chosen models for each GWM that
was used further in the second modelling stage. The asterisk highlights the models
with shorter time series.

GWM Well type | PET method R? Cal. | R? Val.
GWM-225108GU | Soil Turc 0.95 0.94
GWM-17THB103 Rock Turc 0.99 0.59
GWM-17HB102 Rock McGuinness-Bordne | 0.95 0.73
GWM-225107GU | Soil McGuinness-Bordne | 0.92 0.92
GWM-225119GU* | Soil Makkink 0.99 0.71
GWM-17HB104* | Rock Blaney-Criddle 0.98 0.30
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4.2 Modelling Stage 2: TFM, BFM, and SLM

The six best performing GWMs were used to hindcast the existing groundwater head
series back to 2012-01-01. Two stresses were then added to the models: recharge,
with a RechargeModel with precipitation and PET data, and groundwater head with
a StressModel and a Gamma response function. In this stage three types of Pastas-
models were developed, Total Flow Models (TFM), Baseflow Models (BFM), and
Stream Level Models (SLM). Six models of each type could be created, each using a
different groundwater head series as a stress. All models represent the system at the
flow measurement point called MP4 Algutsbo, see Figure 2.4. All BFMs and TFMs
presented in this section had a calibration period of twelve months, from 2022-12-01
to 2023-12-01, and a validation period of four months, from 2023-12-01 to 2024-04-
01. The SLMs were a few days shorter due to limited data, starting on 2022-12-07
and ending on 2024-03-19. The choice of the best model variations was based mainly
on the performance in validation, given that the performance in calibration was good
in relation to the other model variations. The specific contribution of each stress
model is also presented for the best model variation of each model type.

4.2.1 Baseflow Models (BFM)

To calibrate a model that simulates the baseflow in the stream, a time series for
the baseflow is needed. After applying baseflow separation with different methods,
the EWMA-method proved to be the best performing one based on Kling-Gupta
efficiency. The resulting baseflow series is presented in Figure 4.9.
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Figure 4.9: Total flow and baseflow series for measuring point MP4 Algutsbo after
baseflow separation with the best performing method, EWMA.

With the obtained baseflow time series, Pastas models for simulating baseflow,
BFMs, could be developed. The BFMs included two stress models. The first one
is a RechargeModel with a Gamma response function, accounting for groundwater
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4. Results

uptake and presence of snow, used to represent recharge. The second one is a Stress-
Model with a hindcasted groundwater head series and a Gamma response function.
Each model was tested with the 18 different PET methods, and the three best model
results were selected for evaluation. The results for the six baseflow models, with
the three best PET methods for each, are presented in Table 4.9.

The best-performing BFM is BFM-225119GU with Turc’s PET method, and the
contribution for each of the two stress models, in the calibration period, is presented
in Figure 4.10. Running the model with only a RechargeModel results in R*=0.93.
With both stress models added there is a slight improvement, with R?=0.96.
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Figure 4.10: Contributions of the two stress models for BFM-225119GU with
Turc’s PET method. The data has been adjusted with baseline adjustment, mean-

ing that the initial value is set as a reference value and the absolute variation is
presented.
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Table 4.9: Top three results for each of the six baseflow models.

Best models

highlighted in green. Mean result for the best model of each GWM is shown in the

last row.
Baseflow Model Results
GWM PET method | R? Calibration | R? Validation
Hamon 0.94 -0.40
225108GU | Ture 0.94 -0.06
Jensen-Haise 0.89 -0.39
Blaney-Criddle | 0.93 -0.53
17HB103 | Hamon 0.91 -0.48
Jensen-Haise 0.92 -0.38
Penman 0.82 -0.26
17HB102 | Hamon 0.93 -0.61
Oudin 0.96 -0.50
Hamon 0.92 -0.67
225107GU | Haude 0.87 -0.68
Turc 0.94 0.03
Turc 0.96 0.62
225119GU | Abtew 0.83 0.05
Oudin 0.93 -0.40
Hamon 0.89 -0.40
17HB104 | Jensen-Haise 0.91 -0.33
Oudin 0.91 -0.48
Mean (of best models) | 0.90 -0.06
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4.2.2 Total Flow Models (TFM)

For the TFMs, the aim was to develop models capable of simulating the total flow
in the stream, therefore the total measured stream flow, i.e., the blue series in Fig-
ure 4.9, was used as a time series for calibration. These models also included two
stress models, a RechargeModel with a Gamma response function and accounting for
groundwater uptake and presence of snow, and a normal StressModel with a hind-
casted groundwater head series and a Gamma response function. Like the BFMs;,
each TFM was tested with the 18 different PET methods, and the three best model
results were selected for evaluation. The results for the six total flow models, with
the three best PET methods for each, are presented in Table 4.10.

The best-performing TFM is TFM-225107GU with Priestley-Taylor’s PET method,
and the contribution for each of the two stress models, in the calibration period,
is presented in Figure 4.11. Running the model with only a RechargeModel results
in R?=0.85. With both stress models added there is a slight improvement, with
R%=0.88.
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Figure 4.11: Contributions of the two stress models for TFM-225107GU with
Priestley-Taylor’s PET method. The data has been adjusted with baseline adjust-
ment, meaning that the initial value is set as a reference value and the absolute
variation is presented.
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Table 4.10: Top three results for each of the six total flow models. Best models
highlighted in green. Mean result for the best model of each GWM is shown in the
last row.

Total Flow Model Results

GWM PET method | R? Calibration | R? Validation
Turc 0.90 0.64
225108GU | Jensen-Haise 0.94 0.45
Hargreaves 0.86 0.48
FAO-56 0.85 0.49
17THB103 | Blaney-Criddle | 0.90 0.46
Hargreaves 0.88 0.47
Turc 0.89 0.52
17HB102 | Jensen-Haise 0.90 0.63
FAO-24 0.89 0.61
Priestley-Taylor | 0.88 0.66
225107GU | Turc 0.92 0.47
Abtew 0.85 0.52
Linacre 0.88 0.43
225119GU | Jensen-Haise 0.89 0.49
Oudin 0.92 0.40
Penman 0.91 0.36
17HB104 | Turc 0.92 0.38
Oudin 0.93 0.50
Mean (of best models) | 0.89 0.57
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4.2.3 Stream Level Models (SLM)

For the stream level models (SLMs), the time series from diver DF155, placed in
the Geta stream, was used after barometric compensation. The data is presented in
Figure 4.12.
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Figure 4.12: Stream level data above the pressure transducer used for calibrating
the SLMs.

The SLMs included two stress models like the BFMs and TFMs, a RechargeModel
with a Gamma response function and accounting for groundwater uptake and pres-
ence of snow, and a normal StressModel with a hindcasted groundwater head series
and a Gamma response function. Each SLM was tested with the 18 different PET
methods, and the three best model results were selected for evaluation. The results
for the six stream level models, with the three best PET methods for each, are pre-
sented in Table 4.11.

The best-performing SLM is SLM-225107GU with Blaney-Criddle’s PET method,
and the contribution for each of the two stress models, in the calibration period, is
presented in Figure 4.13. Running the model with only a RechargeModel results in

R2=0.71. With both stress models added there is a considerable improvement, with
R2=0.87.
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SLM-225107GU (Blaney-Criddle)
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Figure 4.13: Contributions of the two stress models for SLM-22S107GU with
Blaney-Criddle’s PET method. The data has been adjusted with baseline adjust-

ment, meaning that the initial value is set as a reference value and the absolute
variation is presented.
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Table 4.11: Top three results for each of the six stream level models. Best models
highlighted in green. Mean result for the best model of each GWM is shown in the
last row.

Stream Level Model Results

GWM PET method R? Calibration | R? Validation
Blaney-Criddle 0.88 0.52
225108GU | Hargreaves 0.85 0.54
Abtew 0.81 0.46
Priestley-Taylor 0.84 0.58
17THB103 | Jensen-Haise 0.80 0.65
Hargreaves 0.84 0.55
Penman 0.71 0.62
17THB102 | Hargreaves 0.85 0.52
FAO-24 0.72 0.59
Blaney-Criddle 0.87 0.66
225107GU | Jensen-Haise 0.72 0.58
McGuinness-Bordne | 0.88 0.42
Penman 0.70 0.48
225119GU | Kimberly-Penman 0.74 0.50
Abtew 0.71 0.28
Blaney-Criddle 0.81 0.65
17HB104 | Turc 0.79 0.56
FAO-24 0.80 0.56
Mean (of best models) 0.80 0.60
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Discussion

In this chapter the results from both modelling stages are analysed and discussed.
The method is evaluated further by analysing uncertainties in the models and lim-
itations in the modelling approach. Lastly, further development and application of
the method is discussed.

5.1 Model Evaluation: GWM

The GWMs in modelling stage 1 perform quite well in estimating the groundwater
head, with all values higher than R?=0.90 in the calibration period. In the valida-
tion period, however, some models perform worse with values around R?=0.70 and
below, see Table 4.8. Two factors that influence the results and that contribute to
this variation can be identified. The first one is the type of well from which the time
series was collected. During model development, the models created from time series
originating from wells driven in rock proved to be considerably harder to model. Us-
ing a TarsoModel for these wells continuously produced better results, being better
at simulating the threshold effect behaviour that those time series displayed. The
time series for those wells often displayed drastic peaks and troughs at certain levels,
compared to soil well time series that had smoother changes. This could be related
to the fracture network in the rock, its connectivity with other aquifers and surface
water bodies, as well as the fractures intersecting with the well. Therefore, using that
stress model for recharge was preferred in models based on wells in rock. However,
even with this optimisation procedure of finding the best stress model for the data,
it can be seen in Table 4.8 that the GWMs for 17HB103, 17THB102 and 17THB104
performed worse as a group compared to 225108GU, 225107GU and 225119GU that
used data from wells in soil. Both model variations use the same input data, precipi-
tation and PET, so it can therefore be concluded that with this simplified approach,
it is easier to model groundwater head variation for a well in soil, than a well in rock.

The second factor that can be identified is the length of the time series. It is intu-
itively logical that the more data a model has for calibration, the better it will be at
representing the real system. This can be observed in the results for the GWMs for
225119GU and 17HB104 in Figure 4.8, which were calibrated during summer and
autumn, and validated during winter. The seasonal variations can be significant in
hydrogeological contexts and should be considered when choosing calibration peri-
ods. Using a calibration period of one full year allows the model to adapt to seasonal
patterns, making it better at predicting future variations.

35



5. Discussion

Regarding the choice of PET, it is difficult to draw specific conclusions about which
methods are best to use. The conclusion that could be drawn from the results in the
first stage is that the methods Blaney-Criddle, McGuinness-Bordne and Hargreaves
seem to produce good results for this application.

5.2 Model evaluation: BFM, TFM, and SLM

The performance of the second stage models varies significantly. The results from
the first modelling stage are important to consider when evaluating the results from
the second stage, since the models from the first stage were used to extend the ex-
isting groundwater head series.

Results for the baseflow models in Table 4.9 are good in the calibration period with
R? values above 0.85, but very poor in the validation period with most values being
even negative. A possible explanation for this is the baseflow separation procedure
performed before creating the models. The different methods used in the Baseflow
package yield very different results, and do not consider specific local conditions.
The methods are simple and only use one parameter, the size of the catchment area.
Using modelled baseflow as a calibration time series therefore means that the BFMs
are calibrated against a potentially poor data set. Therefore, using baseflow data
that has been modelled through baseflow separation theory does not seem to be a
good approach for this type of application due to the inability to account for local
conditions.

The total flow models perform significantly better than the baseflow models in the
validation periods, with the best models producing results higher than R?=0.60. The
performance in the calibration period was good, with values higher than R>=0.85. A
main difference between the BFMs and TFMs is that they should capture different
system behaviours. The BFMs should capture less drastic changes in the flows, as
it should represent slower processes. The TFMs, on the other hand, should cap-
ture drastic flow rate changes impacted by precipitation events. This could mean
that different PET methods could work better for each model type. For the BFMs,
methods like Hamon, Oudin, Turc and Jensen-Haise, repeatedly perform better than
other methods, but still the overall results for the BFMs are not satisfactory. For
the TFMs, Turc and Jensen-Haise perform well repeatedly, but Hamon does not
appear at all in the top results. Most methods used for estimating PET were de-
veloped for agricultural purposes, and the methods use different parameters. What
can be concluded within the scope of this thesis is that in this type of application,
the different methods have a significant impact on the result. To be able to draw
more specific conclusions about which methods to use in the context of hydrogeology
and for certain local conditions, it is recommended that these methods are evaluated
further in future research. The best-performing methods in this study could be com-
pared more in detail, to identify trends by looking at, e.g., maximum and minimum
values and time lag. Additionally, they could be tested in different models, repre-
senting different site conditions, to see the resilience and consistency of the methods.
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The stream level models performed slightly worse than the BFMs and TFMs in the
calibration period, but still produced good results overall with R? values above 0.80.
In the validation period, however, the SLMs performed as good as the TFMs with
R? values around 0.60. This means that the developed models capture most of the
variations in stream level and stream total flow, indicating that it is possible to use
this approach to describe the impact of groundwater drawdown on the stream. How-
ever, there does seem to be some room for improvement since there is a discrepancy
between the calibration and validation results for the TFMs and SLMs, indicating
some degree of overfitting.

From the graphs showing the contributions of each stress model, Figures 4.10, 4.11
and 4.13, it can be concluded that the stress models related to groundwater head
have a minor impact on the daily variations in stream flow and baseflow. For stream
level, however, it seems like the groundwater head stress model has a larger contri-
bution. The low contribution of the groundwater head stress model might be due
to the recharge stress model representing the system’s response to precipitation and
PET, where groundwater head is already included. The added groundwater head
stress model might be adding some specific information, hence the minor increase
in model performance. One interesting aspect is that groundwater head seems to
have a positive contribution during summer for the BEFMs and TFMs, but a negative
contribution for the SLMs. Unfortunately, a deeper analysis of these trends could
not be done within the scope of this thesis due to time constraints.

This type of data-driven modelling using impulse-response functions has been done
in previous research by Long (2015), where a similar model based on time series
was developed for simulating stream flow. In the study, it was concluded that it
is possible to accurately simulate stream flow using this approach, and the benefits
of using data-driven modelling in hydrogeological contexts are highlighted further.
However, the study also highlights that in complex systems, like in karst, more com-
plex models might be required. Another study by Lu et al. (2022) also explored
groundwater-surface water interactions using two steps and focusing on specifically
baseflow. The baseflow separation techniques applied in the study are more ad-
vanced than the ones used in this thesis, as they combined several methods and
were able to adapt the baseflow separation more to local conditions. The study
concludes that the simulated groundwater inflow captures some of the variations
in the baseflow, but not the peaks, and that the differences are related to delayed
water release from other storages. More detailed techniques for baseflow separation
therefore seem to improve the model performance.

It is worth noting that the used metric, R?, considers all variations, including the
peaks, which can be quite significant in the stream flow series. Other metrics might
need to be used to continue the optimisation process and finding the best model
variations, which is discussed further in the following Section 5.3.
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5.3 Uncertainties and Method Limitations

Models are simplified representations of a complex reality, and always include some
degree of uncertainties. This is especially true when modelling in several steps,
where uncertainties can accumulate and have a significant impact on the results. In
the method that has been developed in this study, this is particularly relevant in the
second stage model results. All models related to 17HB104 and 17HB103 should be
evaluated carefully, as the results for these two GWMs produced R? values below
0.60 in the first stage.

Another challenge in modelling is overfitting, which can occur during model devel-
opment when the model is allowed too much flexibility in its parameters and fits
the calibration excessively (IBM, 2024). This results in a model that yields good
results initially in calibration, but that performs worse when trying to predict values
in validation. This was observed continuously during the iterative model develop-
ment process. Some of the model parameters in Pastas produce good calibration
results but poor validation results. It is therefore very important to understand the
parameters in the models and validate during the model development. This was
clearly observed in the BFMs, where most calibration results were above R?=0.90,
but most validation results were negative.

Another important factor to consider is the choice of metric for model evaluation.
In this method the coefficient of determination, R?, was chosen as it offers the op-
portunity to quickly compare different model variations. However, using R? as a
single metric for model evaluation can be misleading as it does not show bias or
overfitting, and it is therefore better to combine R? with other metrics (Ford, 2015).
If the data for the case study was to be analysed further, other and more specific
measures could be used used for evaluating results. This would make it possible to
draw more specific conclusions. One of these measures is MAEq 5, which is the mean
absolute error for the lowest 20 % of values (Ahmed, 2023). The most important
aspect for the case study is how the stream might be affected during the most vul-
nerable periods of the year, which will occur during the summer months when the
water levels are at their lowest. Using this metric would improve the model optimi-
sation process, by identifying which model variation captures this behaviour best.
Another suggestion is evaluating model results using Spearman’s rank correlation
coefficient, which is non-parametric and uses monotonic functions to describe cor-
relation between two variables, meaning that the variations can be studied instead
of absolute values (Laerd Statistics, 2018).

5.4 Further Development and Application

The method that has been developed within the scope of this study is an initial data-
driven method that can be used to model stream flow rate and stream level. For
the specific case study, the next step could be to simulate different leakage rates in
the tunnel, to see how the groundwater and the stream is affected by leakage to the
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tunnel. Doing this, and hence getting a better understanding of the groundwater-
surface water interactions of the site, would allow for a clearer communication in the
permit process. In terms of modelling, this could mean performing a pump test in
the area and use the results as calibration data in the models. An additional stress
model could then be added to the models to simulate the water loss due to leakage,
since pumping has the same effect on groundwater level as leakage by lowering it.
The impact on the stream could then be simulated.

Another possible improvement for the method is to use longer time series by continu-
ing the measurements on the site. With longer calibration periods the models would
become better at representing the hydrogeological behaviour at the site. Combining
this with more metrics for model evaluation, as mentioned in Section 5.3, would
improve the optimisation process. A part of this is understanding which PET meth-
ods are most suited for different conditions. In all results in both modelling stages,
using different PET methods for recharge produces very different modelling results.

An important aspect to study further is the applicability of the developed method,
i.e., to identify in which type of projects the method could be used. The developed
data-driven approach is simpler in several aspects than process-based models that
require more specific details of the site. The aim of the data-driven approach is to
develop a more general conceptual understanding of the behaviour of the ground-
water at the site. It is easier to implement and quicker to obtain results, but it is
not possible to, e.g., see in detail how a specific point or small area will be affected
by a change in the system, which is possible in a process-based numerical model.
The choice of method therefore depends on several factors, e.g., what is being stud-
ied, what level of detail is needed, and available resources. It might be possible
that different modelling approaches could be used within the same project, but at
different stages. In large infrastructure projects, like the one used as a case study
here, groundwater levels are often monitored over longer periods of time, which is
the only thing needed in the proposed method alongside basic meteorological data.
However, data resolution needs to be considered, as this approach works better with
daily values. Monitoring programs in early investigation programs might only collect
groundwater head data once a week or once a month. This type of data-driven mod-
elling approach does not aim at replacing existing modelling, but should rather be
seen as an additional tool for representing natural, complex hydrogeological systems.
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Conclusions

The data-driven method developed in this study consists of two modelling stages.
Results from the first stage show that with the limited data-approach used, the
method is better for modelling groundwater head changes in soil, compared to in
rock. The length of the calibration period also proved to have a significant impact
on the results, with longer calibration periods performing better.

In the second modelling stage, it was seen that modelling the baseflow yielded poor
results, with only a few models producing positive R%-values in validation. This is
assumed to be related to the baseflow separation which introduces additional uncer-
tainties to the modelling. The TFMs and SLMs produced better results, with mean
results in validation of R?=0.57 and R?=0.60. The TFMs and SLMs both showed
signs of overfitting with higher calibration results at 0.89 and 0.80. Overall, this
means that the models capture most of the variations in stream level and stream
flow, and describe the groundwater-surface water interactions fairly well.

The analysis of PET methods shows that the different methods can have a signif-
icant impact on the results. For the GWMs, Blaney-Criddle, McGuinness-Bordne
and Hargreaves were best, while Turc and Jensen-Haise were better for the BFMs,
TFMs and SLMs. Further analysis is recommended to better understand which
methods work best under different conditions.

Noteworthy limitations in the method that can be considered in further work are
the metrics used for model evaluation. R? could be used with additional metrics
like MAE(, and residual plots that would improve the model performance and un-
derstanding. Another improvement for further work is using longer time series for
longer calibration periods, to give the models more calibration data and see model
performance across more seasons.

The developed method constitutes a simplified and data-driven approach for analysing
groundwater-surface water interactions. The approach works better for simulating
total stream flow and stream level, compared to stream baseflow. Some improve-
ments, like using additional metrics and pump test data, could be made to increase
method performance and reliability. The data needed for this type of approach is
relatively easy to obtain, making it an additional relevant tool for representing and
understanding hydrogeological systems. Overall, with the proposed further devel-
opment, the method has good potential to be used for describing the groundwater-
surface water interactions of the case study and other similar projects.
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Appendix A - Programming with
Python: All scripts

All the coding was done using Python version 3.11.8 in Jupyter Notebooks in the
Visual Studio Code software. The artificial intelligence tool ChatGPT model 4.0 was
used continuously during the iterative modelling process, mainly for troubleshoot-
ing code. All the scripts used in the project are published on the following GitHub
repository: https://github.com/J-AltiGran/hydro__thesis.git

The input data is not open-source and could not be added to the GitHub repository.
The file structure in the repository is presented in Figure A.1.

1 - Input data

2 - Data processing

3 - Stage 1: Groundwater head models (GWM)
4 - Groundwater head time series extension

5 - Stage 2: Flow and level models
Baseflow models (BFM)

Total flow models (TFM)

Stream level models (SLM)

Figure A.1: File structure of the project in the GitHub repository.


https://github.com/J-AltiGran/hydro_thesis.git

Appendix B - Calibration results
GWDMs

This appendix presents the calibration results for the groundwater head models
(GWNMs) in the first modelling stage. The best model variation for each GWM is
presented. As mentioned in Appendix A, all scripts for the project are published on
GitHub.

B.1 GWM-225108GU

eee ho —  Simulation (R2=95.35%) Model Parameters (n.=10)
name optimal stderr
rch_A 0.52 +30.71%
rch_n 1.21 14.78%
rch a 275.40 +39.75%
rch_srmax 127.16
rch_lp 0.25
rch_ks 325.47 £52.25%
rch_gamma 3.01 +24.20%
rch_kv 1.39 +26.26%
rch_simax 2.00
ch_gf 034 | +44.63%
— Residuals Tch_tt 170 | #14.13%
0.025 rch k 18.11 +32.16%
0:000 constant_d 65.01
—0 025 noise_alpha 48.51 +50.27%
Stresses I pre( Ture', Average day lemperalure] Step response
0.40 4
0.5 4
0.35 0.4 4
0.30 0.3 4
0.25 0.2 4
0.20 0.1 4
0.15 1 0.0
D’L o ()h ol o Dfa A0 AN o 500 1000 1500 2000
1013 g 1013 IR AR - Y R Y < A A Time [days]

Figure B.1: Calibration results for GWM-22S5108GU.
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B. Appendix B - Calibration results GWMs

B.2 GWM-17THB103

ees ho — simulation (R?=98.95%) Model Parameters (n;=13)
' name optimal stderr
Tarso Recharge AQ 14.08 =68 92%
144.5 1 K3 Tarso_Recharge a0 27194 =62 62%
Tarso_Recharge d0 15548 | +4351956%
144.0 Tarso_Recharge AL 444202 £1043%
Tarso_Recharge al 071 +19 46%
Tarso_Recharge dl 14435 | +4175115%
143.5 1 Tarso Recharge srmax 31167
Tarso Recharge Ip 025
143.0 Tarso_Recharge_ks 1401.60 =54.41%
Tarso_Recharge_gamma 395 =16.19%
Tarsa_Recharge kv 108 3291%
142.5 1 Tarso Recharge simax 200
T T T T T T T y T T T Tarso_Recharge of 5 16e.02 +43 10%
— Residuals —— Noise Tarsa_Recharge tt 090 =75 60%
0.25 Tarso Recharge k 112 £26.00%
0.00 constant_d 013
025 noise_alpha 950 +23 81%
—— Tarso_Recharge Stresses: ['prec’, Turc', 'Average day temperature'] Step response
144.5 4 5
144.0 19.0 1
143.5 1 5
.0 1
143.0 4
5
142.5 4
.0
T T T T T T T T T T T T T T T T T T
o o o« o © o o o® ) A0 A 0 250 500 750 1000 1250 1500 1750
1613 16?’ 101?) 107«1’ 1@":’ 1@":’ 1613 16?’ 10":’ 107} 16'?’ Time [days]

Figure B.2: Calibration results for GWM-17THB103.

B.3 GWM-17THB102

eee ho — Simulation (R2=95.32%) Model Parameters (n:=13)
name optimal stderr
Tarso_Recharge A0 276 =23 39%
107.07 Tarso_Recharge a0 6054 =18.68%
Tarso_Recharge_d0 104.06 =059%
106.5 Tarso_Recharge_AL 017 1%
Tarso_Recharge al 177 +11.48%
106.0 Tarso_Recharge d1 106.92 +8.37€-02%
Tarso_Recharge_srmax 92.15
Tarso_Recharge_Ip 025
105.5 4 Tarso Recharge ks 1659 =12 08%
Tarsa_Recharge_gamma 122 36.29%
105.0 4 Tarso_Recharge_kv 134 =867%
Tarso_Recharge_simax 2.00
T T T N T T T T T T T T Tarso_Recharge_gr 516e-08 | +4 556+07%
—— Residuals —— Noise Tarso_Recharge tt 054 =31 83%
0.25 Tarso_Recharge k 170 =19 04%
0.00 constant_d 047
—0.25 noise_alpha (=BT =44.90%

—— Tarso_Recharge Step response

107.5 +

107.0 4

106.5 4

106.0 4

105.5 +

N
1.‘5"'5'“
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Figure B.3: Calibration results for GWM-17THB102.
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B4 GWM-225107GU

ese ho — simulation (R?=92.14%) Model Parameters (n.=10)
name optimal stderr
64.6 7 rch_ A 4.50 +94.30%
64.5 rch_n 0.96 +5.06%
rch_a 1126.77 | £110.69%
64.4 1 rch_srmax 107.93
64.3 1 rch_lp 0.25
: rch_ks. 3.20 +20.26%
<
64.2 ’/ rch_gamma 2.36 +18.98%
rch_kv 112 +12.04%
641 rch_simax 2.00
T T T T T T T T T T T rch_gf 0.12 +45.31%
—— Residuals —— Noise rch_tt -2.10 | +125.28%
ol rch_k 1.01 | £156.76%
0.0 S adinn s constant_d 62.48
o4 . noise_alpha 86.91 | +80.21%
— ch Stresses: ['prec’, 'Mcguinness-Bordne', 'Average day temperature'] Step response
g
2.01
B4
1.8 1 b1
1
1.6 1
T T T 01 T T T T T T T
o ot » o o o Py o ) A0 o 0 1000 2000 3000 4000 5000 6000 7000
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Figure B.4: Calibration results for GWM-22S5107GU.
B.5 GWM-225119GU
L]
sss ho — Simulation (R?=98.48%) Model Parameters (n.=10)
name optimal stderr
6147 rch A 0.90 +62.53%
rch n 119 +2.98%
1 rch_a 339 86 +48.13%
61.2 rch_srmax 68.74
reh Ip 025
61.0 1 rch_ks 103.59 £597.09%
’ rch_gamma 114 +165.68%
reh kv 199 +61.82%
60.8 rch_simax 2.00
i rch_gf 0.99 +69.42%
T T T T T rch_tt -9.53 | +0.00e+00%
— Residuals —— Noise rch_k 10.91 | £0.00e+00%
0.05 T — constant_d 62.29
7332 1 "V'A noise_alpha 29 56 +52.26%
— rh Stresses: ['prec’, 'Makkink’, 'Average day temperature'] Step response
0.8 7
-1.01
0.6 7
~1.24
0.4 4
-1.44 0.2
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Figure B.5:

IV

Calibration results for GWM-22S119GU.



B. Appendix B - Calibration results GWMs

B.6 GWM-17THB104

* ho — simulation (R?=98.27%) Model Parameters {n:=13)

name optimal Stderr
137.25 Tarso_Rechargs AD 1545 $31911%
: Tarsa Recharge a0 959 95 +31829%
1 Tarsa_Recharge dD 13358 | *93073.56%
137.00 Tarso Rechargs AL 268202 £11.05%
Tarsa Recharge al 115 =15 96%
136.75 | Tarso_Recharge_dl 15741 | +0047570%
Tarso_Recharge srmax 309.75
136.50 1 Tarso_Recharge Ip 025
Tarso_Recharge ks 11289 =18.94%
136.25 | Tarso_Recharge_gamma 097 +7.56%
i Tarso Recharge kv 063 38.59%
] Tarso_Recharge simax 200
136.00 T T | 1 1 I Tarso_Recharge_gf 058 +36.29%
J— J— Tarso_Recharge_tt 154 =12.76%
Residuals Noise Tarso Recharge k 1034 =12.31%
89 A, constant d 023
—0.1 noise_alpha 12.03 +35 12%
. T T T T T T
—— Tarso_Recharge Stresses: ['prec’, 'Blaney-Criddle’, 'Average day temperature’] Step response
137.50 1 13.0 1
137.25 4 1451
10.0
137.00 1
51
136.75 1
.0 1
136.50
5
136.25 1 .0 -
T T T T T T T T T T T T
P o2 A0 AN AL D(Q‘\' 0 1000 2000 3000 4000 5000 6000
257 2 2 207 27 0¥ Time [days]

Figure B.6: Calibration results for GWM-17THB104.
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