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Evaluating deep learning models for estimating groundwater level perturbation sources
in areas with non-natural groundwater level regimes.

Shreyas Raja Ramesh

Department of Architecture and Civil Engineering

Chalmers University of Technology

Abstract

The study uses deep learning models such as artificial neural networks (ANN) to
tackle applications within the scope of hydrogeology. Time series modelling is one
of many such applications used in analysing historical groundwater heads over an
area of interest. A perturbed source, i.e. the Haga service tunnel of the West
Link commuter rail project is the case study used to examine the model. Reduced
groundwater heads are observed from monitoring wells around the perturbed source
when plotted against time around the service tunnel. This reveals a certain im-
pact on the groundwater caused by underground constructions. In this thesis, a
branch under ANN called RNN (Recurrent Neural Networks) using LSTM (Long-
Short Term Memory) network is investigated for the case study and the model is
completely data-driven and statistically evaluated. The standard evaluation error
metrics used are Mean squared error, Mean absolute error, Coefficient of determi-
nation and Pearson correlation coefficient. The predictions made on the observed
GWL are checked with the error metrics and the results evaluated the impacts caused
by the perturbed source for different cases. The groundwater heads are forecasted
for different time periods based on best case identified from sequence to sequence
(seq2seq) predictions. From the forecast, the groundwater heads are evaluated with
unseen data using the Pearson correlation coefficient. However, shorter forecasting
periods showed promising accuracy compared to longer forecasting accuracy indi-
cating the groundwater movements are complex in real world influenced by natural
parameters such as precipitation rates, relative humidity, evapo-transpiration.

Keywords: AI, ANN, LSTM neural network, Python, deep learning , groundwater,
groundwater level time series.
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1

Introduction

Groundwater is an essential source for drinking water, domestic usage and agri-
cultural activities in many parts of the world (Wunsch, Liesch, and Broda 2020).
Groundwater resources are affected by densely populated areas by the impacts from
urbanisation and development. Subsequently large underground infrastructures such
as tunnels, subways, basement car parks and deep foundations for high rise build-
ings are commissioned for this purpose keeping in mind the impacts on groundwater
(De Caro, Crosta, and Previati 2020). The natural groundwater flow pattern is
obstructed during the construction phase in underground infrastructures leading to
increased risks of damages over time. For example, lower level flooding (in base-
ments) and in-specific tunnel leakages leading to drawdowns of the groundwater
table which in turn cause settlements. In this context, hydrogeological modelling
helps to evaluate the impacts on groundwater levels in the vicinity caused by con-
struction activities. However, conceptual and physical models are the main tools
used for determining the hydrological parameters such as groundwater levels ob-
served in the system. But in some cases, lack of data availability leads to poor
results from evaluating physical models and requires calibration for improvement in
performance (Daliakopoulos, Coulibaly, and Tsanis 2005). Supervised learning tech-
niques have influenced hydrogeological model evaluation in the recent past adding
to the conservative methods.

Deep data-driven models such as artificial neural networks (ANN) applied in hy-
drological time series have variety of applications from event based to real-time
modelling of hydrological investigations. Real time modelling helps predicting and
forecasting targets with relevant influencing factors from the dataset through neural
networks computations. Studies based on ANN’s in estimating groundwater level
time series have shown promising response in predicting required targets (Rajaee,
Ebrahimi, and Nourani 2019). Moreover, there is lack of studies that show the
applications of ANN’s in urban settings to tackle hydrological time-series problems
caused by underground infrastructural activities. Fortunately, literature surveys rel-
evant to predicting groundwater level time series in rural and urban areas motivated
in selecting an appropriate ANN to examine in this thesis project. A brief summary
of the literature survey is presented in section 2.1 and listed in table 2.1. However,
it should be noted that there are very few or almost no studies reviewing impacts
on groundwater from underground constructions using ANN’s inturn making this
project research oriented.



1. Introduction

1.1 Purpose of the study

The study is based on assessing the change in groundwater heads using ANN'’s
models to analyse the impacts caused by the construction of the Haga service tunnel
of the West Link project handled by Trafikverket. The main aim is to predict
the groundwater level time series using meteorological, infiltration and inleakage
data and evaluate it against the observed groundwater level to analyse impacts
from the perturbed source. A detailed comparison between parameters selected for
modelling is presented to evaluate the credibility of the method adopted. This aims
to investigate the source of groundwater impact and uncertainties in modelling using
ANN’s which open gates for spatial analysis and development of strategies in the
future.

1.2 Research questions

1. To what degree are ANN’s used for groundwater time series predictions sup-
ported by existing research studies?

2. What input data can be selected and prepared for groundwater time series
modelling using the selected neural network for the case study ?

3. What is the influence on the selected input features used for groundwater
predictions?

4. What is the best suited forecasting range from sequence to sequence modelling
the groundwater heads with true future data?
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Background

2.1 Literature Review

Deep learning, Artificial Intelligence and Machine Learning methods have seen
growth in the field of hydrogeology to tackle quantitative groundwater problems.
Hydrological time series are investigated using these methods with regards to the
study area . A few relevant studies on Al used in applications of GWL time series
data driven models are listed in table 2.1 and discussed further in this section.
The problem statement is motivated with studies using neural networks, deep learn-
ing & machine learning in groundwater forecasting using time series and other rele-
vant information. Rajaee et al 2019 (Rajaee, Ebrahimi, and Nourani 2019), surveyed
studies concerning Al and machine learning applications used in GWL time series
prediction. The review paper shows 67 peer reviewed articles modelling GWL time
series using Al and machine learning techniques. These data-driven approaches
model GWL time series with uncertainties and showcase the highest number of
studies were conducted using ANN’s. The uncertainties in modeling were time step
selection, input data consideration, data splitting arrangement, data set size, type
of aquifer in the area, and finally, the software program used (Rajaee, Ebrahimi, and
Nourani 2019). Discussions on the correct use of the uncertainty parameters are re-
viewed to develop a consistent model in this article (Rajaee, Ebrahimi, and Nourani
2019). Also, the paper suggests that it is impossible to use one Al method to predict
groundwater heads and relevant comparison is required in supervised learning mod-
els. However, hybrid models such as wavelet-AI, SOM-AI, GP-AI models perform
better than regular models such as ARIMA (Auto regression integrated moving av-
erages), SVM (support vector machines) and MLR(Multiple linear regression).
Recent studies using different AI models with relevant input data and time steps for
GWL time-series predictions are depicted in table 2.1. The studies show ground-
water predictions for different aquifer locations and scenarios using deep learning
models, Al, and other machine learning models. However, they are oriented with
predictions of GWL’s in rural and urban environments concerning natural factors
influencing GWL’s.
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2. Background

GWL time series using deep learning models, particularly RNN’s are studied in de-
tail based on their ability to learn non-linear data over long periods (Daliakopoulos,
Coulibaly, and Tsanis 2005). The study is examined on different aquifers in Mes-
sara valley, Greece to predict missing GWL’s and is successfully implemented. A
comparative study between three ANN models such as NARX, LSTM, and CNN is
implemented to forecast the performance of GWL’s. The study was conducted on
the largest groundwater resource for drinking water in the Upper Rhine Graben in
central Europe (Wunsch, Liesch, and Broda 2020). It is seen that NARX performs
well for short and mid-term weekly data while LSTM’s and CNN’s struggle. How-
ever, their performance is said to be improved for longer training periods such as
10 years or more. In agricultural areas, the GWL’s are predicted using LSTM’s to
analyze the water table depth primarily to develop irrigation strategies. In China,
a study was evaluated on the Heihe river basin groundwater conditions using deep
learning models such as LSTM, FNN, and SVR (Chen et al. 2020). The goal was
to develop water management strategies caused by the exploitation of groundwater
resources by domestic, industrial and agricultural use. Furthermore, a spatiotem-
poral model is developed for groundwater predictions by Chen (Chen et al. 2020)
and is not examined due to its heavy complexity in this thesis project. Similarly,
groundwater condition on the Garschan aquifer in Iran is predicted for short periods
of 1, 2, and 3 months respectively using ANN’s and other machine learning methods
(Khedri, Kalantari, and Vadiati 2020). The main goal of this study was to examine
the decline in GWL caused by increasing water demands exploited by deep drilling
of wells.

It should be noted that all the studies involving time series using ANN and ma-
chine learning methods are evaluated using statistical error metrics such as Mean
absolute error(MAE), Coefficient of determination (R?), Mean squared error (MSE),
and Root mean squared error (RMSE). Furthermore, the importance of these er-
ror metrics is to analyse the model performance accuracy on the predictions with
the original dataframe. Overall, machine learning and deep learning models are
successfully used in applications of hydrological studies to estimate GWL’s using
influencing factors. However, most studies showed comparing different methods is
better to reach a conclusion using black-box models involving uncertainties (Wunsch,
Liesch, and Broda 2020)(Rajace, Ebrahimi, and Nourani 2019)(Chen et al. 2020).
Based on literature studies, LSTM neural networks have the applicability to be used
in hydrological time series modelling and hence, it is adopted for the case study in
this project.
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2.2 Theory

2.2.1 Groundwater flow and impacts

Groundwater flows primarily following the law of physics and thermodynamics
(C.W.Fetter 2014). Groundwater patterns are influenced by surrounding ecosys-
tems and climate change with respect to time (Haaf 2020). Identifying the natural
parameters impacting the groundwater recharge is challenging considering historical
geological formations in the area. Dealing with complex variability in groundwater
movements through process based, numerical models and conceptual models have
proved to be efficient for successful water management over the past years (Haaf
2020). However, this is a continuous problem to handle for water managers which
varies with the local hydrogeological conditions.

Furthermore, urbanisation is another reason for groundwater lowering caused by on-
ground and underground infrastructures (Sundell et al. 2019). Groundwater lowering
is caused by impermeable constructions at surface levels, for eg roads, pavements,
tunnels, deep foundations etc. Subsequently, stormwater drainage’s complement
these surface level constructions by diverting surface runoff into the ground. Ad-
ditionally, increased groundwater recharge occurs through leakages from drinking
water systems. Deep foundations and underground constructions, for e.g tunnels
are complex projects with regards to tackling groundwater impacts. The factors
influencing the impacts of groundwater in underground constructions include per-
meability, hydraulic properties, groundwater flow direction, waterproofing ability,
nature of aquifer and other relevant properties (De Caro, Crosta, and Previati 2020).

Another approach to examine impacts on groundwater is GWL time series analysis,
i.e. data driven. This helps visualizing the groundwater head in wells with respect to
time. The groundwater level in different aquifers is achieved visually using observed
GWL data relative to time by plotting the relationship in 2D. Also, the variations
in heads of the groundwater is influenced by stresses on aquifers caused by rainfall,
evapotranspiration, pumping, infiltration rates and surface water levels (Bakker and
Schaars 2019). Time series analysis helps solving problems related to groundwater
heads around desired locations. For example, the drawdown conditions in a well due
to pumping, recovery of heads in wells after droughts, level of heads after rainfall
and the impacts of climate change (Bakker and Schaars 2019).
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2.3 Deep learning Neural Networks

Artificial Neural networks(ANN’s) are complex systems resembling the functions of
how neurons work in human brains for various perceptions observed in a biological
context (Lelli 2021). Similarly, data is perceived as complex neurons for problem
specific data-driven modelling. The neural network consists of layers, named as
input layers, hidden layers and output layers, see fig 2.1. Input data fed to the
neural network is captured by the input neurons and the outputs are fed to the
neurons in the hidden layers defined in the architecture and subsequently neurons
from these hidden layers are fed to the output neurons producing the desired final
output.

input layer hidden layer 1 hidden layer 2 output layer
Figure 2.1: Neural Network structure (Lelli 2021)

Each neuron in the network is computed by an activation function and the informa-
tion always flows in one direction as seen in fig 2.1. The function associated with
each neuron is the input feature of the neuron connected with a weight to another
neuron and a bias factor is included carrying a certain value to that particular neu-
ron in the hidden layers. Also, an activation function is applied to the weighted sum
of inputs. The mathematical representation of each neuron in the neural network
architecture is seen in eqn 2.1 where ’b’ is bias, 'x’ is the input to neuron, 'w’ is the
weights attached and ’f” is the activation layer.

f (b + éxw) (2.1)

This activation function can be selected based on research and there are common
ones like Rectified Linear Units(ReLU), hyperbolic tangent (tanh) of the function
and a sigmoid function. This is the basic functioning of neurons in the neural
network. There are many ways this can be tuned based on different applications
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using deep learning approaches. In this study, the margin for selecting a special type
of ANN is narrowed based on the literature survey corresponding to the problem
statement. The special type of ANN is termed as Recurrent neural Networks (RNN)
which is discussed in the next subsection.

2.3.1 Recurrent Neural Networks(RNN)

These networks are special types of ANN’s which have the ability to remember
and reconsider the output of each neuron back to itself for adaptive learning of the
problem. Fig 2.2 represents the network outline of a typical RNN.

Context Layer

Figure 2.2: RNN architecture (Daliakopoulos, Coulibaly, and Tsanis 2005)

Another speciality of RNN’s is that a memory cell is created in the network for
the model output to depend on the current state of the network and the current
input across time steps. Unlike Feedforward neural networks where the weights and
biases of the neurons are fixed, RNN’s use recurrent layers where the inputs have
the ability to modify the internal state of the network . Each neuron should have
the ability to store information and modify it when the neural network is trained.
The commonly used units for this purpose are LSTM and GRU(Gated Recuurent
Units).

2.3.1.1 LSTM units

LSTM model was first intorduced by Horchreiter and Schmidhuber in the late 1990’s
(Sagheer and Kotb 2019). LSTM’s are special memory units in neural networks that
adapt to learn long-term dependencies that can be used in analysis of time series
data (Sagheer and Kotb 2019). LSTM blocks are comprised of an input gate, a
forget gate and an output gate, see fig 2.3.
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Figure 2.3: LSTM block with input, output and forget gates at different. 4+ and

X sign indicates pointwise addition & multipication(Sagheer and Kotb 2019)

LSTM’s process information by either adding or removing it through the whole
neural network chain that are regulated by different gates. Each gate uses a point-
wise operation to estimate the outcomes of the hidden state as seen in fig 2.3.
Computation of the hidden state 'St’ at time step ’'t’, the input is 'Xt’ and the
hidden state from the previous state is 'St-1’and a step wise operation of the gates
are explained below. In the initial phase, the forget gate decides what information
is going to be discarded based on prior information and is represented as 'ft’, see
eqn 2.2

fir =0 (X U7 + 8 W +by) (2.2)

In the next phase, which new information is kept in the cell state is decided using
the input gate and the cell state values. This operation happens using an input gate
'it” which updates the new values and a tanh layer that uses vectorization to create
new cell state values ’Ct’.These two equations are represented in eqn 2.3 and eqn 2.4

iy = o (XU + S, aW' + by) (2.3)

ft =0 (Xth + St_1Wf + bf) (24)

Now, the old cell state Ct-1" is updated into the new cell state 'Ct’ given by eqn
2.5
Ci=Cia® i ®i ®Cy (2.5)

In the final step, the output gate is computed using the cell state contributing to the
output, see eqn 2.6. The cell state is passed through a tanh layer which is multiplied
with the output to obtain the desired hidden state, see eqn 2.7.

0, = o (X,U°+ S W + b, ) (2.6)

St =0 ® tanh (Ot) (27)
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2. Background

The notations used in the LSTM are as follows:
Input Weights: U’, U?, U°, U*¢

Recurrent weights: W/, W We, We

Bias: by, b;, by, b,

2.3.1.2 Hyperparameters

In deep learning, hyperparameters form the backbone in modelling and learning
data. The training dataset is influenced by hyperparameters optimization to achieve
good performance. Implementing these parameters in the LSTM network architec-
ture is an exploratory task which helps define how many fully connected layers to
consider, number of units in the network, what type of activation function to use,
the dropout layers to use in the network, batch size of data etc. The selection of
these parameters can be done either by grid seach where all hyperparamters are
searched in combinations or random search where the hyperparameters are sampled
randomly or by other relevant techniques such as trial and error by assessing the fit
of the learning curve(Wikipedia 2021).

2.3.1.3 Training the LSTM neural network

The performance of neural networks is determined by training the networks with
the right hyperparameters. Evaluation of the neural network is done using a loss
function, i.e. Mean Squared Error(MSE) used for regression tasks. Moreover, train-
ing data is usually passed through the neural network using backpropagation(BP)
method (Rumelhart, Hinton, and Williams 1986).

10



2. Background

2.4 WestLink - Commuter Rail Project

The Swedish transport administration, Trafikverket has commissoned the WestLink
rail project which is about 6.6km tunnel covering major hubs of Gothenburg city.
The project is ongoing and expected to be completed in 2026 (Ulf. Sundkvist and
Thomas. Wallroth 2016). WestLink carries the responsibility to facilitate mobility
for an estimated higher population in the future keeping in mind the sustainable
development.The tunnel will have three underground stations at Haga, Centralen
and Korsvagen. The tunnel is mainly driven through clayey soil and crystalline
bedrock (Ulf. Sundkvist and Thomas. Wallroth 2016). Construction techniques vary
depending on the stratification of the site, for example a concrete tunnel section
would suffice in the soil and drilling/blasting with grouting would suffice in case
of a rock tunnel section. The tunnel encounters groundwater inleakage tackled by
measures such as draining water from openshafts, pumping of water through pipes
at the mouth of the tunnels and protective water systems during construction.(T.
Wallroth et al. 2016). A detailed outline of the WestLink can be seen in fig 2.4 . In
this thesis the scope is narrowed by understanding the geological and hydrogeological
features around the Linné service tunnel which is marked in fig 2.4.
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Figure 2.4: Top View of the WestLink tunnel(Ulf. Sundkvist and Thomas. Wallroth
2016)

2.4.1 Linné service tunnel

This section of the WestLink is about 920m long and acts as a service provider to
the main tunnel (at Haga) once the construction is completed. The Haga/Linné
service tunnel stretches from Linnéplatsen through a crystalline rocky mountain
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which connects to the main tunnel passing through Landala (Lithén and Wadsten
2016). The tunnel is driven through crystalline bedrock along all of its path and will
be used as a working tunnel during the main tunnel construction. The tunnel mouth
begins at Linnéplatsen +20 m.a.s.] and connects to the main tunnel at Landala in
the north-east direction with -20 m.a.s.l.(Ramboll 2014).

2.4.1.1 Geology

The geological setting around the service tunnel mainly comprises of bedrock below
the ground surface and is surrounded by clay in the north-west regions towards Haga.
The thickness of the clay layers vary from about 40-100m around this region with
a minimal layer of glacial till below followed by the bedrock (Lithén and Wadsten
2016). The geological stratification of the area between Annedal and Olivedal is
seen in fig 2.5.

Profl W3, - Grundamsmragas 3.2
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Figure 2.5: Stratification of soil layers from Olive-Annedal from west to east of
the service tunnel region(Ulf. Sundkvist and Thomas. Wallroth 2016)

The weakness zones of the bedrocks are seen around the Haga Service tunnel in fig
2.6 obtained from SGU archive maps.
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Figure 2.6: Weakness Zones around the service tunnel shown by red and blue
dashed lines(Ulf. Sundkvist and Thomas. Wallroth 2016)

These zones are marked at approximate locations at the rock surface in the area
of influence. The weakness zones can have significant amount of permeability in the
rocks.

2.4.1.2 Hydrogeology

Groundwater conditions in the bedrock and soil layers around the Haga service
tunnel region gives a brief understanding of the hydrogeological features further
used in conceptual modelling. Majority of the aquifers are confined by a layer
of clay and other filling materials in the study area based on historical geological
formation. Moreover, shallow aquifers are present in the filling materials which is
contact with the mountainous part of the area as seen in fig 2.5. Surface runoff is
also a primary factor affecting groundwater conditions by penetrating into the earth
stratum. An extensive amount of surface water runoff around the service tunnel
flows to relevant groundwater aquifers divided according to their topography and
finally flows into the Gota élv river(Ulf. Sundkvist and Thomas. Wallroth 2016).
Also natural groundwater recharge to the confined aquifer occurs in transition zones
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in areas where the clay layers are thin. Also from fig 2.7, we can see the topography
with surface water dividers and surface water courses.

Figure 2.7: Surface water being divided based on topography around the West
Link Commuter rail project(Ulf. Sundkvist and Thomas. Wallroth 2016)

Groundwater levels in rocks are complex to visualize with its irregularity in flow
patterns caused by fractures and cracks.(T. Wallroth et al. 2016)

The hydraulic properties of the soil around the service tunnel is seen to be around
1%1077 to 1 %1074 m/s in soils (Ulf. Sundkvist and Thomas. Wallroth 2016). The
lower values indicate dense soils such as silty - muddy silty soil around the area
based on prior soil tests conducted on early constructions in the area. The higher
values indicate the exposure of soil stratum with fractured rock surfaces, typically
seen with sandy-moraine and friction soils. Hydraulic conductivity in rocks sections
upto the tunnel depth is estimated to be around 4 * 1078 to 2% 1077 m/s and in

15



2. Background

the bedrock along with zones of weakness it is found to be 2% 1077 to 5% 1076 m/s
(Ulf. Sundkvist and Thomas. Wallroth 2016).

2.4.1.3 Groundwater lowering

The groundwater levels vary based on the topography and it is seen that the south-
ern parts of the Haga-Annedal region have highest water levels at about +50 in
Guldheden and progressively reduces towards Sahlgrenska Hospital with +30 to the
west and Chalmers University at +36 to the east. Lower groundwater heads are
observed at Linné sqaure at +13 due north and further reduces at Vasastaden and
subsequently at the Gota alv river at its lowest(Ulf Sundkvist 2016). This gives
an insight on the natural groundwater lowering conditions around the Haga service
tunnel. Groundwater lowering occurs in the confined aquifer of the region based
on the topography of the construction. Leakage of groundwater into a rock tunnel
occurs generally if the groundwater level is above the tunnel and this subsequently
causes groundwater lowering given the impact from the tunnel construction(Lithén
and Wadsten 2016). The magnitude of groundwater lowering has an influence from
the geological materials and its hydraulic properties. See fig 2.8 showing the leakage
in tunnels causing groundwater lowering.
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Figure 2.8: Representation of Groundwater lowering in tunnels
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Method

3.1 Working Strategy

Groundwater Levels(GWL) predictions using deep learning methods from relevant
historical time series data and meteorological data can be challenging in adopting
the modelling approach. Groundwater wells around the service tunnel are selected
and mapped from coordinates provided by Trafikverket, see fig 3.1.

- infiltration points
- leakage trenches

Figure 3.1: Location of selected wells with respect to the Haga service tunnel

The meteorological factors affecting groundwater conditions naturally around the
perturbed source include precipitation, relative humidity and evapotranspiration.
The wells chosen for modelling require thorough data collection and preparation with
pre-processing techniques such as interpolation, negating missing values, resampling
etc. In this thesis, python is used as an open source interface to perform statistical
data modelling using open source packages such as pandas, numpy, matplots and
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other deep learning libraries like tensorflow, Keras and SciKit-Learn. Applications
of these deep learning libraries is explained later in this chapter. In fig 3.2, the
working method is represented by a flowchart to achieve desirable results.

Figure 3.2: Flowchart depicting the working approach

A conceptual model around the wells location allows interpretation of the hydrogeo-
logical features of the area used for evaluating results from data modelling. The wells
are located around the Haga-Korsvagen strip of the Vastlanken project, specifically
at Annedal for this study.
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3.2 Conceptual model

Conceptualization of the tunnel and well location surrounding the service tunnel
reveals the hydrogeological features of the study area. The conceptual parameters
include hydraulic conductivity, groundwater head, groundwater recharge and storage
coefficient(Stejmar Eklund 2002).However, all these parameters are not considered
in modelling the groundwater heads based on information available of the study
area. Additional information on the wells are seen in table 3.1.

Well ID Well status Reference GWL level Grougdwater
(m.a.s.]) resovoir

HK4004U | Active 20.85 Confined

HK4256U | Active 27.53 Confined

Table 3.1: List of wells selected for modelling with parametric information

Time series plot of the wells are plotted as seen in fig 3.3. This reveals the groundwa-
ter pattern in the wells and the trend in the pattern shows seasonality changes. The
plot also features drawdown caused by infrastructural activities around the wells.
From fig 3.3, we see the wells selected with code HK (Haga-Korsvagen) at Annedal
have reduced groundwater levels since the commission of tunnel construction. Mete-
orological factors show seasonal variation which influences the groundwater patterns.
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Figure 3.3: GWL time series of HK4004U and HK4256U around the Haga service
tunnel

Furthermore, the movement of water occurs from the higher elevated areas in the
south to the lower elevated regions in the north and finally flowing into the Gota
Alv river with regards to the study area (Ulf. Sundkvist and Thomas. Wallroth
2016). From fig 2.5, the east side of Guldheden is mountainous sloping downwards
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to Linnéplatsen and rising again to the west of Olivedal. This shows a valley like
formation, where the rocky depressions are filled with clay, friction soil and filling
materials (Ulf. Sundkvist and Thomas. Wallroth 2016). However, the groundwater
reservoir is confined by a layer of clay indicating the aquifers are primarily confined
in this region. Also, there are traces of unconfined aquifers found in the region but
the stresses are mainly applied on the confined aquifer for water extraction. Detailed
explanation on the geological and hydrogeological features of the project site is seen
in section 2.4.1.

3.3 Data Collection & Preparation

The data used for modelling is collected from two organisations, one being Trafikver-
ket (Swedish Transportation Administration) and the other one SMHI (Swedish Me-
teorological and Hydrological Institute)(SMHI 2021). Trafikverket provided ground-
water data for different wells around the Linne service tunnel with their respective
hydrogeological features.

The input data selected for statistical modelling using neural networks are ground-
water levels, infiltration rate, leakage rate and meteorological parameters like pre-
cipitation, relative humidity, evapo-transpiration. The meteorlogical parameters
are used to check for natural impacts on the final predictions in the study. Infiltra-
tion rate is the amount of water pumped into the ground to achieve groundwater
recharge. Leakage is measured at trenches along the tunnel to quanitfy the leak-
age rate of groundwater around the tunnel construction. Input data comprised of
19 wells around the service tunnel region with daily time periods from years July
2014 - March 2021. Most of the wells had missing groundwater head information
and required thorough data pre processing. Finally, 2 groundwater wells were se-
lected with the longest daily data from August 2018 - March 2021 for the modelling
process. Precipitation and relative humidity data is retrieved from Gothenburg sta-
tion A using SMHI web (SMHI 2021). Evapo-transpiration is calculated using a
python package called Eto (Kittridge 2021) which is estimated using temperature,
relative humidity, latitude and longitude as variables retrieved from SMHI. The unit
of measurement of all the input parameters used in this project are listed in table
3.2.

Input data Unit of measurement
Groundwater level Meters(m)
Relative humidity %

Precipitation Milli-meters(mm)
Evapotranspiration | Milli-meters/day(mm/d)

Infiltration Litres/min(1/min)
Leakage Litres/min(1/min)

Table 3.2: Input data units of measurement
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3.3.1 Data preprocessing

With data gathered, the next step involves pre-processing data for modelling using
python(Pandas 2021). The time series data is made stationary to have a constant
mean, variance and auto-correlation thoughout the modelling process for a dataset.
This is usually implemented to render statistical modelling on the dataset with less
complexity. It is then used to checked for null values, outliers in the dataset and
missing timestamps to check data density. This strategy accounts for the quality
and quantity of available data in the dataset. Groundwater wells with maximum
groundwater head information is selected for modelling. In the dataset, out of 19
different wells only 2 wells had longest information with least missing groundwater
heads and are used in the model. Imputing missing values in the dataset can be done
various ways, for example by forward/backward filling, interpolation etc. Very few
missing values for the wells selected from this dataset are imputed using the linear
interpolation function with respect to the time using Pandas (Pandas 2021). The
interpolated values to some extent influence the modelling performance. There are
many ways to interpret these values using ANN’s instead of simple interpolations.
In this thesis, advance methods to interpret missing values are not discussed.

3.3.1.1 Data Resampling

In time series data, resampling is widely used to reduce or add time steps from the
dataset for statistical modelling. In this study, relative humidity is deduced from
hourly timestep to daily time step using the sampling function in Excel before im-
porting the file into python. The observed groundwater data is in daily time steps
except in some cases, hourly measurement recorded is tackled similarly. Precipita-
tion is available in daily time steps.

3.3.1.2 Data Scaling

Normalizing and standardizing data is beneficial for neural network models to train
and learn faster. Normalization is a scaling method where the input features are
scaled between range 0 and 1 using eqn 3.1.

X - Xmin

X =~ “min
Xmax - Xmin

(3.1)

Similarly, standardization scales the data where the values are estimated from the
mean and the standard unit deviation using eqn 3.2, where p is the mean and o is
the standard deviation in the dataset.

X—p
g

X' =

(3.2)

The idea behind scaling is to numerically set the columns in the dataset to a com-
mon scale and to ignore the measurement unit of each input feature. There is no
thumb rule to use any particular scaling technnique, it is usually better to try both
normalization and standardization with the dataset and check for the learning abil-
ity of the neural network. For this project, standardized data is used as an input
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for the LSTM model. Another important reason for scaling data is for the gradients
in the model to converge faster for better learning rate of the training and testing
curves. The implementation is done using a powerful machine learning library called
Scikit-Learn using python and is referred to as StandardScaler (ScikitLearn 2021).

Another useful function in pandas is the rolling sum technique. This allows in
checking the average response time between two independent variables in a dataset,
especially useful to examine correlations for time series data. For example, initially
two variables do not correlate but when using the rolling sum method the values add
up cumulatively for a given time period showing different correlations for different
time periods. This motivates the use of an appropriate window length in the model.

On data collection and preparation, the range of input data used for modelling is
listed in table 3.3

DataSet First Date Last Date No. of observations | Time Steps
HK4004U (Well ID) | 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily
HK4256U (Well ID) | 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily

Precipitation 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily
Relative Humidity | 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily
Evapotranspiration | 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily

Infiltration 2018 -09-04 | 2021 - 03 - 10 919 Daily
Leakage 2018 - 09 - 04 | 2021 - 03 - 10 919 Daily

Table 3.3: List of input data, range of input data and time steps used in the the
LSTM model

3.4 Groundwater Modelling using LSTM

Implementing the LSTM neural network for the processed and scaled input data
for groundwater predictions is explained step by step in this section. Time series
differencing is the initial step implemented to stabilize the mean and eliminate the
seasonality trend in the dataset(Hyndman and Athanasopoulos 2018). Differencing
is basically the difference between consecutive data points in the dataframe and
this makes the time series stationary. To ensure the data does not shuffle in the
modelling process as it is independent of time after it is being scaled, a time series
generator function is implemented from Keras (Keras 2021). Groundwater level
is the target for prediction and the features used are the observed groundwater
levels, infiltration level, leakage and all the meteorological parameters respectively.
Using historic observed groundwater as a feature to predict the groundwater levels
improves model performance. Especially considering GWL time series always have
significant auto-correlations for many lags (Wunsch, Liesch, and Broda 2020).

3.4.1 Training and testing the data

Input data is split as training and testing before fitting it into the neural network
model. The idea is to train the data and test it on the test set for assessing the
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performance of the model. Generally, a standard rule is to split the data as 70%
training and 30% for testing which is followed in this project, see fig 3.4.

2018-09-04 2020-07-17 2021-03-10

"l 4 .

Training Dataset (70%) Test Dataset(30%)

Figure 3.4: Training and testing data splitting arrangement

3.4.2 Neural Network Architecture & Computational As-
pects

To fit the data in the network architecture, we need to define the number of days
to predict in future based on the window length and select a certain batch size
for training the values. Window length is defined as the number of days in the
past used for predicting one day in future per batch size . The network is defined
using tensorflow/Keras (Keras 2021), which is an open source deep learning library
for ANN’s. Keras works as an interface to tensorflow and is used for sequential
modelling of data that enables constructing the model. Each LSTM layer is defined
using keras and tensorflow with special hyperparameters like activation functions
and dropout layers attached which enhances the training ability of the network. An
activation function produces the final value computed by a neuron in the network and
helps understand the complex pattern in the data. A leakyReL.U (Rectified Linerar
Unit) activation function is used in this project to handle gradients with null values,
i.e. it has the ability to return a very small linear value into the model preventing
redundancy in neuron behaviour. Finally, the model is constructed using one input
layer along with two hidden layers and one output layer forming an embedded LSTM
network.

The model is complied using tensorflow and keras, that accounts for metric losses, i.e
Mean squared error, mean absolute error coupled with an optimizer for training the
model accurately. The optimizer used is called Adam which is widely used in deep
learning models. Subsequently, this is an alternative deep learning algorithm for
stochastic gradient descent optimizer. The weights attached to each neuron in the
network is continuously updated using the Adam optimizer to reach a global min-
imum during the training process. Additionally, this optimizer learns and adapts
to noisy patterns observed in time series data during computation. The model is
then fit to a train generator and is validated against the test generator to determine
the error metrics and to evaluate the learning curve. Since the learning process is
iterative using the gradient descent algorithm, the efficiency of training is defined
using another hyperparameter called epochs. One epoch basically passes the entire
dataset thorugh a neural network once which is not enough for the gradients to
converge faster and learn quickly. Therefore, higher epochs improves the training
process however, there is no real proof of using a certain number of epochs and is
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defined by trial and error (Sharma 2021). A learning curve is plotted between the
training and testing losses once the model is compiled. Based on the fit from the
learning curve, hyperparameter tuning by trial and error could improve the perfor-
mance of the model. For example, adding or removing hidden layers, increasing or
decreasing the hidden units, changing the dropout parameters, tuning the epochs
and tuning the activation functions. However, in this project the hyperparamters
were evaluated based on the fit of the learning curve. To maintain consistency in
supervised learning problems, the hyperparameters are made constant for different
scenarios presented in the results.

The final step involves re-scaling the predictions back to its original values using
inverse transform functions with pandas and attaching it with the test set of the
original dataframe to visualize the fit of the model keeping in mind the date-time
index (Pandas 2021). The inference on predictions performance is examined using
the tensorflow gradient tape function. This function gives the average impacting
input feature contributing to the predictions made one day ahead (Cerliani 2020).
Furthermore, an inbuilt correlation function in pandas following the Pearson corre-
lation coefficient (R) principle is used for evaluating the linearity of two variables
and this also helps in determining the R? score, i.e. the coefficient of determination.
This is helpful when evaluating the model performance of GWL’s predictions and
forecasts with unseen data.
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Results & Discussions

In deep learning or supervised learning or data driven models, there is scope for
continuous improvements of results and is influenced by human trial and error hy-
perparameter tuning. From the data preparation and processing step , it is con-
cluded to use the wells from table 3.3 for prediction analysis. A groundwater time
series is plotted along with the meteorological and hydrological data, see fig 4.1. We
can see a clear drawdown in the groundwater heads in both the wells HK4004U and
HK456U from July 2020 until Jan 2021, and the idea is to understand the impacting
source and also the stresses on the aquifers of the well location.

The results presented are broadly divided into two sections where both use LSTM
models to predict the target variable, i.e. the groundwater heads influenced by
time. In the first case, the data set is divided into two sets namely the training
and testing dataset where the predictions are tested on the test data set. While in
the second case, the idea is to forecast the groundwater heads by training the entire
data set with a small validation data set to examine the best suited time period for
predictions with unseen data.

185
—— HK4004U
19.0

GWL(m)

2.0 - " [~

HK4256U

ns

S T W TR
mm[da;mmm:
B T W T T g T Y R Y

10 { — Infiltration{Umin) [‘k-—’_‘_}
. , L

5 Inleakage _data(l/min)

Jul Jan Jut Jan
2020 2021
date

Jan
2019

Figure 4.1: Groundwater level time series of selected wells along with meteorolog-
ical and hydrological time series

25



4. Results & Discussions

4.1 Response time estimation using precipitation

Evaluating the performance with Pearson correlations between 0.5, 1, 2, 3 and
4 months using the rolling sum function for precipitation from the data set. It
is seen that 0.5 months shows good response time with promising correlations
against groundwater heads for HK4004U and no improvements in response time
for HK4256U for more than 15 days rolling sum as seen in fig 4.2 .

HK42581 HKA004U Precipitation KB_2 150 1M 2M 3m 4M

HK4256U 1.000000 0.379562 0.031410 0204204 0.145520 0142153 0080727 -0.087152 -D.183500
HK4004U 0378352  1.000000 0.1422328 0.448041 0565712 0.689248 0552470 0454145 0.213675
Precipitation 0031410 0.143238 1.000000 0015482 02091640 0216241 0.080058 0.072855 0.045062

Figure 4.2: Correlation coefficients for different precipitation rolling sum periods
for HK4004U and HK4256U

Correlation plots between precipitation and the groundwater heads for HK4004U
and HK4256U are seen in fig 4.3 and fig 4.4. Also, giving insights on selecting an
appropriate window length for predictions and forecasting GWL’s using the LSTM
neural network.
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Figure 4.3: Correlations for 15 days rolling sum between HK4004U and precipita-

tion
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100
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Figure 4.4: Correlations for 15 days rolling sum between HK4256U and precipita-
tion
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It is evident that the response time for HK4256U does not follow a linear trend
with highly varying GWL’s in meters compared to HK4004U which varies in a few
decimeters in GWL’s. This indicates that precipitation is independent of groundwa-
ter heads for HK4256U and failing to respond well using the rolling sum function.
It can be due to the location of HK4256U which is on the service tunnel section as
seen in fig 3.1.

4.2 Groundwater predictions

What is the influence on the selected input features used for groundwater predictions?

4.2.1 Sequential modelling using meteorological parameters

The network is modelled using all the meteorological parameters as input features
and the groundwater head as the target variable. A window length of 14 days is used
for training the model parameters to predict 1 day in future with a batch size of 10.
The entire network is built using LSTM layers and compiled using the loss functions
for error metric evaluations to analyse predictions. The predictions are made on the
test set which comprises about the last 30% of the data which is trained on 70% of
the initial data following a time sequence. The hyperparameters used for modelling
is listed in table 4.1.

Hyperparameters Value
Number of LSTM layers 3
Number of LSTM units 64

Activation rate 0.2
Batch size 10
Window length 14
Dropout rate 0.3
Epochs 20

Table 4.1: Hyperparameters used for groundwater modelling

Once the model is compiled, the resulting predictions are attached to the test set
and plotted as seen in fig 4.5 and fig 4.6. There is a good fit of the predictions on the
observed groundwater levels for HK4004U although it does not account for sudden
drawdowns. Also, an overestimation in predictions indicates a possible impact on the
groundwater levels. Since the variation in groundwater head is a few decimeters,
the stresses observed on the groundwater aquifer are minimal in the area. The
predictions made on the HK4256U groundwater well have difference of 2-3 decimeters
as the model underestimates the high fluctuations observed. This indicates poor
performance of the model lacking the ability to account for impacts which develops
critical GWL’s. Another reason for poor performance of HK4256U is the location of
the well which lies adjacent to the line of the tunnel construction. This also implies
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stresses on the aquifer region occur on seasonal patterns and also from non-natural
influence in the area.
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Figure 4.6: Predictions on HK4256U groundwater well with meteorological data

Moreover, in neural network models the impacts on predictions are inferred in terms
of average gradients. From fig 4.7 we can see that precipitation has the highest aver-
age gradient to predict the groundwater head for one day ahead followed by relative
humidity and evapotranspiration for HK4004U. The inference on predictions for the
well HK4256U from fig 4.8 indicates both precipitation and evapotranspiration have
negative average gradients and do not contribute to the predictions made one day
ahead while relative humidity contributes to some extent.
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Furthermore, to assess the fit, a correlation between the observed and the predicted
GWL is plotted. From fig 4.9 and fig 4.10 we can see a linear correlation between
the parameters for HK4004U and HK4256U. However, the linearity in HK4256U is
hardly observed as the points do not follow a clear direction and are grouped to a
certain extent indicating poor performance of the model. From the error metrics, an
R? score of 0.68 for HK4004U and 0.36 for HK4256U is obtained. Moreover, a higher
MAE and RMSE is seen for HK4256U when compared to HK4004U indicating poor
performance of the model on evaluating high fluctuations in GWL’s.

Correlations between predicted and observed GWL Correlations between predicted and observed GWL
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Figure 4.9: Correlations between Figure 4.10: Correlations be-
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4.2.2 Sequential modelling with Meteorological, Infiltration
& Leakage data

Assessing the model performance using influencing hydrological parameters along
with meteorological parameters gives a better understanding on the GWL’s impacted
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in the area. The model is compiled using the same hyperparameters listed in table
4.1. Groundwater predictions on the test set for HK4004U and HK4256U are seen in
fig 4.11 & 4.12. The predictions for HK4004U has a slower learning rate influenced
by additional infiltration and inleakage data. However, there is an overestimation
seen in HK4256U indicating the learning rate is slower in observing the groundwater
heads with high fluctuations. Also, the model understands the pattern much better

when additional hydrological data is added compared to only meteorological data
used as input features for HK4256U.
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Figure 4.11: Predictions on HK4004U groundwater heads with meteorological,
infiltration and leakage data
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Figure 4.12: Predictions on HK4256U groundwater heads with meteorological,
infiltration and leakage data

Similarly, the correlations between the predicted and observed groundwater heads
are plotted for HK4004U & HK4256U seen in fig 4.13 and 4.14. The linearity
between the points are slightly away from each other indicating an influence from
hydrological parameters like infiltration and leakage. From the error metrics,an R?
score of (.48 for HK4004U and 0.37 for HK4256U is obtained. This shows the model
performance decreases on adding infiltration and leakage data with meteorological
data to predict GWL’s. Adding on, the MAE and RMSE for both the wells, i.e.
HK4004U and HK4256U are higher when compared to the performance with only
meteorological data as seen in table 4.2.
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Figure 4.13: Correlation be- Figure 4.14: Correlation between
tween observed & predicted GWL observed & predicted GWL for
for HK4004U HK4256U

Furthermore, inference on the input features average gradients are plotted for HK4004U
and HK4256U using the tensorflow gradient tape function as seen in fig 4.15 & 4.16.
We see that precipitation has the highest impact on the predictions while the evap-
otranspiration does not contribute in the learning process, meaning it does not
improve in the training process during back propagation.
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Figure 4.15: Impacting average Figure 4.16: Impacting average
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4.2.3 Sequential modelling with GWL, Meteorological, In-
filtration & Leakage data

Additional GWL and hydrological parameters like infiltration and inleakage(in the
tunnel) data is compiled with the same hyperparameters listed in table 4.1. The
groundwater head predictions on wells HK4004U and HK4256U are seen in fig 4.17
and fig 4.18. The predictions shows an improvement in the model performance as
it understands the seasonality patterns and trends without over estimation for well
HK4004U. But looking at well HK4256U, which is located on the tunnel pathway
undergoes severe drawdowns due to heavy inleakage into the tunnel. However,
the network model over-estimates the groundwater head indicating it is slow in
understanding the impacted GWL’s.
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Figure 4.17: Predictions on HK4004U groundwater heads with historical GWL’s,
meteorological, infiltration and leakage data
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Figure 4.18: Predictions on HK4256U groundwater heads with historical GWL’s,
meteorological, infiltration and leakage data

The same evaluation technique is adopted to assess the fit, i.e. the correlations
depicted between the observed and predicted groundwater head for HK4004U and
HK4256U are seen in fig 4.19 and 4.20. From the correlations seen below, it is clear
that there is a linear relationship indicating the model performs well with historic
GWL, infiltration and leakage data as additional inputs. The R? score using all the
modelling parameters for both wells significantly increase when compared to using
only meteorological factors and, adding infiltration along with leakage data. R?
scores of upto 0.81 for HK4004U and 0.73 for HK4256U are achieved. Furthermore,
errors such as MAE and RMSE also decreased showing representative model perfor-
mance for both the wells as seen in table 4.2. However, this is expected on adding
historic GWL as an input feature.
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Figure 4.19: Correlation between
observed & predicted GWL for
HK4004U

Figure 4.20: Correlation between
observed & predicted GWL for
HK4256U

Likewise an assessment on the input features average gradients for the two wells are
seen in fig 4.21 and fig 4.22. We can see the impacted gradients contributing the most
to the prediction of groundwater level one day ahead are the historic groundwater
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levels, precipitation and, followed by relative humidity and evapotranspiration. The
hydrological parameters such as infiltration and leakage data do not contribute to
the predictions as expected, with most of the data being null during the training
period.
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Figure 4.21: Impacting average Figure 4.22: Impacted average gra-
gradients for HK4004U dient for HK4256U

4.2.4 Error Metrics on groundwater predictions for different
scenarios

Quantifying the groundwater predictions on the observed groundwater heads statis-
tically, opens for discussions on the accuracy of the model performance. The error
metrics on the predictions are listed in table 4.2. Investigating the model, we see
that the mean absolute error is less than the root mean squared error for all cases
which indicates the model is correct in terms of evaluating the errors for all the
cases listed. However, it should be noted that these scores are negatively oriented
ranging from 0 to infinity. This means that values closer to 0 for MSE and MAE
are preferred and indicate better model performance.
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Features used for GWL predictions Well_ID | MSE | RMSE | MAE | R? score
Only meteorological input HK4004U | 0.436 | 0.66 | 0.510 0.68
HK4256U | 1.40 1.18 1.08 0.36

HK4004U | 0.65 | 0.806 | 0.668 0.48
HK4256U | 0.534 | 0.730 | 0.62 0.37
HK4004U | 0.256 | 0.50 | 0.381 0.82
HK4256U | 0.273 | 0.522 | 0.342 0.74

Meteorological data
+ Hydrological data(infiltration & leakage)

Historic GWL + Meteorological data
+ Hydrological data(infiltration & leakage)

Table 4.2: Error metric values for different features based on the predictions.
(MAE ) - Mean absolute error, (MSE) - Mean squared error, (RMSE) - Root mean
squared error, (R? score) - Coefficient of determination

Moreover, the results improved considering any error metric value when historic
groundwater levels and hydrological parameters are added to the model. On com-
paring the three cases as mentioned in table 4.2 in terms of their metric performance
we see an overall lower error values in the third case. This implies that the average
error magnitudes are reduced when historic GWL and hydrological input are addi-
tionally fed to the model. This shows that the network understands the target in
the model much better and elevates the confidence in prediction values Also, an R?
score of 0.82 in HK4004U shows promising predictions on the GWL signifying that
more than 80% of the variation in predictions are explained by the input features.
While a comparitively lower R? score of 0.74 is seen in HK4256U implying more
than 70% variations in predictions are explained by the input features.

4.2.5 Limitations of sequence modelling

The results obtained for GWL time series using LSTM neural networks have a
series of limitations when implementing the model. Beginning with data handling,
many sequences of missing values in daily time steps were discarded. However,
short missing time periods were interpolated using linear interpolation to maintain
a standard time sequence. It is known that neural networks train better with longer
datasets wunsch2020groundwater. In this study, with data availability is limited
to 2.5 years, the model could perform much better with longer datasets. Trivial
correlations between the input features and the targets are not representative in
terms of linearity. However, a rolling sum function is implemented to examine the
response times between two variables, i.e. GWL heads and precipitation. There is
no improvement in the correlation results after a certain rolling sum time period
implying a need for improvement.

Deep learning networks are highly influenced by trial and error, and the model hy-
perparameters have to be made consistent at a certain point to show comparable
results in this thesis zhang2018developing. As otherwise, this is a continuous learn-
ing process that leads to several set of results. A comparison study with other deep
learning models is not in the scope of this thesis due to time constrain.
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4.3 Groundwater Forecasting

Forecasting is basically making predictions with lack of knowledge on the outcomes
in the future with regards to time. The idea behind forecasting is to have the ability
to make strategical decisions on relevant prior information for the problem tackled.
In this section, we forecast the groundwater level to check if there are any critical
impacts using LSTM neural networks following simple linear regression principle.

4.3.1 Sequential groundwater forecasting for different train-
ing periods

The two wells selected from table 3.3 are used for forecasting different training
periods and are plotted against unseen GWL data once the model is compiled.
Considering the results from the error metrics evaluation of groundwater predictions,
the network uses all the inputs, i.e. GWL heads, meteorological factors, infiltration
and leakage data for forecasting GWL’s. The same computational conditions are
used for forecasting, see table 4.1 to maintain a fixed model for the project dataset.
The splitting arrangement for different training periods used are seen in fig 4.23, i.e,
12 months, 18 months and 27 months of data are evaluated against unseen GWL
data.
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Figure 4.23: Splitting arrangement for forecasting different training periods of
time series data used for modelling

To achieve reliable results, it is necessary to validate the neural network (LSTM)
model with the training dataset. The model is validated against the last 10% of the
dataset before forecasting.
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4.3.1.1 Forecasting HK4004U groundwater levels

For all the training periods, forecasts of 7, 15, 30 and 60 days are plotted against
unseen data .

1. Training period of 12 months

Forecast for 12 months training period
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Figure 4.24: Forecasted series of days for 12 months vs unseen GWL for HK4004U
2. Training period of 18 months
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Figure 4.25: Forecasted series of days for 18 months vs unseen GWL for HK4004U

3. Training period of 27 months
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Forecasting for 27 months training period
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Figure 4.26: Forecasted series of days for 27 months vs unseen GWL for HK4004U

The forecasted results are plotted against unseen groundwater heads as seen
above in fig 4.24, fig 4.25 and fig 4.26 Also, we see no real critical drop in the
groundwater levels as the forecasted groundwater values vary in few decimeters
with unseen data. There is no significant improvement in the different training
lengths opted for forecasting. However, a longer training period should show
higher accuracy in forecasting and it is seen that 30 days of forecast show good
forecasting accuracy for 18 and 27 months of training the data.

4.3.1.2 Forecasting HK4256U groundwater levels

To maintain uniformity for comparison, the same set of days are used for forecasting
the GWL’s and are plotted against unseen GWL’s data as seen in fig 4.27, fig 4.28
and fig 4.29.

1. Training period of 12 months
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Forecasting for 12 months training period
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Figure 4.27: Forecasted series of days for 12 months vs unseen GWL for HK4256U
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Figure 4.28: Forecasted series of days for 18 months vs unseen GWL for HK4256U

3. Training period of 27 months
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Forecasting for 27 months training period
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Figure 4.29: Forecasted series of days for 27 months vs unseen GWL for HK4256U

Considering this well being in the critical location, we see huge differences in GWL’s
over 12 months training period forecasting, see fig 4.27. This clearly shows an impact
in the groundwater around the construction of the tunnel and the model performs
poor in estimating the patterns observed in unseen data. However, a training period
of 18 months reveals promising results for short forecasting duration while it does
not account for a drawdown observed in unseen data after the first 30 days, see
fig 4.28. Finally, after 27 months of data trained , we see a fitting pattern in the
forecast for short periods of 7 days and 15 days varying a few decimeters in GWL’s
indicating promising results from fig 4.29.

4.3.2 Forecasting correlations

Using correlations to assess the forecasted GWL values with unseen GWL values
from the model gives the accuracy of the model performance. Moreover, an in-
terpretation of the time series plots gives the forecasted trend of the GWL while
considering this approach is more visual oriented. To counteract this, we use the
Pearson correlation coefficient to examine the linearity of relationship between the
forecasted and observed GWL for different training periods and forecasted ranges.
However, the Spearman correlation coefficient is not used in evaluating the corre-
lations due to its monotonic relationship between variables and also it does not
consider the normality of raw data. A bar chart of the correlations for different
training periods and forecasted days ahead are plotted for HK4004U and HK4256U,
see fig 4.30 and fig 4.31.
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Pearson coefficient correlation rank for HK4004U
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Figure 4.30: Correlations of HK4004U for different training periods and forecasted
days
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Figure 4.31: Correlations of HK4256U for different training periods and forecasted
days

The correlations observed from HK4004U and HK4256U groundwater heads show
interesting results in terms of linearity between the forecasted and unseen data (ob-
served data) plotted in Excel. The idea is to find the optimum range of forecasting
days influenced by different training periods. From fig 4.30, there is a strong corre-
lation for the 30 days forecast for training periods 18 months and 27 months and a
medium correlation for 12 months of training. Moreover, the correlations observed
for different days of forecast do not indicate strong impacts on groundwater levels
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due to minimal variations in corresponding GWL heads upto 1-3 decimeters. A
negative correlation does not indicate weak performance instead it gives the overall
linearity of the values compared. However, this can vary with the range of magni-
tude of values correlated for any specific problem. Additionally, a certain positive
impact could be achieved from the location of the infiltration well with regards to
the location of HK4004U to keep the GWL’s non-critical.

The correlations observed for HK4256U indicate the best forecasting range for a
well in a critical location is 7 days ahead. Moreover, it should be noted that for 7
days of forecasting, a higher correlation for 27 months of training should have been
achieved in HK2456U instead of a lower correlation. Therefore, this gives insights on
the model not being able to capture critical drop in GWL’s in meters for such long
training periods. As the forecasting days increase for different training periods, the
correlations observed between forecasted and unseen data tend to become negative.
However, this can be due to the fact that infiltration and inleakage data influences
longer training periods complemented by non-natural seasonality trends observed in
HK4256U. However, it should be kept in mind that inleakage and infiltartion data
is not available on daily basis during most of the tunnel construction.

42



O

Conclusion

In conclusion, the LSTM neural network model is used to assess the impacts on
groundwater caused by pertubed sources and proved to be one of many methods to
tackle the problem based on literature studies. However, in such models there is no
physical relation between the parameters and it is completely data-driven executed
using many deep learning libraries like tensorflow, keras and scikit-learn (Wunsch,
Liesch, and Broda 2020). Supervised learning models to evaluate the impacts for
the case study presented have a high degree of uncertainty in terms of data prepro-
cessing, hyperparameter tuning, network architecture and the computational aspect.
The influence of human trial and error is applicable in this study signifying LSTM
neural networks is a continuous learning process and has to be constrained at a
certain point based on different evaluation techniques (Zhang et al. 2018).

The results from predicting GWL by only adding meterological data to assess if
the impact is non natural seems to result in an overestimation, meaning in some
cases the model struggles to understand complex pattern for short training periods.
However, this shows that the impact is from a pertubed source which is not capturing
complex variations in GWL.

It can be further concluded that the addition of historic GWL along with metero-
logical, infiltration and leakage data inputs showed good fit to the observed GWL
with high accuracy and low error metrics upon evaluation. This gives insights on the
GWL being impacted non-naturally by looking at the goodness of the fit. Response
time estimations for 15 days showed highest correlation when just using precipitation
with GWL and the forecasted GWL’s correlates to the observed GWL’s on these
terms based on the results obtained. Moreover to test if there is a critical impact on
the GWL, forecasting the GWL for shorter periods and evaluating it with unseen
data showed no impacts from the natural parameters considered for modelling. In
addition, it should be noted that the model performance can be approached more
effectively if additional data is available, testing for different training times and
thorough optimization of hyperparameters i.e., assessed by the learning curve of the
model. However, using all the available resources effectively it is concluded that
variations of a few decimeters in the GWL is seen in HK4004U indicating there
could be a possible impact from a non-natural source. Moreover, considering the
performance of HK4256U it is seen that the impact is non-natural especially due to
the location of the well being in the line of tunnel construction and it is difficult in
achieving accurate forecasts of GWL’s for longer time periods.
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Appendix 1

The following link is attached to my GitHub page concerning the codes implemented
to obtain results for this thesis work.
https://github.com/raja-ui/Lstm-Gwl-Model
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