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Groundwater and gravity modelling using recurrent neural networks
MAGNUS VAGE

Department of Space, Earth and Environment

Chalmers University of Technology

Abstract

Artificial intelligence has gained a lot of interest in recent years due to its impressive
performance on a variety of prediction and classification tasks. These results are in
large part a result of the increase in computational capacity and the availability of
large data sets.

Here we apply artificial intelligence on the problem of predicting local variations
of gravity due to local hydrological effects at the Onsala Space Observatory. Hy-
drological effects imply redistribution of mass in close proximity to the measuring
equipment, and therefore contributes to the variations seen in the local strength of
gravity. The objective of this thesis is to model groundwater and residual gravity
levels based on data from a normal weather station, giving us the ability to construct
useful simulated groundwater and residual gravity data measurements without the
actual equipment in place. The modelling is performed using recurrent neural net-
works containing LSTM units, and with some convolutional preprocessing of the
input data. The resulting models perform very well for predicting groundwater lev-
els, reaching an RMSE between observed and predicted values of 0.046 m over the
course of 2019 which is comparable to other results using neural networks to predict
hourly groundwater levels ([2], [3]).

The neural networks initially performed quite poorly when predicting residual grav-
ity. However, by utilizing our good results from the groundwater predictions, we
extended our available data set from about 3 to almost 8 years. The best model
trained on the 8 year data set achieved an RMSE of 5.961 nms~2 on the test set, a
more than 6-fold improvement over the networks trained on the 3 year data set.
The conclusion is that recurrent neural networks are suitable for modelling ground-
water levels and residual gravity, but their performance is highly dependent on the
amount of data available and the preproceessing applied to the data.

Keywords: rnn, Istm, gravity, groundwater, seq2seq, cnn.
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1

Introduction

Onsala Space Observatory has been operating a weather station and a supercon-
ducting gravimeter since 2009, and a well for groundwater level measurements since
2015. The groundwater level represents a variations of a significant mass in close
proximity to the gravimeter, and is therefore an important contributing factor the
the variations seen in the local strength of gravity [4], so it would be very valuable to
be able to reconstruct the groundwater level from available meteorological data for
the time period before the actual well measurements were available. Reconstructed
groundwater levels for 2009-2015 would ideally provide 6 more years of data on
which to base models linking hydrological processes to gravity variations.

For that purpose, this thesis will explore the feasibility in modelling the groundwater
level based on meteorological data, and also model the residual gravity based on
meteorological data and groundwater level measurements. The task of identifying
the effect from hydrological processes on gravity is challenging [5]. In this thesis
we will evaluate how recent advancements within artificial intelligence and machine
learning can aid in this task. The area of groundwater modelling using artificial
intelligence is getting significant attention from the scientific community [6], however
only 4 out of 67 papers reviewed in [6] attempt to model the groundwater on an
hourly basis, which is what we will do in this project.

The model is not a simple regression problem, since the current groundwater level
not only depends on current rainfall, but also historical rainfall, discharge rates etc.
For this purpose, we will use recurrent neural networks with LSTM (Long short-
term memory) units for the modelling, since these types of networks are especially
well suited for this type of problem, and the networks are capable of maintaining
a memory of previous events when predicting current events. The residual gravity
signal will need extensive preprocessing in order to remove effects we are unable to
model with the available input data.

The thesis start with an overview of the relevant theory surrounding recurrent neu-
ral networks, LSTM units, the superconducting gravimeter, and the phenomena we
want to remove from the superconducting gravimeter signal. The method section
covers how this preprocessing is performed, and what recurrent neural network archi-
tectures are used. The results and conclusion sections covers the actual performance
of the different architectures, and makes suggestions for further improvements of the
models.
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2

Theory

2.1 Artifical intelligence and machine learning

Machine learning, a field within the
broader field of artificial intelligence, fo-
cuses on the task of constructing "com-
puter systems that automatically im-
prove through experience. It has pro-
gressed dramatically over the past two
decades, from laboratory curiosity to a
practical technology in widespread com-
mercial use" [7]. Some recent success sto-
ries powered by machine learning can be
seen in Figure 2.1.

Geosciences, a field that for a long time
has been gathering high-quality data
from both satellites and earth based
systems, are also benefiting from the
progress of machine learning [8].

Within the field of machine learning,
methods are broadly divided into super-
vised, unsupervised and reinforcement
learning techniques. Unsupervised learn-
ing is used in situations where you do
not have a priori knowledge of the correct
output for a given input. Reinforcement
learning methods are used when train-
ing agents to perform optimally in an
environment, and that agent can affect
the environment it operates in. In this
project, where we are trying to predict a
known time series using other time series
as input, we will use supervised learning
techniques. For more information and
details, we recommend the excellent book

9], which is the source of much of the in-
formation in this section.

isopod 0.55 — bird0.95
[¢

Figure 2.1: Recent success stories
within the field of machine learning.
Clockwise from top left: Autonomous ve-
hicle control, speech recognition, neuro-
science, computer vision. Image from [7].



2. Theory

2.1.1 Supervised learning

Supervised learning methods work by being supplied training data in the form of the
input, which could be more or less anything; a vector, an image, a piece of video etc.
Also supplied is the correct output for this input. The supervised learning method
chosen then tries to infer a function mapping the input to the output, which in
the ideal scenario also generalizes to produce the correct output for new pairs of
input/output, not seen during training. The form of the output depends on the
type of learning problem. In classification problems, the output is the correct class.
A classical example is object recognition, where the input is a series of images,
and the output is the correct classification of object(s) present in the images. In
regression problems, the output is the correct output value for the given input value.
An example would be predicting the value of a piece of real estate (the output) based
on size, number of rooms, previous sales in the area etc. (the inputs).

2.1.1.1 Data set division

Within supervised learning, the data that is to be used is usually divided into three
sets: Training, validation and test. The training set is used by the machine learning
algorithm when inferring the function mapping from input to output.

Periodically during training, the model in its current state is applied to the data
in the validation set to provide an unbiased estimate of the performance of the
model. The information gained from the validation set can for instance be used to
determine when training should stop, or if any parameters within the model should
be adjusted.

Once training is completed, the final model is applied to the test set, which played
no part whatsoever in the training process, in order to gauge the final performance
of the model. A good rule of thumb when dividing data into sets is 70/15/15 % for
training/validation/test sets.

2.1.2 Neural networks

One supervised learning method is the neural network. They are mathematical
constructs originally inspired by how the neurons in the human brain works, even
though modern artificial neural networks bear little resemblance to its biological
counterpart. Input data is fed to a number of processing units called (input) neurons,
the output of which are then fed on to further neurons, until it reaches a set of
neuron(s) designated as the output neurons. The neurons in a neural network are
organized in layers, called the input layer, hidden layer(s) and output layer as seen in
Figure 2.2. Each vertical row of neurons in Figure 2.2 of neurons constitute a layer,
and the arrows connecting layers with each other represents connections between
layers. Neurons within a layer are normally not connected to each other (with one
important exception, the recurrent neural network, which will be introduced later).
In Figure 2.2 the layers are sequential, but that is not a requirement. The internal
structure of a neural network could take on basically any shape, with for example the
output from one layer splitting into two distinct paths containing different number
of layers, and then merging together again before reaching the output layer.

4



2. Theory

Hidden
Input
Output

Figure 2.2: Conceptual structure of a neural network [10].

2.1.2.1 The artificial neuron

Each neuron in a layer has one-way connections to neurons in the layer before and
after it. Data flows from the left to the right in the example network in Figure 2.2.
Each neuron £ in a layer has m connections to the m neurons in the preceding layer,
and each of these connections has a weight wy; associated with it, with j being the
index of the connections (1 < 7 < m). Each neuron also has an internal bias, by.
Each neuron performs the operation in Equation 2.1

m
Y =@ (Z Wi L5 + bk) ; (2.1)
j=1
which is visualized in Figure 2.3. In Equation 2.1, y; is the output value of neuron
k and z; is the output value of neuron j in the preceding layer. wy; and by are the
trainable parameters of the neuron. They are usually initialized to some random
small value, and then optimized through training. ¢ is called the activation function.
One main task of the activation function is to regulate the output of the neuron.
Without an activation function, the neuron would just output a linear combination
of the inputs, yx = 327", wy;x; + by. Without regulation of the output, this could
lead to exploding outputs as we move through the layers of the network. Also, a
non-linear activation function must be used in at least one layer of the network for
the network to be able to learn anything more complicated than trivial relationships
between input and output (with a linear activation function, the output is bound
to be a linear combination of the inputs).

Common choices of activation function are the hyperbolic tangent or logistic func-
tion. Both have the property of being nonlinear around 0, giving the network the
ability to model more complex relationships between inputs and outputs, and they
are bounded so that the magnitude of the outputs remain within acceptable limits
throughout the network.

Another popular activation function is the rectified linear unit (ReLU), which is just
the identity function clamped at 0 for negative inputs: f(z) = max(0,z). It does

5



2. Theory

not have the same attractive property of boundedness, so care has to be taken when
using it, but it has nonetheless been very successful within the fields of computer
vision [11] and speech recognition [12]. The choice of activation function is critical
for the performance of a network [13]. In the simplest case where a network is just
made up of one neuron acting as both the input and output neuron, the network
can easily be expressed as Equation 2.2

y=¢(z+b), (2.2)

with y being the output, x the input and b the bias of the neuron. The neuron
described in this section is what can be considered a "vanilla" type neuron, and
when used in a neural network, a collection of this type of neuron makes up a type
of layer often called a dense or fully connected layer.

Wi
G N\

W

Wkm-1

Wkm

ol

Figure 2.3: The operation performed by an artificial neuron k. z; are the inputs
from neurons in preceding layers, wy; are the weights for the connections between
input neurons and the neuron k, by is the neuron bias, ¢() is the activation function
and g is the final output of neuron k.

2.1.2.2 Recurrent neural networks

When dealing with inputs and/or outputs that span several dimensions (spatial
or temporal), specialized networks have been developed to deal with these situa-
tions. Recurrent neural networks (RNNs) are a subset of neural networks tailored
for working with temporal sequences. These classes of networks contain recurrent
layers, which can maintain internal states that are modified by the input, in contrast
to non-recurrent neural networks where the internal state (the weights and biases of
the neurons) is fixed. In a recurrent neural network, input data is provided to the
network one time step at a time, and for each time step, the network produces an
output and also updates its internal state based on the supplied input. The internal
state is stored in the network across time steps. This gives the recurrent neural

6



2. Theory

network a form of memory, where the current output is not only dependent on the
current input, but also on the current state of the network. In order to accomplish
this, the artificial neurons must be replaced by units capable of storing an internal
state and modify it based on the information passing through it. The most popular
and widely used units for this purpose are LSTM and GRU (Gated recurrent unit)
units.

2.1.2.2.1 LSTM units LSTM units (Figure 2.4) were conceived in 1997 [14],
and has been shown to perform very well [15]. The units maintain a hidden internal
state that can be modified by data passing through it, giving the units the ability
to remember what has happened previously, and use that memory to influence its
behaviour. The unit consists of a cell with several gates, namely the input (I),
forget (F¢), and output (Oy) gates. The flow in Figure 2.4 can be read from left to
right. The merging of two lines represents a concatenation. ¢ represents a sigmoid
activation function, tanh represents a hyperbolic tangent activation function, X
represents a pointwise multiplication, and + represents pointwise addition.

First, the forget gate decides, based on the current value of the input (z;), and
the previous value of the output (h;—1), what parts of the internal cell state (¢;—1)
to "forget". Forgetting part of a state is not a binary operation. The forget gate
will, based on the values of (x;) and (h;_1) passed through the sigmoid activation
function, output a number between 0 and 1 for each member of (¢;—;). Each member
of (¢;—1) is then multiplied with the value produced by the forget gate, so for example
a forget gate value of 0.5 would mean that this particular member of the cell state
would be halved. Next, the input gate in a very similar fashion determines what
parts of the cell state gets updated with information from the current time step.
Finally, the output gate determines what the actual output (h;) of the cell should
be for this time step. (¢;) and (h;) are retained within the cell for use at time step
t41.

The trainable parameters of the LSTM unit are hidden away into the four activation
functions used by the different gates. In the case of the forget gate F, the actual
mathematical operation performed by the sigmoid activation function is

Ft =0 (wF . [htfl, SCt] —+ bf) . (23)

Here, wp is the vector of weights for the forget gate, [h;_1, x] is the concatenation of
the current input and the previous output, and by is a bias for the gate. If we were
to have a scalar input and output, this gate would have three weights, two members
of wr and the bias by. In total across the unit and its three gates, the unit would
have 12 trainable parameters (the input gate has 6 parameters, since it uses both a
sigmoid and a hyperbolic tangent activation function).

There also exists a very similar type of recurrent unit, called the gated recurrent
unit (GRU) [16]. This unit works in a very similar fashion, but it uses gates called
the update gate Z and reset gate Ry instead, and there is no hidden cell state, only
the previous output gets passed on to the next time step. In this report, we will be
using the LSTM unit for recurrent layers of the networks.
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Figure 2.4: LSTM unit architecture [1]. The merging of two lines represents a
concatenation. ¢ and tanh represents a sigmoid and hyperbolic tangent activation
function respectively, X and + represents pointwise multiplication and addition.

2.1.2.2.2 Stateful recurrent neural networks Normally, a recurrent neural
network resets its internal state (for LSTM units h; and ¢;) to its initial state (usually
0) every time the weights are updated. Since we will be training over a very long
sequence of data, and wish to update the weights many times as we move through
the training data, we don’t want to reset the state after every weight update. We
can do this by employing stateful recurrent layers in our network (applicable to any
type of recurrent unit chosen to make up the recurrent layers). This however, means
that we now have to manually control when the states are reset. Care has to be
taken to reset the states manually, before the start of every training epoch.

2.1.2.3 Convolutional neural networks

When dealing with spatially distributed data such as images, there is a suitable class
of neural networks called CNNs, Convolutional Neural Networks. A core component
of these networks are the convolutional layers. These layers convolve a trainable
kernel with the input to the layer, and outputs the result of that convolution, see
figure 9.1 of [9] for an excellent visual explanation. The CNN can, by training,
modify the weights in the kernel so that the output of the convolution is responsive
to a feature in the input that is of interest to the network.

2.1.2.4 Hyperparameters

In the previous sections we have spoken about trainable parameters, which are
optimized as part of the training of the network. Neural networks are also highly
dependent on other parameters which need to be set before training begins. These
parameters are called hyperparameters. Such parameters would for instance be how
many LSTM units to use in a specific recurrent layer, how many fully connected
layers to use, what activation function to use etc. Choosing these hyperparameters is
an exploratory task, where a search is conducted across a space of hyperparameter
settings largely guided by experience. The search can be performed either as a
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grid search where all possible combinations of hyperparameters are exhaustively
searched, a random search where the hyperparameter space is randomly sampled,
or by a number of other techniques [17].

2.1.2.5 Training a neural network (backpropagation and gradient de-
scent)

The performance of a neural network is only as good as its training. The performance
of a neural network is evaluated using a loss function, usually cross entropy-based
for classification problems, and a simple Mean Squared Error (MSE) loss function
for regression problems. The most commonly used method for training a neural
network is called backpropagation [18], or BP for short. First, all our training data
is passed to our network (passing all our training data to the network once is called
an epoch). BP then works by calculating the partial derivatives of the chosen loss
function with respect to each weight in the network. This gradient information
is then used by the selected optimization algorithm (usually a form of stochastic
gradient descent) to update the weights in order to lower the loss function. The
weights can be updated more often than once per epoch. If we feed a subsample
of n instances of training data to our network at a time, then apply the BP and
optimization algorithm and update our weights before feeding the next n samples
to our network, we are said to be using a batch size of n. The batch size is another
hyperparameter, and in general a network exhibits better performance when using
a smaller batch size [19].

With this method comes an important hyperparameter, the learning rate. The learn-
ing rate hyperparameter dictates how much the gradient descent method modifies
the weights in the direction of a lower loss function value. With a too high learning
rate, the gradient descent methods would take large steps in the network weight
space each time it updates, which would lead to problems converging on a good
set of weights. A learning rate set too low would lead to the network not reaching
its optimum performance in a reasonable time. These three scenarios for a very
simple example with just a single weight are visualized in Figure 2.5. The learning
rate does not need to be static throughout the course of the training. A common
approach is to use an adaptive approach with respect to learning rate, starting out
with a high learning rate, and lowering the learning rate whenever the network runs
into a plateau in its training. This gives us the benefit of quickly moving to a part
of the weight space where performance is "quite good", then lowering the learning
rate in order to find the optimum weights within this part of the weight space.

BP also requires that the activation function used in the neurons of the network is
differentiable.

2.1.2.5.1 Backpropagation through time When training an RNN using BP,
we have to take into account the recurrent nature of the network. In order to
apply backpropagation to an RNN, we first need to unroll the recurrent parts of
the network. The concept is visualized in Figure 2.6. It is done by treating the
recurrent connection from a unit as a connection to a copy of the downstream
network (including itself) instead of back to itself. Weights of the downstream
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Figure 2.5: The effect of learning rate. Green: Just right, quickly approaches the
minimum error. Red: Too high, the error tends to diverge. Yellow: too low, we do
not make good progress towards the minimum.

network are shared across all time steps, since the downstream network is in fact
one and the same network for all time steps. The number of copies that our original
network is unrolled to during the backwards pass depends on how many time steps
are being fed into the network in a single forward pass. With the network unrolled,
the recurrent links no longer exist and normal BP can be applied.
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Figure 2.6: Unrolled recurrent neural network (figure from [20]). H on the left
hand of the figure represents a single recurrent unit making up a part of a recurrent
layer of a neural network, it could for instance be 1 of the 4 units in the hidden layer
in Figure 2.2.

2.1.2.6 Overfitting

While a neural network can be trained to very accurately model the data it is pro-
vided during training, that performance is useless unless the network also performs
well on new inputs not seen during training by the network, since we want to use the
network in a predictive capacity. The phenomenon where a neural network performs
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well on the data it trained on but not on new data is called overfitting. To try and
mitigate this when dealing with these types of learning methods, we make use of the
division of our data into training, validation and test sets. The training data set is
the one used by the BP algorithm to iteratively update the weights of the network.
After each epoch (one epoch being a complete pass through all the training data
with the associated weight updates), the network is applied to the validation data
set and the loss function is evaluated. The result of this application of the network
to the validation data has indirect influence on the training process. It can for ex-
ample determine when to lower the learning rate, or when to consider the training
finished. Finally, once the network is fully trained, it is applied to the test data set,
not used as either training or validation data. The result of the network on the test
data set can be considered the true performance of the network.

2.1.2.7 Regularization techniques

Methods to combat overfitting are called regularization techniques. A basic and
important regularization technique is to regularize our input and output data. If we
have two scalar inputs, x; and xs, with x; in the range of £1 and the other in the
range of 0 < x5 < 1000, and we want to predict y which ranges from 10* < y < 107,
the weights of our network would have to do a lot of heavy lifting just to scale the
data correctly. By just standardizing or normalizing our data, the network can focus
on finding the relationship between inputs and outputs. These scalings can easily be
reversed outside of the neural network if the absolute numerical value of the output
is of importance (such as in regression tasks).

Common methods are L1/L2 regularization, dropout and early stopping. They all
modify different aspects of the training of the network to make it more resistant to
overfitting.

L1/12 regularization works by modifying the loss function by adding a regulariza-
tion term, incurring an extra penalty for large weights in the connections between
neurons. For L1 regularization, the term added is

A ; |wy| (2.4)

where A is the regularization factor, and wy, is the weight of connection k. For L2
regularization, the term is
A wp (2.5)
k

Dropout works by, during training of the network, randomly setting a fraction x of
the outputs from a layer to 0. The outputs from nodes in that layer that are not set to
0, are instead scaled up by a factor ﬁ in order to keep the sum of outputs unaffected
by the applied dropout. This technique discourages the formation of complex co-
adaptations within the network, where some nodes might start to compensate for
errors introduced by nodes in previous layers, which would not work on previously
unseen data [21].

Early stopping is more a time saver than a regularization technique, and works by
monitoring the validation loss during training. Once the validation loss no longer
decreases (or starts to increase again), we are starting to see overfitting, and early
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stopping then steps in and ends the training. With this method, yet another hy-
perparameter comes into play: patience. The validation loss is inherently noisy,
it does not monotonically decrease with each training epoch. If we were to stop
training at the first sign of increased validation loss, we would get nowhere. The
patience hyperparameter determines how many epochs we are willing to wait and
see if the long-term trend of the validation loss is actually decreasing or increasing.
A low patience means we risk stopping too early, a high patience means that we
migh not stop until some overfitting has already developed. Early stopping can be
a great time saver when exploring hyperparameters, since you don’t have to run the
training for the full number of training epochs you specify in your search, but only
run the training as long as you are seeing an improvement in the validation loss.
Usually, network with poorly chosen hyperparameters will see the validation loss
stop decreasing very quickly, and you can then end training.

2.1.2.8 Summary

To summarize, a neural network is a construct made up of interconnected layers.
Each layer is either made up by a number of units (which could be normal artifical
neurons, LSTM units etc.), or the layer performs some other operation on the data
(such as a convolutional layer). If a layer is made up of n units, that layer is said to
be of width or size n.

The network is governed by a variety of hyperparameters, determining not only
the overall architecture and size of individual components, but also governing many
aspects of the learning process. A search across hyperparameters is a necessary part
of developing a well functioning neural network.

The network is repeatedly fed all the available data in the training set (each repe-
tition is called an epoch), and the weights of the network components are updated
using the chosen optimization algorithm periodically. The number of samples fed to
the network between weight updates is called the batch size.

After each epoch, the network in its current state of training is applied to the data in
the validation set. The performance of the network on the validation set can be used
to guide decisions on the training process. Should the learning rate be modified?
Are we starting to see overfit and should end training?

Once we determine that training is completed, we apply the final network to the
data in the test set to get a final unbiased judgement on the performance of the
network.

2.2 Superconducting gravimeter

The superconducting gravimeter (SG) is a sensitive, low-noise and stable instrument,
compared to previous mechanical systems. It is capable of measuring variations in
gravity on a very small scale, reaching an accuracy of about 1 nms~2. Compare
this to the average value of 9.81 ms~2. The performance of the SG has enabled
studies of tidal, atmospheric and hydrological effects on gravity with previously
unachievable precision [22]. Changes in gravity can also be used as a method of

detecting magma movements, allowing early detection of possible future volcano
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eruptions [23]. One important note to make is that the SG is a relative instrument,
so it can not measure the absolute strength of gravity, only changes to it. The
availability of these measurements enables a wealth of studies to be performed,
since the SG detects any movement of mass, from the inner core of the Earth to the
atmosphere, and the motion of celestial bodies.

2.2.1 Principles of operation

The superconducting gravimeter at the Onsala Space Observatory is an "Observatory
SG" produced by GWR Instruments, Inc. For an overview of the core components of
the SG, see Figure 2.7. For a deeper introduction to the design of the instruments,
see [24]. The interior of the machine uses liquid Helium to operate at cryogenic
temperatures (9.2 K). A magnetic field is produced by induced currents in a pair
of superconducting coils (upper and lower coil in Figure 2.7). The magnetic field
induces currents on the surface of the superconducting Niobium sphere in the center
of Figure 2.7, providing a levitation force for the sphere. The fact that both the
coils and sphere are superconducting means that the currents will remain stable, and
therefore also provide a stable levitation of the sphere. When the force of gravity
changes, so does the position of the sphere. The magnetic fields in the SG are
tuned so that a small change in gravity gives a large displacement of the sphere,
providing a high degree of sensitivity. The displacement of the sphere is sensed by
a capacitive sensor (the plates surrounding the sphere), and a current is applied to
the feedback coil in such a way as to maintain the original position of the sphere.
The amount of current flowing in the feedback coil is proportional to the change in
gravity, and requires an absolute gravimeter in order to determine the constant of
proportionality. Once calibrated, the amount of current in the feedback coil can be
used to determine the change in gravity.

2.2.2 Precision

The SG achieves an precision approaching 1 nGal (107! ms™2) over periods ranging
from seconds to years [25].

2.3 Sources of gravity variations

The SG registers the cumulative effect that all physical phenomena has on gravity.
In order to study a specific phenomena, all other phenomena has to be removed from
the cumulative signal first. These phenomena vary greatly in frequency, amplitude
and periodicity as seen in Figure 2.8.

2.3.1 Tides

Any heavenly body changing its relative position with respect to the Earth will
change the strength and direction of the local gravity field on Earth. The most
significant astronomical sources are the Moon and the Sun. They are, in combination
with the rotation of the earth, responsible for tides (both oceanic and solid). Tides
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Figure 2.7: Conceptual drawing of flux lines, plates and Nb sphere (figure and
caption from [25]).
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Figure 2.8: Raw and processed measurements from the first year of operation of

the Onsala Space Observatory SG [26].
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in general cause deformation and mass redistribution, which in turn changes the
local gravity field strength.

2.3.2 Polar motion

Polar motion, the next significant contributor to the signal, is caused by the Earth’s
axis of rotation moving relative to the crust of the Earth. The strength of these
variations are on the order of 15 pGal, or about 150 nms™2 [27]. Since we are
seeing variations on the order of £1000 nms~2 in the raw unprocessed signal, we
can assume that the majority of the signal can be attributed to tidal effects, with
the next component in order of amplitude is the polar motion.

2.3.3 Seismic events

The SG is sensitive enough to pick up seismic events from across the Earth. An
example of this is shown in Figure 3.1. The example in Figure 3.1 is a result of the
vibration of the ground on which the SG is standing, but the SG can also detect
the change in gravity from the redistribution of mass, a change which propagates at
the speed of light. Such detections, among other things, give further insights into
the makeup of the interior of the Earth [28], and could aid in faster determination
of earthquake magnitudes [29].

2.3.4 Meteorological effects

Looking again at Figure 2.8, the signal corrected for tides and polar motion is most
strongly affected by barometric pressure (denoted "baro" in the plot). The effect is
linear, and usually between 2 and 4 nms~2hPa™" [30].

2.3.5 Hydrological effects

The presence of water in proximity of the SG can have a noticeable influence on
the measured strength of gravity. A theoretical infinite layer of water 10 millimeters
thick would produce an increase in gravity by 0.4 pGal, or 4 nms~2. Increase in
gravity has been observed in close correlation with rainfalls at this ratio [22].
Rainfall either evaporates back into the atmosphere through a process called evap-
otranspiration, or it infiltrates the ground, or if the ground is already saturated or
the water is moving to quick to infiltrate the ground, it will flow across the ground
until it is able to infiltrate the ground or join a watercourse (this process is called
runoff).

The level in the ground where the soil or fissures become completely saturated with
water is called the water table. The level of the water table can quite easily be mea-
sured through a drilled well, but building a well is complex and expensive. Also, in
locations with complex underground conditions, it is not a given that a single water
table measurement is representative of the total mass of water present in the vicinity
of the well [22]. Therefore, to more accurately model the effect, knowledge of the
spatial distribution of groundwater would be required [4]. Gaining that knowledge
is a very complicated task, requiring detailed knowledge of underground conditions
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[31]. Nevertheless, it is important to quantify the effect of groundwater on gravity,
and not only for hydrological purposes. If we want to investigate any other effect
on gravity, the hydrological effects must first be identified and removed ([5], [32]).
Is this also something that machine learning has the potential to help us with?

As detailed in the next section, for the period of 2009-2015, we have a gravitational
and meteorological record but no groundwater record. If we are able to reconstruct
the groundwater level for 2009-2015 from meteorological records, we are more than
doubling the amount of data on which to model the local hydrological effects on
gravity at the Onsala Space Observatory.
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Methods

3.1 Awvailable data sets

The Onsala Space Observatory operates a variety of sensors. The data sets available
in this project are listed in Table 3.1.

Table 3.1: Available data sets

Data set First date | Last date | Samples Sampling rate
Gravimeter 2009-06-15 | 2020-01-13 | 333936000 1 second
Groundwater level || 2015-08-31 | 2019-12-31 | 2280151 1 minute
Meteorological data || 2009-08-20 | 2019-12-31 | 5332407 | Approx. 1 minute

The data sets consist of one or more measurements each, listed in Table 3.2.

Table 3.2: Measurements in each data set

Data set Measurement Unit
Gravimeter Relative gravity nms 2
Groundwater level | Groundwater level m
Temperature °C
Meteorological Rglative humidity RH_Vlo
data Wind speed ms
Atmospheric pressure | hPa
Rain mm

3.2 Data preprocessing

3.2.1 Cleaning up the gravity signal

Since the raw signal from the SG is the cumulative sum of all sources of gravity, we
need, to the best of our ability, remove the components of the signal that is not the

target of this study.
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3.2.1.1 Seismic events

Since the SG is such a sensitive device, and samples at such a high rate, it readily
detects seismic events which completely overwhelms the signal we are interested
in. An example is shown in Figure 3.1, where the SG detected the 2018 Sulawesi
earthquake [33]. The effect is the acceleration of the ground transmitted through the
earth, not a change in gravity (although direct detection of gravity changes due to
earthquakes has been accomplished elsewhere [34]). Looking at Figure 3.1b, we can
see that the SG detects it as a strong oscillation. The seismic events were removed
from our signal by passing it through a low-pass filter with a cut-off period of 240
seconds.

09-28 10 09-28 11 09-28 12 09-28 13 09-28 14 09-28 15 09-28 16 2810:15 2810:16 2810:17 2810:18 2810:19 2810:20
Time Time

(a) Raw SG data between 10:00 (b) Raw SG data between 10:15
and 16:00, 2018-09-28 and 10:20, 2018-09-28

Figure 3.1: Raw SG data detecting the 2018 Sulawesi earthquake [33].

3.2.1.2 Tides

Tidal effects (both solid earth and oceanic tides) in the gravity measurements were
modeled by tidal analysis using Baytap08 [35] and Tsoft [36]. The resulting tidal
component of our gravity record was then removed.

3.2.1.3 Non-tidal ocean loading and atmospheric pressure loading effects

Non-tidal ocean loading effects were removed using the T-UGOm model [37]. This
correction was only available for the dates 2010-01-01 through 2018-10-31. The earth
surface displacement due to atmospheric loading was removed using the ERA5 model
[38].

3.2.1.4 Polar motion

Polar motion effects was modeled using Tsoft and EOP parameters available for
download from [39] and removed from the gravity signal.

3.2.1.5 Trend and other outliers

At this point, the data still contain some long-term (decadal) trends, and some

outliers. The trend comes from instrument drift and very slow geological processes,
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such as land rise due to glacial isostatic adjustment (GIA) [40], which is active in
Sweden. The trend was removed by removing the slope of a linear fit from the data.
The outliers were mostly removed algorithmically, and a few by visual inspection.

3.2.2 Filling gaps in data

No data set is perfect. The data has gaps due to equipment maintenance, failures
etc. These gaps need to be managed in some manner. Since we are working with
time series data, data points are not independent of each other, so we cannot simply
remove data points that are not complete (all input features and output feature
present at that time step), we need a continuous evenly sampled data set. In the
data sets available, the gaps present are listed in Table 3.3. A big gap is defined as a
gap longer than 10 minutes. All gaps were filled using a linear interpolation method,
with respect taken to the time stamp of the missing data points, instead of assuming
a linear spacing in time between subsequent rows in the data.The software used for
this step (and in many other places throughout the project) was Pandas, a data
analysis and manipulation tool built on top of the Python programming language
[41].

Table 3.3: Gaps in the data sets.

Data set Number of gaps | Big gaps Longest gap
Gravimeter 551376 491 9 hours, 5 minutes
Groundwater level 21 6 25 days, 10 hours, 43 minutes
Meteorological data 1493 33 2 days, 6 hours, 18 minutes
Mareograph 2576 13 16 hours, 1 minute

3.2.3 Resampling/downsampling

The recurrent layers that will be used in our neural networks require data points to
be evenly spaced in time. Our different data sets are sampled at different rates, and
at different times. In order to get coherent timestamps, and a manageable sized data
set for computations, all data was resampled and downsampled with homogeneous
timestamps at a 1 hour sampling rate by linearly interpolating each measurement
to the nearest even minute, then taking the mean of the measurements within each
hour (except for rainfall when the rain during the last hour is already readily avail-
able in the data set). This downsampling also introduces an averaging effect which
will impact the performance of our neural networks. Some measurements, such as
the wind speed for instance, will vary greatly over the course of an hour. These
variations, which could have an effect on evapotranspiration and therefore the infil-
tration of surface water into the water table, are unfortunately something that we
will lose by downsampling. The averaging will also reduce any inherent noise in the
data.
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3.2.4 Final preprocessed data

After applying all the preprocessing steps, the final data set is visualized in Figure
3.2. Groundwater levels exhibit sharp rises after a rainfall, and then exponential
decay. There is also a seasonal trend. Residual gravity, humidity and temperature
exhibit clear seasonal trends. Wind speed is fairly consistent across the dataset.
Atmoshperic pressure has a lower variance during the summers.

3.3 Neural network

3.3.1 Architecture

Machine learning models do not yet base their performance in physical equations,
and there are no ways of analytically determine what type of network will perform
the best for a given problem. We will explore reasonable candidate architectures
within two major classes; sequential and non-sequential architectures. They are
visualized in Figure 3.3. They both consist of a number of LSTM layers followed by
a number of densely connected layers, but differ in how the layers are connected. In
the sequential case (Figure 3.3a), each layer feeds the next in a sequential fashion.
In the non-sequential case (Figure 3.3b), each LSTM layer feeds into both the next
LSTM layer, and the first densely connected layer through a concatenation layer.
This means that the first dense layer in the non-sequential model has access to
N x k different LSTM interpretations of the input data, with N being the number
of LSTM layers and k being the number of LSTM units in a layer. For comparison,
in the sequential model, the first densely connected layer only has access to the
outputs of the £ units of the last LSTM layer. The assumption we seek to test is
that the increased number of inputs to the densely connected part of the network in
the non-sequential architecture will enable the network to make better predictions,
without overfitting to the training data.

All architectures will be explored as stateful LSTM networks, and fed the input data
1 time step at a time. This means that the unrolling of the recurrent parts of the
network during the backwards pass of the BP algorithm is technically not needed,
since it is the number of time steps that determines how many copies of the recurrent
parts of the network emerge from the unrolling. The resulting unrolled network will
look just like the network did before the unrolling. In Figure 3.3, dropout layers
are not shown for brevity. In reality, dropout layers are always in place between all
dense layers, and in the sequential case after each LSTM layer. In the non-sequential
case, a dropout layer is in place between each LSTM layer and the concatenation
layer, but not in-between the LSTM layer.

We will also explore the effects of giving the network the ability to preprocess the
inputs, specifically using 1D convolutional layers in front of the LSTM layers.

3.3.2 Hyperparameter tuning

Hyperparameter selection is of paramount importance to a well functioning neural
network. There are no fixed rules on what constitutes a good network architecture
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Figure 3.2: Preprocessed data used (after scaling) as training and validation sets
for groundwater predictions, and as training, validation and test sets for gravity
predictions.
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InputLayer LSTM LSTM LST™M Dense Dense Dense

(a) Sequential architecture
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| — -
InputLayer LSTM Concatenate Dense Dense Dense

(b) Non-sequential architecture

Figure 3.3: Examples of the two classes of architectures explored, both examples
using 3 LSTM layers (dropout layers not shown for brevity).

for a given problem, so usually empirical trial-and-error experiments are combined
with a search across parameter space in order to find architectures (and associated
parameters) that work well with the given problem. In this report we will be using a
grid search in order to search a reasonably sized parameter space for good candidates.
A trade-off has to be made between the scope of the grid search and computational
time required. Even though we have access to an HPC cluster, it still takes a
considerable amount of time to conduct a search.

3.3.3 Data set organisation

3.3.3.1 Groundwater predictions

For groundwater predictions, data from 2015-08-31 until 2018-03-14 was used as
the training set, data from 2018-03-14 until 2018-10-31 was used as the validation
set and data from 2019-01-01 until 2019-12-31 was used as the test set. The gap
of 2 months between the end of the validation set and the start of the test set is
deliberate, in order to not give the model the benefit of a proper starting state when
using the test set. The division between training/validation/test data is 61/15/24 %.
The training and validation sets are shown in Figure 3.2.

3.3.3.2 Gravity predictions

For gravity predictions, data from 2015-08-31 until 2017-11-17 was used as the train-
ing set, data from 2017-11-18 until 2018-05-10 was used as the validation set and
data from 2018-05-11 until 2018-10-31 was used as the test set. The division between
training/validation/test data is 70/15/15 %. The start date 2015-08-31 is dictated
by the fact that this is the start of the groundwater well measurements. The end
date 2018-10-31 is dictated by the availability of the T-UGOm corrections [37]. The
training, validation and test sets are shown in Figure 3.2.

3.3.4 Computational considerations

The neural networks were realized using Tensorflow /Keras [42], and the grid search
and training of candidate models were performed on an HPC cluster. Due to the
fact that we are using stateful recurrent layers in our networks, it is difficult to
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parallelize the training of a single model, since the model needs to be fed the input
data in a sequential fashion.

In order to parallelize as much as possible, when performing a grid search, the grid
search was spread out over a number of nodes splitting the grid search on a single
hyperparameter (most often the number of LSTM layers in the model). By doing
this, we were able to have a handful of computing nodes share the computational
load of a single grid search.

Furthermore, to use the number of available cores on each node as efficiently as
possible, we used a process pool sized to the number of available cores on each
node when training the models. This means that on a node with 64 cores, we were
training 64 different models simultaneously.
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Results

Machine learning is still an area guided by trial-and-error and experimentation,
for that reason this results section not only presents the best results achieved, but
also spends a significant amount of text and figures going through the variation of
performance across choices of architecture, hyperparameters, and input data.
Consistently throughout the results section of this report, the performance metric
is the mean squared error (MSE) between the observed and predicted values of the
target physical quantity, and lower MSE equals better performance. In the running
text and final results tables (tables 4.8 and 4.15), the MSE is the unscaled MSE
with units m? for groundwater, nm2s~* for gravity. For performance distributions
as a function of hyperparameter settings , the MSE is that of the scaled data that
was fed to the networks. When scaled MSE is used, it is clearly denoted on the
figure axes. Performance distributions are visualized using box plots, with the box
representing the interquartile range (IQR), and the whiskers extending 1.5 times the
IQR past the low and high quartiles.

The best performing models are selected based on their performance on the valida-
tion set, and when a "best performance on a test set" is mentioned, the performance
is that of the model that was selected based on its validation set performance, mean-
ing that there might be models that performed even better on the test set.

4.1 Groundwater predictions

Groundwater levels are predicted using several different architectures and inputs
from Figure 3.2. Architectures used are both the sequential and non-sequential
LSTM layouts discussed in Section 3.3.1. We will gauge the impact of using con-
volutional layer preprocessing of the inputs, and also using not only the current
values as input, but provide the models with a 24 hour history of all inputs. We
will also remove one input at a time to try and gauge their relative importance to
the performance of the networks. The Pearson correlation coefficient between input
quantities and target quantity are listed in Table 4.1. Rainfall looks quite poorly
correlated with the groundwater level, but this is misleading. The rainfall measure-
ment is quite discontinuous, we can have a massive downpour one hour, and zero
rainfall the next. Also, the groundwater level rises as long as rain falls. Once the
rain stops, the rainfall input variable goes down to zero just as it was before the
rainfall, while the groundwater level remains at a higher level than it was before the
rainfall. Correlation does not take into account this type of relationship. Hyperpa-
rameters explored for the different types of networks can be found in plots for each
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Table 4.1: Input quantity Pearson correlation coefficients with groundwater levels
across the training and validation sets.

Input quantity | Correlation with groundwater level
Wind speed 0.236
Temperature —0.429
Relative humidity 0.401
Rain last 1 hour 0.164
Air pressure —0.434

experiment in the Appendix. The case with 1 LSTM layer leads to the same archi-
tecture in the sequential and non-sequential architectures, so that specific choice of
hyperparameter was only explored as part of the sequential architectures. As the
experiments progressed, hyperparameter space was narrowed somewhat in order to
reduce the computational time needed.

4.1.1 Sequential model using only rainfall data

The input and target variable are visualized in Figure 3.2, "Rain last 1 hour" as
the input and "Groundwater level" as the output. The best MSE achieved on the
validation data is 0.0129 m?, visualized in Figure 4.1 using the hyperparameters
in Table 4.2. The performance of the network across the hyperparameter space is
visualized in Figure A.1. The hyperparameter most influential on the performance
on the model seems to be dropout rate where a clear trend can be seen in the
performance. Also impactful is the LSTM layer width, where layers wider than 5
units show a trend of worsening results. The size of the dense layers seems to have
a minor impact, although a slightly worse performance on the validation set can
be seen with increasing layer sizes. This could be an indication of overfitting and
that the dropout layers are not as effective in suppressing it as the layers grow in
size. The model correctly identifies the sharp rise and exponential decay after a
rainfall, but since no other data is available, the long-term seasonal pattern seen in
the groundwater levels is not captured by this model.

Table 4.2: Hyperparameters for the best performing model using only rainfall as
input.

Hyperparameter Value
Number of LSTM layers 3
LSTM layer width 5
Dropout rate 0.2

First dense layer width 10

Second dense layer width 5

Batch size 1
Learning rate 107°
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Figure 4.1: Best fit on validation set using only rainfall as input. MSE 0.0129 m?.

4.1.2 Sequential model using all available meteorological data

The input and target variable are visualized in Figure 3.2, "Groundwater level" as
the output and all remaining variables except "Residual gravity" as input, a total of
5 input features. The performance of the network across the hyperparameter space
is visualized in Figure A.2. The risk of overfitting increases drastically with more
than 3 LSTM layers, while those networks also show the best results. This could
indicate that we have a quite complex situation for the optimization algorithm,
where it is easy to converge to some local minima of the loss function that causes
the model to not generalize well outside the training set. The best MSE achieved
on the validation set is 0.0029 m? (visualized in Figure 4.2), with the same model
achieving an MSE of 0.0039 m? on the test set, using the hyperparameters in Table
4.3. This model far outperforms the rainfall only model in Figure 4.1. There is quite
a bit of noise in the predicted values during periods of little or no rain.

Table 4.3: Hyperparameters for the best performing sequential model using all
available meteorological data.

Hyperparameter Value
Number of LSTM layers 2
LSTM layer width 10
Dropout rate 0.0

First dense layer width 20

Second dense layer width 5

Batch size 1
Learning rate 107°
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Figure 4.2: Best fit on validation set, sequential model using all available meteo-
rological data. MSE 0.0029 m?.

4.1.3 Non-sequential model using all available meteorologi-
cal data

The same inputs are used as in the sequential case, all 5 meteorological features
in Figure 3.2 are used to predict the groundwater level, but now using the non-
sequential architecture in Figure 3.3b. Also, the explored hyperparameter space
was altered a bit in order to accommodate the increased number of inputs to the
first dense layer. The two explored parameters for the width of the first dense
layers are now 20 and 40 units (compared to 10 and 20 for the sequential cases).
The second dense layer hyperparameter space was also modified, exploring 5, 10
and 20 units instead of only 5 and 10 in the sequential case. The performance
of the network across the hyperparameter space is visualized in Figure A.3. The
most influential hyperparameter appears to be the LSTM layer width, and it is
similar to the sequential case. An increasing number of units per layer increases
the computational capacity of the model, allowing it to theoretically produce a
better fit, with the downside that overfitting becomes more and more likely as the
computational capacity grows. The best MSE achieved on the validation set is
0.0027 m? , visualized in Figure 4.3 using the hyperparameters in Table 4.4. This
model achieved the same MSE, 0.0027 m? on the test set, indicating we are not
suffering from any major overfitting. This model performs slightly better than the
sequential model using the same input features.

4.1.4 Non-sequential model with CNN preprocessing using
all available meteorological data

The exponential decay of groundwater levels is a slow process compared to the

changes in the meteorological quantities we use to predict the groundwater level.

The models using all available data has so far exhibited a noisy predicted value
during periods when the observed value is just slowly decaying (see figures 4.2 and
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Table 4.4: Hyperparameters for the best performing non-sequential model using
all available meteorological data.

Hyperparameter Value
Number of LSTM layers 4
LSTM layer width 100
Dropout rate 0.2

First dense layer width 20

Second dense layer width 5

Batch size 1
Learning rate 107°
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Figure 4.3: Best fit on validation set, non-sequential model using all available
meteorological data. MSE 0.0027 m?.
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4.3, during the period 2018-07 - 2018-08). One tentative way to help the models deal
with this situation is to add a convolutional preprocessing layer to the network before
feeding the input data to the LSTM stage of the network. This gives the network
the ability to use a convolution over a set period of time as its input instead of just
using the current values of the input. Two experiments were performed. In both
cases, 24 data points (representing 24 hours of data) were fed into independent 1D
convolutional layers, 1 layer per input variable. The convolutions were configured
to use a kernel width of 24 as well, meaning that the outputs of the convolutional
layers will be a single scalar per input variable. These convolutional layers gives
the network the ability to learn what combination of quantities from the past 24
hours is best suited to be used as in input to the LSTM stage of the network. In
the first experiment, no constraints were placed on the weights in the convolution.
This model did not lead to any performance increase, the best result was an MSE
of 0.0096 m? on the validation set and 0.0137 m? on the test set. The model lost
the ability to model the sharp rises in groundwater level following rainfalls, but
maintained the ability to model the long-term changes in groundwater levels.

In the second experiment, a constraint of non-negativity was placed on the weights
of the convolutional part of the model. This means that none of the values of the
past 24 hours can be negatively weighted into the single value passed along the the
LSTM stage of the model. This change did not however increase performance, the
best model yielded an MSE of 0.0095 m? on the validation set and 0.0148 m? on
the test set. The model did not regain any capability to model the sharp rises in
groundwater (Figure 4.4).

The averaging effect imposed by these convolutional layers most likely negatively
impacts the performance of the LSTM stage during periods of fast changes in ground-
water levels. The convolution used is static, so the same averaging over 24 hours
will be used regardless of the current dynamics, which probably leads to a very hard
optimization problem. Hyperparameters for the best performing model using the
non-negative constraint can be found in Table 4.5, a full overview of performance
across hyperparameters can be found in Figure A .4.

Table 4.5: Hyperparameters for the best performing non-sequential model with
CNN preprocessing (constrained to non-negative values) using all available meteo-
rological data.

Hyperparameter Value
Number of LSTM layers 3
LSTM layer width 10
Dropout rate 0.1

First dense layer width 40

Second dense layer width 10

Batch size 1
Learning rate 1075
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Figure 4.4: Best fit on validation set, non-sequential model with non-negative CNN
preprocessing of the inputs using all available meteorological data. MSE 0.0095 m?.

4.1.5 Non-sequential model with CNN preprocessing and
current values

The models using CNN preprocessing did not perform particularly well, but by
looking at figure 4.4 during the period 2018-07 - 2018-08, it looks like those models
were somewhat better equipped to handle the periods of little to no rainfall (compare
figures 4.3 and 4.4 during the period 2018-07 - 2018-08). Here, we combine the
previous models by providing a non-sequential LSTM model with both the current
values of the inputs and a CNN convolution over the past 24 hours for each input.
The CNN was once again constrained to use non-negative weights. This approach
seems to work better than either method did on its own (figures 4.3, 4.4), with
the best model achieving an MSE of 0.0024 m? on the validation set (Figure 4.5)
and 0.0021 m? on the test set (Figure 4.6). This is the best performance on the
test set in this report. Hyperparameters for the best performing model are listed in
Table 4.6 and the model is visualized in Figure 4.7. Performance across the explored
hyperparameter space is visualized in Figure A.5.

Table 4.6: Hyperparameters for the best performing non-sequential model with
CNN preprocessing and current values using all available meteorological data.

Hyperparameter Value
Number of LSTM layers 4
LSTM layer width 20
Dropout rate 0.2

First dense layer width 20

Second dense layer width 5

Batch size 1
Learning rate 107°
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Figure 4.5: Best fit on validation set, non-sequential model with non-negative
CNN preprocessed and current values using all available meteorological data. MSE
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Figure 4.6: Best fit on test set, non-sequential model with non-negative CNN
preprocessed and current values using all available meteorological data. MSE 0.0021

m?.
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Figure 4.7: Best performing architecture, non-sequential model with non-negative
CNN preprocessed and current values using all available meteorological data. FEach
block represents a layer, arrows represent flow of data between layers. Input and
output data shapes are represented as a set of three digits on the form (batch size,
number of time steps, number of features).
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4.1.6 Non-sequential model with access to historical values

Are convolutional layers a good approach to summarizing the last 24 hours of data
for consumption by the LSTM stage of the networks? Could not the LSTM stage
handle summarizing by itself? To test this hypothesis, we eliminated the CNN
preprocessing stage as seen in Figure 4.7, and fed the last 24 hours of data for all
our features straight into the first LSTM layer. These networks performed on a level
comparable to the networks in the Section 4.1.5, with the 2 LSTM layer architecture
reaching an MSE of 0.0022 m? on the validation set (Figure 4.8, the best result on
the validation set in this report), and the 4 and 5 LSTM layer architectures reaching
an MSE of 0.0024 m? on the test set. The 2 LSTM layer architecture did not perform
as well on the test set, reaching an MSE of 0.0033 m? (Figure 4.9). Hyperparameters
for the best validation fit are listed in Table 4.7, performance across the explored
hyperparameter space is visualized in Figure A.6. Visually comparing Figure 4.5
against 4.8, and Figure 4.6 against 4.9, it appears that this model, without the
CNN preprocessing, is somewhat less noisy and qualitatively looks more like the
observed signal, even though that is not clearly reflected in the MSE performance
of the model (0.0022 m? for this model versus 0.0024 m? for the model in Section
4.1.5 on the validation set, 0.0024 m? for this model versus 0.0021 m? on the test
set for the model in Section 4.1.5).

Table 4.7: Hyperparameters for the best performing non-sequential model with
access to historical values using all available meteorological data.

Hyperparameter Value
Number of LSTM layers 2
LSTM layer width 50
Dropout rate 0.1

First dense layer width 40

Second dense layer width 10

Batch size 1
Learning rate 107°
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4.1.7 Non-sequential model with a subset of the meteoro-
logical data as input

To further explore the data, we reran the grid search on a subset of the hyper-
parameters while only supplying 4 of the 5 inputs to the model. The subset of
hyperparameters was chosen to encompass the best performing hyperparameters for
the case where all inputs were supplied to the model. This should give us an indi-
cation of how important the removed variable is for the performance of the model.
The results of this exploration is visualized in Figure 4.10, and it shows that the
model performs significantly worse when removing temperature and rainfall, indi-
cating that these two input variables are the most important to the model. For
performance on the test set, please see Table 4.8.

0.035

0.030

0.015
0.010

0.005

o
o
Y]
3]

Scaled validation set MSE

Relative humidity Wind speed Temperature Rainfall Atmospheric pressure
Removed input variable

Figure 4.10: Performance on validation set, non-sequential model with one of the
input variables removed.

4.1.8 Comparison to physical and mathematical models

There exists a variety of groundwater level models not depending on the use of
machine learning, such as theoretically based models [43], numerical methods [44]
and several others. To gauge the performance of our models, we will compare our
results to one of them, and also a pure mathematical linear regression.

4.1.8.1 Simple groundwater accumulation and discharge model

Crossley et al. [43] introduce a simple model for groundwater levels,
hi) =" r(j) (1 _ e—(z—J)/n) e =)/ (4.1)
=0

where h(i) is the groundwater level at time ¢, r(j) is the amount of rainfall at
time j and 7 and 7 are time constants. It was applied to the measurements
from Onsala, and the Nelder-Mead simplex direct search method was applied to
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find the best fit, defined as the minimum MSE between observed and modeled
groundwater levels. Before the hydrological model was applied, the minimum value
of the observed groundwater level was deducted from those observations, since the
model asymptotically approaches 0 with no rain. The model was fitted on the
same data used for training the neural networks, and evaluated on the data used
as validation data for the neural networks. The best fit on the training data was
achieved with 7; = 1.0155 days and 7, = 0.2757 days, yielding an MSE of 0.0395 m?.
This model applied to the validation data yielded an MSE of 0.0210 m? The
modeled groundwater level is presented in Figure 4.11.
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Figure 4.11: Best fit to observed groundwater levels with the simple groundwater
accumulation and discharge model (Equation 4.1). MSE 0.0395 m? for the training
fit, 0.0210 m? for the validation fit.

4.1.8.2 Modified groundwater accumulation and discharge model

The original model produces a qualitatively quite poor fit. An argument can be
made that water entering or leaving the aquifer can do so through paths that dif-
fer in capacity and speed, you could construct a modified model which is a linear
combination of original simple models,

hi)y =Y (kn ]: r(j) (1= e (/) e—@‘—ﬁ/m) , (4.2)
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with the new variable k,, as a scaling factor. Fitting this modified model, with n = 2,
to the observed groundwater data yields a better fit (seen in Figure 4.12), reaching
an MSE of 0.0140 m? on the training data and 0.0087 m? on the validation data.
Further increase of n yields little to no improvement in MSE. This modified model
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Figure 4.12: Best fit to observed groundwater levels with the modified model,
n = 2, (Equation 4.2). MSE 0.0140 m? for the training fit, 0.0087 m? for the
validation fit.

with n = 2 will serve as the baseline of comparison to judge the performance of the
deep learning methods used in this report.

4.1.8.3 Elastic net regularized linear regression

The elastic net is a regularization method for linear regression [45]. In this project,
we have 5 predictors (our input variables) to estimate the groundwater level with. An
ordinary least squares linear regression could leave us in a situation where we have
a lot of variance in our estimated groundwater level. Elastic net tries to regularize
this by penalizing large weights when including a predictor in the linear regression
model. It combines a method called Ridge regression, which augments the ordinary
least squares loss by also penalizing large predictor weights proportionally to the
square of the weight, and Lasso regression which does the same thing but penalizing
proportionally to the absolute value of the weight. This regularization means that
the loss function takes the form of

1 1
L= %b’ — XW|§ + ar|w|; + 504(1 — r)|w|§ (4.3)
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With the first term in Equation 4.3 being the normal ordinary least squares error,
the second term is the Lasso term which penalizes the absolute value of the weigths,
and the third term being the Ridge term which penalizes the square of the weights.
n is the number of samples, y are the true observed values, X is our input data, w is
the weights applied to our input, « represents the amount of regularization applied
and r determines the ratio of Lasso vs Ridge regularization applied. In order to
compare our results with a linear regression, a 10-fold cross-validated grid search of
an elastic net regularized linear regression was performed in order to determine the
best values of the regularization parameters o and r when fitted to the data from
the training set. The grid search yielded a lowest MSE of 0.0117 m?, with an « of
0.01 and an r of 0 (meaning that the model purely focuses on the Ridge penalty).
On the validation set, the model achieved an MSE of 0.0102 m? . This places the
linear regression performance quantitatively somewhere in between the two physical
models discussed above.

4.1.9 Summary of results

The networks using rainfall only as its input are vastly outperformed by networks
using all available meteorological data, but even so the performance is somewhat
better than a simple deterministic model (Eq. 4.1), but worse than a modified
model (Eq. 4.2). The fact that the models using all meteorological data outperform
the rainfall only model is not surprising, since the inputs that are added (wind,
temperature, atmospheric pressure, humidity) all significantly impact how much of
the water introduced as rain actually makes it into the water table.

Non-sequential networks perform better than sequential networks when using all
available meteorological data as input.

From the performance of non-sequential networks using all but one of the available
meteorological inputs, it appears that air pressure is the least important input, and
rainfall the most important. This contrasts with the correlations in Table 4.1, where
rain was the least correlating variable and air pressure the most.

Adding a CNN preprocessing stage before the LSTM stage of the non-sequential
models did not increase performance. However, by supplying the LSTM stages with
both the CNN preprocessed 24-hour history and the current values of the inputs,
we could see a further performance increase over the non-sequential models.

When supplying the raw 24 hour history directly to the LSTM stage, we saw per-
formance comparable with the best performing networks using CNN preprocessing.
The best performing neural network models outperform existing hydrological mod-
els. The best performing model, the non-sequential LSTM using 4 LSTM layers,
with non-negative CNN and current values as input, had an average prediction error
of 0.013 meters (with a 95 % confidence interval of [-0.078, 0.105] for a single predic-
tion assuming a generalized normal distribution [46]), visualized in Figure 4.14. By
applying the best performing model on the meteorological data available from the
period 2010-01-01 until 2015-08-30, which is before the groundwater measuring well
was constructed at the Onsala Space Observatory, we are able to reconstruct almost
6 years of groundwater levels (Figure 4.13), which will be used when moving on to
predict the residual gravity. A full summary of results across models is available in
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Table 4.8.
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Figure 4.13: Predicted groundwater levels 2010-01-01 - 2015-08-30, observed
groundwater levels 2015-08-31 - 2018-10-31. Some artefacts can be seen in the
predicted levels, such as an outlier in late 2010 and a period in early 2015 caused
by lack of meteorological data. Blue values are actual measurements, orange values
are predicted values.
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Figure 4.14: Prediction error probability density plot by the best performing
neural network model. A fitted generalized normal distribution with parameters
p=10.0133, a = 0.0494, 5 = 1.4166 is also plotted for comparison.

4.1.9.1 TImpact of LSTM unit state

Using the best performing model and its predictions on the validation set, we can
get an estimate of how much of past data is used by the LSTM cells in order to
reach its optimal state. Performing the predictions on the validation set with the
cell state as it was at the end of the training set (which immediately precedes the
validation set), and also performing the predictions with the cell state reset to zero,
shows us how long it takes for the model without the proper initial state to converge
with the model using the proper state (Figure 4.15). The model needs almost 10
days before the predictions converge, giving us an estimate of the window of time
needed for the model to reach this level of accuracy in its predictions.
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Table 4.8: Summary of groundwater results. Underlined values are the best per-
forming models within the group, bold is best performance overall.

# of
Model Input data | LSTM M\Sfalijl &‘ig ) MTSegt:E; )
layers
Sequential LSTM Rainfall only 1 0.0134 0.0145
2 0.0135 0.0150
3 0.0129 0.0133
4 0.0136 0.0146
5 0.0136 0.0179
Sequential LSTM All met. data 1 0.0037 0.0033
2 0.0029 0.0039
3 0.0040 0.0046
4 0.0044 0.0051
5 0.0043 0.0054
Non-sequential LSTM All met. data 2 0.0030 0.0032
3 0.0031 0.0038
4 0.0027 0.0027
5 0.0029 0.0040
Non-sequential LSTM No wind speed 0.0024 0.0033
No temperature 0.0051 0.0045
No humidity 0.0032 0.0041
No air pressure 0.0026 0.0028
No rainfall 0.0067 0.0090
Non-sequential LSTM
with uncoénstrained CNN All met. data 0-0096 L0137
Non-sequential LSTM
with non-negative CNN All met. data 0.0095 0.0148
Non-sequential LSTM
with non-negative CNN All met. data 2 0.0026 0.0027
and current values
3 0.0025 0.0032
4 0.0024 0.0021
5 0.0025 0.0048
Non-sequential LSTM Last 24 hours of 2 0.0022 0.0033
all met. data
3 0.0024 0.0033
4 0.0025 0.0024
5 0.0024 0.0024
Simple model (Eq. 4.1) Rainfall only 0.0210
Modified model (Eq. 4.2) Rainfall only 0.0087
Elastic net linear regression | All met. data 0.0117 0.0102
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Figure 4.15: Effect of initial state on predictions (excerpt from the start of the
validation set).

4.2 Gravity predictions

Residual gravity was predicted using the same sequential and non-sequential mod-
els used in the groundwater case, using 'Residual gravity"' as the target quantity,
and all the remaining 6 quantities in Figure 3.2 as inputs. The Pearson correlation
coefficient between input quantities and target quantity are listed in Table 4.9. In

Table 4.9: Input quantity correlations with residual gravity across the training and
validation sets.

Input quantity Correlation with residual gravity
Groundwater level 0.487
Wind speed 0.099
Temperature —0.580
Relative humidity 0.227
Rain last 1 hour —0.001
Air pressure —0.121

order to gauge the impact of temperature, an input quantity that has no direct
causal relationship with the residual gravity we are trying to predict, predictions
were made without temperature as an input as well. Also, one of the best perform-
ing models from the groundwater modelling was applied to this problem as well.
Rainfall is almost completely uncorrelated with the target quantity and would in
a normal regression scenario be removed, but since we are using an LSTM based
model, uncorrelated does not mean unimportant (see the importance of rainfall in
the groundwater case), so we will keep the rainfall as an input quantity.

4.2.1 Sequential model

The sequential model with the best performance on the validation set, using 4 LSTM
layers, achieved an MSE of 14.298 nm?s™* on the validation set (Figure 4.16). The
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same model however performed significantly worse on the test set, achieving an MSE
of 214.613 nm?s™* (Figure 4.17). Comparing figures 4.16 and 4.17, we can see that
the test set contains a strong long-term seasonal trend not present in the validation
set. This might have caused the training to stop once performance no longer im-
proved on the validation set, and the network had at that time not yet learned how
to model the long-term signal. If we instead look at the model that performed the
best on the test set (MSE 29.835 nm?s™), using 2 LSTM layers (Figure 4.18), we
can see that it has done a better job at learning the long-term trend. The hyper-
parameters for the model with the best performance on the validation set are listed
in Table 4.10, the hyperparameters for the model with the best performance on the
test set are listed in table . Performance across the explored hyperparameter space
is visualized in Figure A.7.

Table 4.10: Hyperparameters for the best performing sequential model on the
gravity validation set.

Hyperparameter Value
Number of LSTM layers 4
LSTM layer width 100
Dropout rate 0.0

First dense layer width 20

Second dense layer width 10

Batch size 1
Learning rate 107°

Table 4.11: Hyperparameters for the best performing sequential model on the
gravity test set.

Hyperparameter Value
Number of LSTM layers 2
LSTM layer width )
Dropout rate 0.1

First dense layer width 10
Second dense layer width 50
Batch size 100
Learning rate 1073

4.2.2 Non-sequential model

The best performing non-sequential model achieved an MSE of 10.961 nm?s~* on

the validation set (Figure 4.19). It achieved an MSE of 264.456 nm?s™* on the test
set (Figure 4.20). The model has not been able to capture the long term seasonal
changes present in the test set. The hyperparameters for the best performing model
are listed in Table 4.12. Performance across the explored hyperparameter space is
visualized in Figure A.S8.
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Figure 4.16: Best fit on gravity validation set, sequential model with 4 LSTM
layers. MSE 14.298 nm?s~%.

nm/s*2

-20 —— Observed
------ Predicted

2018-06 2018-07 2018-08 2018-09 2018-10 2018-11
Time

Figure 4.17: Best fit on gravity test set, sequential model with 4 LSTM layers.
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Figure 4.18: Best fit on gravity test set, sequential model with 2 LSTM layers.
MSE 29.835 nm?s~*.
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Table 4.12:
model.
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LSTM layer width
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Second dense layer width
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Figure 4.19: Best fit on gravity validation set, non-sequential model. MSE 10.961
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Figure 4.20: Best fit on gravity test set, non-sequential model. MSE 264.456
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4.2.3 Non-sequential model with simulated groundwater in-
put

The non-sequential model performed badly on data not encountered during training,
with an MSE an order of magnitude higher on the test set than on the validation
set. In order to test the validity of our results when predicting groundwater levels,
we augmented the data set used when predicting residual gravity with the predicted
groundwater levels in Figure 4.13.

This gave us almost 5 more years of groundwater data, enabling us to train the
non-sequential model on a much bigger data set. Using the 70/15/15 % split, our
training set is now 2010-01-01 - 2016-02-17, our validation set is 2016-02-18 - 2017-
05-11 and our test set is 2017-05-12 - 2018-10-31. All other parameters were left
unchanged and the models were trained. The best performing model trained on
data ranging back to 2010 was an MSE of 11.935 nm?s~* on the period 2017-11-18
- 2018-05-10 (the validation set for the models in Section 4.2.2, part of the set for
this model), and 35.536 nm?s~* on the period 2018-05-11 - 2018-10-31, the test set
for the models in Section 4.2.2. This is a major improvement, considering the best
result for the non-sequential model using data from 2015 and forward only achieved
an MSE of 235.895 nm?s~* on the test set, an improvement by a factor of about 6.5.
The hyperparameters for the best performing model are listed in Table 4.13. The fit
on the test set for this model, 2017-05-12 - 2018-10-31, is visualized in Figure 4.21.
In order to provide comparisons with the models in Section 4.2.2 and specifically
figures 4.19 and 4.20, the fit on the period 2017-11-18 - 2018-05-10 is visualized in
Figure 4.22 and the fit on the period 2018-05-11 - 2018-10-31 is visualized in Figure
4.23. The performance across hyperpameter space is visualized in Figure A.9.

Table 4.13: Hyperparameters for the best performing non-sequential gravity model
trained on data starting in 2010, including simulated groundwater measurements.

Hyperparameter Value
Number of LSTM layers 3
LSTM layer width 5
Dropout rate 0.0

First dense layer width 20

Second dense layer width 20

Batch size 10
Learning rate 1074

4.2.4 Sequential model without temperature

When removing temperature as an input, the performance of our model dropped.
The best performing model achieved an MSE of just 18.385 nm?s~* on the validation
set (Figure 4.24), and 60.344 nm?s™* on the test set (Figure 4.25). Looking at the
hyperparameters for the best performing model (Table 4.14), we can see that the
best performing model is a very small one, with just a single LSTM unit in 1
single layer. A small model has a small computational capacity, indicating that the
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trained on data starting in 2010, including simulated groundwater measurements.

—— Observed
s " 0" ¥/ Predicted
15 .
I 4. I\ A1 A
10 WL 7 Sl L S e < ! \
) i lf '\ fl ' ¢ i i .y ‘.: : :‘ | L
£ ‘ | | s T
N
L
0
-5
2017-12 2018-01 2018-02 2018-03 2018-04 2018-05
Time

Figure 4.22: Best fit on original gravity validation set, non-sequential model

trained on data starting in 2010, including simulated groundwater measurements.
MSE 11.935 nm?s—*.
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Figure 4.23: Best fit on original gravity test set, non-sequential model trained on
data starting in 2010, including simulated groundwater measurements. MSE 35.536
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model was only able to rudimentary fit the inputs to the outputs. If there were more
complex relationships between the inputs and outputs, a more complex model would
have performed better. Performance across the explored hyperparameter space is
visualized in Figure A.10.

Table 4.14: Hyperparameters for the best performing sequential gravity model
without temperature.

Hyperparameter Value
Number of LSTM layers 1
LSTM layer width 1
Dropout rate 0.0

First dense layer width 10
Second dense layer width 10
Batch size 100
Learning rate 1073

4.2.5 Comparison to a linear regression

Just as in the groundwater case in Section 4.1.8.3, a 10-fold cross-validated grid
search of an elastic net regularized linear regression was performed in order to de-
termine the best values of the regularization parameters a and r when fitted to the
data from the training set. The grid search yielded a lowest MSE of 31.430 nm?2s~,
with an a of 107* and an 7 of 0. On the validation set, the model achieved an MSE
of 50.363 nm?s*, and on the test set an MSE of 71.315 nm?s*.
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Figure 4.24: Best fit on gravity validation set, sequential model without temper-
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Figure 4.25: Best fit on gravity test set, sequential model without temperature
input. MSE 60.344 nm?s—*.
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4.2.6 Summary of gravity results

The best performing model on the validation set is the non-sequential model (Figure
4.19), but the non-sequential model trained on simulated groundwater measurements
(Figure 4.22) has fitted the nuances of the validation set better, despite the slightly
higher MSE. On the test set, the best performing model is the sequential model with
2 LSTM layers (Figure 4.18). However, despite its slightly higher MSE, the non-
sequential model trained with simulated groundwater measurements (Figure 4.23),
appears to be picking up much more of the nuances in the observed data. No model
using data from 2015 and onwards fits the seasonal trend in the test set in a good
way. The presence of a seasonal trend in the test set, which is not present in the
validation set, likely causes training to end before the network is able to fit long-term
changes, because the validation set loss function will not reward a model that fits
the long-term changes. The average error of the non-sequential model trained with
simulated groundwater measurements across the test set was -0.09 nms~2, with a
95 % confidence interval of [-17.99, 7.72] assuming a generalized logistic distribution
(Figure 4.26). A full summary of results across models is available in Table 4.15.

-5 0 5

Prediction error (nm/s”2)

0.10

0.00 — .
15 -10

Figure 4.26: Gravity prediction error probability density plot by the best perform-

ing neural network model. A fitted generalized logistic distribution is also plotted
for comparison
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Table 4.15: Summary of gravity results. Underlined values are the best performing
models within the group, bold is best performance overall. Values denoted with a *
were in the model test set, listed in the validation set column for comparison reasons
(see discussion in Section 4.2.3).

regression

# of Val. set Test set
Model lnput data layers | MSE (nm?s™*) | MSE (nm?s™*)
Seﬁgﬁal All met. data 1 30.928 49.137
2 22.156 29.835
3 27.748 63.781
4 14.298 214.613
5 15.937 247.830
NO“'LSS%‘KZHUM All met. data 2 10.961 264.456
3 19.664 235.895
4 18.516 260.615
5 11.887 246.190
Non-sequential AH met. d.a ta
LSTM since 2010 incl. 2 17.162* 36.987
simulated groundwater
3 11.905* 35.536
4 20.285* 44.198
5 18.155% 36.934
Sequential All met. data
LSTM except temperature ! 18.385 60.344
2 22.244 56.044
3 18.418 55.274
4 23.504 61.566
5 20.003 192.408
Elastic net linear |y o ata 50.363 71.315
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Conclusion

5.1 Gravity predictions

Modelling the gravity was initially a difficult task for the neural networks. By
augmenting the available data with predicted groundwater levels, we were able to
more than double the amount of data on which to base our models, with a dramatic
increase in performance as a result (Figure 4.21). This model achieved an MSE of
35.536 nm?s~* (RMSE 5.961 nms~2) on the test set, a more than 6-fold improvement
over the networks trained with data from only 2015 and onwards (Figure 4.20). The
augmentation of data sets with simulated measurements appears to be a viable way
to improve neural network performance in this setting.

For residual gravity predictions, one focus for improvement should be in more precise
preprocessing of the data. The residual gravity signal in this report still has some
components at tidal frequencies, and the effects of global hydrology has not been
accounted for.

5.2 Groundwater predictions

Overall, recurrent neural networks were able to predict groundwater levels quite
accurately. The best model fitted the test set with an MSE of 0.0021 m? (RMSE
of 0.046 m). The addition of historical data (be it in convoluted or direct form) as
inputs to the LSTM stage helped the models to perform better. One could argue
that the history of an input variable should be something that the LSTM unit should
be able to memorize on its own (since that is the expressed purpose of the LSTM
unit), but by lending them a hand by giving them direct access to historical values,
it could free up storage capacity in the LSTM units to focus on the finer details
in the signal. What could be done to further improve the performance of these
predictions?

One potential area of improvement would be the models themselves. As seen, the
best performing models have their pros and cons. What if we increase the amount of
historical data supplied to the network? What if we tried other regularization tech-
niques, such as L.1/L2 regularization instead of or in addition to dropout? Could the
combination of supplying 24 hours of historical data in both direct and convoluted
form further improve the performance?

We could also focus on improving and expanding the inputs to the model. Evap-
otranspiration is an important factor in determining how much of rainfall makes
it into the water table. Evapotranspiration is very hard to measure directly, but
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if eddy covariance measurements were available at the Onsala Space Observatory
site, it would be interesting to rerun these experiments to see if the accuracy would
improve. Several of the input variables we do have access to influence evapotran-
spiration, but direct measurements would be an interesting addition to the line-up.
It is also widely used in other similar efforts [6]. Another interesting input would
be soil temperature. The soil acts as a big buffer, meaning the soil temperature
fluctuates much more slowly then the air temperature we have been using for these
models. Soil humidity could also be a measurement of interest. One thing we have
been unable to ascertain is how the rain gauge in Onsala handles snowfall. If it reg-
isters snow just as it does rain, that would lead to issues for our models since they
can not distinguish between rain and snow in the input data, and that difference
would have an impact on the observed groundwater level.

The model has performed well enough to be a viable way of extracting histori-
cal groundwater levels from meteorological data at the Onsala Space Observatory
(Figure 4.13). One important thing to note is that the performance of the model
was predicated on the existence of accurate actual groundwater measurements from
the location in question. This means that we can apply the model on historical
meteorological data in order to produce approximate historical groundwater levels
(assuming that we can assume that the geological conditions have remained some-
what constant), but we can not apply the model to another physical location and
expect to achieve an accurate prediction, since geological conditions most likely are
different at that location. The model produced in this report could serve as a start-
ing point for validating its performance at other locations with different geological
and meteorological condition. The same data sets would have to be available. This
concept, where a model trained on one problem is later applied to another (related)
problem is called transfer learning, an area of active research.

In order to produce a model capable of predicting groundwater levels at a location
where no groundwater measurements are available, we would have to train a model
on data from several locations at once, while also supplying the model with enough
input information to deduce important geological factors (such as 71 and 75 in the
discharge models used in this report). Dedicated research on this topic could lead
to groundwater level models capable of not only generalizing in time, but also in
space.
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Appendix

A.1 Performance of models across hyperparame-
ter space



A. Appendix

0.10

0.08

0.0

Scaled validation set MSE
(o))

0.0

=

0.10

0.08

0.06

Scaled validation set MSE

0.04

0.10

0.08

0.06

Scaled validation set MSE

0.04

Figure A.1:

2 3 4
Number of LSTM layers

s

Dropout rate

-

Second dense layer width

model)

IT

Performance across explored

100

5 10 50
LSTM layer width

-

First dense layer width

1 10 100
Batch size

hyperparameter space (rainfall only



A. Appendix

0.07 - — - o

%%%!! F%%+

1 5 1 100
Number of LSTM Iayers LSTM Iayer W|dth

0.06

o
o
a

Scaled validation set MSE
o o
o o
w N

©
o
N

o
o
=

0.07

0.06

Scaled validation set MSE
o o o
o o o
w N (6]

o
o
S

o
[=}
=

0.0 0.1 0.2 0.3 10 20
Dropout rate First dense layer width

5 10 1 10 100
Second dense layer width Batch size

0.07

0.06

o o
o o
iN a

Scaled validation set MSE
5
w

o
o
N

o
o
=

Figure A.2: Performance across explored hyperparameter space (sequential model
using all available meteorological data)

ITT



A. Appendix

0.040 [

0.035

0.030

0.025

0.020

0.010

Scaled validation set MSE

0.005
2 3 4 5 1 5

10 50 100
Number of LSTM layers LSTM layer width

0.040
0.035

0.030

0.025
0.010
0.1 0.2

Scaled validation set MSE

0.005
0.3 20 40

0.0 . .
Dropout rate First dense layer width

0.040
0.035
0.030

0.025

5 0.020
0.010
1 1

Scaled validation set MSE

0.005
5 10 20
Second dense layer width Batch size

0

Figure A.3: Performance across explored hyperparameter space (non-sequential
model using all available meteorological data)

IV



A. Appendix

0.14

0.12

- . E ; *
0.02
10.0 50.0 100.0

Number of LSTM Iayers ' ' LSTM layer width

o
a
o

o
o
[e3)

Scaled validation set MSE
2
[e)]

0.14

0.12

j-m =

0.0
20.0 40.0
Dropout rate First dense layer width

Scaled validation set MSE
o o o
o o =
(o)) (o] o

=

0.14

m=n -

Second dense layer W|dth ' Batch size

©
o
N

o o
o -
%) o

Scaled validation set MSE
2
[e)]

Figure A.4: Performance across explored hyperparameter space (non-sequential
model with CNN preprocessing (constrained to non-negative values) using all avail-
able meteorological data.)

\%



A. Appendix

6{-{-; l;{-ﬂ

. 1.0 50.0 100.0
Number of LSTM Iayers LSTM Iayer width

0.08

o
o
)

o
=)
&

o
o
a

Scaled validation set MSE
o =}
o o
w N

o
o
S

o
o
=

0.08

i{-i; —

20.0 40.0
Dropout rate First dense layer width

o o
o o
> ~

o
o
a

Scaled validation set MSE
o o
o o
w S

o
o
N

0.08

‘- —

10.0 . .
Second dense layer width Batch size

o
o
)

o
o
o)

o
o
a

Scaled validation set MSE
o o
o o
w N

o
o
N

Figure A.5: Performance across explored hyperparameter space (non-sequential
model with CNN preprocessing and current values, using all available meteorological

data)
VI



A. Appendix

0.040
0.035
%)
= 0.030
©
[2]
5 0.025
g
=0.020
>
3
< 0.015
O
n
0.010
0.005
5.0 1.0 5.0 10.0 50.0 100.0
Number of LSTM Iayers LSTM layer width
0.040
0.035
%)
< 0.030
@
[2]
S 0.025
g
= 0.020
>
3
3 0.015
O
(%}
0.010
0.005
20.0 40.0
Dropout rate First dense layer width
0.040
0.035
%)
< 0.030
©
[2]
5 0.025
g
= 0.020
>
3
= 0.015
O
n
0.010
0.005
10.0 . .
Second dense layer width Batch size

Figure A.6: Performance across explored hyperparameter space (non-sequential
model with access to historical values using all available meteorological data)

VII



A. Appendix

0.10

0.08

0.06

0.04

Scaled validation set MSE

0.02

0.10

0.08

0.06

0.04

Scaled validation set MSE

o
o
N}

0.10

0.08

0.06

0.04

Scaled validation set MSE

o
=}
N}

o

Number of LSTM Iayers

0.0 0.1

0.2

Dropout rate

- -0

5

Second dense layer width

0.3

LSTM Iayer W|dth

10 20
First dense layer width

1
Batch size

Figure A.7: Performance across explored hyperparameter space (gravity sequential

model)

VIII



A. Appendix

0.050

0.045

S
o
o
=
o

0.035

0.030

=
o
N
a

0.020

Scaled validation set MSE

0.015

0.010

0.050

0.045

ion set MSE
o o
o o
w N
(4] o

0.030

0.025

0.020

Scaled validati

0.015

0.010

0.050

0.045

MSE
o
o
=
o

-

0.035

0.030

0.025

0.020

Scaled validation se

0.015

0.010

Figure A.8: Performance across explored

2.0 3.0 4.0 5.0
Number of LSTM layers
0.0 0.1 0.2 0.3

Dropout rate

10.0 20.0
Second dense layer width

sequential model)

- N

1.0 50.0 100.0

5.0 10.0
LSTM layer width

20.0 40.0
First dense layer width

1.0 10.0
Batch size

hyperparameter space (gravity non-

IX



A. Appendix

0.040

0.035

0.030

0.025

0.020

Scaled validation set MSE

0.015

0.040

0.035

0.030

0.025

0.020

Scaled validation set MSE

0.015

0.040

0.035

0.030

0.025

Scaled validation set MSE
e
N
o

0.015

20

5.0

3.0 4.0 5.0
Number of LSTM layers
0.1 0.2 0.3

Dropout rate

10.0 20.0
Second dense layer width

1.0

20.0

5.0 10.0
LSTM layer width

Nas

50.0 100.0

40.0

First dense layer width

$

1.0

10.0
Batch size

Figure A.9: Performance across explored hyperparameter space (gravity non-
sequential model trained on data starting in 2010 including simulated groundwater
measurements)



A. Appendix

0.10

axslt Bpul

5 100
Number of LSTM Iayers LSTM Iayer W|dth

o
o
©

Scaled validation set MSE

o
o
N

0.10

g

0.2
Dropout rate Flrst dense layer W|dth

o
o
o5

Scaled validation set MSE

0.10

o
o
®

0.06

o
o
=

Scaled validation set MSE

o
o
N}

5 10 1 10
Second dense layer width Batch size

Figure A.10: Performance across explored hyperparameter space (gravity sequen-
tial model without temperature input)

XI



	List of Figures
	List of Tables
	Introduction
	Theory
	Artifical intelligence and machine learning
	Supervised learning
	Data set division

	Neural networks
	The artificial neuron
	Recurrent neural networks
	LSTM units
	Stateful recurrent neural networks

	Convolutional neural networks
	Hyperparameters
	Training a neural network (backpropagation and gradient descent)
	Backpropagation through time

	Overfitting
	Regularization techniques
	Summary


	Superconducting gravimeter
	Principles of operation
	Precision

	Sources of gravity variations
	Tides
	Polar motion
	Seismic events
	Meteorological effects
	Hydrological effects


	Methods
	Available data sets
	Data preprocessing
	Cleaning up the gravity signal
	Seismic events
	Tides
	Non-tidal ocean loading and atmospheric pressure loading effects
	Polar motion
	Trend and other outliers

	Filling gaps in data
	Resampling/downsampling
	Final preprocessed data

	Neural network
	Architecture
	Hyperparameter tuning
	Data set organisation
	Groundwater predictions
	Gravity predictions

	Computational considerations


	Results
	Groundwater predictions
	Sequential model using only rainfall data
	Sequential model using all available meteorological data
	Non-sequential model using all available meteorological data
	Non-sequential model with CNN preprocessing using all available meteorological data
	Non-sequential model with CNN preprocessing and current values
	Non-sequential model with access to historical values
	Non-sequential model with a subset of the meteorological data as input
	Comparison to physical and mathematical models
	Simple groundwater accumulation and discharge model
	Modified groundwater accumulation and discharge model
	Elastic net regularized linear regression

	Summary of results
	Impact of LSTM unit state


	Gravity predictions
	Sequential model
	Non-sequential model
	Non-sequential model with simulated groundwater input
	Sequential model without temperature
	Comparison to a linear regression
	Summary of gravity results


	Conclusion
	Gravity predictions
	Groundwater predictions

	Bibliography
	Appendix
	Performance of models across hyperparameter space


