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ABSTRACT

Groundwater in the Steenkoppies compartnoérihe Gauteng and North West dolomite aquiser
extensively used for agricultupracticeghatcan potentially lead to groundwater storage depletion,
threatening groundwater sustainability in the compartm@nbundwater models are needed to
describethe complex, interdependent relationships occurring in a groundwater system. Groundwater
levels represent the response of an aquifer to changes in storage, retibengege and hydrological
stresses. Groundwatkavels in an aquifer are, therefore, useful to identify limits and unacceptable
impacts on an aquifer and to use this information to implement sustainable groundwater management
decisions. Conventionally, numerical techniques are used for groundwatieiing. The use of
machine learning techniques for groundwater modelling is relatively new in South Africa. Unlike
numerical models, machine learning models are-dav@n and learn the behaviour of the aquifer
system from measured values without needmgraderstanding of the internal structure and physical
processes of an aquifer. In this study, Neural Network Autoregression (NNAR) was applied to obtain
groundwater level predictions in the Steenkoppies compartment of the Gauteng and North West
Dolomite Aquifer in South Africa. Multiple variables (rainfall, temperature, groundwater usage and
spring discharge from the Maloneyds Eye spri
groundwater level predictions. The importance of each of these inpuatsl tine prediction of
groundwater levels was assessed using the mutual information HaeXNAR model was also

used to predict groundwater levels under scenariabafige(change irecharge and abstraction).

The coefficient of determination, mean squared error, root mean squared error and mean absolute
error was used to evaluate the predictions made by the NNAR. The results showed that the NNAR
couldbe used tanakegroundwater levegbredictions in 18 boreholes across the Steenkoppies aquifer
and that the model can be used to make predictimnscienarios of change. Overall, tR&IAR
performed well in predicting and simulating groundwater levels in the Steenkoppies aquifer. The
trangerability of the NNAR to model groundwater levels in different aquifer systems or groundwater
levels at different temporal resolutions should be tested to confirm the robustness of the NNAR to

predict groundwater levels.
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CHAPTER 1:
INTRODUCTION

1.1 BACKGROUND

Groundwater is essential, not only for domestic use but also for industrial and agricultural use
and supporting natural ecosystems (Beetlestone, 200%)n a supplyporeholeis drilled, the

aim is that théboreholewill be able to provide enough water far extended time and its use

will be sustainable for future generatiofisonikow and Bredehoeft, 2019Modelling an

aqui ferbds response to recharge and discharg
agricultural developmer(Saatsazt al, 2011) Through groundwater modellingroundwater

resources may be managed and used sustainably.

Groundwater systems are dynamaied varydue toshort and long term changes in climate,
abstraction and land ugkendaet al, 2018) Since groundwater iselow the surfacet is often
challengingto quantify the impacts dfiydrological stressesuch as abstraction and climate
changepnanaquifer(Alley and Leake, 2004 An aquifer will respond to hydrological stresses

in one of two waysEither the grondwater system will reach a new equilibrium state, where
recharge and discharge balance, allowing the aquifer to exist indefinitely or the stresses on the
aquifer are so large that a new equilibrium cannot be reached resulting in a finite span on the
aquiferés life (Bredehoeft and Durbin, 20Q9proundwater modelare used as a tota identify

an ideal balance between groundwater abstractiom@dwel® effectsonthe aquifer tqreserve

aquifer sustainabilityCoppolaet al, 2003)

In hydrogeology, pysicatbased numerical techniques are most commonlyfosgdoundwater
modeling, especially since the development of powerful computers andriesaily software
(Kendaet al, 2018) These nmerical modedrequire spatial data on geological and hyalyecal
properties of the aquifgKendaet al, 2018) This information is often challenging tefine
accuratelyln the lastiecade machine learningasbeen useds a modern, alternative technique

for groundwater modellingChanget al, 2016) Unlike numerical modelsnachine learning
modelsare datadriven and learn the behaviour of the aquifer system from measured values
without needing an understanding of the internal structure and physical processes of an aquifer
(Coppolaet al, 2003; Huang and Tian, 2015)



1.2 RESEARCH MOTIVATION

Groundwater is a vital resource of freshwater globally (Walter, 2010). Rapid populatioh,growt
industrialisationurbanisatiorand climate changeave raised the demand for water (Mc@tl

al., 2019). Surface water resources do not meet this increased demand, making groundwater an
essential source of water globally and in southern Africa (MaBikl, 2019). In the South
African Development Community (SAD@roundwater resources are heavily relied on with an
estimated60% of the SADC's populationtilising this resourcefor their basic water needs
(Groundwater Consultant2001) Climate change, populatigrowthandincreaseadiemand for
irrigation to meet food production requiremestgygesthat theneedfor groundwateis going

to increase in the futui@ltchenko and Villholth, 2013t is crucial to ensurthat there will be

a long-term groundvater supplythrough the implementation ofsustainable management
protocolsto meetthesefuture demand (Saatsazt al, 2011).In addition, goundwater storage
depletion in aquifers ialreadya significant issue threatieg the sustainability of groundwater

resourcegKonikow and Bredehoeft, 2019)

Groundwater models are used to establish the relationship between hydrological stresses and
their impact on aquifer recharge, storage and discl{aedareet al, 2016 Kendaetal., 2018)

An observed groundwater level time series represents the response of an aquifer to hydrological
stressegLafare et al, 2016) Thereforethere is great value in developing a model that can
simulate and predict groundwater levels so tr @n understand the impact of hydrological
stresses, specifically abstraction, on an aqulfiee. model can then be used as a toadlentify

limits and unacceptable impacts an aquiferand to use thisinformation to implement

sustainable groundwater managenpmiicies and protocoléSahocet al, 2017)

Hydrogeologist can useoth numerical and machine learniteghniqueto modelgroundwater
levels However, he @nventionally used umerical moded are laboriousand have practical
limitationsasthey requireextensive quantification of physical properties and aquifer conditions
(Zhaoet al.,2011) Machine learningnodels danot needsuch quantificatioras they are data
driven andrecognise the underlying processes and patterns hidden in histiatiasdes (Hsu

and Gupta, 1995Machine learning modele most useful to modgloundwatesystemghat

are poorlydefined, and one does not recognise or fully understand all thengxiskationships

in a system(Frenchet al, 1992) Machine learning models can then be usedrédlict future
scenarios without having additional expert operator iopthe aquifer dynamicKendaet al,
2018) Many government departments and organisations, such Beflaetment oiVaterand

Sanitation (DWS) in South Africa, alloWweeaccess to historicalata set that drive the machine



learning.There isgreatincentive toexplore machinéarning as an alteativefor groundwater
level modelling Machine learning offers hydrogeologists a variety of techniqoaesiodel

groundwater levels

The machine learningechniqueused in this studys the Neural Netork Autoregression
(NNAR). The NNAR is aypeof Artificial Neural Network (ANN)In the literature, ANNs are

the most popular machine learning technique used to successfully model groundwater levels
(Maier et al, 2010) ANNs are a valuable tool fanodellingcomplex nodinear issues which

are difficuk to describe with conventional methods, specifically in situations where the outcome
is more important than the understanding of the involved pr@@éssschet al, 2018) ANNs

are also a powerful tool for predicting groundwater levels in highly irreduyldrogeological
systemgqLee et al, 2019) The popularity of ANNs has resulted in the availability of a large
numberof open access resourgssich as TensorFlow in Python or the Forecast package in R)

to assist in learning and building ANN models.

NNARs, are a type of ANNSs that are specifically good at modelling time series data. NNARs
strength is in their ability to look at previous lagged values dfatggettime series as well as the
current value to make predictiond/(nschet al, 2018. This allows them to determine time
dependant patterns more accurately compared to other machine learning techniques @Da Silva
al., 2017).The NNAR was therefore, armappropriate machine learning technique to model

groundwater levels in the Steenkoppies aquifer.



1.3 AIMS AND OBJECTIVES

This studyaimed to test the applicability of machine learning, specificalyNeural Network
Autoregression (NNAR)as an alterttive technique for modelling groundwater levels.

The objectives of the studyere to

a) Use the NNAR to establish a model capable of simulating and predicting groundwater level
change in the Steenkoppies compartment of the Gauteng and North West dajoifete a

b) Assess the success of therformancenade by thenodelstatistically using several error
indices (coefficient of determination @ mean squared error (MSE), root mean squared
error (RMSE) and mean absolute error (MAE))compare the observed and the predicted
groundwater leveland graphically assess the model's predictive capability by plotting the
observed groundwater levels agaitigtsesimulatedoy the model

c) Use the machine learning model developed to predicigtwater levels for future scenarios

not seen in previous data sets.

1.4 CASE STUDY SITE SELECTION

The Gauteng and North West dolomite aquifers are arguably one of the most important aquifers
in South Africa(Cobbinget al, 2016) Communities and the surnading ecosystem heavily
utilise this aquifer. Not only does it maintain springs, wetlands and rivers in and around the area,
but it also supplies water to several towns (e.g. Groot Marico, Mahikeng, and Ventersdorp) and
supports lucrative irrigated commaicagriculture(Cobbinget al.,2016. Volcanic dykehave
intruded into theGauteng and North West dolomite aquided dividedit into several smaller
aquifer compartmentgJohnsoret al, 2006) One of these compartments is tBeenkoppies
Groundwater Management Unit (GW which is the case study for this reseafelgure 3-1).
Throughout this studythe Steenkoppies Groundwater Management Unit ((pM referred to

as the Steenkoppies compartment

Thegroundwater in the Steenkoppies compartrpeoides water primarily for productive local
agriculture, including the largest producer of carrots for export in South A@adabing, 208).

The farms that are reliant on groundwater employ over 4000 people and have significant links
to other sectors oCobbfhg, AdB)hThigrhakds thegbosindwateoimtioe my
Steenkoppies aquifer a very valued resoufidee Steenkoppies compaent is at risk of
groundwater oveuse. e historicabata setshow a definite decline in groundwater levetsl

spring dischargeas abstraction increageand the aquifer transitiohto a new dynamic



equilibrium. By developing a model that can simglaand predict groundwater levels in the
Steenkoppies compartment, one can understand the impact of hydrological stresses, specifically
abstraction, to make appropriagistainable groundwater management decisionghe

Steenkoppies aquifer

Machine learimg is datadriven Therefore good qualitydata set are neededo develop an
accurate model. Relative to other aquifers in the SADC region, an extensive historical
groundwater level dataet is available for the Gauteng and North West dolomite aquifer.
Historical data sets for the input variables were also available (for this study, the input variables
usedwererainfall, temperatur@andspringdischarge)Comparedo other compartments in the
Gauteng and North West dolomite aquifer, the Steenkoppies compartment has the greatest
density of boreholes recording groundwater level readimgan extensive timaith the least

data gaps. Historicatata set for the inpti variables are also available from nearby

meteorological stations

The available historical groundwater and input variables data makesStienkoppies
compartment in th&auteng and North West Dolomite aquigeworthwhile case study for

testingthe useof machine learnings an alternative technique for modellgrgundwater levels.



CHAPTER 2:
LITERATURE REVIEW

2.1 INTRODUCTION

The machine learning modelsed in this studyNeural Network Autoregression (NNNAR))
makesuse oftherelationship between the target vat@a(groundwater levelsandotherinput
variables tomake predictions.The selection of suitable input variables is reliant on'sone
understanding of the influence and interactions these variables have with groundwater levels.
Section2.2 explainsthe variables that influence change in groundwstterage and ultimately
groundwater levels over tim&ection2.3 describes the definition and conceptgobundwater
sustainabilityto understandhow hydrogeologistscan usegroundwater modslas a tool to
promote sustainable manageménachine learning is a new field in hydrogeology, especially
in South Africa. Sectio2.4 explairs what machine learning is, as well as the different types of
machine learning modebsvailable tomodeltime seriesSection2.4 alsodescribeshe model
used in this study anan overviewof theinvestigations where researchers have usadhine

learningmodelsto model groundwater levels

2.2 SOURCE OFWATER TO AN AQUIFER

2.2.1 Under Natural Conditions

Prior togroundwategbstractionit is assumed thdhere areno long term storage changaghe
groundwater system and thrathargéalanceslischarggKonikow and Bredehoeft, 2019)he
recharge going into thgroundwatersystem is equal to the dischargavingthe systemA
groundwater system may experience fluctuations in storage on #&odiglyadal time scale based
on dryer or wetter payds. However, it is assumed that these fluctuatievesntuallybalance out
and the groundwater systememainsin a state of dynamic equilibrium(Konikow and
Bredehoeft, 2019)



Thewater budget (or balancdist described by Lee (1908) and Meinzer (1931) describes the
state of an aquifer in its naturallbace over a long period, before groundwatbstraction
(Bredehoeft and Durbin, 20Q9Jhe concept of the water budget is consistent with the Law of
Consevation of Mass and expressed as a simplified rhakmcegEquation2-1) (Healyet al,
2007)

ok mal A R o <
Equation2-1
Where

P =recharge

0 = water flow into thegroundwatesystem
'O "¥ evapotranspiration
Y'Y= change in water storage

0  =dischargeout of thegroundwatesystem

The natural balance of an aquifer can be upsetitmate changeClimate change can lead &
change in the amount of rechargean unconfined aquifetue to reduced, sporadic or less
intense rainfalldecreasingoil infiltration and deeper percolation of water to the aquiféu et

al., 2020). Increased evaporation due to rising temperatures also limits the amount of water
available to recharge aquige(Ddll, 2009).The effect of climate change maiterthe balance
between recharge and dischargaposing hydrological stressn the groundwater system
(Bredehoeft and Durbin, 20Q9)

2.2.2 Under Groundwater Abstraction Conditions

A pumpedoorehole is supplator balanced by water from one or a combination of three potential
sourcesi) an increasef recharge to thboreholecaused by pumping) a decreasef discharge
from the aquifer also caused by pumpingipa reduction in groundwater storage in the aquifer
(Theis, 1940, cited in Konikow and Bredehoeft, 2019)

When groundwater is pumpédm a boreholewater isinitially removed from storaganda
cone of depression is formed new discharge is introduced into the sysesmd this createa
gradientin thelocal hydraulic head adjacent to therehole resulting inaflow of waterto the
borehole After atime, water to théoreholes no longesuppliedby groundwater storage aen
but byan increase in rechargethe aquifeand adecrease in discharge from the aquifer caused
by pumping (Theis, 1940, cited in Konikow and Bredehoeft, 201@apturé or the"capture



principal' defines the increase in rechargend the decrease in discharge caused by pumping
(Seyler et al., 2016) ACaptur® is the water that naturally would not have entered the
groundwater othe decrease in discharge bellow the natural anausto pumpingKonikow

and Bredehoeft, 2019)

If there is sufficient capturethe groundwater system will reach rew equilibrium, and
groundwater storage will no longer be the source of water to the bosswdeture balances

the pumping, causing rahange in the groundwater storggan der Gun and Lipponen, 2010)

This means thahe water mass balance is conserved, and the new discharge from pusnping
balanced by the increase in recharge and decrease in natural digEfguge2-1). Thetime it

takes to reach the new dynamic equilibrium is called responseAillegy and Leake, 2004)
Response time is dependent on the size, boundary conditions and hydraulic properties of the

aquifer and can vary from days to centufi€ésnikow and Leake2014)
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Figure2-1: Sourceof water to aboreholeover time(SourceKonikow and Leak2014).

Theis (1940) noted that manycircumstancesurface water features suchragrsform aquifer
boundarieslf suchfeaturesdo not exist or ifivershave limited water supplyhey mayposea
limit on capturéKonikow and Leake, 20147 his is because a feae such as a river can supply

capture to satisfy the increase in recharge caused by pumping.

If the stress om groundvater systemdue to pumpings too great abstractionrmay not be
balancedy captureAs a resultwater levels will continue to declipnand the source of water to

a boreholewill continue tobefrom storag€Bredehoeft and Durbin, 2009; Konikow and Leake,



2014) If capture is not large enough to balance pumpamgl an equilibrium is not reached,
groundwater storage may become exhaugteth der Gun, 2017)This may result in
unsustainable aquifer usageowever the definition of groundwatesustainability is case
specific(further explained in sectiok.3). The impact humans have on groundwater should be

balanced against the social and economic ber{Sigleret al, 2016)

Since pumpingcan increaseecharge rateand decreased dischargeeas,one cannot use the
basic water budget approachtesdetermine sustainable pumpiiBevlin and Sophocleous,
2005) The Water Budget Myth is mistakenlthinking that to maintain groundwater
sustainability, pumping rates should not be greater tiz@ural Virgin recharge rage(Devlin

and Sophocleous, 20p5This is incorrect athe water budget doemt recognis that pumping
altersthe recharge and discharge rate of an aq(ifevlin and Sophocleous, 2005; Seydéal.,
2016) Many authors (Téis, 1940; Brown, 1963 and Bredehoeft, 2002) have provided
theoretical proof that the water budget approach does not consider the dynamic nature of
aquiferwhen pumpe@nd only considers long term steagtate aquifer behaviour

Bredehoeftet al. (1982, discuss that natural recharge rates are not required to determine
sustainable pumping rates. However, this is not to say that recharge is irrelevant to groundwater
sustainability (Bredehoetit al, 1982). Sustainability is a broader concept which depends on
the changes that occur to the environment and smmaomy, to which recharge is bound to
affect (Kendy, 2003; Devlin and Sophocleous, 2006pr example recharge may affect
groundwater qualt and ultimately affect the associated ecold®evlin and Sophocleous,

2005)

In the case oirrigation for agriculture Alley et al, (1999) and others point out that not all the
water pumped from the groundwater is usedaogp lost from the aquiferin many shallow
unconfined aquifer systems, the water used to irrigate crops filtrates back into the aquifer and
the net pumping rate is not equal to the total pumped W@wrin and Sophocleous, 2005)

This discrepancy is essential fbetermining limitson groundwater abstraction for irrigatidn

is not pumping per se that depletes the groundwater storage, but the amount of pumped

groundwater that evapates(Kendy, 2003).



2.3 GROUNDWATER SUSTAINABILITY

2.3.1 Definitions of Groundwater Sustainability

The use of groundwater in Africa has resulted in significant economic growth; however, the
exploitation of this resource has led to reduced quantity and quality of the groundwater resources
which threatengroundwatersustainability (Walter, 2010) As Davieset al. (2013) states,
groundwater resources are often poorly managed and poorly understood, dueutoodsight,

out of mind association with groundwatéDavieset al, 2013) Groundwater is not strictly
renewable In most cases, atvacted water will return to the hydrological cyclewever the
replenishment period may take several generatidissocket al.,2002) Groundwater policies

from governments are often inconsistent with groundwater flow and timescales, making it very

difficult to manage and enforce groundwater sustainal§Btgesoret al, 2012)

The definition of groundwater sustainability has changed significantly, from the olfler 20
century concept of safe yield, which only encompasses the physical system of an aquifer, to the
more recent idea of groundwater sustainability, which recognises the interactions between
people, economics and the environmeéiiey and Leake, 2004; Devlima Sophocleous, 2005;
Gleesoret al, 2012)

Safe yield was first defined by Lee (1915) as the quantity of water that can be abstracted
permanently without depleting the storage resd@ey and Leake, 2004)Safe yield is
equivalent to"maintainable agter yield" defined by Seyleet al, (2016) and will be used
throughout this studyAlley et al., (1999) defined groundwater sustainabilitgs the
"development and use of groundwater in a manner that can be maintained for an indefinite time
without causig unacceptable environmental, economic, or social conseqieDeetaring an
aquiferyield as sustainablassumes that the impacts associated with the abstrgstion as
reducednaturaldischarge)resocially, economically, and environmentailgceptale (Seyler

et al, 2016)
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2.3.2 SustainableGroundwater Use

Safeyield depends on how much of the groundwater pungaedbecaptured from increased
recharge and decreased dischdAkey and Leake, 2004)Thesafeyield does not necessarily
reflect sustainable groundwater Seyleret al, 2016) To estimate theafeyield, one should
determinghe following conditions/ changes to the aquiteée yield of each source of water to
the borehole(recharge and dischge ascapture and aquifer storage), the extent of storage
depletion [ong term reduction in groundwater leedéd the response tingBeyleret al., 2016)
Based on thessonditions one can also monitor ttecioeconomic and environmentdlanges

to determine if this yield is acceptable and reflects groundwater sustainébéiieret al.,
2016) If the changes are acceptghilleen the pumping at theafeyield can be considered
sustainable for groundwater uéglley and Leake, 2004)The safeyield should be updated
through adaptive management practices as many variables can influesaéetheld and the
sustainability consideratiorm/er time. This is the basis for the capture principal to sustainable

groundwater use

Hiscocket al.(2019), Gleeson (2012) and others recognise that groundwater shob&liset!

in a way that inflicts negative consequences to either the economy, society, or the environment.
Alternatively, Foster (200) and Price (2002) reason that aquifer storage caerdagploited if

there is a beneficial outconfiliscocket al, 2002) For example, overexploitation of the High
Plains Aquifer in the United States caused severe ¥etel declines in some aquifer
compartments, however, tlowerexploitation of this aquifer has transformed this area into a
world-leading agricultural hub (Hiscock et al, 2002) All groundwater abstractions have an

impact, and one needs to determine what level of impact is acce(@ableret al,, 2016)

11



2.4 MACHINE LEARNING

Machine learnings anevolved subfield of artificial intelligend@arindsdottir, 2019)Mohr et

al. (2018, defines machine learnirgg algorithms thdearn and improve from experience in the
form of data collected to make accurate predictidfechine learnings a broad and growing
field andhas become a powerful tool for predictive analy¥is, 2015) Figure2-2 summaises
thevariouscategories antypes of machine learning models applicable to this stwtich are

explained below.

Machine learning algorithms are grouped into two categories; supervised and unsupervised
algorithms(Da Silvaet al, 2017) In unsupervised learning, the algorithm infers patterns from
datathat is notknown or labelledDa Silvaet al, 2017) The goal is tdearnthe underlying
structure of the datdhe model does not have a reference for what the output data &auld

like, making it impossible to conduct model trainihgorder toextract meaningful information,

the model explores the structure of the dBta Silvaet al, 2017)

Supervised learning algorithms are used when input and output variables are cleady labell
The goal is to learn patterns and correlations between variables from previous experience
(training data) and use that to make predictions on the unseen or unknown data (test data). There
are two subcategoried data that can be modelledsupervisedearning; classification in which

a model aims to predict categorical or class labels, and regression in which the models attempt
to predict a continuous outpyAgatonovicKustrin and Beresford, 2000)n this study,

regression data is modelled using supervised learning.

Thereis a wide rang®f machine learning techniques for predictive analysis. Onleohore
popular techniques is the artificial neural netw@kN) (Maier and Dandy, 2000)
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Figure 2-2: Flow dhart summarising the classification of some of the machine learning techniques
available The green text highlightsoseapplicable to this study.
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Artificial Neural Networks (ANNS)

Artificial Neural Networks ANNSs) are a type of machine learning algorithm designed to

simulate the way the human brain analyses and processes inforrfrgatonoviecKustrin and

Beresford, 2000)The human brain can menmsajandrecognse patterns and still genersdiin

a wide varietyof circumstances. The ability of the brain to do this is the driving factor behind

the development ddrtificial neural networks which attempt to mimic biological neural systems
(Engelbrecht 2007). ANNs were first conceptualised in 1943 by McCulloch aRits;
nowadays, the use of ANNs widely usedn hydrogeology mainly for researckMaier et al,

2010)

Thebasicarchitecture oén ANN can be divided intthree mairlayersnamely;the input layer,

where data is received from the external environment; hidden layers

ibl,avheke box 0)

the majority of the internal processing of the ANN occurs such as extracting the patterns

associated with the data; and the output layer, whiodymes thenetwork outputs from the

13



processingerformedn thehidden layergFigure2-3) (Da Silvaet al, 2017) Each layer of an
ANN comprises of nodes that are linked by weighted connectidasSilvaet al, 2017) A
node receives a weighted input to which a bias is added or subttagadje the input to a
useful range to improve the ANINs p e r f(Shahanatalc2808) The result after the bias
is added or subtracted is passed throughdivationfunction to the neurons in the next layer
(Shahairet al, 2008) Theactivationfunction allowsthe ANN to make complegonnections
between the network's inputs and outgiia Silvaet al, 2017) By changing the activation
function and the number of hidden layene alters thelegree to which the data is ntnear
(Shahinet al, 2008) Depending on how the connections betweenrtburons are organised,
an ANN s classified asa feedforward neural network (FFNN) or a recurrent neural network
(RNN).

ANN modektake on the following fornfMaier et al.,2010)

(I) “Q n IV . _
Equation2-2
Where:

Y = vector of model outputs

X = vector of model inputs

W = vector of model parameters (connection weights)

f (*) = functional relationship between model outputs, inputs and parameters

- =vector of model errors

If the connections between the neurons arene direction, from inputs to outputse ANN is

an FFNN (Figure2-3A) (AgatonoviecKustrin and Beresford, 20005FNN architecturenly uses
the current timestep fed into the madedoes notetaina record of the previous output values
as there is @ connection from the output to the input neurgAgatonovicKustrin and
Beresford, 2000)

If the connection between the neur@s both a forward and backwards directitre ANNis
classified agn RNN (Figure2-3B) (Da Silvaet al, 2017) RNNs are differentrom FFNNs as
the output of one layer directs back into the input of the same or previoustaystored as a
hidden state in the mod@\gatonovicKustrin and Beresford, 2000RNNs havegreatsuccess
in determining time dependant fEhsandcan be employed on timeariant system@rezaket
al., 2012). Thechronologicalinformation stored in the RNNs hidden stat¢entsseveral time

stamps and cascades forwardrfbuencing the predictionéTaveret al.,2015). Therefore, an
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event downstream in time is a function of one or more events before the current timésiamp.
added memory allows RNNo determine time dependant patterns more accurately compared to
the FFNNs (Brezaket al. 2012). RNN have the potentidb be successfully applied to model
hydrogeological processes and produce reasonable sojuéwes when there is limited
information about the physical properties ofélgiifer One drawback to modelling using RNNs

Is that the prediction error increaseih time. There is an error on the predicted output, which

is fed back into the model, causing an accumulation of errors as predictions are made further into
the future This is known asithe problem of vanishing gradiemtand as a resultiess accurate
predictions argeneratedhe furtherinto the futureone predictgScardapanand Wang, 2017)

There are manglifferent typesof RNNsavaiable for groundwater modelling.

A) Hidden
Input layer
Output
layer
o 22
= 3
=Y &
= =
- o
B) I
nput .
P Hidden Output
layer
layer layer
:
2, &
=) =
- O

Figure 2-3: Comparison between the architecture of two types of Artificial Neural Networks: A) Feed
Forward Neural NetworkFFNN) where the connections between the nodes are in a forwards direction
B) Recurrent Neural NetworlRNN) where the connections between tiees are in a forward and
backwards direction, and tlwutputis directed back into the input of the same or previous layed
stored in a hidden sta(8ource:QuizaandDavim, 201)
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2.4.1.1 Neural Network Autoregression NNAR)

Neural NetworkAutoregressionNNAR) is one variant of the RNN. Although RNNshave
limitations in makinglong-term predictions(the problem of vanishing gradient§ycardapane

and Wang, 2017NNARs usually provide better results than conventional R gredicting
groundwater levelsas these models keep informatiamout the datavo or three times longer
compared tostandard RNNgWunschet al, 2018). Li ke an RNN, t mext NNAR
outputis not only dependant on tipeesent inputs but alsprevious output sighsiof the target

variable (also known as laggenhputy (Izady et al, 2013) However, unlike an RNNthe
NNAROGS ptimestampgsre si0t stored in a hidden state but given as another input to the
model(Figure2-4) (Izadyet al, 2013)

The internal processing of thENAR model is a neural network with a linear combination
function and aonlinearactivation functior(Equation2-3 andEquation2-4) (Yoonet al.,201%
Khaleket al, 2016. The inputs to the model apait throughthe linear functionand the result

is thenpassedhrough the noitlinear sigmoid activation functiorkpaleket al, 2016)

The linear combination functioat nodeQn the hidden layersi defined adelow (Yoonetal.,
2011):

Equation2-3
Where

o =i"input from thenode in theprevious layer
® = inputvalue at the present nodp,is the bias
0 =weight connectingo andw,

"(e= sigmoid activatiorfunction

N = numberof nodes in the previous layer
The sigmoid activation functioior target variabley is formulated agKkhaleket al.,2016):

P

"0
w 0 0

Equation2-4
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The values for the wei ght s Tabegn with, ke yaluesrfoe
the weights arehos@ randomlyand then updated using the training dsdathat the overall
predictive error is mininged Zhangand Hu, 1998)Consequentlythe NNAR (or any ANN)

will produce slightly sifferent predictions each time the model is(Bgardapanand Wang,
2017) To obtain a robust evaluation of the models ability to make predicomesshould run

theNNAR several timesandthe final results should be aneaage of the several model runs.

The general formula fomeNNAR model fitted to the daia given inEquation2-5 (Ruizet al,
2016)

wo QB0 pHIO pHIO ¢mMBEHUO b Ad
Equation2-5
Where

"= neural network used to fit the data

W= target time series to predict

w= input variable used to predict the target
f = lagged input®f the target time series

Q0 =theerror

The model makes predictions recursively. To predim¢ stepthe modelsimply use the
available historical inputs. Fopredicting two steps,the modelsimply use the onestep
predictionas an input, along with the historical détyndman andithanasopalos, 2014. This
process proceeds until all the requipeddictions arealculated

Input Layer Output Layer
4 N\

—x(t — 1)—p

—_—-1) Hidden fiwewe

1 Layer
—y(t — 2)—p ) R
(c—p) e (®)

—y(t — p)—>

- /

Figure 2-4: Basic architecture afhe Neural Netvork Autoregressio{NNAR) where the connections
between the nodes are in a forward and backwards direatibthe outputs are fed as a new inpothe
model(SourceRuizet al, 2016)
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2.4.2 Modelling Timeseries UsingArtificial Neural Networks

The basic concept to model a tiseries using\NNs s to predict the targetariable 3 assuming
it has a relationship witmput variables w(Wickhamand Grolemund2016). In this studywe
forecastwy the groundwater levels, using ttvariables rainfalspringdischarge, temperature

and groundwater usage.

The first decision to make whettevelopingan ANN modelis todecide how to utilise the time
series at hand toreatethe model and asse its performanceThis is known as the model
pipeline. It is common practice to split thieme series of both the target and thput variables
into two, the training, and thedissulset (Kuhun and Johnson, 2019)meseries order must be
maintainedwhen splitto ensure that the modeicks up the patterns in the datadhikari and
Agrawal 2013.

The training data set is used to develop the model and allow for the model to recognise and
il e ar patberng im the targetariable(w) and the relationshipsetween thdargetvariable
andinputvariablegw) (Wickhamand Grolemund2016).During training,themodel makes use

both the time series from the input and target varidableptimiseparameters such #s number

of hidden layes, the weighted connection between laandthenumber of nodes in each layer

so that the model can predict the target variable with the lowest &ings.is called
hyperparameter tunind\lthough one can sethe model parametemanually, lyperparameter

tuning is typically carried out by the ANN adaptivelypased on the datied to the model
(Wickhamand Grolemund2016).

There are many methods in which @am feed the training datathe ANN algorithm that may
improvethe hyperparameter tuning ability of the ANDhe of these methods is cressidation.
Crossvalidationis aneffectivemethodas it increases the generalisability of the mglehun

and Johnson, 2019¢rossvalidationwas used in this study amcplainedin Chapter 40Once

the model training is complete, and the hyperparameters of the modgtianesed, the model
simulates the target variable for the training data. This allows one to see if the data is overfitting
or underfitting. Overfitting is when the model learns the noise in the training data so accurately
(fits all peaks at troughs exaglthat it negatively affects the performance of the model when
predicting new data (Wickhaand Grolemungd2016). Underfitting is when the model is unable

to simulate the training data or predict new data (WickhathGrolemund2016). If simulated
targetoutput for the training data shows a good but not exact fit to the data, then the model is

ready to make predictions.
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The developed ANNmodeld oes not Afsee0O the target vari a
predictionsby observing the consistencies andgais in theestdata sebf theinputvariables

and provide predictions based on what the model has learnt during trédhikari and

Agrawal, 2013. The test data should remain unused until the final misddévelopedThe

target variabldest dataisnu n bi ased assessment (Ablelabubtal, mo d e |
2015) The test data of the target variable isusedssss t he model 6s predict
statistically and graphically compag the predictions madby the model with the actual
measured values of the target varigilaniet al, 2019) If the model successfully predicts the

target variablewvith a suitable error levethenone can deploy the model and uséoitmake
additionalpredictions. If the mael does not successfully predict the target variabtethe error

is too largethen the model pipeline would needadjustuntil the model can successfully predict

the target variable
2.4.3 Application of Artificial Neural N etworks in Hydrogeology

In the last decade, neural networks have been used and dppliede seriepredictiontasks
due to their ability to model complex ndinear functions (Gao and Er, 2005T.he practical
implementation of machine learning techniques for groundwaterlimgdeas not yet taken off
but explored in researcfKendaet al, 2018) Some of the machine learning techniques
successfully used to model groundwater levels inglikdeNN by Aziz and Wong (1992);
support vector machines applied Yigon et al, (2011) and autoregressive (AR) models, used
by authors such aShirmohammadet al, (2013) and Wunscét al, (2018)

In a review, Maier and Dandy (2000) assessed 43 p#marsnade use ofeural networks for

the prediction and forecasting of water resourvsst authors using ANNSs for hydrogeological
applicationgnadeuse of FFNN, however recently there has been more investigations on the use
of RNN, and theNNAR, for hydrogeological modellingShirmohammadet al, 2013; Wunsch

et al, 2018)

Sreekanth et al. (2009)sedFFNN to develop a model that coutdedictmonthly groundwater
level fluctuations in the Maheshwaram watershed in India. In this shelguthor used monthly
groundwater leveldetween 2002006 from 22 wells in the studyes. The ANNspredicted
groundwater with &igh degree oficcuracy(R? = 0.93). This study concluded that satisfactory

groundwater level predictions could be made using limited groundwater records.
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A neural network was applied in India BNayaket al. (2006), which used monthly rainfall,
irrigationandcanal relese to predict groundwater levels. The model produces groundwater level
predictionsfor up tofour months However after two monthsthe error in the model starts to
accumulatdthe problem of vanishing gradientand the performance of the model deteriorates.

Shamsuddiret al.(2017) and other authors have ude€eNN to forecast groundwater leveis
a daily temporal resolutionShamsddin et al (2017) showd that FFNNs are capable of
modelling daily groundwater levels using rainfall, temperature, streamflow, and river water level

data as inputs along with values of groundwater level.

Lee (2019) predictechourlygroundwater levelssing FFNN to find the impact of natural factors

and anthropogenic factgrsuch as artificial recharge and pumping groundwater level.ee

(2019) trained an FFNNusing the baclkpropagationalgorithm.Lee (2019)successfully used

the modelo predict groundwater levels with acceptable errors. However, slightly highes error
wereencountered in the wells where there was a more significant anthropogenic influence on

the groundwater.

Daliakopoulos and Coulibaly (26Q) made use ddiifferent ANNs to predict groundwater level
fluctuations 18 months ahead. Ttheee ANNSs used in this studyvere FFNN, RNN and the
Radial basis function network (RBFAIl the models performed sufficienthiHowever, the
model that performed the best was the FRNitied with theGradient descent with momentum
and adaptive learning rate bagkopagatioralgorithm (GDX). GDX is an activation function

that attempts to reduce the effect of the vanishing gradient problem.

Changet al.(2016) is one of the few studies whegeundwater level change anaquifer scale
was modelled at a monthly temporal resolutiofhis studyusel a combination of a Self
Organised Map (SOM) and Nonlinear Autoregressive with Exogenous Inputs (N@&RXar
model to the NNARYor predicting basirscale groundwater level in the Zhuoshui River basin
in Taiwan. Monthly data sets from 203 groundwatatians, 32 rainfall stations arsix flow
stations between 2000 and130wvere used to for modelling. The results indicatettt@iNARX,
can predict reliable groundwater level prediction$3BR.9 for training and test cases) at a basin
scale. The findingpy Changet al. (2016), shows the gplicability of anNARX for large scale

environmental systems.

Guzmaret al.(2017) used aautoregressive neural network, simmilar to tHEAR, to predict
daily groundwater levels up to three months ahead. The poedidoecome less accurate over
time, and the best performance is shown for predictions 15 days ahead with a minimal error o

less than 0.001 m between meadwand predicted valueSomparable t&Guzmaret al, (2017)
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Wunschet al, (2016) also made use of aatoregressive neural netwartodel,the NARX, to
model groundwater level at weekly emporal resolutionGroundwater levelfom boreholes
both influenced and uninfluenced by nearby pumiiog three different aquifer typegarst,
fractured and paus) were modelledising rainfall and temperatutene series as input8y
only using two climatic variables (rainfall and temperatureiaselinputs, the study shows
how theNARX can be used in all areas with simptadily available input variablesThe model
performed best in predicting groundwater levels from thiestkaquifers.The wells that were
influenced by pumping performed worse than those uninfluenced by pun@vegall, the

NARX showed promising results omagindwater predictions with only two input vables.

Table2-1: Summary of studiewhereresearchers usedNNs to modelhydrogeological systen{&eed
Forward Naural NetworKFFNN), Recurrent Neural NetworkRNN), Radial Basis FunctiofRBF),
Nonlinear Autoregressive Network With Exogenous IngM&RX)).

Author Model Target variable = Temporal Total @ Prediction Accuracy
algorithm and Input resolution sample length
variables size (months)
Sreekanthet FFENN Target: Monthly 72 24 R?=0.93
al. (2009 Groundwater RMSE= 4.50m
levels
Input: Rainfall,
evapotranspiration
temperature,
humidity, river
discharge

Nayak et al. FFNN Target: Monthly 96 4 RMSE=0.320.58
(2006) Groundwater m
levels
Input: Rainfall,
canal releases
Shamsuddinet FFNN Target: Daily 406 4 R?2=055-0.75
al. (2017) Groundwater MSE=0.(8-0.1m
levels RMSE= 0.0in
Input: Rainfall,
temperature, river
stage stream flow
rate
Leeet al. FENN Target: Hourly 8712 3.4 R?=>0.9
(2019) Groundwater NSE= >0.75
levels RMSE=36 cm
Input: Rainfall,
groundwater
pumping, artificial
recharge
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Daliakopoulos FFNN Target: Monthly 180 18 FFNN:
and Coulibaly RNN Groundwater R?=0.590.99
(2005) RBF levels RMSE=2.119.84
Input: Rainfall, m
temperature RNN:
R?=0.6%0.91,
RMSE= 3.319.32
m
RBF:
R2=0.74
RMSE=5.23 m
Changet al Target: Monthly 165 33 R?= 068097
(2016) Groundwater MSE=025-0.96
levels m
Input: Rainfall, RMSE=0.341.18
river flow m
Wunschet al. Target: Weekly = 1624- R?2=0.180.91
(2018) Groundwater 3640 54 RMSE=010-1.45
levels (Boreh m
Input: Rainfall, ole RMSEr = 003-
temperature depend 0.51%
ant) NSE=026-0.94m
Guzmanet al Target: Daily 2920 1-3 R?=0830.92
(2017) Groundwater MSE=0001-
levels 1.002m
Input: Rainfall NSE=084-0.95m
previous

groundwater levels
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CHAPTER 3:
SITE DESCRIPTION OF THE STEENKOPPIES
COMPARTMENT

3.1 LOCATION AND SETTING

The Gauteng and North West dolomite aquifer underlay the Gauteng and North West Province
(DWA, 2009) This aquifer comprises of 300 milligrearold Malmani dolomite formations of

the Chuniespoort GroupNiegmanset al, 2013) The Malmani dolomites havendergone
karstification to becomene of South Africa's most high yielding aquif@e8VA, 2009. Dykes

intruded into the dolomites, forming boundaries impermeable to groundwater flow. These dykes

have created separate hydrogeological aquifer compart(wéiggmanset al, 2013) The focus
of this study is thé&teenkoppies compartmeithe Steenkoppies compartméensituatedvest
of Tarlton, South Africa (26°03'to 26°13' S, 27°29% to 27°39' E)and coversan area of

approximately312 knt (Figure3-1) (Hollandet al, 2009.

25150 26i00 26;50 27100 27;50 28100 28;50
)‘ ﬂ /,,’ /”‘ '\‘ Lege“d
-25.00 d / ¥ 7 e Main Cities --25.00
i e ;/ “1 ~~ Primary Drainage
‘ (SR R\?%‘\\v“ NG I__] Relevant Quaternary Drainage
WS \_ -t A by ~ ¢ S n
4 \ \SOUTH AFRICA R i?‘\s W .\_t%: LAl [T Steenkoppies GMA \
W 3 ‘;':./ v A ’\\\ [[] Gauteng and North West Dolomite Units |’
-25.50- \ ;E\ o\ VS ,.—".‘ 0 Ramotswa Dolomite Compartments - -25.50
leewst‘k x‘kl \‘\“’\*\. Y ;,x L A i o T
\ \ o X AT T AR S w3
r \ SwaTUE?ens 1 \A?mw g \-\‘: \: _\‘- oy ‘J
AT, S\ § s M }-: R e‘?{@:%.\ :_‘_‘2”'%‘;5_:
Y \'\».Maﬁkeng ™~ 4 1 " Nt “ 3 \"‘: e
-26.004 \ T SLAN B L26.00
o - ‘\ Johannesburg <8
(‘ i Tarlton - ¢
Lichtenburg™y f \,u- s ¥
Gauteng and North West dolomites Ventersdorp A é
-26.50- --26.50
Y A
-27.004 --27.00

27.50

25.50 26.00 26.50

28.00 28.50

Figure3-1: Map showing the location of the Gauteng and North West dolomite aquifer (highlighted in
grey) and the Steenkoppies compartment (highlighted in yellbag.inset shows thposition of the

Gauteng and North West dolomite aquifer in South Africa.
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3.2 TOPOGRAPHY, DRAINAGE AND LAND COVER

The topography in the Steenkoppies compartment is characterised by undulating plains
(Vahrmeijeret al, 2013) Thealtitude of the Steenkoppies compartmesaries from 1700 m
above mean sea level (mamsl) in the sa#bt t014% mamsl in the north and west of the
compartment. The altitude dips down to an even lower altitude to 1200 mamsl at the flood plains

of the Magalies River in the far north of the compartmEigure3-2).

Besides the noperennial BrandvleRiver, there a@ no surface water drainage features or
wetlands in the Steenkoppies compartn{€mure3-2). This indicates that most of the rainfall
drains directly into the aquif¢¥ahrmeijeret al, 2013)
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Figure 3-2: Location of the Steenkoppie®mpartment boundary, relevant hydrology, meteorological
stations and cities.
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Figure 33 showdand cover over the Steenkoppies compartpaawording to th&outh African
National Landcoverdata sebf 2018 From the soutlwest to the nortieast of he Steenkoppies
compartment, both pivot irrigated, and ré&d agriculture dominates. The sowhst of the
Steenkoppies compartment is occupied by residential settlements, both formal and informal
equally represented. Minor planted forest covers thensoiuthe compartment. In the north of
the Steenkoppies compar t meSouth Afrifan dlational Lanxd a | 0o
coverdata sebf 2018d e f i ne s fi ¢ 0 mmeresidantall ateas ased for busineasamd

commerce. Overall, agricultural praxes cover most of the in the Steenkoppies compartment.
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Figure3-3: Landcover over the Steenkoppies compartment (shapefile from the South African National
Land-coverdata sebf the South African Spatial Data Infrastruct@@18
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3.3 GEOLOGY

The stratigraphy of the Steenkoppies compartmerutlined inTable 3-1. The Steenkoppies
compartment comprises of the north to newtst dipping rocks of th€huniespoort Group and
Malmani Subgroup.The Malmani Subgroup is subdivided into chech and clertpoor
formations of which the chert rich formations form the higyielding aquifers Department of
Water and Sanitatigr2009). The @nglomerates and shales of the Rooihoogte and Timeball Hill
Formationoverlay heMalmani Dolomitesandform the Nothern boundary of the Steenkoppies
compartmentThe quartzites and shaleéthe Black Reef Formation lie beneath the Malmani
dolomitesand form thesouthern border of the Steenkoppies compartniafic dykes intrued

into the Malmani dolomiteghe Tarlon East and Tarlton West Dykand create he eastern
boundaryof thecompartmenthile the Eigendom Dykdorms thewestern bader (Vahrmeijer

et al.2013. TheWolwerkransdyke intruded across the centre of the compartment with an east
west trengd howeverjs not thought to be a substantial barrier to groundwater fldolland et

al., 2009)

Table3-1: Stratigraphy of the Gauteng and North West dolomBesi{ceVahrmejer et al.2013)

Super Group Group Formation Thickness Lithology
Transvaal Pretoria | Rayton 120 Shale, quartzite
Magalieshurg 300 Quartzite
Silverton 600 Shale
Daspoort 80-95 Quartzite
Strubenkop 105120  Slate
Hekpoort 340550 @ Andesite
Timbal Hill 270660 @ Shale, Diamictite, Klapperkop Quartzite a
ferruginous Quartzite
Rooigate 10-150 Quartzite, Shale, Bevets Conglomerate Mem
and Breccia
Chuniespoori Frisco 30-158 Chertfree dolomite with some primary limestol
oolitic bands Chert increases to the top
Fccles 490 Chertrich dark dolomitewith stromatolitic and
oolitic bands. Chet increases to the top
Lyttelton 220290 Chertfree dark dolomite with largstromatolites
and sometimes with wad
Monte Christo 740 Alternate layers of cherich and cherpoor light
coloured dolomite with stromatolites and oolite
Oaktree 190330 Chertpoor dark dolomite with interbedded laye
of carbonaceous shalethe base
Black reef 11-30 Shale and Quartzite. Arkosic Grit
Wiwatersrand Central Rand - 2880 Aranaceous, rudaceous rocks
West Rand 5150 Quartzite, reddish and ferruginous magne
shales
Dominion ? Quartzite, conglomerate, shateerbedded lava

Basement Complex
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3.4 CLIMATE

South Africa is asemtarid country, with highly seasonal and unevenly distributed rainfall
(Vahrmeijeret al, 2013) The climate in the Steenkopp@esmpartmenérea is characterised by
cool, dry winters and warm, wet summers with 80% of the rainotalurringas thunderstorms

(Seyleret al.,, 2016) Thistypeof climate is typical of the South African highveld.

3.4.1 Rainfall

Figure 3-4 presentsannual rainfallfor the Steenkoppies compartmeicording to data from
meteorological stations maintained by the Agricultural Research Council (ARC) and the South
African Weather Service (SAWSA two-year moving average the annual rainfa(lgrey dotted

line) and the mean annual precipitatiMAP, red dottedline) is also presente(Figure 3-4).

The annual rainfall recorded in the Steenkoppies compartfnoemtL 909 to P19was the lowest

in 1935 (323,2 mm) and the highest in 1929 (1081,3 mm) with a MAP of 668,57 mm.

According toVahrmeijeret al. (2013) the Steenkoppies region experienced two periods of
meteorological droughtom 19901994 andagain from20022007. These two drougkvents
areapparenin the historical rainfall timeseries with themoving average of the rainfall time
series well below the MAP during these peri@dgure 3-4). Table3-2 compars theMAP to

four individual years of anntiaainfall. The annual rainfall in 1994 was 87% of the MAP while

in 2004 the annual rainfall was only 738hich confirms the drought events described by
Vahrmeijeret al. (2013) Table3-1 further illustrates that there was another potential drought
betwea 2015- 2017 as the annual rainfall recorded in 2015 and 2017 was 71% and 63% of the
MAP, respectively.

There appears to be a cyclical pattern in the rainfallrdecbin the Steenkoppies compartment.
Consecutive years of higher rainfall, abovenear to the MAP, are followed by years of lower
rainfall, below the MAP. The green and blue arrows demonstmatxample of high rainfall
years and low rainfall yearsespectively(Figure 3-4). Between 1964981 the Steenkoppies
compartment receed conscutive years of higheminfall. During this time aly threeyears
recaded rainfallslightly below the MAPand twelve years of rainfall is above the MAProm
19821986 the compartment receivedccesise years of lower rainfall as all the years recdrde
annual rainfall below the MAP. HBrtycle was repeated with high rainfall between 13839

and lower rainfall between 1994®94. The moving average helps to visualise the cyclical pattern

in the time seriessat represents a smoothed out rainfall cutvéhen the moving average is
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above the MAP one can distinguigbars of higher rainfall amgthen it drops below the MAP
the years of lower rainfall can be sed@ihe cyclical pattern does not repeat at fixed intervals
throughout the entire timseries. Fronthe moving average curve and the annual rainfall in

Figure3-4,

Table3-3was formed outlining the cycles of higher and lower rainfall years throughout the time
series.Figure 3-5 shows the monthly rainfall in the Steenkoppies aqudeey barswith the

trend of the monthly rainfallblue line). In the lastten years, there has been a decline in the
numberof monthly rainfall peaks Figure 3-5). Only nine months recorded rainfall above 100
mm in the last five years (20142019), compared to 16 montb&rainfall above 100 mm the

five years before (2002014). This is worth mentioning @goundwater in the Steenkoppies
aquifer is recharge(bkignified asanincrease in groundwater levelsdm rainfall when more

than 100 mnrainfalls in a monthflurther explained ir3.7.1J).
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Figure 3-4: Annualrainfall in the Steenkoppiesompartmenigrey bars)A two-year moving average
(grey dotted ling and heMeanAnnual Precipitation (MAP)thereddotted ling are also represeni&d
An example of f[gh and low rainfall yeararerepresenteds the green and blue arrqwespectively.
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Table3-2: Annualrainfall compared to the MAI the Steenkoppgeaquifer

Year

MAP (19082019)

1994
2004
2015
2017

Table3-3: Cycles of higher and lower rainfafi the Steenkoppies compartment

Date

19101913
19141918
19191924
19251929
19301935
19361944
19451953
19541958
19591965
19661981
19821986
19871989
19901994
19951997
19981999
200062001
20022004
20052012
20132018

Annual rainfall (mm)

668
583
486
474
450

Part of rainfall cycle

low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall
low rainfall
high rainfall

low rainfall

29

% of MAP
100

87

73

71

63

Years
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Figure3-5: Monthly rainfall for the Steenkoppies aquifgrey barspnd the trend of the monthly rainfall

time series (blue line).
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3.4.2 Temperature

The temperature in the Steenkoppies compartmafiollowed a consistent seasonal tref)d

In thespring andsummer monthgSeptember March)themean monthlyemperature fluctuate
between 15°G 24°C and in theautumn towinter monthgApril - August)fluctuated between

4°C - 19°C. This is according to data collected frommeteorological stationin the
Steeenkoppies compartmantintained bythe ARC (Figure 3-6). The twelve-month moving
average irFigure3-6 showsthat themonthly aveagetemperature increasédm 1950 to 2019.
Higher temperatures will cause higher evapotranspiration rates and lower soil water content

(Doll, 2009). This may result in less water recharging to the aqufetthus redution in

groundwatestorage.
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Figure 3-6: Mean monthly temperature in the Steenkopp@sipartmenigrey line) and the
twelve month moving average (blue line).
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3.5 HYDROLOGY AND SPRING FLOW

The Steenkoppiesompartment lies within the quaternary drainage region AZhE perenial

spring, Maloney's Eye is situated 750 m south of the northern boundary of the Steenkoppies

compartment at 1495 ma$tigure 3-2). The Maloney's Eyas located at the intersection of an

eastwest striking fault zonén the Malmani Subgroup that is overlain by geology of lower

permeability forcing the groundwater to the surface. The Maloney's Eye serves as the only

natural significant outlet for the gundwater in the Steenkoppies compartnfeiaiiandet al,

2009) Maloney's Eye flows out into the Magalies River that feedsHabeespoorDam.

Between 1908017 themeanmonthly discharge from Maloney's Eye spring varies from a low
of 0.051cubic centmetresper second (fts) recorded in April 2007 to a high of 1.035%s

recorded in March 197%{gure3-7).
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There are six significant peaks time spring dischargéme seriesn 1919, 1945, 1979, 1997,
2001 and 2011Figure 37). The peaks are a delayed, response to raiffigili{e 37 andFigure
3-8). The spring discharge peaks coincide with the erdgdf rainfall cyclesigure3-8 and
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Table3-3). The longer the period of high rainfall, the larger the peak in the spring discharge. For
example, the highest average spring discharge peak was recorded in 1979 (1.01 m3/s) towards
the end of 15 years bigh rainfall between 1966981 Figure3-8). In 1945, theaverage spring
discharge peakedt a lower rate (0.67 m3/s) after eight years of high rainfall recorded from
19361944 Figure3-8).

The spring discharge decreases substantially from F§8re3-8). Two peaks after 1987 (seen

in 2001 and 2011) are of a much lower magnitude compared to the peaks recorded pre 1987
(Figure3-8). The last peak recorded in the average spring discharge im2@¥&ry low (0.28

m®/s) although it follows seven year$ ltigh rainfall between 2005 and 2012. It is uncertain
whether this pealasrelated to rainfall or associated with another external factor acting on the
spring discharge, such as groundwater abstraction causing a decrease in digahangeijer

et al. (2013, used thecumulative rainfall departure (CRD) methtmlevaluate theetationship
between rainfall andpringdischarge and confirmetat there is goodconnection betweethe

two. However,in 1987 the actual measured discharge was lower than the simulated discharge
from the CRD, indicating that other external factors aatounted for (such as abstraction)
influencal the discharge from 1987. This explains the lower discharge rates recorded after 1987.
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Figure3-8: Meanannual springidcharge from the Maloney's Eyepresented as the blue ligheft axis)
Mean annuatainfall representeds the grey bars with a twe@ar moving average shown as the grey
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3.6 GROUNDWATER LEVELS AND FLOW DIRECTION

For this study, istorical groundwater level data was requested from the National Groundwater
Archive (NGA) and HYDSTRA databases which are maintained by the Department of Water
and Sanitation (DWS). The groundwater level is measured in meters above ground level (magl)
and as such, represented as a negative vallejority of the boreholes in Steenkoppies
compartment are situated in the nentbst of the compartmenfEewerboreholesare locatedn

the northeast and southastof the compartmerand everlessboreholes intie southwest of

the compartmentHjgure 3-9).
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Figure3-9: Position of théoreholesn the Steenkoppies aquifé@ource of dataWVARMS)

Monthly groundwater level time series recorded from boreholes in the Steenkoppies
compartment are shown ifigure 3-10. The groundwater levels in the Steenkoppies
compartment range from82,12 meters aboygroundlevel (magl) to-28.76 magl. Although each
groundwater level time series increases and decreases at different magnitudes, a similar trend
and timing of the grendwater level increases and decreases are recorded throughout the

compartmentKigure3-10).
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The groundwater levels show an increase from approximately 1984 to 1991 after which the
groundwater levels show a decrease until 1994. The groundwater levelgamt increase from

1994 to 2001, with a slight decline seen in between thisairasound 1999. The groundwater

levels decrease another time until 2007, increase until 2011 and then show a decrease up until
the end of the time serieBiure3-10). These increases and decreases in the groundwater level
time series coincide with the rainfall cycles outlinedrigure 34 and Table 33. For visual

clarity, only six groundwater level time series are shown with the monthly rainfall and the
monthly rainfalltrend Eigure 311). The peaks and the troughs in the groundwater levels are a
slightly delayed and muted version of the monthly rainfatjre 311).
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Figure3-10: Monthly goundwater levelsecordedrom boreholes in the Steenkoppies compartment
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time.

Figure3-12 shows the six groundwater level time series with the momkenspring discharg

from the Maloneyods Eye. | n a cebah(RQ0®9 descabdk hy dr
the flow of groundwater in the Steenkoppies compartraetdwards the north to discharge at

the MalodbdgdMaEpyeeybdbs Eye s pletifontlge giomdwateren onl y
the Steenkoppies compartment. Sitioe hydraulic gradient between the surrounding aquifer

and theMa | o n e \isvbat deiyespring dischargegroundwatetevel will directly translate

to changes ithespring dischargeate This is also confirmeth the historical time serie§igure

3-12). The pattern of the spring discharge time series is very similar to the groundwater level
time seriesKigure3-12). The spring discharge records significant peaks in 1997, 2001 and 2011,
which coincides with the increases in the groundwater level time seriespfimg discharge

represents eesponse to the fluctuations in the groundwater levels throughout the commartme
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Figure3-12: Monthly groundwater level (left axis) amdonthlyspring dischargéright axis) over time.

Table 3-4 shows the summary of the groundwater level data sets used for modelling in the
Steenkoppies compartmeiitable3-4 describes a summary of thenfall and spring discharge

data sets. The majority (13 out of the 18 boreholes) record declining groundwater levels. The
spring discharge and rainfall time series also record declining groundwater levels. Since
groundwater leels are a muted response to rainfall, and spring discharge is a muted response to
groundwater levels, the decrease in the rainfall could be the cause of the decline in the
groundwater levels and spring discharge. However, declining rainfall may not twmlthe
variable contributing to declining groundwater levels and spring discharge in the Steenkoppies
aquifer.As described in sectidh5, the study using the CRD method by Vahrmesjeail.(2013)
supports the idea that there may be external factorsasggbundwaterbstraction influencing

thegroundwater levels in th®teenkoppies aquifer.
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Table 3-4: Summary of the groundwater level

(GWL), Meters above ground level (magl)

Borehole
ID

A2N0566
A2N0553
A2N0610
A2N0610
36349
A2N0617
A2N0612
A2N0616
A2N0615
A2N0614
A2N0608
A2N0568
A2N0567
37773
A2N0554
A2N0563
A2N0565
A2N0569
Rainfall

Spring
discharge

Latitude

-26.07665
-25.90942
-26.08706
-26.05231
-26.10025
-26.09555
-26.08129
-26.08089
-26.07671
-26.0818

-26.08549
-26.09776
-26.07711
-26.08122
-26.05302
-26.04796
-26.07643
-26.09134

-26.02236

Longitude

27.57651
25.89306
27.58199
27.65417
27.64812
27.578611
27.57433
27.56255
27.61508
27.57062
27.5976
27.57742
27.57643
27.56661
27.62917
27.57273
27.57467
27.60041

27.56336

Start date
(yyyy/mm)

1990/06
1985/05
1989/04
1986/03
1986/01
1989/04
1989/09
1989/09
1989/09
1989/09
1989/09
1986/01
1986/01
1987/07
1986/05
1986/05
1986/01
1986/06
1908/10

1908/10

End
date

End
GWL

(magl)
-59.88

-65.4
-61.85
-55.26
-43.59
-63.55

Start
GWL

(magl)
-58.16

-66.37
-60.05
-45.60
-50.3
-61.61
-55.14
-68.56
-68.65
-67.73
-70.81

2017/10
2017/10
2017/10
2016/02
2017/10
2006/08
2017/10 -56.81
2017/10 -70.5
2017/10 -70.32
2017/09 -69.08
2005/08 -72
2007/02 -65.61
2007/07 -61.33
2017/10 -70.32
2001/08 -79.39
2002/07 -65.32
2000/09 -58.02
2000/07 -75.01

2019/10 0,25
mm
0,2
m3/s

-61.29
-57.99
-68.26
-80.34
-65.51
-58.02
-75.44

105,6
mm
0,36
m3/s

2017/10

Years
Active

27
32
28
29
31
17
28
17
28
27
15
21
21
30
15
16
14
14
111

99

Trend

decline
incline

decline
decline
incline

decline
decline
decline
decline
decline
decline
decline
decline
decline
incline

incline

decline
incline

decline

decline

Trend
Gradient

-0.0002
-0.0002
-0.0002
-0.0005
0.0002
<-0.0005
-0.0002
-0.0002
-0.0002
-0.0002
0.0003
-0.0002
-0.0001
-0.0002
< 0.0003
< 0.0003
<-0.0005
< 0.0003

<-0.0005

<-0.0005

Table3-5: A summary of the monthly rainfall and spring dischg@eound water levels (GWL))

Borehole
ID
Rainfall

Spring
discharge

Latitude

-26.02236

27.56336

Longitude Start date
(yyyy/mm)

1908/10

1908/10

Start End End
GWL date GWL
105,6 2019/10 0,25
mm mm
0,36 2017/10 0,2
m3/s m3/s
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Years
Active
111

99

Trend

decline

decline

Trend
Gradient

<-0.0005

<-0.0005

time series in the Steenkoppiesir(d water levels

Annual
increase

(m)
-0.06

0.03
-0.06
-0.33
0.22
-0.11
-0.06
-0.11
-0.06
-0.05
-0.08
-0.21
-0.16
-0.07
0.06
0.01
0.03

-3,59
mm
-0,002
m3/s

Annual
increase
-3,59
mm
-0,002
m3/s



3.7 SOURCES AND SINKS

3.7.1 Direct Recharge

The primary source of recharge to the groundwater in the Steenkoppies aqurfenisainfall
(Cobbinget al, 2016) Recharge for the Steenkoppies compartment ranges from 9% to 21% of
the mean annuaglrecipitation (Hollancet al, 2009). The graphs shown above demonstrate that
groundwater levels are influenced and recharged by rainfgliKigure 3-11). Another source

of recharge in the Steenkoppies compartment istfigent discharge from the Rdotein

Sewage Works, and return flow from irrigati@@obbinget al, 2016)

Vahrmeijeret al. (2013 describe how there is an exponential relationship between rainfall and
recharge to the aquifer in the Steenkoppies compartment. Moderate rechargedodogrs
avera@ rainfall eventshowever during increased rainfall events, the recharge to the aquifer
increases dispropdonately to the increase in rainfall. This makes sense as sufficient soil
moisture would already becguired with sizeabé monthly ran, increasing the hydraulic
conductivity and maximising infiltteon of rainfall to the aquifer\(ahrmeijeret al, 2013. By
analysing the data closelyt, was found that monthly rainfall greater than 100 mm result in

significant recharge to the aquif@ncrease in groundwater levels)
3.7.2 Abstraction

TheWater use Authorisation amkegistration Management SystéWiARMS) data setecorded

a groundwater usag®tal of 78,28 million cubic meters per annum (milliofi/a from
registered users in the Steenkoppies compartriiabi€3-6). The dominantvater use sector is
agricultural for both irrigation and livestock irrigation using a total of 39.36 and 37.03 million
m/a, respectively Table3-6). This makes up 76% of thetal registered groundwateseiin the
Steenkoppies aquiferdt should be utlined thaffable 3-6 for the volume of registered
groundwater use for livestoekatering is not realistic and could be a mistake from the WARMS

records.
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Table3-6: Registeed groundwater use on the Steenkoppies compartéARMS, 2019)

Water use sector Number Groundwater use Percentage of total

registrations (million m3/a) usage

Agriculture (irrigation) 180 30,81 39,36
Agriculture (watering livestock) 12 28,99 37,03
Mining 1 0,06 0,08

Industry (urban) 3 11,07 14,14
Industry (non-urban) 3 7,35 9,39

total 199 78,28 100,00

Groundwater us datawasgathered from various literature, reports and surveys by Seyler et al.
(2016)(Table3-7 andFigure3-13). The data set from literature compiled by Seyler et al. (2016)
repated slightly higher groundwater usage in the Steenkoppies compartment compared to the
WARMS data. A sharp increase is recorded in the WARMS data set from 9.75 to 19.05 million
cubic metergper annum (million fia) in 1999, and the literature data set shows an increase in
groundwater abstraction from 13.45 to 25.55 milliod/anin 1996 Figure 3-13). The
groundwater usage data from literature also indicates a rise in groundwater usagefiorh986
3.95 to 13.45 million ria.

Groundwater abstraction (Literature)
35,00

————— Groundwater abstraction (WARMS)

30,00 —
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10,00 | ecmmcmmmmmccmmmmmmmsmmmmmmmee- =t
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0,00

g N N N B O M 0 d W A g3 O N> N O M d W A g N
o 0 0O 0 4 0 40 0 0 o0 14 0 0 0 o0 40 4 0 0 0 o0 4 0 O O
~ s S S S S S S S S S YT S ST TS S TOTCTFS"TFTCFCS"STT OTCFT " TS TS YY" T = =
NN WO N O NN WSO NS W N0 N M S OSSO
N X0 0 Q0 0 W0 O O O O O O O O O 0O 0O 9O 9O O od oA A oA o o o
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Figure3-13: Groundwater usage in the Steenkoppies compartment. The dotted line repesgsteised
groundwater (WARMS, 2019jhe solid line represents groundwater usage fitenature (Seyler et al.,
2019).
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Table3-7: Groundwateusagen the Steenkoppies aquifer estimated from literature (Seyler et al., 2019)

Reference Year Abstraction (million m3/a)
Hobbs (1980) 1980 3,95
Bredenkamp et al (1986) 1986 13,45
Barnard (1997) 1997 19
Schoeman and Partnerg2016) 1998 25,55
Schoeman and Partners (2016) 2015 29,92

The incline in groundwater usage between 1986 and 1996 coincides with a decline in spring
discharge Figure 3-14). As mentionedVahrmeijeret al. (2013) found that in 198the actual
measured spring discharge was lower than the simulated discharge (using the CRD method).
This is just one year after the first peak in groundwater usage in 1986, indicating that there are
other external factors sucts abstraction influencing the discharge. The decrease in spring
discharge can be attributed to a delayed impact of groundwater &sgge8-14).

In section3.5it was established that spring dischar
response to rgundwater levels in the Steenkoppies compartment. Therefore, if an impact of
abstraction on spring discharge is recognised, then groundwater usage also has an impact on
groundwater levels. A few years after the two peaks in groundwater usage, the gteundwa
levels begin to decline in both 1989 and 2000 confirming that the groundwater usage has a

delayed influence on the groundwater levels in the Steenkoppies compédfigarg3-15).
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Figure 3-14: Monthly spring discharge (left axis) andogndwater sage in the Steenkoppies
compartment (right axis)
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Figure 3-15. Monthly groundwater levels (left axis) and groundwater usage in the Steenkoppies
compartment (right axis).
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CHAPTER 4:
METHODOLOGY

4.1 MODEL INPUT VARIABLES

This study makes use did relationship between the target variabled the input variables to
assist prediovns. Suitable input parametevgerechoserbasednthe data availablandonhow
related and how much influentlee input varialbes have on the target variable, groundwater

levels

The hydrogeological knowledge describe®attion2.2and the knowledgef the Steenkoppies
compartment outlined irChapter 3describe howgroundwaterlevels in the Steenkoppies
compartment are influenced by groundwater recharge, evapotranspiration, natural and artificial
discharge. Rainfall, temperature, spring discharge and groundwater usage are used as substitutes
for these parameters.

Other variabés may influencgroundwater levels (e.g. vertical interaction from neighbouring
aquifer compartments or evapotranspiratibfgwever pther parameteiare difficult to measure
and not monitoredegularly. Historical ime seriedor the chosen input variés at are readily
availablefrom government departments in South Africa at reasonable quality

4.2 DATA ACQUISITION AND PREPROCESSING

Time series for the target and input variables indiuely area were gathered from literature,
organisations and government departments in South Africa. Data was requested for the
maximum time frame available. Thigas to ensure theachine learning modebuldtrain on
adequate data to capture the ldagnrelationships that exist between the groundwater levels

and thanputvariables.

In machine learning, dagare-processings a crucial step in which raw data is transformed or
encoded to producepeffereddata sefor modelling(Garciaet al, 2016) Measured dta often

has somerrors or inconsistencie8nalysing data that has not besarefully screened for such

issues can provide misleading resKstsiantis and Kanellopoulos, 2006§ome of theerrors

in a data set could have been due to human error, mistakes in the data collection process or
imprecisions with the measuring equipment. It is imperative that each data set is filtered and the

errorsin the data are rectified so thihe best possibléatafor the region is used asputs to the
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machine learning modelhe IBM programmer George Fuechsel coined the term "garbage in
garbage out", to which he references machine learning algorithms that simply process data they
are fed(Garciaet al, 2016) Therefore pre-processings a vital first step to ensure the success

of a machine learning modé&.summary of the final datacquired for modelling is displayed

the end of the section 4i2 Table4-2.

421 Groundwater Levek

In the Steenkoppies aquifer, tN&SA database contained historical groundwater levels from 166
boreholes and the HYDSTRA databaded historical groundwater level data sets from 36
borehols. There was a large extent of duplication between the two databases. Both the databases
included monthly groundwater level measurements over the period-2949 with very
infrequent weekly and daily measurements also recoMady boreholes had incomplete data

sets with numerous missing values and some contained less than 10 years worth of data

4.2.1.1 Data Deduplication

The NGA is the original database, containing groundwater level datébfsorholesowned and
monitored by both the DWS and consultancies. The NGA database became too large and could
no longer handle the quantity of data. Thus, the HYDS tatabase was created, in the hopes
that all the NGAdatawould be transferred to the new HYDSTRA database that could handle the

large, growing quantity of data.

However, when the HYDSTRA database was createdydheholelDs were changed and only
included data fronboreholesowned and monitored by the DWS andt those monitored by
consultanciedNot all the information from the NG#astransferred to the HYDSTRA database.
For this reason, groundwater levels from both the NGA and HYDSTRA databarsasxquired,
and hence a significant degree of duplicatiorstsxbetween the two data sets.

The coordinates of each of thereholesvere examined to identify duplicate groundwater level
data sets.The groundwater level data for the Steenkoppies aquifer from the NGA and
HYDSTRA databases were merged into one fiaae and analyses were performed on the

combineddata set

In the merged data set, there were 202 unigpreholelD's; however, there were only 141
unique coordinates. T indicates that between the NGA and¥ BISTRA databases, 61

boreholesadthe sameoordinatesindare thus duplicates. The duplicatereholesolding the
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mostcomprehensivandcompletedata setverekept while the shortefata setcontainingmore

missing valueswere removed from théata set

4.2.1.2 BoreholesSelected forModelling

The final boreholeselected for modellingierebased on three criteria; (i) the geology into which
the boreholesaredrilled, (ii) the time frame over which groundwater levels were recorded and

(i) the percentage missing data in the data set.

This study airs to model groundwater levels in the dolomites of the Steenkoppies aquifer
compartmentlt is, therefore jmperative to ensure that thereholeschosen for modelling are
measuring the groundwater levels in the Steenkoppies dolomite aquifer. The DA0GRA@le
geological map of the Republic of South Africa (published by the Council for Geoscience
(CGS)), and shapefile showing the dolomitic compartments of the Gauteng and North West
dolomite aquifer (published by Hollanet al, 2009), wasuploaded to QGIS Geographic
Information System(QGIS.org, 202Q) The boreholesthat were not situated in both the

Steenkoppies compartment avidimanidolomite lithology were removed from the data set.

The study used only the boreholes recording moret#ragears of monthly groundwater level
measurements so that the models were aldapture the longerm trends in the data, and for

the machine learning modelsttain onsufficientdata.

The last criteria were the percentage of missing data in thendwater leveldata sed.
Boreholes with no more than 50% missing dadad gaps no longer than five consecutive
months,were selected for modelling. This ensured that the missing data could be interpolated

realistically.

A summary ofthe pre-processingactions applied to thegroundwater level data sandthe
number oboreholegsemaining afteeachpre-processin@ctionare presented ihable 41. After
pre-processing, groundwater level time series frd@ boreholes in the Steenkoppies
compartment werefeuitable quality for modelling.
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Table4-1: Summary opre-processingctions on GWldata set

GWL pre-processing Action Number of boreholesafter
procedure pre-processingaction
1 Merged NGA & HYDSTRA 202
2 Duplicates removed 141
8 Dolomite lithology confirmed 85
4 Boreholeswith > 10 years data 34
5 Boreholes< 50% missing months of data 24
6 Data gaps < 5 consecutive months 18

4.2.2  Spring Discharge

Historical spring discharge datgereobtained from gaugstations maintained by the DWS. In
the Steenkoppies aquifegaugestation A2H010 measured the discharge of the Maloney's Eye
spring(Figure3-2). The gauge station recadimonthly average river flow inubiccentimetres

per secondm?®/s). Gauge station 2H010 is no longer active today; however, it holds an
extensive historicadata setecording monthly discharge valuesm August 19080 December
2017.

4.2.3 Rainfall

Historical monthly rainfall data was acquired from a studyHiojland et al. (2009).Extensve
historical rainfall data are not recorded froneteorological stationsn the Steenkoppies.
Hollandet al.(2009)therefore, compiled a representative monthly rainfall time series from 1908
to 2009from four meteorological statiomear to the Steenkogs compartmenmaintained by

the South African Weather Service (SAWS the Agricultural Research Council (ARG

four stations showed a similar mean annual precipitation (MAP) where the deviation between
the stations was less than 10%ellandetal. (2009) compiled the time seribg calculating the
weighted average (squared inverse distance weighting method) of all the monthly precipitation.
Thistime serievas augmented with data from the Tarlton station on the Deodar farm situated
in the Steakoppies aquiferRigure3-2) to create a final rainfatlata sefrom October 1908 to
October 2019.

A paper by Xuwet al.(2020) looked at the decomposed signals of rainfall as inputs for forecasting
rainfall. Xu et al. (2020) found that the decomposednsity of rainfall produced better

predictions compared to actual measured rainfall. A similar observation is seen in this study.
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Preliminary model results showed a lack of influence rafnfall on groundwater levels
Therefore, Seasonallrend decompositiorusing LOESS(STL) time series decomposition
(Equatiord-1), wasused to extract the trend of the rainfall time seffi@gure4-1). The trend of
the rainfall time series was used as an inputnprove model performance.

STL is a filtering procedure thatsesLOESS (locally estimated scatterplot smoothimg)
decompose a time series into smoothed estingdtesee components nametyend, seasonality
and residua{Clevelandet al, 1990) The original time series data set, is broken down into the
addition of these three components, accortirgquationd-1 (Clevelandet al.,, 1990)

oA e 1

Equationd-1
Where Yrepresents the original data set andJ R refers to the #nd, seasonality and residuals

components respectively for time t.

The monthly rainfall time series was broken down into the components accordiggaton
4-1, and the trend of the rainfall tingeries (1) was extracted and used as the model ifqout

rainfall. The trend of the rainfall timeeries is represented as the blue lind-igyre4-1).
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Figure4-1: Monthly rainfall trendblue line)extracted frommonthly rainfall (grey bars) using STL time
series decomposition.

4.2.4 Temperature

Historicaltemperaturelata setvas acquired from the SAWS and ARC. The two meteorological
stations recordingemperature closest to the boreholes in the Steenkoppies aquifer was the
Tarlton station and the Zuurbekom station- 30 km southeast of the Steenkoppaegiifer)
(Figure 3-2). The meteorological stations record daily temperaturg €The Tarlton station
recorded daily temperature from November 2003 to October 2019. The Zuurbekom station

recorded daily temperature from January 1950 to August 2019.

Data fom the Tarlton station was representative of the actual daily temperature of the study area
as it is situatedh the Steenkoppies aquifédowever, to increase the length of the Tarlton data
set, the temperature data from the Zuurbekom was used to llanll é€xeime seriefo January

1950.
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Although there is very littléopography that could cause a considerable change in temperature
over distance in the vicinity of the study area, a linear regression on the overlapping data between
the Tarlton and Zubekom data set (November 2003 to August 20Mas calculatetb asses

the correlation between temperatures recorded at these two stations. Betweerdtita et

there is a high linear correlatioR{= 0.96). Bothstationsalsoshowed a similamean annual
temperaturevhere thestandarddeviation between the statiomgas less than 10%-or these
reasonsthe Zuurbekomdata setvas usedsarealistic representation of the temperature in the

Steenkoppies aquifer.
4.2.5 Groundwater Usage

Two data set for groundwater usage in the Steenkoppies compartment was acquired, the
groundwater usagdata sefrom the Water Use Authorisation an&egistration Management
System(WARMS) database maintained by the DWS and groundwater usage from literature
collected by Seyleet al. (2016) Figure 3-13). Determining actual groundwater usage from

registered users is challenging.

There are many inaccuracies in the WARMS database such as duplicate entries, incomplete
entriesand entries that are not updated or inaccurate coordinates etc. The registrations in the
WARMS data semay beanoverestimate to secure suppdy mayanunderetimateto secure a
licence. Additionallythere may b@umerousinlicensedyroundwater usemss notall uses may

be registeredl’he groundwater usage data frtmliterature may not be completely accurate as

it is estimationgathered fom the availableliterature

Although there are potential inaccuracies in both groundwater usage dates@®\MRS data

set was thought to be less accurate based on the unrealistic value recorded for the registered
groundwater used for irrigation livestock. T9eundwater usage gathered froliterature by

Seyleret al (2016), waslsolonger than the WARMS$ata setThe shortedata setvould limit

the amount of data used for model trainifigerefore the groundwater usage gathered from
literature by Seyleet al. (2016), was chosen as a modeluhp
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4.2.6 Data Organisation

After gathering the historical time series for the target and input varialaleesset were created
for each borehole. Dataereaggregated to a monthly temporal resolutidhe rainfall values
were summed monthlyand for temperature, discharge and groundwater ufagarithmetic
mean was applied. Theriodfor the target groundwater levels and input variables were selected

to show the maximum time frame possible but also to show only minor data gaps.
4.2.7 Interpolation

The gaps in thelata setwere relatively small with a maximum of 6 missing values (which
equates to 6 months) and were interpolated linearly. The two most cometbodsito
interpolategroundwater levetlata set are the linear and cubic spline interpolation (use by
authorssuch asVuschet al, (2018) andaliakopouloset al, (2005) respectively). A study by

North and Livingstone (201%ompare the linear and dalspline methods for interpolation of

lake water column profilesNorth and Livingstone (2013)reated artificial "pseudgaps" of
various sizes in the data which were filled using the two methods. The performance of the two
methods wsassessed by ststic evaluatiorof the error between the measured values and the
interpolated values. The result of the study suggests that the linear interpolation method

interpolates the gaps mastcurately

Since everydata setis different, a similar experiment tdorth and Livingston (2013) was
conducted on the data used in this study, to ensure that the linear interpolation was a suitable
interpolation method. "Pseudmaps” of various sizes (1 terBonth gaps) were createfloth
linearand cubic spline interpolatn were testedo interpolate the pseudgaps The experiment
confirmed that the linear interpolation method perforineston average between the measured
values and the interpolated valugsnear interpolation R= 0.98 compared to cubic spline
method R = 0.95).

50



4.2.8

Summary of Data for Modelling

Table4-2: Summary of theihal data set acquired fomodelling

Variable Source
Groundwater NGA,
level HYDSTRA
Spring discharge = DWS flow
gauges
Groundwater Seyler et al.
usage (2016)
Rainfall Hollandet al.
(2009),
SAWS, ARC
Temperature SAWS, ARC

Station / Gauge Units
number

- mag|

A2H010 m/s

Licenced abstraction/ million

indications from m’/a
literature
Compilation of5 mm
stations
Tarltonand e C
Zuurbekomstation

The time for which the
data was available
varying time periods
between 19462019
Oct 1908- Oct 2017

1980-2019

Oct 1908- Oct 2019

Jan 1950 Oct 2019
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Missing data (%)

<50%

<1%

Extrapolated from literature

values

<1%

3%

Temporal resolution

Monthly

Monthly

Monthly

Monthly

Monthly



4.3 MUTUAL INFORMATION (MI)

The input variable$o) are not equally informative in predicting the target varigtile This isdue

to some variablebeingnoisieror havng less of a relationship and correlation with the tacgt

set The mutual informatiofMI) was used to quantifiyow informativeeach input variabledinfall,
temperature, spring discharge and gowater usagewas in predictingthe target variable
(groundwater levels) Ml measures how much information (measured in units called bits) can be
obtained from one variable given anotljRioss 2014).Mlisal so cal |l ed A1 nf or m
linked totheconcept oentropy that quantifies the amount of information there is in a random variable
(Kraskovet al, 2004).MI measurefiow much, on average, the knowledge ofdhariable reduce

the uncertainty ofhe wvariable(MacKay, 20%). Ml between thénput and target variablesyand

y, was calculated using Scikéarn Pedregoset al, 2011) in Python(Python Core Tean015
according tdequatiord-2 (MacKay, 2005):

Odw Ow Ow w
Equatiord-2
Where
w=the input variable
y = the target variable (groundwater level)
‘O = the mutual information fowand y
"O w =the entropy ofw

'O w w =the conditional entropy fabgivenw

Ml is a measure of mutual dependence between two random vayidiglefore) (i ) = | (W3 &),
andl(@w) O 0.

If @andware independent, then information abdwutannotbe obtained fronshand the MI equals
zero. Ifwandware deterministic functions of one anothten all the information abowbcan be

obtained fromy and the MI equals on®pss 2014).

Ml is ageneralised version abrrelation and handles nonlinear dependencies@mithuousandom
values The Ml canindicatehow useful the input parameteiill be in predicting groundwater levels.
The higher the MI between the input andygwvariable(groundwater levelsthe more information
is sharedbetween the two variables.h@& input variable willhave a high correlation with the

groundwater levels awill be more informative in predicting tlggoundwater levelasthe patterns

- 52 -



themodel learngrom the input variable data set will be useful for predicting groundwater |gvexts
et al, 2016)

If a low MI is recorded, thethere is a low correlatigmndlittle information is shared between the

two variables. The input variabell be less informative for predicting groundwater levéldow

MI may also indicate that the input variable de¢émay be too noisy and the information from the

input variablewith respect to groundwater levetsannot berecorded The MI between the
groundwater levels and the target variable, helped to understand the groundwater level predictions

madeby the model.

It should be noted thadl does not model the influence of timput variable on the targetariable

The influence between the variables in the study should be simulated using probabilistic graphical
modelling. An example of such a model is shown in &pay Ajoodha and Rosman (2020), where

a Bayesian netwonkasused to learn the conditional probability distribution between all the features

and the target variable.

4.4 MODEL PIPELINE AND SET UP

The NNAR modelas described inestion2.4.1.]) waschoserno simulate and predict groundwater
levels.The NNAR model is fit using the nnetar function in BogecasPackagan R (Hyndman and
Athanasopoulgs2014 R Core Team, 2017Dther options were the NARPackage in python (Xie

and Wang, 2018), however this did not allow to add any x varibables. The NARX package in Matlab
could havalso been useMATLAB, 2010) however, it is not open access as one would need to
purchase Matlab. The nnetar function was chosen as it is open, aaotgds to implement and allows

to use x variables as inputsigure 4-2 summarises the applied methodological approach taken to

model and predict groundwatienels using the NNAR.

Target variable (y)
-groundwater levels

Dataset

Asses model
performance of
model
(MSE,MAE,RMS
E,R2)

Run model
10 times,
calculate

average

NNAR
predictions
Test (20%)

NNAR
Training (80%)

Input variables (x) o

Tempe | hyperparamerer

-temperature yperp
Hyperparameter

-spring discharge :
-groundwater tuning
usage (cross validation)

Figure 4-2: The applied methodological approach taken to model ardicprgroundwater levels using an
NNAR (Neural Network Autoregression) in the present study
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Asimil ar app-foldarastv atla dtahé ono described in the
(2019) is used to train, select optimal hyperparameters and testathel. mhis approach is
implemented to prevent overfitting and improve the generalisability of the model (Kuhun and
Johnson, 2019)his approach conducts an initial split of the tiseies into two, 80% for training

and 20% for the testing (g.Figure4-3). Once the time series were split, the data wraresformed
though normalisatiomccording toEquation4-3. Normalising the datapgeds the learning of the
model, converts all the variable® the same scale and to a normal distribu{i®edregosat 4.,

2011). The 20% used for model testing remains unseen until the final model is developed. The
trainingdata sets further split into five different resampling slicdsdure4-4). Each slice excludes

parts of the time series and is split with a 90%:10% ratio into analysis and assessmentThésets.
model was trained on the analysis seand assessment sebs predicted using the model. The
performance of the modelas summarisedising the mean squared error, and the statistere

saved. This proceeds on each slice so that in the endvibezéive estimates of performance for
each model, and each was calculated on a different assessment set. Thalidaigm estimate of
performancevascalculated by averaging the frnedividual metrics. This process was repeated with
multiple models of different hyperparameter combinatidnis important to note that each model

run duringthe crossvalidation process were mutually exsive and contained different instances.
The hyperparameter combination producimgedictions with the lowest erres saved andpplied to

make predictionsnthe initial split.

Normalisation applied to the time series after §plédregoseat al, 2011):
o —

Equationd-3
Where:
Z= the standard score after normalisation
w= observed value

= mean of the sample

, = Standard deviation of the sample
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-54

-55 Split

-56 testing
-57 training
-58

Groundwater levels (magl)

1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 2019
date

Figure4-3: Example otheinitial split on data whiclwasused for the final prediction.

Slice1

Slice2

Slice3
-54 Split

Analysis
Assessment

Slice4

Groundwater levels (magl)
o

Slice5

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016
date

Figure 4-4: Example of crossalidation resampling strategy whiclvas used for model training and
hyperparameter optimisation.

There is an element of randomné@sshe predictiongsinceweightsareinitially chosen aarandom)
(Scardapaneand Wang, 2017)Therefore,in this study,once the optimal hyperpaneters were
selected (through therossvalidationprocess)the model was trained and tested on the initial split
ten times. The results from the ten model runs weesaaed and the standard deviati@t each

timestampbetweertheten model ruswascalculatedaccording tdEquation4-4 (Leeet al, 2015

B
YO W& M UAQD O Qet——

D w
€ p

Equatiord-4
Where

n =sample size (equal to ten for the ten model runs)
®=the mean of the sampléslues from the 10 model runs)

w =the observation value
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The performance of the model is then assessed) the averaggroundwater levelsimulated from

the ten runsThis ensures that the results displayed in this study are repeatable and a good
representation of tha o d eabilitygo predict groundwater levalsthe study areddeally, the more

model runst he mor e realistic r epr e sedict graundwater levelf t h
would be, however, there is a trade off between time and computer capacity. Ten modedreuns

chose a®ptimal as it captures thmajority of the randomness in the maaleutputwithout taking

too much time and computer capgcithe upper and lower limit of the standard deviation at each
timestamp across the ten model ruvere graphed to show theariability in the model to predict

groundwater level during tandependentuns of the model
4.4.1 Model Evaluation Criteria

The model performanogasevaluated both graphically and statistically. The obsegvedndwater
levelswere plottedagainst those simulated by the mo(telth train and test)lhe upper and lower

limit of the standard deviation at each time stamp actossen model run®r each groundwater

level predictionwere also plotted. This was to shegariability of the model tgredictgroundwater
levels. Several error indicesere usedo compare the observed and the simulated groundwater levels
statistically.The error indices were only calculated for the predictions made by the model (simulated
tes), as the predictive capability of the model was the criteria being evaluated. However, both the
simulated train and test were shown graphically to visualise hevnbdel fits the training data and

how well the model predicted groundwater levels.

The error indices used in this study were ¢befficient of determination # mean squared error
model (MSE), root mean squared error (RMSE), tielmean absolute err (MAE), which are
expressed below. It applies thasignifies the groundwater levelw,is the predicted groundwater
levels,0 andU representhe observed value and the mean observed value respedivahd 0
representhesimulatedvalues and measimulatedvalue respectively analis the number of samples
available.Eacherror indices haveros and cons. For this reaséoyr error indcesare used irthis

study. The limitations of onmeasure can be addressed by an alternative method.

R?is the squared value of the Bravais Pearson correlation coefficient (Krause et al., 2685)eR
from 0 to 1.Since the values forRange from Qo 1 it more interpretablé/alues greater than 0.5,
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aretypically considered as satisfactory. However, it should be noted tHzt viadue can be deceiving

as it measures correlation and not accurBéys formuated asEquationd-5 (Moriasi et al., 2007)

Equatiord-5
Mean squared error (MSEpot mean squared error (RMSE) anean absolute error (MAE) indicate
the error in unites or squared units of the simulated model output against the observed groundwater
levels in meters (M)it assesses the model accuralye lager the value, theiorse the fit. Avalue
of zero indicates a perfect fi¥priasiet al.2007) The MSE, RMSE, MAE are formulated @goriasi
et al.2007)

0 YO — U UL O
€
Equation4-6
YOYO = 0 06
Equatiord-7
660 2 o
€
Equatior4-8

- 57 -



4.5 APPLICATION OF MODEL PIPELINE FOR SCENARIO TESTING

The NNAR model was also used to predict groundwater levels ypahsiblescenario®f change.
Scenarios were created to mimic possible futtiranges in rainfall and groundwater abstraction
(Table4-3).

To simulate groundwater predictions gmenarios 43 (Table4-3), the modelsvere trained using the

original trainingdata se{80% of the time series). The telsita sefor the input paramets werethen

altered accordingly so that the model would receive input parameters that mimic a specific scenario.
The model then uses the fAscenari o input param

the particularscenario.

Forexamplewhen groundwater level predictions were generiedcenario 1al{able4-3), thetest

data seflast 20% of the timseries) of the rainfall time series was altered from the actual measured
values to the values that mimic the scenario beingdelt scenario 1a months with > 100 mm of
rainfall during the test data, then 100 mm were subtracted from that nidetimodel will then use
theinput variable altered to mimic the scenario with the aiiyaut variablesltered, as well as what

the modéhas learnt during training to make groundwater level predictions.

The scenarios tested are summarisetiable 4-3 showingthe shortened ID, name and description
assigned to each scenat@sted Scenario 1& aim to simulate scenarios where there eghange in
rainfall peaks andnoverall decrease in the rainfall.scenario of increased groundwater abstraction

is simulatedby Scenario a.

Scenarid3a and b tests the ability of the model to mhggertermpredictions. Scenari8a aimed to

testif theNNAR model is capablef makinga 15year prediction. The training to test split ratio was
altered so that the model only trains on 50% of the availables#mes, and the remaining 50% is

used to make groundwater level predictiom should benoted that only the train to test split ratio

was changed and the input parameters were not altered in any way (i.e. the actual measured values

for the input parameters were used).

Scenario3b ai med to test the -yaargredictbosTheacbniplete data set o0 m
(1009 of the actual measured valueasused for model training. Groundwater levels were then
predicted 30 years into the future usiogg-term averages for the input variables. The ldagn
averages were calculated by generatingaverage for each month of the year fromethiretime

series of each input variable. The average for each month of the year was then repeated-until a 30

year time series was created for each input variable.
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Table4-3: Description of the scenariopg@lied to the developed moddts the Steenkoppies aquifer

Scenario ID
la

1b

1c

3a

3b

Name
Decrease rainfall peaks

Decrease rainfall

Increase rainfall peaks

Increase groundwater abstraction

Long term prediction with reduce

training

Long term prediction 30 years

Description

If monthly rainfall > 100mm then minus 100mio
alteration to spring discharge, temperature
groundwater usage inpuéariables.

Half the monthly rainfall No alteration to spring
discharge, temperature and groundwater usage
variables.

If monthly rainfall > 100mm then add 200mfNo
alteration to spring discharge, tperature anc
groundwater usage input variables.

Double the monthly abstractioNo alteration to
spring discharge, temperature and rainfall in
variables.

Change irtraining/test split to 50%/50% to model
+/- 15-year prediction

No alteration to input variables.

100% data for training, predict groundwater lev
for 30 years using long term averages of in
variables
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CHAPTER 5:
RESULTS AND DISCUSSION

5.1 MUTUAL INFORMATION (MI)

The measures of mutual information (Ml) for the five input variables with respect to groundwater
levels in the Steenkoppiesmpartmentwith the mear{x) and standard deviation (sdye presented

in Table5-1. Ml was calculated using Scikiearn Pedregosat al, 2011) in Python(Python Core
Team 2015 according t&Equatiord-2. In the Steenkoppies compartmemi;isg dischargeecorded

the highesMI with respect to groundwater levels=0.78 sd= 0.19) signifying thatamong all the

input variablesspring dischargés the mostinformative irput variable topredictinggroundwater
levels.A strong relationshipvasexpected, given thdhe flow of goundwater in the Steenkoppies
compartment is towardbeMa | oney 6 s E ghgdraslip gradieng betavsen thehsurrounding
aquiferand thtma | o n e ysa@vhat dawespring dischargeHollandet al, 2009) Hence changes

in groundwatetevel directly translatéo changes ithe spring dischargate

Recharge from rainfall causes and increase in groundwater levels in the Steenkoppies compartment
(Hollandet al, 2009) Groundwater levels are a mutestsion of thanonthly rainfall and he peaks

and troughs seen in the groundwagselscorrespond to the cyclical pattern seen inrtiefall (see
Figure3-11). It was therefore expected thatainfall would be one of the variables with a higher Mi

with respect togroundwater levelHHowever, a low Ml between the rainfalhdgroundwater levels

was recordedx= 0.04, sd= 0.04).

This unusual result prompted the uséhef rainfall trendthe decomposed version of the rainfall time
series) as an inpuariable Using decomposed signals of a tisexies, such as the trend, is common
practicein machine learninge.g. Xuet al, 2020).From the MI values, it is clear thdid rainfall
trend showeda more informative outputo= 0.42, sd =0.09). This indicates that the information
shared between the rainfall data set and groundwater lgeetsot detected due to the noise in the
rainfall time seriesAs describedn the site descriptiofsection3.7.1) larger rainfall events

(> 100mm per morth) recharge the aquifer and correlate with groundwater level increanaieS
rainfall events (< 100 m per monthwerenot informative with regards to groundwater levélke
smaller rainfall events couldherefore have been detéed as noise and disted the ability of the
MI to pick up therelationship that existsetween groundwater levels and rainféhis confirms that
the trend of the rainfall time series should be used as a model input over the actual rainfall time series

as itis amore informativeinput variablefor predicting the groundwater levels.
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Groundwater abstractida the third most informative variabkath respect to groundwater levels in
the Steenkoppies compartmewt(0.37, d =0.07). Whilst it is suspected thatistained groundwater

use across the compartment has contributed to an overall decline in groundwatéClesglsr 3,
whether this pattern would be detectable in the models was undmtareundertaking the research
given the stepwise nature of tlggoundwater use dat&igure 3-13), and the compatively noisy
groundwater level. Howevgthere is a degree of information shared between the groundwater level
and groundwatensage dataset.

The temperature has the lowddt with respect to groundwatéevels ¢o= 0.02, sd =0.02) and
therefore shares théeast amount of information witiroundwater levelsompared to the othéwur

input featuresSimilar toa study by Wunsch et al. (2018), the temperature time series was used as a
substitute for evapotranspirationiThis was because the evapotranspiration recorded for the
Steenkoppies aquifer held only five years worth of data, enalfliaglataset to be usas a mod

input. Temperature anevapotranspiratioarepositivelycorrelatedlt is expected that an increase in

the temperature willirive higher evapotranspiration (D62009. As per the water balance equation
(Equation2-1), there is a correlation betweewapotranspiratioand groundwater levelasincreased
evapotranspiratio contributes to a decrease in groundwater stofeg@esented as a decrease in
groundwater levelgHealyet al, 2007)

Although an increase in terapture is recorded in the Steenkoppies compartment (s8cii@) a

low MI recorded show that temperatseibstitue for evapotranspiration in this studyasnot very
informativeof thegroundwater levelm the Steenkoppies aquiférhis may beattributed to the fact
that most of the rainfalh the Steenkoppiesompartmenbccus as thunderstorm ever{Seyleret

al., 2016) During thunderstormevents atmospheri¢cemperature drops arar humidity isat 100%,
therefore evaporation is not possib{&ulliver et al, 2010). The rainfall ishus notevaporatd, but
rechargd to theaquifer(depending on the surface could also contribute to rundfter pumped
from the groundwatethat is not used up byé cropcanfiltrate back into the aquifer (assuming the
aquifer is unconfined like the Steenkoppies) d@rtet pumping rate is not equal to the total pumped
water (Devlin and Sophocleous, 2005). Pumping does not defpletgroundwater storage, but the
amount ofabstractedjroundwater that evapates used up by the crop or taken awayotheruses
(Kendy, 2003) Modern farmingpracticeshave also leaned towardsigating in ways that reduce
evapotranspiration of water (e.g. waterchgingthe eveningandearly morning, drip irrigationQin

et al.,2016) These could be reasom#y a significant relationship of temperature on groundwater
levelscould notbe picled up. However, evapotranspiratios a very complex process and adhxes
other factors such as vegetation typegation schedulessoil types etc. which was niivestigated

in this study.
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Table5-1: Themutual information (Ml)of each input featureith respect tdhe target variablégroundwater
levels)calculated using Scikiearn Pedregosat al, 2011) in Python(Python Core Tean2015 according

to Equatiord-2.

Borehole = Temperature Rainfall trend Rainfall Spring Groundwater
ID Discharge Abstraction
1 A2N0566 0.01 0.39 0.02 1 0.4
2 A2N0553 <0.01 0.21 0.06 0.5 0.26
3 A2N0556 0.05 0.29 0.05 0.54 0.2
4 36349 0.06 0.35 0.09 0.46 0.33
5 A2N0610 <0.01 0.49 0.04 1 0.34
6 A2N0568 <0.01 0.5 0.07 0.74 0.36
7 37773 <0.01 0.39 0.02 0.59 0.35
8 A2N0554 <0.01 0.37 <0.01 0.73 0.38
9 A2N0567 0.06 041 0.05 1 0.45
10 A2N0569 0.02 0.53 <0.01 0.81 0.46
11  A2N0608 <0.01 0.48 0.01 0.89 0.51
12 A2N0612 0.01 0.44 0.01 0.86 0.37
13  A2N0614 <0.01 0.36 0.04 0.72 0.34
14  A2N0616 <0.01 0.35 0.06 0.65 0.41
15  A2N0617 <0.01 0.53 <0.01 0.96 0.33
16  A2N0563 0.02 0.5 0.09 1 0.38
17  A2N0615 <0.01 0.38 <0.01 0.59 0.35
18  A2N0565 0.05 0.52 0.15 1 0.44
Mean(x 0.02 0.42 0.04 0.78 0.37
Standard 0.02 0.09 0.04 0.19 0.07
deviation
(sd)

5.2 MODEL SIMULATION AND PREDICTION

This section shows the results of the NNAR model to simulate (training) and p(exitt

groundwater levels from 18 boreholes in the Steenkoppies comparirhestatisticalperformance

of the NNAR model to predict groundter levels across 18 loles in the Steenkoppies

compartment was assessed using errorindiceswhich are presented, along with the meshand

standard deviation (sdn Table5-2. The performance of the NNAR was also assessed graphically.

Thegraphicakesults from six boreholes atesplayed andiscussed in this chapt@nd he additional

12 graphs are presented in fgpendix

The errorindicesindicate thathe performance of th&INAR variedbetween thédoreholegTable

5-2). Thecoefficient of determinatiorR?) varied considerablyacross alll8 boreholesx§= 0.19 and

sd = 1.78) Although Rrangedirom Oto 1, five of the 18 models predicted groundwater levels with

a negative R The reason fothis lies within the computation of the statistR®> compares the fit of
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the chosen modelgainsthe mean of thebservedata as a horizontal straight line (njipothesis)
(Moriasi et al., 2007)If the NNAR fits worse than the horizontal straight line, tharegativeR? is
obtained The performance of the NNARadel showedelatively lowerrorsacross the 18 models
for theremainingmetrics(MAE, MSE, RMSBH. Majority of the modelgredicted groundwater levels
with acceptably lowerrors well below 1 m and only fourmodels recorded errors greater than 1 m
(Table5-2).

In this studylow R? values do not necessarily correlate with high error values (MSE, RMSE and
MAE). For example, although borehole A2NO5&8ordeda higher R value compared to borehole
A2N0556 The MAE, MSE and RMSE recortl higher error metrics for borehole A2N0553
compaed to A2N0O556A2N0553: R = 0.20, MSE = 6.50, RMSE = 2.54, MAE = 2.142N0556:
R%=0.05, MSE = 4.01, RMSE = 2.00, MAE = 1.6Mable5-2). Wunsch et al. (2018) used NARX
(Nonlinear Neural Netorks with Exogenous inputs) to model groundwater levelsinglarly,
Wunsch et al. (2018)Iso foundthat high R values did notlways correlate witlthe other error
metics used in the studyamely dow RMSE andhigh Nash Sutcliffevalues This highlights the
importance of incorporating multiple ernmdicesfor assessing model accuracy

Overall, according tthe statisticaberformancenetrics,it was clear thathhe NNAR model performed
best inpredictinggroundwater levels from bemole A2N0568(R?=0.81, MSE = 0.09, RMSE = 0.30,
MAE = 0.23)and performed the worgiredicting groundwater levels from borehole 363R9~ -
1.19 MSE =23.04 RMSE = 4.75, MAE 4.03.
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Table5-2: Summary othe metrics used to asseNNAR performance

Well ID R? MSE(m) RMSE(m) MAE (m) STDV across ten
model tuns

1 A2N0566 0.49 0.05 0.23 0.19 <0.01
2 A2N0553 0.20 6.50 2.54 2.14 <0.01
3 A2N0556 0.05 4.01 2.00 1.67 <0.01
4 36349 -1.19 23.04 4.75 4.03 0.65
5 A2N0610 0.60 0.06 0.24 0.19 0.04
6 A2N0568 0.81 0.09 0.30 0.23 0.04
7 37773 0.41 0.08 0.28 0.24 <0.01
8 A2N0554 -0.16 0.27 0.52 0.42 0.02
9 A2N0563 0.76 0.05 0.22 0.15 <0.01
10  A2N0565 -1.70 0.05 0.22 0.18 0.01
11  A2N0567 0.56 0.09 0.29 0.24 0.04
12 A2N0569 -0.31 0.06 0.25 0.20 0.02
13  A2N0608 -6.93 4.21 1.98 1.77 0.15
14  A2N0612 0.47 0.06 0.25 0.21 <0.01
15 A2N0614 0.14 0.16 0.40 0.37 <0.01
16  A2N0615 0.25 0.13 0.36 0.30 <0.01
17  A2N0616 -0.07 0.16 0.39 0.33 <0.01
18  A2N0617 0.59 0.16 0.40 0.28 0.02

Average -0.40 191 0.73 0.61 0.07

g;f‘/?eg%rg 178 5.54 1.28 1.03 0.21

Graphically it is clear that the groundwater leypeedictionsmadeby the NNAR modelvary
depending on theature (lengthfluctuation, change over timef the target groundwater leviine
series(Figure 5-1). Similar to the statistical performan€€able 5-2), the graphs shoad the best
groundwater level predictions made by the NN#RboreholeA2N0568and the worst predictions

made were for groundwater levels from boret88849(Figure5-1).

The predictions made by the NNAR underestiatee groundwater level peak®orm bordioles
A2N556, A2N553 36349 and A2N0568ndicatingthat the NNAR had difficulties in predicting
extreme eventd={gure5-1). This observation suggests that ttesformatiorapplied to the datdid

not entirely remove the local variations in the fuion being mapped as the datas negatively

skewed (Sudheeret al, 2003). As per the model m@line (section4.4), the data was transformed

before training and testing. This was done to scale all the variables to the same range and to convert
the data t@ normal distribution. Howevgt seems that even after transformation, the target variable

still had a slight negative skew (tail towarbwer values) and as a restiiie NNAR matched that

pattern to minimize errors causing an underestimation in thengwater levels.
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The NNAR model gave the best predictions of the observed target groundwater levels when the test
data set was representative of the training datAséicial Neural Network ANNS), like the NNAR

use the training data to learn thdtpes andelationshipsn the datasetsAdhikari and Agrawal,
2013. Thereforeif the fluctuations and patterns in the test data are very differéms training data,
then the model will struggle to make prediction# asould nothaveseen groundwater level patterns
like thosein the test datad (Crowther and Cox, 2005). The morersiar the test dataset is to the
training dataset, the bettitre model can predict. This is demonstrated for boreh®M0568Figure

5-1. The fluctuationsn theobserved groundwater levels of the training dataset (1987/18bt/'12)
arevery similarto the fluctuations in the observed groundwater levels in theldaés set (2004/03 to
2006/11). The modelery accuratelypredicted groundwater levels in this borehole A2N0568=R
0.81, MSE = 0.09, RMSE = 0.30, MAE = 0.23hel'model would haviearnt thepredictive rule
from thepatterrs during training and theref® wasable to make accurate predictions when a similar
pattern occurs in the test data. Howeveneality, training and test datasetsll not always have

similar patterns. This highlights the importancardbrmativeinput variables to assist predictions

Whenmodeling using ANNSs like the NNAR, each input variable is chosen as it provides information
that facilitates the prediction of the target variatileg et al., 2016). Thereforethe strongethe
relationshipbetween the iput variableand the target variable, the more useful and informative the
input variableis and the better predictions can be made by the n{bdelet al, 2016).The NNAR
models producedmore accurategroundwater level predictienin boreholeswhere there was a
stronger relationship between the groundwater levels and the input variables.

This is ident inthe groundwater level predictions made at boreA@N0566 andA2N553 (Table

5-2 andFigure 5-1). Referringback to the Ml inTable5-1, it is evidentthatthe MI of each input
featurewith respect togroundwater leveldor borehole A2N0566 was higher théor borehole
A2N553. As a resultthe model was able to make better groundwater level predictiddwetiole
A2N0566 compared to boreho?dN553 as the input variables were more informative in prediction
groundwater leels from borehole A2N0566.

An extract of the Ml scores for borehole A2N0566 &2N553 fromTable5-1 is shown below:

Borehole = Temperature = Rainfall trend Rainfall Spring Groundwater
ID Discharge Abstraction

A2N0566 0.01 0.39 0.02 1 04

A2N0553 <0.01 0.21 0.06 05 0.26

- 65 -



The NNAR model showed overfittingt borehole86349(Figure5-1). Overfitting is when a model
fits closely to the trainingataresulting in a model that has learnt to reproduce noise antigréi@s
in the datgsuch as large changes over a short time peand)failsto learn the general predictive
rule (Wickhamand Grolemund2016. Overfitting causes the accuracy of the madedieteriorate
when predtting anything outside the rga of hydrogeologicaktonditions that occurreduring the
training period(Zanotti et al, 2019). Normally, overfitting is avoided by trainingising cross
validation, asimplementedin this study, however,rém the 18 groundwater level timeeries
modelled, the NNAR modaedtill showed overfitting in one modé@Figure5-1). The NNAR model
fittedalmost exactly to all the peaks and troughs in the groundwater level trainingrdateehole
36349 The model then made pogroundwater levelgpredictions R?=-1.19 MSE =23.04 RMSE
=4.75, MAE =4.03 (Table5-2). Zanottiet al. (2019)proposed thatlernative to crossalidation,
the parameters such as the weights and thiasumber ofneuronsn the hidden layeof the model
should be keredto avoid overfitting Different activation functions oarchitecturef the neural

networkcould also be changed reduceoverfitting whenit is seen to occuZanottiet al, 2019).

Another interesting observation is that the groundwater level predictions made by the WdMAR
slightly laggedoutputs(+/- 3 months)compared tohte observed groundwater levels. Studies that
made use of autoregressivedels,similar to the NNAR to predi groundwater levelslearly show
lagsin the model results (e.g. Wunsehal, 2018; Guzmaet al, 2017. Thelags could have beea
resultof the recurrent/autoregressive nature of the NNAFce the NNAR uselhgged inputdo
make predictionfHyndman and\thanasopoulg2014) themodelobservegrevious values tmake

predictions and thereforeutputsa slight lag in te predictions.

The model resultadditionallydemonstratethat the NNARcouldbe used as a useful tool to fill gaps
in thedata setsThere was a-nonth data gap in groundwater levels recordedethnle A2N0566
in 2008, which as per the methods was interpolategtly Figure5-1). Using the input variables,
the NNAR modelvasable to simulate a more realistic groundwéggel for that period.
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Figure 5-1: Comparison between the observed amdulatedgroundwater levels for sikoreholesin the

Steenkoppies compartmedtring training and testing phases
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The Standard deviation between teeindependent runs aix modekis shown graphically ifigure

5-2. These results shotaow ANNS, like the NNAR, producglightly different predictions each time
themodelis run. This is because the model weights are chosen at random at the start of model training
and thenupdated using the data so that the overall predictive error is minimised (Zhang and Hu,
1998).

The sandard deviation of the predictions across the ten model runs is low for borehole A2N0566,
A2N553, A2N556, as the upper and lower limit of g8tandard deviation mateH closelyto the
average predicted groundwater levels across the ten moddFigun5-2). The model predictions

did not deviate substantially across the ten model runs.

In some cases, the standard deviation across the ten model runs increases VHifutese2(Qraph
A2N0610and A2N0568. This is due to the accumulated erromindel prediction. Since the model

feeds back the predicted groundwater levels at previous time steps as an input into the model, there
is an accumulated error as the models predict further into the flihe@roblem of vanishing
gradients)Scardapane anwang, 2017)

For boehole 36349, the standard deviation across the ten model runs isthangghoutthe
groundwater level prediction§ifure5-2). This may be attributed to the fact that the model ogerfit
to the data during traininfFigure5-1). Therefore the model is unable to generalise to peethe

new test datarlhisultimatelyresulted irsignificantvariability in the predictionsnade across the ten
model runs, as the model had learnt to reproduce noise and peculiarities in the datas d@ad fall

generalise to new data.
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5.3 SCENARIO TESTING

Several scenarios were tested using the models developed for groundwaterddictlors at six
borehols. This was done ttesthow the groundwater levels in the Steenkoppiesidrespondunder

specific scenariosf change

Scenario 1a ant¢b mimicked areduction in rainfall. Scenarila simulated a reduction iainfall
eventsover 100 mm(subtracted 100 mnfrom monthly rainfallover 100 mm)and scenario 1b
simulatedeductionin all rainfall eventgmonthly rainfall halved)Forscenariosla and b, the NNAR
model simulated a decrease in groundwater leatddsreholeA2N553,A2N556and 36344Figure

5-3 andFigure5-4). At thesethreeboreholes, thecenario of decreasedinfall is picked up(learnt)
sufficiently by the model. The model recognisthe decrease in the rainfall and reacts accordingly

by simulatinga decrease in groundwater levels

The models for breholes ARI0566,A2N0610 and A2N0568 didot show a significant chaagor
drop in the simulated groundwater leviEls scenarios 1a aritb (In bothFigure5-3 andFigure5-4).
The model simulated groundwater levasnilar to the observed groundwater leved$ these
boreholesas he modeldid not recogrse the decrease in rainfallhis may be due to theery high
MI recorded between spring discharge and groundwater lav#iese borehole§lable5-1). The
MI between springlischarge and groundwater levels at boreholes A2NGS880610 and A2N0568
was 1, 1 and 0.74respectively(Table5-1). The model mayhot have beerableto simulatethe
influence of rainfall ogroundwater levelat these boreholdgecausehe modeplacedmuchweight
on the relationship between spring discharge and groundwater levels togroakewater level
predictions The modelthereforedid not depend on the other input variables to make groundwater
level predictions as the informatidn the spmg dischargeime serieswas sufficientto make

predictions.
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Figure5-5 shows he model results for scenario, Mghere the peaks in rainfall over 100 mm were
amplified (200mm added tononthlyrainfall over 100 mm)Similarto that described for scenario 1a
and b the model for boreholes2N553, A2N556 and 36349 are influenced by the increased rainfall
fed into the model, and react accordingly. The model simulatedcaeag in groundwater levels
above the observedhlues Boreholes A2N0610 and A2N0568 did not show a significant change or
increase in the simulated groundwater levelsé@naridl.c. The model simulated groundwater levels
similar to the observed groundwatevkls at these boreholes as the model does not recognise the
increase in rainfall. Once agaitjs can be attributed to the strong MI between spring discharge and

groundwater levels recorded at these boreholes.

Themodel simulated aimcrease in groundwer levels br scenaridc. The model seemed to pick up
the influence of the increase in rainfall modelled groundwater levels accorbuigiiye models do
model a change fadecrease in rainfall

The degree to which the groundwater level deckassaenariola and b and increase scenario

1c, depends on the degree to which the model picks up the scenario fed to the model. For example,
in borehole A2N0566 dfigure5-5, the simulated groundwater levels rise by less than 1 m, whereas
in boreholeA2N553 the groundwater levels rise by up tord The model can pick up the influence

of the rainfall at borehol@2N553 better than at borehole A2N056&his may bedue to the
differences inthe recharge rate at each borehmigoossiby becausedhere is larger lag between a
rainfall event and recharge to the aquifeolland et al. (2009) state that the recharge for the
Steenkoppies compartment ranges from 9% to 21% of the maaalgrecipitation. Fractures ime

rock, different soil types, getation types andther factors allow for more or less recharge to enter
the aquifenn the Steenkoppies compartmenhereforeif a borehole is in an area where there is a
higher rechage, the mo d erka@tionto a change in rainfall scenario will bmore substantial

compared t@ borehole in an area where there is less recharge.
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Figure 56 shows the effect okcenario 2,increased abstractipron the groundwater levels
(abstraction doubledit is suspected that groundwater use acrosSteenkoppiesompartment has
contributed to a decline in groundwater le®ahrmeijeret al, 2013) If this is trugthen the models
shouldsimulate a decrease in groundwater levels for scenario 2. It wasaimegnether the pattern
between groundwater levels and groundwater usage would be detectable given the data set available

for groundwater use (a steyise increase in abstraction with time).

For boreholesA2N556, 36349, and A2NO61Figure 56) the model simulates groundwater levels

1-3 m lower than that of the observed groundwater levEi® correlation between increased
groundwater abstraction and decreasing groundwater leveldetasted. Foborehoks A2N5®
andA2N553(Figure 56), the modelecognises change, bag a linear pattern since the groundwater
usagealata is this stepvise increase grapfhus the model simulatediaear groundwater level’he
groundwater levels simulated ladreholeA2N0568 do not change from thebservedgroundwater

levels This indicates that the model is unable to pick up the influence in groundwater abstraction for

this borehole

The scenario testing waneto show the potential of the model to predict groundwigteels for

the future. Many studies (e.@apoglouet al, 2014; Leeet al, 2014) have predicted groundwater
levels for scenarios of change using forecasted climate change datasdltefrom this studghow

that thiswould bepossible with the NNAR in the Steenkoppies compartment. The NNAR model
adequatelyrecognised the relationships between the input variables and groundwater levels. The
NNAR was clearly able to recognise there is angeaand produces predictions timaake sense
according to hydrog#ogical knowledge (outlined in section2.2) and theknowledge of the
Steenkoppies compartmertutlinedin Chapter 3.
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Figure5-6: Model prediction for scenario ficrease groundwater abstraction
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Thelong-term predictions inFigure5-7 for scenario @ demonstrate the impact of reducing the size

of the trainng data set on model accuracyhhelmodelould sufficiently predictgroundwater levels

for the first two years (2002004) however after that the model accuraceaeasednd the
simulated output of the model does not match the observed. The small size of the training data set
does not allow for the model to sufficienfiyl e ar no t he p atdateesetANNslske e n i |
theNNAR can optimise the model parameters required to model groundessts (hyperparameter

tuning) and thepredictions made vary based on the data used to train the nvbaleKgy, 2005
Wickhamand Grolemungd2016. This flexibility power in the model comesd the cosbf requiring

a lot more training data. Often predictions made by ANNs continue to improve the more data they
train on MacKay, 2005)

The results in scenario 3Rigure5-7) also demonstrasghe importance of the training to test split.
Since the more training data, the better the model is able to predict the target \(Madiay,
2005) the split should be such that the model has sufficient data toftearrenough ining data
to make accurate predictions. This is w886 - 20%trainingto test splitratio was chosen for this

study.

Scenario B usa the longterm averages of the input variables to predict a long term forecast of
groundwater levels (results showrFigure5-7). This scenario was only performed on one borehole

as it ismerely a demonstration to show that it is possible to use the NfgARake longerm
predictions greater than 30 yedtss not realistic as the accuracy of the results cannot be verified.
The result also shows that tineore data availabléor training the furtherone can predict for
example, a 3Qear predictioncdud be made i f appr oxi mataealaple 120
and an 80% to 20%rainingto test splitratio waschosenThe importance of a large number of data
points to conduct future predictions highlights the critical importance of collectitaypdaficiently

over an extended period.
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CHAPTER 6:
CONCLUSIONS AND RECOMMEND ATIONS

6.1 CONCLUSIONS

The suitability of the Neural Network Autoregression (NNAR) model to predict groundwater levels

in the Steenkoppies compartment has been examined in this study. Additionally, the ability of the
NNAR model to make predictions for scenarios of change, mot isethe data, was also examined.

The study area is located in the Steenkoppies compartment of the Gauteng and North West dolomite
aquiferin South Africa. Eighteen boreholes in the Steenkoppies compartment held sufficient data and
were used for modellin@A importantassumption of the approach is that groundwater levels in the
Steenkoppies compartment are influenced by groundwater recharge, natural and artificial discharge
and evapotranspiration. The models developed in the present study used ranriglldisgharge,
groundwater usage and temperature and as substitutes for these parameters due to their known

correlations.

Prior to modelling groundwater levels using the NNAR, the mutual information (MI) between
groundwater levels and each input variables were calculated. The results showed that spring discharge
had the highest MI with respect to groundwater levels, raimédt second, groundwater usage third
highest and temperature the lowest MI with respect to groundwater levels. These results correlate to
the hydrogeologicatheory putlined inSection 2.2) and the domain knowledge of the Steenkoppies

aquifer putlined n Chapter 3).

Compared to the results from studies where other forms of ANNs were to predict monthly
groundwater levels (e.g. Daliakopoulos and Coulibaly 2005; Sree&tiatlh 2009; Changpt al.,

2016; Shamsuddiet al, 2017) the results from this stydiemonstrate that the NNAR was able to
learn the long term relationships addpendenciebetween the historical time series amake
reliable groundwater level predictions (Tabk)s The NNAR model was able to make accurate
groundwater levels predictig, on par with the accuracies seen in other studies, at the majority (16

out of 18) of the boreholes in the Steenkoppies aquifer modelled.

The NNAR underestimated the groundwater levels peaks in theTtiédabservation suggested that
thetransformatio applied to the data did nentirelytransform the data toreormal distribution and
that there was a slight negative skew to the data when it was modéiéethodethenmatchedthat
negative skew patterm the datato minimize errorsresulting in an underestimation in the

groundwater levels.
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The results of the NNAR model also displayed a slight lag in the data, which is also seen in other
studieswhereANNs similar to the NNAR were used to predict groundwater lefeets Wunsclet
al., 2018; Guzmast al., 2017). This was thought to be a result of the recurrent nature of the NNAR

model (i.e. the fact the model looks at lagged outputs to make predictions).

The NNAR model could successfully predict groundwater levels if the patterns in the test dataset
were similar to that of the training data. This is because the NNAR makes predictions by learning the
patterns and relationships in the training dataset and using this to make predictions. ANNs such as
the NNAR learn patterns in the data during the trgjmphase, and bagen what it has learnt and the

data from the input variables, the model makes predictions on the test datihgedr{ and Agrawal,

2013. Hence, the patterns in the test data set, which deviate from the patterns in the trainieilg data s
to decrease the performanae the model, would not have learnt this pattern. The model can only
predict the peaks and troughs in the data when they have been previously seen during model training.

The relationship between the input variables and the target variables greatly facilitated the
groundwater level predictions. Results in this study found that the better the correlation between the
input variables and groundwater levels, the better the hooddéd predict groundwater levels. The

NNAR model was also found to be a useful tool to interpolate gaps in the groundwater level datasets

in the Steenkoppies aquifer given that the modekhbétientdata to train on.

The implication is that the use thfe NNAR to predict groundwater levels may be less feasible in an
aquife setting where there is leskarelationship between rainfall and groundwater levels or where
this relationship is muted (e.g. confined aquifers or arid areas where rechargadicgpin this

study, spring discharge was advantageous to predict groundwater levels. However, historical spring
discharge data is natiways available in an aquifer. &tefore, thesuccessfubpplication of the

NNAR in differentaquifer settings has nbeen concluded in this study.

The NNARcan be usetb make predictions for scenariosobiangeas the model was able to predict
groundwater levels in response to the data fed to the model for the scenario of change. The NNAR
could be used to make grounaker level predictions using climate change data, however, doing this
can result in an accumulation of errors as both the forecasted climate change data and the prediction

groundwater levels hold errorbhis could results in predictions wilérgererrors
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6.2 RECOMMENDATIONS

The NNAR models in this study have been optimised to model groundwater levels in the
Steenkoppies aquifer. The generalisability of the NNAR should be tested to see if they could be
optimised to model groundwater levels at differentusinstances. For example, similarly structured
data (monthly groundwater levels) from a different aquifer system perhaps with a much more muted
response to rainfall, such as the Karoo aquifers or data structured very differently sttobudy 3
groundwaterevels from a pumped borehole, with abstraction at that same borehole. This would
determine whether the NNAR can be used with the same model pipeline developed in this study,
whether the model pipeline would need to change or whether an entirely diffexelnine learning
technique would need to be used for modelling groundwater levels in the different circumstances.

It is also recommended that further studies should be investigated on using machine learning not only
to make predictions at a per borehatale but aquifer scale. In situations where there are sufficient
numbers of boreholes across an aquifer, developing a model per borehole (if each has sufficient
historical data), and interpolating the impact from each borehole to derive an aquifer gteundwa

table is useful.

There is a limitation of scientists proficient in both hydrogeology and computer science in South
Africa. Hydrogeologists may find it challenging to develop a machine learning model without having
experience in computer coding or knedtje about the machine learning techniques availabteng

this thesis, | have tought my self computer coding and consider myself a part of the group of scientists
developing skills in both hydrogeology and computer scieAce.il ear n by dasi ngo
applied to develop the NNAR model used in this study. However, once a model is developed, like the
NNAR in this study, it is merelysimpleand quick to apply to model groundwater levels. Therefore,

the application of machine learning should be moreelyithvestigated and applied.

Data quantity and quality is a limitation to the application of machine learning to model groundwater
levels. In South Africa, extensive good quality meteorologicallgmiogeological datasets are not
availablefor all aquiter systemsTherefore it is recommended that a concerted effort should be placed
on groundwater monitoring in South Africa so that in the future, machine learning techniques can be
applied in many aquifer settings in South Africa. Since the NNAR was abik data gaps, it is
recommended that the groundwater community, with guidance from computer scientists, should look

into the use of machine learning to improve groundwater data sets.
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APPENDIX A

Table A-1: The statistical and gphical results of the NNAR performance to simulate and predict
groundwater levels from borehole A2N0612 in the Steenkoppies comparirherdtandard deviation for the
model predictions across the ten model runs isgissented.

Metrics | A2N0612

R 047 53

observed
simulated train
-54
—simulated test

-55

MSE 0.06 -

-57
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Table A-2: The statistical and gphical results of the NNAR performance to simulate and predict
groundwaer levels from borehola2N0617in the Steenkoppies compartment. The standard deviation for the
model predictions across the ten model runs is also presented.

Metrics | A2N0617
2
R 059 595
observed
-60
simulated train
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Table A-3: The statistical ad gr aphi cal r e s pdrfarrsance fo simutate and Nbkdicd s
groundwaer levels from borehole A2N056i7 the Steenkoppies compartment. The standard deviation for the
model predictions across the ten model runs is also presented.

Metrics | A2N0567
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