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ABSTRACT
This study developed operating rules for groundwater supply from a probabilistic (risk-based)
approach. Groundwater supply systems are often operated without relating groundwater
yield/availability to demand which makes groundwater resource planning and management
challenging and unpredictable. Risk-based approaches for developing groundwater operating rules
comprehensively incorporate assurance of supply and also account for uncertainty due to model
inputs, model structure and climate variability. A groundwater resource unit (GRU) was delineated
and its hydrogeological conceptual model developed. Automatic curve matching was used to identify
appropriate aquifer models and test solutions for estimating hydraulic characteristics (storativity,
transmissivity and hydraulic conductivity) based on Aquifer Test Solver (AQTESOLV) Pro version 4.5.
Limited groundwater levels and rainfall data were infilled and/or extended using Output Error-Nonlinear Hammerstein Weiner (OE-NLHW) and non-parametric regression (NPR), respectively.
Performances of these models were based on relative error (RE), correlation coefficient (COR), root
mean square error (RMSE), coefficient of determination (R2) and Nash Sutcliffe coefficient of efficiency
(NSE). A program for generation of monthly groundwater levels for the GRU was coded in FORTRAN
based on the revised version of the Pitman model (referred to as GW-PITMAN model). The model was
calibrated using groundwater levels from a neighbouring borehole due to lack of observed
representative data for the GRU. Validation was done by establishing the realistic nature of simulated
runoff, recharge and groundwater levels. A Variable Length Block (VLB) bootstrapping model was used
for simultaneous generation of stochastic inputs (rainfall, evaporation and groundwater levels) of the
groundwater operating rules model. Operating rules were developed from statistical analysis of 100
base yields for the GRU simulated from 5-year long stochastically generated sequences (with length
of 34 years) of rainfall, evaporation and groundwater levels. The hydrogeological conceptual model
indicated presence of faults and diabase dykes which influence preferential flow paths and storage of
water in the aquifer. Identified aquifer test solutions were found to be suitable for estimation of
hydraulic characteristics, since they had generally good model fits and low mean residual errors.
Heterogeneous aquifer types were identified though leaky aquifer dominated. Storativity,
transmissivity and hydraulic conductivity values ranged from 0.0003-0.060, 0.78-12.3 m2/day and
0.074-0.460 m/day, respectively, indicating limited storage with potential for local groundwater
supply for private consumption. Graphical fits for observed and estimated rainfall and groundwater
levels were mostly comparable, though scatter plots indicated cases of underestimation and
overestimation of observed values. R2, COR, NSE, RMSE and RE values were 0.76 and 0.7, 0.87 and
0.84, 0.75 and 0.68, 3.67 and 3.03 mm and 30 and 29% for both calibration and validation runs,
respectively, for NPR model. R2, COR, NSE, RMSE and RE were 0.99 and 0.86, 0.97 and 0.93, 0.99 and
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0.84, 0.03 and 0.01 m and 0.08 and 0.11% for both calibration and validation runs, respectively, for
OE-NLHW model. The models were therefore found to have efficient calibration and validation, and
were thus, suitable for data extension. Estimated groundwater levels, streamflow and groundwater
recharge for both calibration and validation runs of the GW-PITMAN model, generally fluctuated with
changes in rainfall, indicating that they are realistic. Majority (9 out of 10) of the historical statistics
were mostly well preserved by VLB, except for skewness. Historic highest groundwater levels were
also not well preserved. Superimposing the cumulative demands on the base yield curves and analysis
of percentages of water demands that can be supplied indicated that the groundwater system could
not meet the water demands at all times. To promote sustainable multipurpose use of water that can
enhance rural livelihoods, allocating water using priority classification was found to be essential.
Operating rule curves for groundwater supply were derived using a risk-based approach. The
operating rule curves indicated that if priority classification is used all water demands are met up to
maximum groundwater level of 25 m. The developed operating rule curves are therefore expected to
improve water supply to both domestic and productive water uses, if they are adequately
implemented and hence improve livelihoods. The procedures followed in developing risk-based
groundwater operating rules for Siloam Village were summarised to assist in their application in any
delineated groundwater resource unit. Though minimal infrastructure is available to support
implementation of the operating rules, additional monitoring boreholes are required to aid in
estimation of average groundwater levels for further calibration and validation of the GW-PITMAN
model. Detailed geological and geophysical investigation are required to improve on characterisation
of the GRU and its hydrogeological conceptual model. Undertaking a study of this nature in other areas
including those which are data-scarce could promote wide implementation of risk-based groundwater
operating rules.
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The study’s contributions to knowledge include:
1. A first attempt to calibrate GW-PITMAN model using groundwater levels following a
hybrid approach which constituted setting of model parameters based on available
physical and hydrogeological data (manual component) and their optimisation using
SCE-UA constituted (automatic component).
2. Further knowledge on hydraulic characteristics of fractured crystalline basement
aquifers in semi-arid areas
3. Knowledge and application of alternative approaches to estimate missing rainfall and
groundwater levels data in data scarce areas.
4. Application and assessment of the VLB generator in generating stochastic rainfall,
evaporation and groundwater levels (multivariate stochastics) at multiple sites.
5. Incorporation of risks of failure/levels of assurance of supply in groundwater resource
assessments
6. Development of operating rules for groundwater supply in Siloam Village using a riskbased approach, which is typically used for surface water systems in South Africa.
7. Generalised procedure for development of groundwater operating rules for
application in any groundwater resource unit
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CHAPTER 1: INTRODUCTION
1.1 Background
More than 60% of the South African population is supplied with groundwater and this number
increases to 90% in some provinces (Braune and Xu, 2008). In Limpopo Province, groundwater
accounts for almost 70% of rural domestic water supply (du Toit et al., 2011). Rural
communities and irrigation farming make extensive use of groundwater, extracting a total of
about 850 million m3/year (FAO, 2004). The rural groundwater domestic use in South Africa
increased from 120 x 106 m3/annum in the year 1986 to 310 x 106 m3/a in the year 2000
(Braune and Xu, 2008). This shows that groundwater plays a vital role of supplying water
demands and supporting economic growth in South Africa. However, in contrast to its
strategic role as an essential resource to help achieve community development and poverty
alleviation, groundwater has remained a poorly understood and managed resource (FAO,
2003).

According to DWA (2010), available groundwater resource estimated for drought conditions
is 7 500 x 106 m3/annum and the present groundwater use of between 2 000 and 4 000 x 106
m3/annum, means that there is potential to considerably increase groundwater supplies in
South Africa. Despite this, overall potential yields of boreholes in the Limpopo River Basin, for
example, are relatively low, limiting the extent to which groundwater can be used for large
scale water supply (FAO, 2004). There are also variations in local groundwater yields. For
example, in the Nzhelele River Catchment, which is dominated by intergranular and fractured
aquifers, the groundwater yield varies from as low as 0.5 l/s to 11.4 l/s (du Toit et al., 2002).
The variations in groundwater availability and yields at a local scale require a comprehensive
assessment and development of probabilistic (risk-based) operating rules to ensure its
sustainable use. Probabilistic or risk-based methods aim at incorporating the real-world
uncertainties of not knowing future inflows into the operating rules (Ramirez, 2004).

1.2 Statement of the research problem
South Africa resort to the use of groundwater to supplement surface water supply during
drought periods. For example, a number of emergency boreholes for groundwater supply

1

were drilled as part of drought relief programme during the 1992/93 drought. Rehabilitation
and refurbishment of existing boreholes, and drilling of new boreholes were done to augment
existing stressed schemes or for use of groundwater as a sole source of supply in needy
communities during the 2015/16 drought (DWS, 2016). Although groundwater is also
vulnerable to drought, this fact is often ignored and water supply systems or drought relief
programmes are planned without assessing the aquifer systems accordingly (MacDonald and
Calow, 1996). Calow et al. (2002) and DWS (2016) emphasised the need for comprehensive
assessment, planning and prioritisation of groundwater resources. This would further help in
taking prompt decisions in times of extreme events even on a local scale, and for information
purposes (DWS, 2016).
In South Africa, comprehensive yield–reliability analysis and development of operating rules
for large surface water resource systems with storage dams has become the norm and has
been advanced to cater for environmental flow requirements (Odiyo et al., 2015). In addition,
reliability based operating rules have been developed for run-of-river (ROR) abstraction
schemes (Odiyo et al., 2015) and combined run-of-river and harvested rainwater (Ndiritu et
al., 2011a). This has not been done for groundwater supply. DWAF (2004) indicated that the
local and international approaches for quantifying groundwater resources do not incorporate
the assessment of risk of resource failure or assurance of supply. Stochastic (probabilistic)
based approaches are required in quantification of groundwater resources and development
of their operating rules at both local and international levels. Approaches that do not
incorporate stochastics do not account for uncertainty that results from climate variability.
Thus, operating rules developed from such approaches may not be realistic.

Within the context of groundwater use, operating rules show the demand and period to be
supplied for a specified level or storage and level of reliability. In the absence of this
information over-allocation of groundwater may lead to declining groundwater levels
resulting to aquifer depletion, subsidence and salt water intrusion. For example, during the
2015/16 drought, drop in groundwater levels was recorded in most parts of South Africa
including Limpopo, KwaZulu Natal, Eastern Cape and Free State Provinces (DWS, 2016). Piesse
(2016) reported that in recent years, farmers in the Free State Province drilled boreholes up
to 500 m in depth and found no water as a result of drought. This shows that though
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groundwater has been regarded as an alternative source of water supply during dry periods,
it is also susceptible to drought. More than 60% of the boreholes in the Western Cape have
shown decline in groundwater levels since January 2015 as a result of drought (Western Cape
Government, 2017). However, there are plans to further develop groundwater for long-term
security of municipal supplies. This calls for the development of risk-based operating rules
which would aid in sustainable use of groundwater during drought conditions.

Lack of risk-based groundwater operating rules leads to highly subjective groundwater
allocation that is mainly based on rule of thumb. In most instances, when boreholes dry up,
blame is placed on the groundwater system instead of the approaches used in operating the
system. Groundwater systems are often operated without relating groundwater
yield/availability to demand. This is exacerbated by poor groundwater monitoring networks
and discontinuous monitoring and measurement of aquifer data. For example, most
boreholes that are drilled in rural areas of South Africa, including Siloam Village, are typically
production boreholes aimed at domestic water supply while there are limited groundwater
monitoring boreholes. This makes groundwater resource planning and allocation challenging
and unpredictable as stated in Knüppe (2011).

In Siloam Village, ROR abstractions can only supply the domestic water demand up to 90%
reliability throughout the year (Makungo, 2009) while harvested rainwater can only supply
the domestic water demand up to 96% reliability for a period of 4 months (Ndiritu et al.,
2011a). The latter study showed that integrating the utilisation of ROR and harvested
rainwater can substantially improve the level of domestic supply throughout the year at 96%
reliability. Thus, to achieve a reliability of 98% required for domestic water use in South Africa,
groundwater is required to supplement run-of-river abstractions and harvested rainwater.
1.3 Motivation
Most groundwater studies estimate sustainable yields of aquifers but do not incorporate risk
of failure of water supply. Examples of such studies include Van Tonder et al. (2000), Misstear
and Beeson (2000), Monirul and Kanungoe (2005), Uddameri and Honnungar (2007) and
McDowell (2010). Analysis of risk of failure is essential for ensuring the assurance of supply
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from specific yields. A study that has incorporated the reliability of the estimated yield is that
of Khan and Mawdsley (1988), though it focused on an unconfined aquifer environment and
did not follow stochastic (risk-based) approaches.

Developing operating strategies/rules for water supply schemes with multiple sources of
supply can be done by developing separate components of the operating strategy for each
source of supply (Makungo, 2009). These strategies can then be combined to derive an
optimum and integral operating strategy. For example, Makungo (2009) developed a ROR
abstractions operating strategy for rural water supply while Ndiritu et al. (2011a, b) developed
integrated operating rules combining harvested rainwater and ROR abstractions for rural
water supply. Groundwater operating rules for such rural areas have not yet been developed.
This justifies the need to develop groundwater operating rules which would support
conjunctive use of run-of-river, harvested rainwater and groundwater to improve the
reliability of water supply in such areas. Development of groundwater operating rules would
also aid in allocation and sustainable use of groundwater resources even during drought
periods.

The study conducted groundwater yield-reliability analysis based on stochastic methods,
which to the knowledge of the author has not been done in South Africa and done to a limited
extent globally. Examples of limited global studies include those that focused on operating
rules for conjunctive use of surface and groundwater including Knapp and Olson (1995),
Philbrick and Kitanidis (1998), Marques et al. (2010), and Dracup and Dale (2011). These
studies only considered surface water inflow as a stochastic variable and ignored inflow to
the groundwater reservoir. This creates the need for a study that would use a stochasticbased approach to develop groundwater operating rules that incorporate reliability of supply
and assess uncertainty more realistically. This will enable the incorporation of risk of failure
in the integration of groundwater, ROR abstractions and harvested rainwater operating rules.

The study also tested data-driven methods for infilling and/or extending data required for
groundwater modelling. This was motivated by limited data in the study area, which required
extension. Testing and validation of such data extension approaches provide alternative
approaches that can be applied in other data scarce areas.
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1.4 Objectives of the study
1.4.1 The main objective
The main objective is to develop risk-based operating rules for groundwater supply using
Siloam Village as a case study.
1.4.2 The specific objectives
The specific objectives include:


To delineate and characterise a groundwater resource unit for Siloam Village



To infill and/or extend data required for generating groundwater levels for the
groundwater resource unit and stochastic analysis.



To generate stochastic inputs for groundwater base yield-recurrence interval analysis



To derive risk-based groundwater supply operating rules and formulate an approach
for their implementation.

1.5 Research questions


What are the characteristics of the groundwater resource unit for Siloam Village?



What methods can be used for generating groundwater levels for the groundwater
resource unit and stochastic analysis?



How are stochastic inputs for groundwater base yield-recurrence interval analysis
generated?



How are risk-based groundwater supply operating rules derived and an approach for
their implementation formulated?

1.6 Hypotheses


Groundwater yield is a stochastic variable which can be predicted based on
probabilistic relationships.



The approaches used for deriving probabilistic operating rules for surface water
reservoirs can be applied to derive risk-based groundwater operating rules.
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1.7 Structure of the thesis
This thesis consists of 10 chapters. Chapter 1 provides the “Introduction” and it covers the
background, statement of problem, objectives and motivation for the study. The literature
which covers principles on groundwater resource unit delineation, hydrogeological
conceptual models, and reservoir operating rules is in Chapter 2. A review of methods
relevant in the study is also covered in Chapter 2. Chapter 3 describes the characteristics of
the selected case study area as well as data used in the study. The methodological procedures
followed in the study are described in Chapter 4. Chapter 5 describes the results on
delineation of groundwater resource unit, its hydrogeological conceptual model and hydraulic
characterisation. Chapters 6, 7 and 8 provide the results of extension of rainfall and
groundwater levels data, GW-PITMAN modelling and generation of groundwater levels, and
generation of stochastic rainfall, evaporation and groundwater levels, respectively. Results on
stochastic groundwater base yield analysis and development of risk-based operating rules are
provided in Chapter 9. The conclusions and recommendations are in Chapter 10.
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CHAPTER 2: LITERATURE REVIEW
2.1 Preamble
This chapter reviewed literature on operating rules including related studies and stochastic
based approaches. This aided in identifying gaps and current applications of stochastic based
approaches for deriving groundwater reservoir operating rules. In addition, literature on
methods for stochastic generation of hydrological/weather variables was reviewed to identify
methods that can be applied in this study. Literature on groundwater resource assessment
was essential to establish commonly used procedures and their applicability in data scarce
areas. Literature review was also focused on appropriate methods for infilling and/or
extending input data required when developing stochastic based operating rules for
groundwater supply. This was justified by the fact that data scarce areas lack adequate,
reliable and continuous data. This review only focused on methods/models that are used to
infill and/or extend the input data required for this study to limit the extent of literature
review since there is a wide spectrum of literature on methods for data infilling and/or
extension of hydrological data.

Literature on groundwater resource unit delineation and hydrogeological conceptual models
was also reviewed. The groundwater resource unit provides the basis for groundwater
balance quantifications. Models for determining aquifer type and flow behaviour in fractured
aquifers using diagnostic plots were also reviewed.
2.2 Review on groundwater resource unit delineation and hydrogeological conceptual
models

Groundwater development under the National Water Act (Act no 36 of 1998) requires
establishment of groundwater resource units and calculation of the amount of allocable
groundwater taking into account the basic human need and ecological reserve (Levy, 2011).
A groundwater resource unit is defined as a system that has been delineated or grouped into
a single significant water resource based on one or more characteristics that are similar across
that unit (Riemann and Blake, 2010). It can also be referred to as a groundwater response
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unit. A groundwater response unit is the smallest groundwater unit considered and is
demarcated on the basis of homogeneity and geohydrological region type (GEOSS, 2006).

Groundwater response units are delineated in order to identify areas which are
hydrogeologically similar (for monitoring and reporting purposes) and areas where there is a
boundary between an aquifer and an aquitard or aquicludes (GEOSS, 2006). The delineation
is based on geological formations, geologic features such as faults, dykes and lineaments. Xu
et al. (2009) considered contacts between different geological formations, faults, main rivers,
primary catchments, discharge boundaries and extent towards where the Table Mountain
Group (TMG) aquifers die out as boundaries when delineating the TMG into 15
hydrogeological/groundwater units. Riemann and Blake (2010) delineated 5 model subdomains of the confined Peninsula Formation Aquifer based on geological and structural
features. Blake et al. (2010) delineated separate model domains for the Peninsula and
Skurweberg formation aquifers in Cape Town, South Africa using faults, lithological contacts
and dykes.

A groundwater divide separates areas where water flows in one direction from areas where
it flows in another. The concept of groundwater divide has been used for delineation of
groundwater units in studies such as Sheets and Simonson (2006). Groundwater divides are
frequently simulated as no-flow boundaries in groundwater flow models to limit the areal
extent of the system being analysed (Reilly, 2001). Once a groundwater resources unit has
been delineated it can serve as a groundwater reservoir where which provides the basis for
groundwater assessments and development of operating rules.

The development of a conceptual model is the first step towards understanding a
groundwater system (Wilson and Davidson, 2011). A hydrogeological conceptual model is a
pictorial presentation of the groundwater flow system incorporating all available geological
and hydrogeological data into a block diagram or geological cross-section (Anderson and
Woessner, 1992). It is developed to describe the inflows and outflows within a groundwater
resource unit. The purpose of developing a conceptual model is to arrive at a sufficient
understanding of the relationships between the principal characteristics of a system so that
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deductive and/or mathematical methods can be used to evaluate possible outcomes of
changes within the system for a range of feasible situations (Brassington and Younger, 2010).

Construction of a hydrogeological conceptual model involves defining geological and
hydrological frameworks of the study area. Data for the geological framework is typically
obtained from geological maps, borehole logs, geophysics and additional field mapping
(Wilson, 2005). Construction of the geological framework then allows the hydrological
framework to be defined involving the following: (a) identifying the boundaries of the
hydrological system, (b) defining hydrostratigraphic units, (c) preparing a water budget, and
(d) defining the flow system (Sefelnasr, 2007).

A mass/water balance for an aquifer describes all the inputs to and outputs from a system
(Wilson and Davidson, 2011). Preparation of a water budget involves the identification and
quantification of all flow magnitudes and directions of the source of water to the groundwater
system as well as the outflow from the system (Sefelnasr, 2007). In some cases, the
development of a conceptual model of a groundwater system can be an end in itself, as it
forms the basis for the majority of hydrogeological projects where the understanding of the
system provided by the conceptual model allows for decisions to be made and the risks
associated with new developments to be evaluated to a satisfactory level of accuracy
(Brassington and Younger, 2010).
2.3 Reservoir operating rules
Basson et al. (1994) noted that it is generally not economically feasible to develop and operate
water resources to meet demand all the times especially in arid and semi-arid regions where
the water resources are scarce and limited. Limited water resources coupled with changing
climatic conditions, increasing population, economic development and living standards cause
increase in water demands as stated in Macian-Sorribes (2017) making it crucial to improve
water resource systems efficiency. Efficient operating rules are therefore required to improve
water supply reliability and sustainable use of available water resources. Operating rules are
statements on how to schedule water releases from a given source at a given time (season)
(Johnson, 1993). Operating rules can assist in judging when the storage reservoirs can supply
more than their minimum yield for a given risk (Ratnayka et al., 2009).
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Reservoir operating procedures include a set of instructions, equations, tables or simply
judgment decisions by which reservoir releases and diversions are determined based on
current or forecasted state of the system (Guggino et al., 2012). The purpose of operating
rules is to distribute any necessary deviations from ideal/target conditions in a manner that
satisfies mandated laws or regulations and/or that minimises the discomfort to all users in
the system (Johnson, 1993; McMahon and Adeloye, 2005).

Reservoirs are often operated considering a number of conflicting operational objectives
related to environmental, economic and public services (Chu et al., 2015). Operational
objectives provide specific details of the purpose of the reservoir. For example, a primary
operational objective of a water supply reservoir may be to improve the assurance of water
availability at particular times and places while for a flood control reservoir it may be to assure
the required flood storage in order to avoid or reduce downstream damages (Guggino et al.,
2012). These objectives are often conflicting and unequal and therefore require optimisation
of reservoir operation to determine balanced solutions between them (Ngo, 2007). To meet
the objectives for which the reservoir was planned, it is therefore vital to formulate guidelines
for its operation (Kerachian and Karamouz, 2006).

Reservoir operation is inherently stochastic given the uncertain nature of reservoir inflows
(Draper, 2001). The uncertainty arises when inflows into the reservoir cannot appropriately
represent highly variable hydrologic conditions or when they cannot be reliably forecasted
for a long period (Celeste and Billib, 2009). In addition, the climate is known to exhibit large
inter-annual and inter-decadal variability (Ndiritu et al., 2017), which also leads to
uncertainty. Natural variations of a climatic system, as well as the potential influence of
human activity on global warming, have changed the hydrologic cycle and threaten current
water resources management; hence, the conflicts between different objectives in reservoir
operation may become more challenging (Yang et al., 2016).
2.3.1 Procedures for development of reservoir operating rules
Generally, system analysis models used to optimise reservoir operation may be categorised
as simulation, optimisation and combination of simulation and optimisation models (Ngo,
2007). A simulation model basically provides solutions that obey the equations governing the
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relevant processes in the system while optimisation models identify an optimal management
strategy from a set of feasible alternative strategies. Simulation models require numerous
runs of a model with alternative policies to detect on near optimal solution (Simonovic, 1992).
They can therefore not directly derive operating rules. Optimization models automatically
search for an optimum set of decision variable values (Wurb, 2005). Optimisation tools are
utilised to facilitate optimal decision making in the planning, design and operation of
especially large scale water resources systems (Datta and Hakrishna, 2005). Optimisation
methods may be limited due to the complexity of the systems including several components
like reservoirs, aquifers, pumping systems, hydroelectric power plants, demand sites,
amongst others (Shourian et al., 2008). The combination of simulation and optimisation
produces an engineering design tool that can aid in the formulation of design criteria and
assist decision makers in assessing the impacts of trade-offs (Haddad and Mariño, 2010).
Operating rules are derived from three approaches which include direct optimisation of the
system’s operation, using a priori operating rule forms (predefined operating rules) and
inferring rules from optimisation results (Macian-Sorribes, 2017). Direct optimisation
approach involves applying an optimisation algorithm to long-term data (monthly time steps
with planning horizons of more than a decade) in order to extract and analyse the ideal
operation of the system and its associated performance. Optimisation models offer an
expanded capability to systematically select optimal solutions, or families of solutions, under
agreed upon objectives and constraints (Labadie, 2004). Common reservoir operating rules
developed from optimisation results are storage allocation rules, storage target rules, and
release rules (Nelson et al., 2016).

Predefined operating rules are defined before they are evaluated using simulation models
(Oliviera and Loucks, 1997). In practice, predefined operating rules are usually defined by
optimization models and evaluated using simulation models while in another cases, the rules
can are initially assumed and tested with historical or synthetic inflow records to determine
their effectiveness (Tospornsampan et al., 2004). In many practical situations, predefined
operating rules remain a basis for reservoir operation, providing guidelines for reservoir
releases to meet planned demands.
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Inferring operating rules for reservoir operations involves obtaining general rules by which
reservoir operations can be controlled while satisfying the objectives of the system operations
(Mousavi et al., 2007). Fuzzy rule-based modelling can be effectively used for inferring
operating rules by simulating historical operations (Umadevi et al., 2014). Other inferring
procedures that can be used include regression and interpolation equations, simple statistics,
diagrams and tables, data mining, artificial neural networks and reinforcement learning
(Mousavi et al., 2007; Macian-Sorribes, 2017).

Macian-Sorribes (2017) categorised models used for optimisation of reservoir systems based
on purpose of the algorithm and time horizon, as long-term optimisation (based on historic
records) and real-time optimal control with forecasting (based on short time horizons (hourly
or daily time steps and time spans of weeks or months)). Figure 2.1 provides a categorisation
of long-term optimisation models which are classified as implicit stochastic optimisation (ISO),
explicit stochastic optimisation (ESO) and heuristic programming. Labadie (2004) provided a
detailed review of ISO, ESO, real-time optimal control with forecasting and heuristic
programming methods and expanded the review to include network flow optimisation and
discrete-time optimal control theory, and multiobjective optimisation and stochastic optimal
control models which are ISO and ESO methods, respectively, not covered in Macian-Sorribes
(2017).
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Figure 2.1: Long-term optimisation algorithm classification (Macian-Sorribes, 2017)
ISO involves performing deterministic optimisation on long historical or stochastically
generated inflow sequences (Lee and Labadie, 2007). In ESO, the inflow process is directly
described using its probability distributions, and then traditional optimisation methods can
be applied to solve the problem (Zhou et al., 2016). Celeste and Billib (2009) showed that ISO
gives better results as compared to ESO. This may be due to that ISO uses observed or
synthetic inflow scenarios which gives it a computational advantage as compared to ESO
which utilises the probability density functions of the inflows. Lund and Ferreira (2006) noted
that both ISO and ESO are not perfect in establishing optimal operating rules. ISO is more
detailed and can be solved more quickly than ESO, though it can be resource (time and
money) consuming when applied to large reservoir systems (Sulis, 2014). Lund and Ferreira
(2006) indicated that ESO suffers from great computational inconvenience, limited
computational feasibility and naturally require explicit presentation of probabilistic
streamflows or other uncertain aspects of the problem which is a difficult task. Despite this,
both ISO and ESO have widely been used in developing reservoir operating rules.
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Real-time optimal control with forecasting is only possible at short time horizons and in water
resource systems in which the objective is unique and clearly defined, such as maximizing
hydropower production or minimising pumping costs (Macian-Sorribes, 2017). ISO and ESO
can be applied for determining long-range guide curves and policies but real-time optimal
control models are then designed to track these long-term guidelines over shorter time
horizons in hourly or less or daily time increments (Labadie, 2004).

Probabilistic or risk-based methods aim at incorporating the real-world uncertainties of not
knowing future inflows into the operating rules (Ramirez, 2004). Applications of risk-based
principles and stochastic approaches to water planning uses statistics of the historical record
to estimate ﬂow frequencies and probabilities of system failure (Borgomeo et al., 2014). Risk
of failure is the probability of not being able to supply base yield associated with a specified
target draft (demand) at least once over a specified period of time (Blersch, 2014). Stochastic
methods also account for uncertainties associated with reservoir operation. Stochastic
programming is a framework for modelling optimization problems that involve uncertainty
(Liu et al., 2012).

Stochastic programming has been widely applied in deriving operating rules for surface water
reservoirs. Harboe and Ratnayake (1993) applied stochastic programming to arrive at a target
which considers the effects of all possible critical periods. Celeste et al. (2009) applied
stochastic programming in deriving operating rules for the Coremas-Mãe d’Água system
taking into account the uncertainties of hydrologic variables. In South Africa, an approach that
combines simulation with network flow programming and a detailed evaluation of supply
reliabilities to multiple users has been applied since the late 1980s for developing reservoir
operating rules (Ndiritu et al., 2017). The methodology is applied to all major water resource
systems in South Africa and has also found application in some of the neighbouring states
(Basson and Van Rooyen, 2001). Ndiritu et al. (2017) followed this basic approach but used
Shuffled Complex Evolution optimiser developed at the University of Arizona (SCE-UA) that
allows for optimisation of non-linear functions in place of the network flow programming
when deriving reservoir operating rules for Hluhluwe Dam in South Africa. Network flow
programming is a computationally efficient form of linear programming which can be applied
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to problems that can be formulated in a specified format representing a system as a network
of nodes and arcs (Wurbs, 2005). The optimisation aims at minimising the total cost of flow
in the network and the operating rules are derived from the optimal solution (Ndiritu, 2003).

2.3.2 Examples of studies on surface reservoir operating rules
Kangrang et al. (2018) applied conditional genetic algorithm and conditional tabu search
algorithm to develop optimal operating rules for the Ubolrat Reservoir located in
northeastern Thailand. The optimal future operating rule curves were more suitable to
mitigate drought and floods in the study area. Sasireka and Neelakantan (2017) used a twopoint linear hedging method to develop operating rules for Bargi reservoir in India. The
application of hedging rule was found to significantly improve the reliability of water supply
and irrigation release and firm power production. The municipal and irrigation supplies were
satisfied with 100% reliability while that of firm power increased from 10.95 to 12.84%.
Thankachan and Anitha (2015) applied a system approach to develop optimal operation plans
for reservoirs in northern Kerala, India. Irrigation and water supply reliabilities of 86 and 77%,
respectively, were obtained for Peruvanannamuzhi reservoir while power generation could
be met with 90% dependability.
Zhou et al. (2018) applied a two-stage optimal reservoir operation model with a dynamic
programming-progressive optimality algorithm (DP-POA) for optimal co-operation of Xiluodu,
Xiangjiaba and Three Gorges Dam cascade reservoirs in the upper Yantze River, China. This
was aimed at flood control at multiple points downstream during the flood season. The results
indicated that optimal operation of Xiluodu and Xiangjiaba reservoirs can reduce the inflow
of Three Gorges Dam for effective control of floods. Nikoo et al. (2013) used M5P and Support
Vector Regression (SVR) models for the derivation of rules for optimum reservoir-rivergroundwater monthly operation in the Zayandehrood hydro-system in the central part of Iran.
Model results indicated the capability of integrated water quantity and quality management
in controlling and reducing the TDS concentration up to 43 % in the river.

Paredes and Lund (2005) derived operating rules for the refill and drawdown seasons for
water supply reservoirs in parallel considering water quality based on linear programming
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technique. Shasta and Whiskeytown reservoirs in California were used as case studies to
illustrate the technique with temperature as a water quality variable. The derived operating
rules were found to be potentially useful for ensuring release of water to reduce downstream
temperatures. Liu et al. (2018) derived emergency operation rules for water supply in dry
seasons through the trial and error method in the Danjiangkou Reservoir in Han River, China.
The proposed emergency operation rules which considered forecast uncertainties and risks
resulting from potential droughts and sudden water pollution are expected to provide
important insights into reservoir water supply in dry seasons. Karamouz and Kerachian (2004)
developed an algorithm combining an ANFIS-based water quality simulation model and a GAbased optimization technique for determining optimal operating rules for 15-Khordad
Reservoir in the central part of Iran. The developed operating rules were capable of reducing
salinity of water allocated to different water users as well as the salinity build-up in the
reservoir.
Yang et al. (2016) combined the reservoir operation function and operating rule curves to
develop an adaptive multi-objective operation model that adapts to climate change. The
multi-objective operation model was applied to Danjiangkou reservoir located at the middle
reach of Hanjiang River in China and was found to adapt climate change and to maximize the
annual power generation and reservoir water supply yield by 18.7%. The study followed the
priori operating rule forms approach since operating rules were defined in advance and were
then optimised.

2.3.3 Examples of studies on groundwater operating rules/strategies
Water supply systems that obtain water from groundwater require operating rules/strategies
to regulate competing water uses, ensure the beneficial use of water and also account for the
groundwater reserve. Planning and operation of groundwater reservoirs require good
knowledge of their characteristics and limitations of the aquifer, an estimate of their natural
replenishment and outflows, as well as the determination of a programme for pumping
(Harpaz and Schwrz, 1967). Management strategies are needed to address the unique
characteristics and roles of groundwater (Pietersen, 2006).
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In most groundwater studies the terms operating rules, operating policies, management
strategies or policies have been used synonymously and will be treated as such in this review.
For example, most of the studies that have been reviewed in the current study refer to
operating rules as operating policies (for example, Shamir and Bear (1984)), operating
management strategies (for example, Ökten and Yacigil (2005)) and management policies (for
example, McPhee and Yeh (2004)). Studies such as Gallagher and Leach (2010) clearly referred
to operating rules. The current review included studies on groundwater management
strategies whose focus was on operating rules to provide adequate background information
and assist in identifying if there are any approaches that can be applied in this study.
Das and Datta (2001) presented a review on application of optimisation techniques in
groundwater quality and quantity management. The study demonstrated the combined use
of simulation and optimisation techniques in determining planning and management
strategies for optimal development and operation of groundwater systems. This study has
reviewed examples of studies that have applied the latter techniques for deriving
groundwater operating rules. Examples of studies reviewed by Das and Datta (2001) that used
such techniques to derive groundwater operating rules include Willis (1983), Willis and Liu
(1984) and Hallaji and Yazicigil (1996).

Willis (1983) used linear programming (LP) to determine the optimal pumping scheme for
three consecutive periods in order to meet agricultural water demands for an unconfined
aquifer in the Yun Lin basin in Taiwan. The objectives were to maximise the sum of hydraulic
heads and minimise the total deficit. Willis and Liu (1984) applied an optimisation model to
the Yun Lin groundwater basin in southwestern Taiwan to generate optimal planning policies
and a set of non-inferior solutions. The optimal operating policy was aimed at maximising the
sum of the hydraulic heads and minimising the total water deficit for the entire basin . Hallaji
and Yazicigil (1996) proposed six LP models for steady and transient states, and one quadratic
optimisation model for steady state management of the coastal aquifer in southern Turkey.
The optimisation achieved drawdowns that would meet the demand without causing salt
water intrusion.
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Harpaz and Schwrz (1967) performed an optimisation analysis on a simplified single cell model
representing a limestone aquifer system, in the central part of Israel. This was aimed at
establishing optimal operation the aquifer as a water supply reservoir. The study presented
four combinations of alternative plans representing two extreme climatic conditions (dry and
wet years). A historic sequence of 12 years which included successive dry years with
approximated recurrence probability of 10% was used. The procedure for determining
optimal operation policy developed by Bear and Levin (1966) based on the sequential decision
process algorithm was used. Two alternative plans aimed at satisfying the local demand only,
and supplying both local and external demands and artificial recharge were tested for both
the dry and wet periods. All the plans were not able to reach optimal solutions as demands
were not always met without violating the constraints (water levels failing below permissible
level and low spring discharges).

Yazdanian and Peralta (1986) developed a method for designing a regional groundwater
withdrawal strategy that maintains a set of optimal potentiometric surface elevation using
the goal programming approach. Goal programming approach is a multi-objective
programming process that tries to find the best compromise between individual objectives.
The method was applied to the Grand Prairie region of Arkansas. The study concluded that
the method was well suited for designing sustained yield strategies since it was able to
maintain optimal groundwater elevations.

Das Gupta et al. (1996) noted that most of the earlier groundwater quantity management
models (Aguado et al., 1974; Dreizin and Haimes, 1977; Wanakule et al., (1986); Lindner et
al., (1988); Peralta et al., 1991) were applied to hypothetical conditions while their practical
applications were limited to single-aquifer systems for short periods of time. Das Gupta et al.
(1996) developed and applied an operational groundwater management model for pumping
and recharge policy by maximising net relative benefit or minimising operation cost, subject
to a specified allowable drawdown, minimum pumping requirement and maximum allowable
recharge. The model was developed for the Bangkok, Phra, Pradaeng and Nakhon Luang
aquifers in Bangkok. The study simulated the hydraulic response of a multi-aquifer system
using the finite-difference alternating direction implicit scheme. Optimum pumping
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distributions satisfying defined minimum potentiometric heads as well as economic criteria
(minimising operation cost) were achieved.

McPhee and Yeh (2004) used groundwater simulation and optimisation approach to construct
a decision support system for solving a groundwater management problem for the Upper San
Pedro River Basin, located in southeastern Arizona. The approach used was such that, once
the algorithm identified a set of efficient solutions (alternatives), concepts borrowed from
fuzzy set theory were applied to rank the alternatives and to assist decision makers in
selecting a suitable policy. The tested policy analysis options include assuming that pumping
rates are constant over the entire planning horizon and that pumping rates are allowed to
vary within the planning horizon (20 years).

Ökten and Yacigizil (2005) developed a numerical groundwater flow model for the Sandy
Complex aquifer in the Ergene River Basin, Thrace Region, Turkey. Groundwater pumping
scenarios were developed to determine the safe and sustainable yields, and the limits of
utilisation for the Sandy Complex aquifer for a planning period of 30 years. Safe yield was
considered to be the annual amount of groundwater pumped from an aquifer without
exceeding the annual recharged through precipitation, surface water and subsurface inflow
while sustainable yield allows adequate provision of water to sustain streams, springs,
wetlands, and groundwater dependent ecosystems. Analysis of eight scenarios in which the
annual pumping rates were decreased in order to be equal to 100, 90, 80, 70, 60, 45 and 35%
of the annual recharge indicated that as annual pumpage decreased, the declines in
groundwater levels and reserves also decreased. It was suggested that efficient watermanagement policies and plans to prevent the eventual depletion of the aquifer system
should be developed since the existing pumping rates were greater than both the sustainable
and safe yields of the system The policies and plans should incorporate controls on new
development, water metering on all wells, annual water-use reporting, water conservation
measures, artificial recharge structures and efficient irrigation schemes should be considered.
Gallagher and Leach (2010) developed a module of MODFLOW package called the
Groundwater Operational Management Package (GWOMP) to improve the link between
water resource planning objectives and the simulation of future groundwater system
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behaviour under different management schemes. The programme produces a detailed
account of the extractive deficits recorded within management areas over the simulation
period, as well as the history of trigger activation and operational decisions, which, when
examined in association with the model simulated head and flow response under the
operating rules, allows a robust statistical assessment to be made of the potential impacts on
groundwater-dependent ecosystems and the reliability of water supply. The study further
reported successful application of GWOMP in the water resource planning and operating
plans for Pioneer Valley and Burnett basins in Queensland.

Pietersen (2006) used a multiple criteria decision analysis (MCDA) approach to identify critical
alternative courses of action and to develop a decision making framework for sustainable
groundwater management. Strategies which included involvement of appropriate users in
technology selection, facilitating democratic decision models, developing tariff structures
with the involvement of appropriate users, developing a regional conceptual ground-water
flow model, select the most favourable target(s) for development (target selection should be
based on a combination of favourable factors), delineation of protection zones,
implementation of artificial recharge and water harvesting systems and drought prediction
were proposed for sustainable groundwater management in Namaqualand, South Africa. The
study noted that the application of the tool in a participatory environment will require further
refinement and adaptation (including further work related to sensitivity analysis). Pietersen
(2006) study followed the methodology used in developing the decision model for
groundwater in Namaqualand by Pietersen (2004).

The reviewed studies considered groundwater as sole source of water supply and have not
incorporated the reliability of groundwater supply in their analyses. The fact that
groundwater is also vulnerable to drought as explained in section 1.2, further calls for the
development of risk-based groundwater operating rules which will aid in management of
groundwater during drought conditions. A groundwater system also requires stochastic based
operating rules due to uncertainties attributed to inherent temporal and spatial variability of
its variables. Risk-based operating rules have comprehensively been developed for surface
water systems in studies such as Maré et al. (2007), Mallory et al. (2017) and Ndiritu et al.
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(2017). Rule curves developed in Maré et al. (2007) and Mallory et al. (2017) where capable
of establishing whether there is water surplus or deficit in the systems. When there is a deficit
curtailments/restrictions are introduced to avoid depletion of water. Ndiritu et al. (2017)
indicated after implementation of the derived risk-based operating rules, Hluhluwe Dam
storages increased after being generally lower than those of dams within the same region due
to poor operation. The approaches by Maré et al. (2007), Mallory et al. (2017) and Ndiritu et
al. (2017) are therefore applicable for development of risk-based groundwater operating
rules as they account for uncertainty and assist in sustainable use of the resource.

Examples of studies that followed stochastic approach in deriving groundwater operating
rules include Philbrick and Kitanidis (1998), Knapp and Olson (1995) , Marques et al. (2010)
and Dracup and Dale (2011). A study by Philbrick and Kitanidis (1998), based on a hypothetical
system containing surface and aquifer storages, only considered inﬂow from streams as
stochastic variable when developing optimal policies for conjuctive use system. The policies
developed were in graphical form indicating controlled pumping and recharge, releases to
water supply and downstream users as a function of water available in the current year.
Knapp and Olson (1995) extended a basic groundwater model for Kern County in California to
include stochastic surface supplies and artificial recharge when deriving optimal decision
rules. Optimal decision rules based on theoretical analysis generally increased hydraulic
heads while decreasing surface flows. Marques et al. (2010) used stochastic quadratic
programming to optimise conjunctive use operations of groundwater pumping and artificial
recharge with farmer’s expected revenue and cropping decisions. However, the study only
considered the stochastic nature of surface water availability. Results indicated potential
gains in expected net benefits and reduction in income variability from conjunctive use, with
increase in high value permanent crops along with more efficient irrigation technology
(Marques et al., 2010).

Dracup and Dale (2011) developed an inter-annual stochastic model of the operations of a
conjunctive use system that includes a reservoir as a source of surface water and an aquifer.
Monthly inflows into the reservoir were considered to be a stochastic variable at the annual
time scale. In the dry scenario conjunctive use lead to a decrease in groundwater pumping
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costs and an increase in hydropower benefits, compared to the base case. Joodavi et al.
(2015) developed an explicit stochastic optimization model for finding optimal crop patterns
and amount of groundwater extraction in Firouzabad aquifer located in south-central part of
Iran. The model determined optimal allocation of the agricultural area to four selected crops
(wheat, barley, corn, and rice) to ensure sustainable management of aquifer. The study
considered that aquifer recharge might stochastically fluctuate in time because recharge from
precipitation is subject to stochastic rainfall. Though the study incorporated stochastic
analysis of groundwater, it was also focused on conjunctive use of surface and groundwater
for winter crops.
This review shows that studies on operating rules for conjunctive use of surface and
groundwater are focused on optimising irrigation water supply and hence there is limited
focus on domestic water supply. The current review did not find documented studies on
stand-alone stochastic based operating rules for groundwater supply. Thus, there is lack of
operating rules that adequately specify the reliabilities associated with water allocation
decisions for groundwater reservoirs. Stochastic based groundwater operating rules are
critical particularly in areas that are dependent on groundwater as they could aid in its
management during drought conditions.

2.3.4 Comparison of operating rules for surface and groundwater reservoirs and
implementation
Groundwater reservoirs are typically aquifers that store and supply usable quantity of water
for various purposes. They are comparable to surface water reservoirs as they both store
water that can be supplied for different uses. This therefore means that optimisation
approaches that are applied in development of surface water reservoirs can also be applied
for groundwater reservoirs. This has been confirmed from the examples of the studies
reviewed in sub-sections 2.3.2 and 2.3.3 which indicated that optimisation techniques are
used for developing operating rules for both surface and groundwater reservoirs. However,
the reviewed studies lack application of stochastic (risk-based) approaches that incorporates
risk of failure or assurance of supply in groundwater operating rules.
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The difference in surface and groundwater reservoirs is that measurements of water levels in
a surface water reservoir start from the bottom of the reservoir to its surface while in
groundwater reservoir measurements start from the ground surface to the groundwater
table. The procedures followed in developing risk-based operating rules for water supply in
South Africa including Basson and Van Rooyen (2001) and Ndiritu et al. (2017) consider
reservoir storage levels in terms of percentage of full supply capacity. If such an approach is
to be followed, development of operating rules for groundwater reservoirs should be in terms
of groundwater heads. Groundwater head is the height of water in the reservoir from a
specified datum and it is equivalent to water level in a surface water reservoir. This means
that for practical application, operating rules for groundwater reservoirs will require
conversion of groundwater head to groundwater levels. This can be done by relating the
groundwater head, groundwater level and borehole depth. Operating rules derived through
this approach are expected to indicate the volume of water that can be supplied for different
groundwater levels.

In practice, operating rules are implemented by reservoir operators who usually follow the
rule curves, which stipulate the actions that should be taken conditioned on the current state
of the system (Celeste and Billib, 2009). Operating rules therefore guide reservoir operators
on the actual operation of the reservoir. Developed operating rules therefore need to be
acceptable and simplified for implementation by reservoir operators. Approaches such as
fuzzy logic, are flexible and allow incorporation of expert opinions, which makes them
acceptable to reservoir operators (Panigrahi and Mujumdar, 2000). The limitation of fuzzy
logic is that it suffers from the curse of dimensionality (computational effort increases
exponentially with the complexity of the considered system) (Russel and Campbell, 1996),
limiting its application to single reservoir systems (Panigrahi and Mujumdar, 2000).

In South Africa, reservoir operators are included as stakeholders during the development of
operating rules for surface water reservoirs (see DWAF, 2008b; DWA, 2010). This ensures that
developed operating rules are acceptable and simplified for ease of implementation by
operators. Developed operating rules are also simplified into graphical format to simplify their
interpretation and implementation.
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2.4 Generation of stochastic hydrological/weather variables
Generated stochastic hydrological inputs are typically used in derivation of reservoir
operating rules. Use of stochastic sequences improves the precision with which water
resources system performance indices can be estimated (Louck and van Beeck, 2017).
Efstratiadis et al. (2014) noted that probabilistic assessment through stochastic simulation is
of high importance since synthetic time series provide large samples or ensembles of different
time series to evaluate a wide range of possible outcomes. There is vast literature on
methods/models that have been developed and tested for stochastic generation of
hydrological/weather variables. This review focused on multi-site and multi-variate methods
for stochastic generation of hydrological/weather variables. This was aimed at enabling
selection of a method/model that is applicable and suitable for the current study. Multisite
generators make it possible to reproduce the space–time variation of variables at several sites
(Breinl et al., 2013). Multi-site stochastic weather generators reproduce the interstation
correlations and self-consistency in weather series (Qian et al., 2002), while multivariate
schemes enable the preservation of cross-correlations between variables (Efstratiadis et al.,
2014). In some applications, it is important to preserve the spatial correlations when
simulated series are reused as input to process models (Apipattanavis et al., 2007).

Parametric, semi-parametric and non-parametric methods are used in stochastic hydrology.
Parametric approaches use pre-specified functions to approximate the observed precipitation
distribution (Rayner et al., 2016). Parametric approaches sample the variable from a
probability distribution function and assumes the transformed weather data to be normally
distributed (Al-alawi et al., 2017). Most of the parametric approaches are linear in their form
and they can only capture linear relationships between the variables (Rajagopalan et al.,
2010). Parametric stochastic methods typically use large numbers of parameters, and the
methods applied to preserve cross-correlations and to disaggregate annual variables are
usually complex (Ndiritu, and Nyaga, 2014).

Non-parametric approaches are based on resampling methods such as bootstrapping (Breinl
et al., 2013). They often use resampling and simulation methods that do not need to meet
any inherent data assumption (Herrera et al., 2017). They allow generation of sequences that
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match the observed distribution with arbitrarily-high precision, at the cost of introducing
arbitrarily many parameters (Rayner et al., 2016). Non-parametric methods avoid the difficult
model specification issues and can circumvent many other problems associated with the
parametric methods (Sharif, 2006). One of the difficulties with the non-parametric methods
for some applications is that future climate regimes cannot be easily constructed through
simple parameter adjustments (Wilks and Wilby, 1999). Non-parametric methods are gaining
wide prominence and are being applied to a variety of hydrologic and climatologic
applications (Rajagopalan et al., 2010) after decades of domination by parametric approaches
(Ndiritu and Nyaga, 2014). Semi-parametric models are used to combine advantages of
parametric and non-parametric stochastic methods. Similar to parametric, semi-parametric
models require statistical assumptions regarding the probability distributions of climate
variables and spatial correlations are assumed for multi-site applications (King, 2012).

Mehrotra and Sharma (2006) developed a semi-parametric stochastic model for
simultaneous generation of daily precipitation multi-site in Sydney, Australia. The generator
preserved realistic spatial correlations, accommodated seasonality, and reproduced a
number of key aspects of the distributional and dependence properties of observed rainfall.
A semi-parametric copula-based generator was developed to simulate precipitation,
maximum temperature and minimum temperature in Mexico by Juárez-Torres et al. (2013).
The approach captured the nonlinear dependence structure and the occurrence of extreme
events more accurately and had acceptable replication of observed weather patterns.

Lee et al. (2010) improved a parametric multisite weather generator and applied it using
historical data from South Korea. The weather generator has procedures that obtain a
symmetric positive definite estimate for the covariance matrix, automatically selects a
distribution that represents precipitation amounts well and minimises the computational
burden. The results showed promising performance in terms of spatial correlation and long
term variation of precipitation. Apipattanavis et al. (2007) used a modified semi-parametric
multivariate and multisite weather generator which combines Markov Chain for generating
the precipitation state and KNN bootstrap resampler for generating the multivariate weather
variables. This was applied in generation of daily precipitation, maximum temperature, and
minimum temperature at Pergamino in Argentina. Comparison of the results from a
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traditional k-NN weather generator, showed that the spell statistics are captured better in
the modified method.

Kenabatho et al. (2012) investigated performance of multi-site stochastic rainfall models
based on generalised linear models under semi-arid conditions in Botswana. The results
showed consistent characteristics of observed and simulated rainfall while spatial and
temporal validation tests showed adequate simulation of rainfall for the periods and gauges
not used during model fitting. Kigobe et al. (2012) developed multi-site stochastic daily rainfall
models that have the capability for extending and infilling historic data sets in Uganda. The
models were able to reproduce inter-site and temporal patterns of precipitation, regional
daily, monthly and annual statistics and joint probability of daily occurrence between rainfall
zones. Ndiritu (2011) developed a variable length bootstrap (VLB) for synthetic generation of
streamflow at multi-sites. The method was tested using data from 5 reservoirs in South Africa,
and was compared to Stochastic Model of South Africa (STOMSA) which is a parametric
generator widely used in South Africa. VLB adequately replicated historical annual statistics
and reproduced the annual serial and cross-correlations better than STOMSA. Ndiritu and
Nyaga (2014) adapted VLB to stochastically generate multisite rainfall. This was tested using
rainfall data from widely spread out stations in South Africa. VLB generator replicated all the
statistical measures reasonably well at the annual and monthly time scales. VLB model
performed better than PEGRAIM-W at the annual and monthly time scales although both
models were found to perform reasonably well for practical application.

Abraha and Savage (2006) used climate data generator to generate stochastic time series of
precipitation, minimum and maximum air temperatures, and solar radiant density in
KwaZulu-Natal, South Africa. The generated baseline weather data was similar to the
observed for its distributions of daily rainfall and wet and dry day series, monthly total rainfall
and its variances, daily and monthly mean and variance of precipitation, minimum and
maximum air temperatures, and solar radiant density. Efstratiadis et al. (2014) improved
Castalia stochastic generator for generating synthetic time series of hydrometeorological
variables (wind speed, sunshine duration, rainfall and streamflow) at multiple locations and
at daily, monthly, and annual time scales. Testing of Castalia software based on case studies
in Athens and Eastern Greece showed that the software preserved the mean, standard
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deviation, skewness as well as the joint second order statistics. Greene et al. (2012) generated
multivariate stochastic climate sequences for the Berg and Breede Water Management Areas
in the Western Cape Province, South Africa. The methodology incorporated a first-order
vector autoregressive model and a modified KNN resampling algorithm. The generated
sequences preserved both spatial coherence and the temporal characteristics and linked subannual statistics (spell-related behaviour and precipitation extremes) to climatic trends.

2.5 Groundwater resource assessment
Groundwater resource assessment is aimed at quantifying the volume of groundwater that
can be allocated for use. It is important to know the volume of available groundwater
resources when developing operating rules. Approaches to quantifying groundwater hinge on
the water balance equation or some components of this equation (DWAF, 2004). The
hydrologic equation for groundwater regime (groundwater balance equation) is a specialized
form of water balance equation that requires quantification of the components of inflow to
and outflow from a groundwater reservoir as well as changes in storage (Kumar, 2004). The
basic concept of water balance is:

I  O  s

(2.1)

where I= Input to the system, O=outflow from the system and

s = change in storage in the

system. Methods of solution to the water balance equation vary from simple analytical to
complex numerical approaches (DWAF, 2004). With water balance approach, it is possible to
evaluate quantitatively individual contributions of sources of water in the system, over
different time periods, and to establish the degree of variation in water regime due to changes
in components of the system (Kumar, 2004). Figures 2.2 (a) and (b) indicate the groundwater
balance components of a natural system before and after its modification due to pumping,
respectively. This shows that the groundwater balance of an area may require updating
overtime to reflect changes in its components. The confidence in the results is a function of
the number of components used in the water balance equation and the accuracy of the data
used (DWAF, 2004).
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Introduction of the National Water Act (NWA) in 1998 and recognition that South Africa is a
water-scarce country have placed a new emphasis on groundwater and its associated
integrated management (Dennis, 2007). In response to this, a number of studies carried out
after introduction of the NWA focused on developing and/or applying approaches for
determination of sustainable quantity of groundwater (yield) and/or their levels of assurance.
Wright and Xu (2000) explored the possibilities of applying the water balance methodology
to groundwater management in South Africa. The study noted that the quantity of utilisable
groundwater within a region may be identified as neither entering nor leaving a
geohydrological unit (i.e. may not be in a state of flux). Such groundwater could be considered
as being held in storage. The study concluded that the robustness of applying the water
balance approach to sustainable groundwater management needs to be tested in South
Africa.
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(a
)

(b)

Figure 2.2: Groundwater balance for a system (a) before (natural condition) and (b) after
modification (Buchanan and Buddemeier, 2005)
DWAF (2004) proposed a method, termed Aquifer Assurance Yield (AAY), as a means of
including the supply assurance concept into the groundwater resource assessment. The AAY
approach incorporates aspects of water balance principles as well as more detailed risk
assessment, thereby allowing for reliability during drought, above average availability after
major recharge events, and policy requirements. The proposed method was not tested in
DWAF (2004), because it is data intensive for application on the national scale. DWAF (2006a)
proposed a procedure that makes use of potential storage volumes together with parameters
such as rainfall, recharge and baseflow to determine the annual volumes of groundwater
available for utilisation on a sustainable basis. The developed method is applicable on a
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national scale or at the scale of an individual aquifer; the difference lies in the input data
required (DWAF, 2006a). The method requires aquifer thickness and storage coefficient data,
which are mostly available as default values at national scale from the groundwater
assessment phase two (GRA II) project. The default values are therefore not useful at a local
scale as they may not represent the local variations in aquifer thickness and storage
coefficient. Conrad and der Voort (2000) developed a methodology to determine the
sustainable utilisable potential of South African aquifers at a catchment scale taking into
account the groundwater reserve (water required to maintain aquatic ecosystems and basic
human needs). The methodology has been tested in areas (Atlantis, Zeerust and Beaufort
West) where there is extensive groundwater data and can only be applied at catchment scale.
The limitation of method is that a catchment is defined by a surface water divide and may not
accurately represent a groundwater system particularly at a local scale.

Witthüser et al. (2009a) proposed a methodology for regional estimations of assured yields.
The methodology links the data on borehole median yields and classes with data which
contains assurance of supply information in order to produce a map or maps that would
provide aquifer type, yield and assurance of supply information. Assurance of supply was
inferred from the probability of failure which is computed by dividing the total number of
times for which the aquifer is empty by the total number of time periods in the simulation.
Following this approach, a 5% probability of failure represents a 95% assured yield. Witthüser
et al. (2009a, b), DWA (2010) and Murray et al. (2012) indicated the importance of including
level of assurance of supply (reliability) of groundwater in groundwater resource
assessments. Incorporating level of assurance of supply aids in determining times when a
groundwater system will be able to meet the demand and times of deficit. This can aid in
making alternative water supply plans for meeting the demand during time of deficits.

In order to present groundwater yields in similar manner as in surface water supply, the same
concept used in surface-water resource assessments and dam or reservoir design was
adapted and applied to groundwater within the Aquifer Assurance Yield Model (AAYM) and
Aquifer Firm Yield Model (AFYM) by Murray et al. (2012). AAYM provides assured yields
similar to assurance levels given in surface water reservoir design estimated by statistical
analysis of long-term time-series data of inflow against reservoir or aquifer storage. The
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assured yields can vary according to various design of the system and the demand (Murray et
al., 2012). AAYM is a simple groundwater balance model that reproduces storage dynamics
based on variable volumes of inflow and outflow and provides groundwater yields with
assured level of supply. The model is run in monthly time increments on a quaternary
catchment scale. Inflow and outflow parameters (such as recharge as a percentage of mean
annual precipitation, evapotranspiration, baseflow and threshold) have default values from
GRA II, or values can alternatively be set by the user.

Murray et al. (2012) used the AAYM and AFYM to identify and quantify groundwaterdevelopment options for the main Karoo basin in South Africa. AAYM and AFYM are singlecell, lumped-parameter models, and make use of critical management water level below
which aquifer storage levels cannot be drawn down, to provide estimates of the firm or
assured yield of an aquifer. The essential components required for running the lumped-box
AFYM are provided in Figure 2.3. These include recharge, evapotranspiration, baseflow and
reservoir storage levels. Its limitations are related to both the assumptions on how well it
simulates physical processes and the datasets from which the simulations are run (Murray et
al., 2012). It was suggested that users of this model should use site-specific data whenever
possible to account for the latter concern. The aquifer yield models are only intended for use
during the early planning stages of groundwater resource assessment studies where spatial
and temporal hydrogeological information is scarce and perhaps several alternative schemes
for increasing water supply are considered.
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Figure 2.3: Essential components of the lumped-box AFYM (Murray et al., 2012)
The Pitman model has contributed enormously to the practice of water resources assessment
in South Africa and has formed the foundation of some national water resources development
strategies (Hughes, 2013). Some of original design principles noted in Pitman (1973) include
that:


Only the principal components and relationships in the hydrological cycle must be
selected so as to confine the model to an acceptable level of complexity.



The model should represent the hydrologic regimes of a wide variety of catchments
to an acceptable degree of accuracy.



The model should be easily applied with existing hydrologic data to different
catchments



The model should be physically relevant so that, in addition to streamflow, estimates
of other useful features, such as actual evapotranspiration or soil moisture state, can
be made.
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The model should be applicable to ungauged areas

The principles boosted its wide applications mostly in other southern Africa regions including
Lesotho (Khalema, 2010), Swaziland (Ndzabandzaba and Hughes, 2017), Tanzania (Tumbo and
Hughes, 2015), Zambia (Mwelwa, 2004), Congo (Tshimanga and Hughes, 2012; 2014),
amongst others. Hughes (2004) revised the original version of the Pitman model to simulate
groundwater recharge and discharge thereby incorporating groundwater-surface water
interactions. This version is herein referred to as the GW-PITMAN model following Tshimanga
and Hughes (2012). The GW-PITMAN model is a conceptual type, semi distributed
hydrological model, consisting of storages (interception, soil moisture, and groundwater)
linked by functions designed to represent the main hydrological processes at the sub-basin
scale such as infiltration, excess flow, saturation excess flow, direct overland flow, and
groundwater flow (Tshimanga and Hughes, 2012). The conceptual nature of the model means
that the parameters are at least ‘physically-relevant’ (within certain constraints associated
with the time and space scales that the model typically operates over), even if they cannot be
considered ‘physically-based’ (Hughes et al., 2010). Physically relevant parameters are
obtained directly using physical basin attributes and the role that they play in the rainfallrunoff process in the basin (Kapangaziwiri, 2011). The use of local information on physical
catchment characteristics aids reduction of uncertainty in the estimation of model
parameters (Kapangaziwiri et al., 2012).

The configuration of the storage geometry of the groundwater module of GW-PITMAN allows
computation of storages. The groundwater storage is represented by relatively simple
geometry (Figure 2.4) based on a number of representative slope elements, determined from
the catchment area and a drainage density parameter (Tanner and Hughes, 2015). Water
balance components of the groundwater storage include recharge from soil storage, drainage
to the channel, drainage to downstream sub-basins, evaporation losses from riparian zone,
transmission losses from upstream inflows to groundwater (Hughes, 2013). Hughes (2004,
2013), Kapangaziwiri (2007) and Tanner and Hughes (2015) provided further description of
the GW-PITMAN model.
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Figure 2.4: Geometry of the groundwater component of the GW-PITMAN model (Hughes,
2013).

The vertical geometry of the groundwater component of the GW-PITMAN model is defined
by a simple representation of the groundwater table in each slope element (Figure 2.5A-C).
Figures 2.5A-C illustrate examples where groundwater contributes to flows in the channel,
groundwater level is below the channel and no contributions to the channel are possible and
a situation where both gradients are negative, respectively. The groundwater storage
compartment is presented as a groundwater wedge. The volume of water in the groundwater
wedge is determined based on drainage width and length, hydraulic gradient and storativity
(see Hughes, 2004). The model formulation consists of adding the recharge to the volume of
stored groundwater, re-calculating the hydraulic gradient, calculating the outflows and
updating the volume of stored groundwater for the next time step (Hughes, 2004). The GWPITMAN model can therefore be used for groundwater assessment since it can compute
groundwater storages.
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Figure 2.5: Modelled versus real groundwater conditions in a single hill slope element
(Hughes et al., 2010)
Legend: Dashed lines= groundwater levels, solid upper line=surface and solid triangle = river
channel
2.6 Techniques for infilling missing rainfall time series data
Continuous and long term daily rainfall time series is one of the most used data in hydrological
applications. However, most daily rainfall time series data are inadequate to perform reliable
and meaningful analyses, and possess significant number of missing records (Hasan and
Croke, 2013). This problem is more prevalent in developing countries than in developed
countries (Ilunga and Stephenson, 2005). Studies such as Makhuvha et al. (1997b), Elshorbagy
et al. (2000) and Simolo et al. (2010), amongst others, have attributed the existence of data
gaps to loss of yearbooks because of wars or fire accidents, effects of extreme natural
phenomena such as hurricanes or landslides, limited financial resources, poor management
of data related to water resources, occasional interruptions of automatic stations, equipment
failure, temporary absence of observers, cessation of measurement, no reliable hydrological
networks and network reorganizations. For example, in South Africa, the overwhelming
majority of gaps are caused by the temporary absence of observers, the cessation of
measurement or absence of observations prior to the commencement of measurement
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(Makhuvha et al., 1997a). Generally traditional weighting and data-driven methods are used
for estimating rainfall data (Teegavarapu and Chandramouli, 2005; Di Piazza et al., 2011).
Applications of these methods in estimating missing rainfall data are briefly reviewed.
2.6.1 Weighting methods
Weighting methods can be classified into deterministic interpolation (normal ratio (NR),
inverse distance weighting (IDW) and non-linear interpolation as spline techniques, amongst
others) and statistic interpolation methods (different varieties of kriging) (Di Piazza et al.,
2015). NR and IDW methods are the most commonly used traditional weighting methods for
estimation of missing climatic data (Suhaila et al., 2008), because of their simplicity. One of
the major limitations of the NR method is that by considering all the gauges in estimating the
missing data, the method could fail to take into account the redundant information because
some of the gauges might have been clustered together and also may bias the estimate of
missing data (McCuen, 1998). One problem of the IDW method is the arbitrary selection of
time series data from neighbouring stations (Di Piazza et al., 2011). In addition, Teegavarapu
and Chandramouli (2005) noted that in spite of the IDW’s wide success and acceptability, it
suffers from major conceptual limitations, which are the arbitrariness in the choice of
weighting parameter and the definition of the neighbourhood.
Teegavarapu and Chandramouli (2005) addressed some of the limitations of IDW by
incorporating several conceptual improvements to the traditional inverse distance weighting
method to estimate missing precipitation data in state of Kentucky, USA. The latter study also
used artificial neural networks (ANNs) and Kriging approaches to illustrate the advantages of
deterministic, stochastic data-driven and interpolation methods compared to traditional
distance-based weighting methods in estimating the missing values. Suhaila et al. (2008)
proposed a hybrid of modified NR, IDW and coefficient of correlation weighting methods for
estimating daily missing rainfall values in Malaysia. The results of the latter study indicated
that the performance of the modified methods improved estimation of missing rainfall values
at the target station. De Silva (2007) compared arithmetic mean, NR and IDW and aerial
precipitation ratio methods for estimating missing rainfall data at seven major Agro-ecological
zones of Sri Lanka. The study concluded that IDW method was the most suitable method.
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Bazgeer et al. (2012) compared performance of IDW averaging; regularized and tension
splines, spherical, circular, exponential and Gaussian kriging for interpolating yearly
precipitation in Fars Province, Iran. The study chose exponential kriging to estimate long term
average precipitation because it had less errors. Kriging presents an important advantage in
its ability to give unbiased predictions with minimum variance and to take into account the
spatial correlation between the data recorded at different rain gauges or weather stations,
its geostatistical framework is also able to accommodate secondary information in order to
improve the interpolation results and it provides a measure of prediction error (kriging
variance) (Ly et al., 2013). Hofstra et al. (2008) compared global and local kriging, two versions
of angular distance weighting, natural neighbour interpolation, regression, 2D and 3D thin
plate splines, and conditional methods for interpolation of daily precipitation, mean,
minimum and maximum temperature, and sea level pressure from station data over Europe.
The study showed that no interpolation method stood out as superior to others by a large
margin and several methods performed best when considering a specific criterion, climate
variable or sub-domain. However, global kriging was found to be the best overall method by
a small margin.

Teegavarapu (2012) used nonlinear and mixed integer nonlinear programming formulations
along with binary variables for the estimation of missing precipitation data through a spatial
interpolation technique at several stations in the state of Kentucky, USA. The proposed
approach overcomes the limitation of spatial interpolation methods relevant to the arbitrary
selection of weighting parameters, the number of control points within a neighbourhood, and
the size of the neighbourhood itself. Parametric and nonparametric hypothesis tests indicate
statistically insignificant differences in error and performance measures as compared to
observed data.

2.6.2 Data-driven methods
Data-driven modelling is based on analysing the data about a system, in particular finding
connections between the system state variables (input, internal and output variables) without
explicit knowledge of the physical behaviour of the system (Solomatine et al., 2008). A model
can then be defined on the basis of connections between the system state variables (input,
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internal and output variables) with only a limited number of assumptions about the “physical”
behaviour of the system (Solomatine and Ostfeld, 2008). When data are insufficient and
accurate prediction is more important than conceiving the physics of a problem, black box
models could be a good option (Nourani and Mano, 2007). Data-driven methods include
regression, ANNs and time series analysis (Teegavarapu and Chandramouli, 2005; Di Piazza et
al., 2015).

Regression based methods have widely been applied in estimation of missing rainfall data.
Simple linear (Daly et al., 2002; Mott et al., 1994; Terzi, 2012) and multiple linear (Makhuvha
et al., 1997b, Pegram, 1997; Terzi, 2012) regression methods are the most commonly used.
Villazón et al. (2010) applied linear and multiple linear regression techniques for estimation
of monthly precipitation in part of the Pirai River Basin located in Santa Cruz-Bolivia. Multiple
linear regression technique gave a 36% reduction in the standard deviation and root mean
squared error when compared to linear regression.

One of the major limitations of regression methods is the necessity to define the functional
form of the relationships a priori (Teegavarapu and Chandramouli, 2005). In situations where
the structure of the data is complex, it may be very difficult to define a function that may
correctly model the relationship between two variables. Non-pararametric regression (NPR)
becomes useful in solving such problems. Non-parametric method is suitable for analysis of
multimodal distribution, which perhaps reflects more accurately the naturally occurring
complex hydrological cycle (Adamowski, 1987). The basic idea of non-parametric approaches
is to let the data determine the most suitable form of the functions (Wu and Zhang, 2006).
This overcomes the limitations of other regression methods. NPR analysis traces the
dependence of a response variable on one or several predictors without specifying in advance
the function that relates the predictors to the response (Fox, 2002). Non-parametric function
estimation refers to methods that strive to approximate a target function locally, i.e., using
data from a “small” neighbourhood of the point of estimate (Lall, 1995).

A non-parametric approach based on KNN estimator has been applied in spatial interpolation
of rainfall data (Ali, 1998), estimation of seasonal precipitation by disaggregating water year
precipitation for 29 climate divisions in the Colorado River Basin (Kalra and Ahmad, 2011),
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simulation of daily rainfall spells and amounts in Sydney, Australia (Sharma and Lall, 1999),
development of nonparametric seasonal wet/dry spell stochastic model for resampling daily
precipitation (Lall et al., 1996), stochastic generation of rainfall data (Rajagopalan and Lall,
1999, Harrold, 2002, Harrold et al., 2003, Srikanthan et al., 2009, amongst others). KNN has
some weaknesses when the data have outliers or when a nonlinear trend exists around the
missing data, due to its fundamental assumption to follow a normal distribution, which is
statistically unsound (Lee and Kang, 2015). Lee and Kang (2015) compared KNN approach with
five different kernel functions (epanechnikov, quartic, triweight, tricube, and cosine) to
estimate missing precipitation data. The latter study showed that the kernel approaches
provided higher quality interpolation of precipitation data compared to that of KNN.

Ilunga (2010) used standard backpropagation (BP) and generalised BP FNNs to infill annual
total rainfall data in Orange River System, Western Cape and Eastern Cape, South Africa. The
generalized BP generally performed slightly better than the standard BP technique. Nkuna
and Odiyo (2011) used radial basis function (RBF) neural networks to infill missing rainfall data
in Luvuvhu River Catchment, SA. RBF neural networks were found to be capable of learning
complex relations using available data. Ahmad and Al-khazelah (2008) proposed a method to
estimate missing rainfall data by using the filtering process based on Box-Jenkins’
autoregressive integrated moving average (ARIMA) modelling technique. The best ARIMA
model was used to predict monthly average rainfall for Pinang station. The results of this
model using both datasets with and without missing data were compared using Naive test
and comparable values were obtained. Fung (2006) found that ARIMA interpolation was the
most suitable method for estimating a missing value where there is sufficient data to obtain
a reliable model when compared to polynomial curve fitting, cubic spline and state space
modelling. Generated time series data sets were used in the study to compare performance
of these models in estimating missing data. The applicability of time series analysis methods
for estimation is dependent on good correlation with past values (Daniels, 2014). Thus, ARIMA
models are especially suited to short-term forecasting because most of them place heavy
emphasis on the recent past rather than the distant past (Ahmad and Al-khazelah, 2008). In
addition, empirical time series models such as ARIMA are not adequate when the dynamic
behaviour of the hydrological system changes with time (Shiri et al., 2013).
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Aslan et al. (2010) compared performances of MI based on single arithmetic average, NR, NR
weighted with correlations, multi-layer perceptron neural network and expectationmaximisation algorithm based on Monte Carlo Markov Chain (EMMCMC) methods in infilling
artificially created missing values in two series of precipitation data. EMMCMC algorithm
performs better than the others with respect to the normalised root mean squared error
criterion.
2.7 Extension of groundwater levels time series data
Groundwater levels from observation wells provide a principal source of information
regarding the hydrological stresses acting over aquifers and how those stresses influence
groundwater recharge, storage and discharge (Sujay and Paresh, 2015). Groundwater levels
are required for groundwater resource assessment to ensure its sustainable utilisation.
However, most boreholes that are drilled in most developing countries are typically
production boreholes aimed at domestic water supply. This in addition to poor groundwater
monitoring networks and discontinuous monitoring or measurement of groundwater levels
results in lack of continuous long term groundwater levels time series data. This creates the
need to estimate and extend limited groundwater levels data.

Data required to quantify aquifer parameters are rarely available and expensive to acquire in
most developing countries. In addition, approximations, assumptions and simplifications that
are made in physically-based models result in errors and uncertainty in the outputs. Fitting a
physical model is not possible when there is no sufficient data, and the accuracy of the
numerical model to a great extent depends on how accurate the model inputs are (Sun et al.,
2015). To overcome the problems associated with physically-based models, data-driven
methods such as ANNs, SVMs and time series analysis are used in simulating groundwater
levels. These methods are easier to apply as compared to physically-based models. FallahMehdipour et al. (2013) noted that application of simple tools to predict future groundwater
levels and fill-in gaps in data sets are important issues in groundwater hydrology.

Shiri et al. (2013) compared performance of Gene Expression Programming (GEP), ANFIS,
ANN, ARMA and SVM techniques for groundwater levels forecasting up to 7-day prediction
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intervals. The study found that all models performed better than the ARMA model.
Venkatesan and Rajesh (2015) evaluated performance of ANN and MODFLOW in simulating
groundwater levels in Sindapalli Uppodai, a sub-basin of Vaippar River basin in India. ANN
model performed similarly to MODFLOW for short-horizon predictions.

System identification models or time series analysis can also overcome some of the
limitations of physically-based models in cases where data on aquifer parameters, which is
required for estimating groundwater levels, are not available. System identification is the art
and science of building mathematical models of dynamic systems from observed input-output
data (Ljung, 2010). In system identification, the groundwater system is seen as a black box
that transforms a series of observations of the input or explanatory variables into a series of
output variables or groundwater levels (von Asmuth and Knotters, 2004). Using a time series
model, it is possible to simulate periods without observations, as long as data on explanatory
variables are available (Manzione et al., 2009). Different model classes that are used in system
identification include linear, non-linear, hybrid, discrete, continuous, non-parametric,
amongst others.

Houston (1983) explored the use of time series techniques in groundwater systems and
concluded that they are applicable for forecasting and control/management of such systems.
Bidwell (2005) described an approach that matches the stochastic difference equation models
of time-series analysis to the physically-based, linear system, groundwater model. von
Asmuth and Knotters (2004) used a method based on continuous time transfer function (TFN),
which estimates the impulse response function of the system from the temporal correlation
between time series of groundwater level and precipitation surplus, to describe groundwater
dynamics. Bierkens et al. (2010) modelled the spatio-temporal variation of shallow water
table depth using a regionalised version of an autoregressive exogenous (ARX) time series.
von Asmuth (2012) developed Menyanthes software in which groundwater levels time series
can be modelled using both the ARMA and predefined impulse response function in
continuous time (PIRFICT) methods. Izady et al. (2013) assessed the performance of neural
network-autoregressive extra input (NN-ARX) model in predicting groundwater levels of
Neishaboor plain, Iran, and compared it to static neural network (SNN). ARX model is a system
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identification model that has been widely used in control theory for modelling various control
processes. NN-ARX model’s performance was significantly better than that of SNN.

2.8 Determining type of aquifer and flow behaviour in fractured aquifers from pumping
tests
Aquifer test interpretation can be considered as an exercise involving identification of
parameters of a system from its response to a known disturbance (pumping) (Milne-Home,
1988). An appropriate way to investigate the hydrodynamic behaviour of a fractured aquifer
is to determine the flow dimension and aquifer parameters simultaneously (Chang et al.,
2011). In addition, all well test analysis methods require that the geometry of the system be
specified (by specifying the flow dimension), and then estimates of the hydraulic properties
for that given geometry can be made (Beauheim et al., 2004).

Curve matching which involves fitting theoretical type curves (models) to observed drawdown
data, is used for analysis and interpretation of pumping test data. The model that compares
best with the real system is then selected for the calculation of hydraulic characteristics
(Kruseman and de Ridder, 2000). To circumvent the difficulty in choosing an appropriate
conceptual model (type curve), diagnostic plots have been used to interpret pumping test
data in basement crystalline aquifers. Diagnostic plots and derivatives facilitate the selection
of appropriate models for analysing pumping test (drawdown) data, and estimating
appropriate hydraulic properties of the aquifer (Hammond and Field, 2014). A diagnostic plot
is a plot of the drawdown and its logarithmic derivative as a function of time (Renard et al.,
2009). Derivative analysis of pumping test data relates the rate of drawdown change as a
function of the natural logarithm of time (Hammond and Field, 2014). The most useful
diagnostic plots (Baumle, 2003; Holland, 2011) include:


drawdown (s) versus time (t) in a log-log plot (log s vs. log t)



drawdown versus the logarithm of time (semi-log plot: s vs. log t))



drawdown versus the square root of time (s vs. t1/2)



drawdown versus the fourth root of time (s vs. t1/4)



time derivative of the drawdown versus the time in a log-log plot.
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The standard diagnostic plot for a constant-rate test is a log-log plot of elapsed time on the xaxis versus the pressure change and derivative of pressure change with respect to the natural
log (ln) of time (or superposition time) on the y-axis (Ehlig-Economides et al., 1988). However,
Kruseman and de Ridder (2000) recommended that both semi-log and log-log plots of s vs t
should be used since a semi-log plot of s vs t has shown more diagnostic value than a log-log
plot in a number of cases. Figure 2.6 shows most typical features that are observable in semilog and log-log diagnostic plots.

Figure 2.6: The typical diagnostic plots used in hydrogeology (Renard et al., 2009)
Legend: (a) Theis model: infinite two-dimensional confined aquifer, (b) double porosity or
unconfined aquifer, (c) infinite linear no-flow boundary, (d) infinite linear constant head
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boundary, (e) leaky aquifer; (f) well-bore storage and skin effect, (g) infinite conductivity
vertical fracture, (h) general radial flow—non-integer flow dimension smaller than 2, (i)
general radial flow model—non-integer flow dimension larger than 2 (j) combined effect of
well bore storage and infinite linear constant head boundary

Flow dimension of a hydraulic test may reflect several characteristics of the hydrogeologic
system, including heterogeneity, boundaries, and leakage (Walker and Roberts, 2003). Once
the flow regime has been identified and the appropriate analytical solution chosen then
simple curve matching and calculations can be carried out to determine values of
transmissivity and storativity (Scottish Environment Protection Agency, 2013). A brief review
of models that can be used for curve match fitting in fractured aquifers is given as follows:
2.8.1 Double porosity model
The concept of a double porosity model, as developed by Barenblatt et al. (1960), regards a
fractured rock formation consisting of two media (matrix blocks and fractures) having
different characteristic properties (Kruseman and de Ridder, 2000). In a double porosity
aquifer (Figure 2.7), matrix blocks have low permeability, high (primary) porosity and high
storage capacity while the fractures have high permeability and low storage capacity. As a
result, the permeability and porosity of the entire formation are represented by that of the
fracture network and porous block, respectively (Braester, 2003). The fractures produce flow
directly into the well and matrix blocks act as a source, which feeds water into the fractures
(Holland, 2011).
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Figure 2.7: Double porosity aquifer (Gernand and Heidtman, 1997)
Geologically, the porosity of the matrix block is due to original intergranular pore space of the
rock while secondary porosity is due to fractures associated with earth movements or solution
channels (Milne-Home, 1988). Kruseman and de Ridder (2000) categorised flow
characteristics of double porosity aquifer into three time periods, which are:


Early pumping time, when all the flow comes from storage in the fractures;



Medium pumping time, a transition period during which the matrix blocks feed their
water at an increasing rate to the fractures, resulting in a (partly) stabilising
drawdown;



Late pumping time, when the pumped water comes from storage in both the fractures
and the matrix blocks.

Renard et al. (2009) explained that early pumping depletes the first reservoir (fractures, for
example), which is then partly compensated by a delayed flux provided by a second
compartment of the aquifer (second/intermediate stage) and equilibrium is reached at the
late time (last stage). During the intermediate stage, drawdown stabilises and the derivative
shows a pronounced dip (Renard et al., 2009).
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2.8.2 Single fracture model
Gringarten and Witherspoon (1972) developed a model that relies on early time data to
determine whether a vertical (Figure 2.8) or horizontal (Figure 2.9) fracture is intersecting a
well. Thus, the model assumes that the pumped well is either intersected by a vertical or a
horizontal single fracture. In a single fracture model, water flows along the fracture with
higher permeability than that of the rock, and the fracture defines the flow pattern (Karay,
2013). The flow is one dimensional (i.e. it is horizontal, parallel, and perpendicular to the
fracture) at early pumping times but it changes to pseudo-radial flow at late pumping times
(Kruseman and de Ridder, 2000). The time required for pseudo-radial flow may be excessively
long (Griffioen and Kruseman, 2004). The fracture is characterised based on drawdown from
production well which typically plots a straight line on a log-log scale at early time merging
with a Theis curve if the test is sufficiently long (Gernand and Heidtman, 1997). The main
types of single vertical fracture models are infinite conductivity, uniform flux, finite
conductivity fracture and dyke, though the dyke model is the only one developed for
groundwater purposes (Verweiji and Barker, 1999). The rest have been developed for
petroleum reservoirs.

Figure 2.8: Single vertical fracture intersecting a well (Kruseman and de Ridder, 2000)
Xf is the vertical fracture half-length
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Figure 2.9: Single horizontal fracture intersecting a well (Maréchal, 2003)
Q is discharge from pumping well, rf the radius of the horizontal fracture, zf is the distance
between the fracture and the bottom of the aquifer, H the aquifer thickness
2.8.3 Generalised radial flow (GRF) model
A GRF model generalizes the flow dimension to non-integral values, while retaining the
assumptions of radial flow and homogeneity. The model was developed by Barker (1988) for
hydraulic tests in fractured aquifers and regards the dimension of the flow as a model
parameter. The model assumes that flow is radial and n-dimensional fractured media is
homogenous and isotropic, and is described by Kh and specific storage capacity (KuuselaLahtinen et al., 2003). Darcy’s law is also assumed to be valid throughout the system. The
concept of generalised flow dimension is most easily understood as an extension of the basic
flow system geometries considered in classical well-test analysis (Geier et al., 1996).

GRF approach to hydraulic test interpretation uses the flow dimension to describe the change
in flow area versus radial distance from the borehole (Walker and Roberts, 2003). In the GRF
model, the partial differential equations describing the boundary condition at the well and
the flow in a homogeneous aquifer are expressed in terms of hydraulic parameters, distance,
and a fractional spatial dimension (Leveinen et al., 1998). An interesting feature of the model
is that the flow dimension is related to the late time evolution of drawdown curves (Le Borgne
et al., 2004). It also generalises the basic solutions of flow to a well to fractional flow
dimensions which greatly increases the range of drawdown type curves that may be fitted to
observed data (Odling et al., 2013).
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2.8.4 Homogenous porous model
Homogenous porous model applies to fractured rock aquifer that shows behaviour similar to
that of a homogenous isotropic or anisotropic porous aquifer during all or part pumping test
(Verweiji and Barker, 1999). A fractured rock aquifer with many connected fractures is often
assumed to fit the continuum conceptualisation, at least on a regional scale, and an
equivalent of a porous medium model can be adopted (Kraemer and Haitjema, 1989). A
fractured aquifer will most likely fulfil this assumption if a dense network of uniform fractures
intersects the rock (Baumle, 2003). In this case, the Theis (1935) and Cooper and Jacob (1946)
methods can be applied. The aquifer is assumed to be infinite in lateral extent, fully confined
(no recharge or leakage), two dimensional (large extension compared to its thickness), having
a homogeneous transmissivity and storativity (Holland, 2011).

2.8.5 Leaky aquifer model
Leaky or semi-confined aquifers are geologic systems in which vertical fluxes through
confining overlying and/or underlying layers are not negligible. A schematic presentation of a
leaky aquifer is provided in Figure 2.10. Under leaky artesian conditions, the cone of
depression developed by a pumping well is influenced by the vertical permeability of the
confining bed in addition to the hydraulic properties and geohydrologic boundaries of the
aquifer (Walton, 1960). Hantush and Jacob (1955) developed a solution for drawdown in a
pumped aquifer that has an impermeable base and a leaky confining unit above. The solution
assumes that the pumped aquifer is bounded on top by a low permeability aquitard beneath
a more permeable aquifer containing a standing water table (Hunt, 2012). Moench (1985)
combined the Hantush theory of leaky aquifers with large-diameter well theory to produce
equations that can be used in the analysis of pumped-well and observation well data for
stratified formations.

The analysis of the drawdown caused by a pumping test in a leaky aquifer allows the
estimation of representative hydraulic parameters of both the aquifer being tested and the
aquitard through which it is recharged (Trinchero et al., 2008). During the early time of
pumping, water comes from storage of the pumped aquifer and the leaky confining unit
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(Halford and Kuniansky, 2002). The system reaches steady state when there is equilibrium
between discharge and the leakage through the confining unit from the unstressed aquifer.

Figure 2.10: Schematic presentation of a pumped leaky aquifer (Kruseman and de Ridder,
2000)

2.8.6 Examples of studies in crystalline basement aquifers

Maréchal (2003) used Neuman (unconfined anisotropic aquifers), Gringarten (single
horizontal fracture), Warren and Root (double porosity aquifer) and Barker (GRF) models to
interpret pumping test data in hard crystalline rock terrain of South India. The methods
allowed characterisation of the complexity of flows through fractures (Maréchal, 2003).
Diagnostic plots (log s vs. log t, s vs. log t and derivative) were used to interpret pumping test
data for boreholes located in crystalline rocks of Serre Massif, southern Italy in a study by
Baiocchi et al. (2014). Theis, double porosity and leaky aquifer models were identified from
comparison of diagnostic plots and theoretical models. Roques et al. (2014) used log–log plot
of normalised drawdown and its derivative to interpret flow regime of crystalline rocks in
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Saint-Brice en Coglès in Mancellian Domai, France. Double porosity and radial flow were
identified during the 63 days pumping periods.

Nyende et al. (2016) used log s vs. log t, s vs. log t and derivative to describe flow behaviour
in crystalline fractured rocks of Pallisa District within the Kyoga Basin, Uganda. Pumping test
interpretation was uncertain while matching various times of the drawdown curve. The
results indicated that while response at the pumping well may suggest linear single fracture
flow, with availability of more data, later time showed that the aquifer responds to what
would seem a radial flow (Nyende et al., 2016).

Holland (2011) visually compared pumping test datasets from 2 359 boreholes to a set of
typical diagnostic plots. The boreholes were from selected crystalline basement aquifers
within the Limpopo Province, South Africa. Theis, double porosity, leaky aquifer, GRF models
were identified. The results of the latter study showed that double porosity behaviour was
displayed in 1082 boreholes within the study area. Logarithmic derivatives of the drawdown
as a function of time were used to identify the flow regime, fracture intersections and
boundary conditions in the crystalline basement aquifers of Namaqualand, South Africa, in a
study by Pietersen et al. (2009). Double porosity behaviour of the aquifer became apparent
in the derivative plot after initial borehole storage effects and radial flow regimes were
observed at later times of the pumping test (Pietersen et al., 2009).
2.9 Summary
Reviewed literature has provided essential basic concepts, background information and
appropriate methods for the current study. Literature review established that it is essential
to develop groundwater operating rules as they can aid in regulating competing water uses
and ensure the beneficial use of water. Operating rules are also required to improve the
assessment of water supply reliability. Procedures used for development of reservoir
operating rules were also reviewed to aid in identifying those applicable to the current study.
The review showed that in most groundwater studies, simulation models are coupled with
optimisation models to derive groundwater management strategies/operating rules. It was
also established that most of the reviewed studies have not incorporated stochastics and

50

reliability of groundwater supply in their analyses thus, showing lack of information on the
level of assurance of supply in most groundwater operating rules/strategies. Studies that have
applied stochastics were mostly those that considered conjunctive use of surface and
groundwater. This shows that a study focused on developing risk-based groundwater
operating rules that incorporate reliability of water supply is of crucial importance. This
literature therefore provided the basis and methods for achieving the main objective of the
study, in addition to addressing the hypotheses of the study.

This review showed that most of the stochastic generators have been developed for multisite and multi-variate generation of minimum and maximum temperature, and rainfall. The
literature also showed that some of them have been adapted, improved and extended to
meet specific needs. For example, Ndiritu and Nyaga (2014) extended VLB to generate both
rainfall and streamflow while Efstratiadis et al. (2014) improved Castalia to generate multivariate hydrometeorological variables (wind speed, sunshine duration, rainfall and
streamflow). Review of stochastic generators aided in selecting a method to be used in this
study to address specific objective on generating stochastic inputs for groundwater base
yield-recurrence interval analysis and the research question how stochastic inputs for
groundwater base yield-recurrence interval analysis are generated.

Literature on groundwater resource assessment was aimed at establishing methods that
have been used to quantify the volume of groundwater that can be allocated for use, and
their applicability in the current study. This assisted in addressing the main aim of the study
since the volume of available groundwater resources is required when developing operating
rules. The literature indicated that approaches for quantifying groundwater resources hinge
around the water balance equation or some components of this equation and methods of
solution to this equation vary from simple analytical to complex numerical approaches. The
AAYM and AFYM were developed to aid in incorporating level of assurance of supply in
groundwater assessment studies. However, the limitation of these models is that the
assurance levels are based on methods that do not account for uncertainty due to natural
climate variability. Thus, it is important to develop stochastic based operating rules which can
account for uncertainty.
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Literature review also established the procedure for delineating groundwater resource unit
for application in this study. It also showed that a hydrogeological conceptual model can be
developed and used to describe the inflows and outflows within a groundwater resource unit.
Methods for determination of flow behaviour and hydraulic parameters in fractured aquifers
were also identified. The review showed the importance of using diagnostic plots to
determine aquifer type and flow behaviour in fractured aquifers. Examples of reviewed
studies showed that double porosity aquifer type is mostly found in crystalline basement
aquifers including those which are found in Limpopo Province. This literature supported the
first specific objective and research question associated with delineation and characterisation
of a groundwater resource unit for Siloam Village.

The review also showed physically based and data-driven techniques that are typically applied
for estimating missing data as well as extending time series data. Data-driven methods can
be used in infilling and extension of time series data in cases where physically based methods
are not applicable due to model limitations or unavailability of data required by the model.
For example, the arbitrariness in the choice of weighting parameters and definition of the
neighbourhood are some of the limitations of IDW method for infilling missing rainfall while
assumptions and simplifications that are made, and intense data requirements are limitations
of physically-based groundwater models.

The review also noted that the choice of method/model will depend on data availability and
nature of expected outputs. For example, Venkatesan and Rajesh (2015) reported that
advantages of numerical models like MODFLOW, over black box models such as ANN include
the fact that numerical models provide the total water balance of the system. Thus, if the
study is focused on estimating total water balance it would be ideal to select a numerical
model. However, in a case where the interest is on simulating groundwater levels in an area
with limited data to describe the physical behaviour of the system, simpler techniques such
as time series models can be selected for use. This is supported by Nourani and Mano (2007)
who stated that when data is insufficient and accurate prediction is more important than
conceiving the physics of a problem, black box models could be a good option, as reported in
sub-section 2.6.2. Review of these methods aided in addressing second specific objective and
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research question related to infilling and/or extending data required for generating
groundwater levels for the groundwater resource unit and stochastic analysis.
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CHAPTER 3: CASE STUDY AREA AND DATA

3.1 Preamble
This chapter describes the basis of selection of gives an overview of the selected case study
area including its characteristics and available data sets that are relevant for the study.
Describing the characteristics of the study area aids in providing its environmental setting and
the basis for its selection. Describing available data aids in identifying the suitable methods
used for its analysis in order to achieve the main objective of the study. Description of the
geology provided the background information required for developing the hydrogeological
conceptual model for the study area.
3.2 Characteristics of case study area
Siloam Village, located within the Nzhelele River Catchment, is an example of a rural village
that lacks adequate potable water supply for domestic use. The use of groundwater to
supplement surface water and harvested rainwater supply is common in Siloam Village. In
addition to one public borehole that exists in Siloam Village, some residents have drilled
boreholes within their homesteads to supplement their water needs. Thus, there is an
increased use of groundwater as a source of water supply. This formed the basis for selecting
Siloam Village as a case study area.

3.2.1 Location of case study area
Siloam Village falls under quaternary catchment A80A of the Nzhelele River Catchment which
is located in leeward side of Soutpansberg Mountain within the northern region of Limpopo
Province, South Africa. The study area is found between 22°53'15.8'' S and 22°54'5'' S
latitudes and 30°11'10.2'' E and 30°11'23.5'' E longitudes (Figure 3.1). It is located in Makhado
Municipality in Vhembe District at 60 km North East of Makhado and approximately 45 km
westward of Thohoyandou (Figure 3.2)
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Figure 3.1: Location of Siloam Village in A80A quaternary catchment

Figure 3.2: Location of Siloam Village within Vhembe District Municipality
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3.2.2 Hydrology
The main river in case study area is Nzhelele River (Figure 3.1) which originate from the
Soutpansberg Mountains and flows north to Limpopo River. The flow pattern of Nzhelele
River is highly variable because of low and unpredictable rainfalls (average 350-400
mm/annum) in the catchment and the river is not perennial (Ashton et al., 2001), with no
water for several months. The rainfall is seasonal and occurs during summer months from
October–March. During dry years the river can remain without water for several months.
Summer rainfalls cause dramatic increase in flows, though the tributary streams are mostly
episodic and only contain water after rainfalls (Ashton et al., 2001). The mean annual
evaporation varies from 1300-1400 mm (Makungo et al., 2010). Limited rainfall and high
evaporation indicates the semi-arid nature of the study area which result in scarcity of surface
water. Nzhelele area is characterized by high temperature variations with summer
temperatures range from 22°C and 40° C while winter temperatures range from 16°C to 22°C.

3.2.3 Topography and soils
Siloam Village is found within the Nzhelele River valley with topography ranging from 800
to1100 m around its neighbourhood (Figure 3.3). The study area consists of medium loamy
or coarse sand to sandy clay loam with clay content ranging from 4-40% (Institute of Soil,
Water and Climate, 1994). The soil is highly susceptible to cracking. The weathering of igneous
and sedimentary is the origin of the soil in the study area (Kabanda, 2004). The soil within
Siloam Village have porosity and bulk density ranging from 57 to 58% and 0.8to 1.1 g/cm3,
respectively (Ndwambi, 2015). Reddish soil which covers the area is attributed to the results
of weathering of iron-bearing basalt.
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Figure 3.3: Topographical map of Siloam Village

3.2.4 Land use and water supply
The study area is dominated by human settlements and subsistence agriculture (Figure 3.3).
Mutshedzi Dam is the only dam in the quaternary catchment and it located on Mutshedzi
River which is a tributary of Nzhelele River (Figure 3.1). Siloam is one of the villages supplied
with water from Nzhelele River weir within the Nzhelele Regional Water Supply Scheme.
Mutshedzi Dam also supply the village when there is no water supplied from the Nzhelele
weir (Makungo, 2008). Water from Nzhelele weir and Mutshedzi Dam is pumped to the main
line passing through other villages and stored in reservoirs. Due to increase in water demand
and frequent drought conditions surface water from Nzhelele Regional Water Supply Scheme
is inadequate to meet the demand. Due to this a number of residents have drilled boreholes
within their homesteads to augment the surface water supply.
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3.2.5 Geology
At a regional scale, Siloam Village is located within the younger cover of the Limpopo Mobile
Belt (LMB). The LMB (Figure 3.4) of southern Africa is an extensive high-grade terrain that can
be subdivided into three lithologically and structurally distinct zones, which are the northern,
central and southern marginal zones. The LMB was formed as a result of a collision between
the Kaapvaal craton (KC) and the Zimbabwe craton (ZC). The 250 km, ENE-WNW trending LMB
is thought to represent a Himalayan-style collision event between the KC and ZC in the north
(Bejaichund et al., 2009). The oblique nature of this collision is believed to have initiated or
re-activated major transcurrent fault systems, resulting in important structures such as the
Thabazimbi-Murchison lineament, which prepared the craton for the development (26002100 million years ago) of the Transvaal and Griqualand West basins (Singh et al., 2009).
Soutpansberg depositional basin was formed between two major crustal blocks, (e.g. the
Kaapvaal craton in the south and the Limpopo Belt in the north) as an east-west trending
asymmetrical rift or half-graben along the Palala Shear Belt (Brandl, 2003). Its rocks rest
unconformably on gneisses of the Limpopo Belt and Bandelierkop Complex. Bumby et al.
(2002) suggested that the Soutpansberg Group may have been related to a half-graben bound
to the south by a northwards-dipping normal fault, perhaps associated with orogenic collapse
of the Limpopo Belt. The major faults which trend East North East through the Soutpansberg
region almost certainly represent reactivated basement fractures (Mason, 1973).
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Figure 3.4: Simplified geological map of Limpopo Mobile Belt (Chinoda et al., 2009)

At a local scale, the case study area is situated within the severely faulted Soutpansberg Group
of the Mokolian age (Figure 3.5). The Soutpansberg Group forms part of crystalline basement
aquifers of Limpopo Province in South Africa. Crystalline basement rocks are usually semiconfined (fractured bedrock) with water-table aquifers (the matrix-regolith) situated on top
of them (Holland, 2011). Soutpansberg Group emerges as a large east-west trending
mountain range (escarpment) from the Kruger National Park in the east to Vivo in the west.
Dykes and sills of diabase are plentiful in the Soutpansberg Group (Brandl, 2003). It has 7
formations which are Tshifhefhe, Sibasa Basalt, Fundudzi, Nzhelele, Wylliespoort, Stayt and
Mabiligwe (Figure 3.5). Sibasa Basalt, Fundudzi and Nzhelele formations are the ones that are
present in the study area.
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Figure 3.5: Local geology

Sibasa formation consists predominantly of lava (Figure 3.6) with minor intercalations of
sedimentary and tuffaceous rocks (Brandl, 1981). The volcanic rocks comprise of repetitive
sequence of erupted basalt (Barker et al., 2006). Sedimentary rocks, which include shale,
quartzite and conglomerate, generally tend to be more persistent along strike in the upper
part of the succession (Brandl, 1981). Argilaceous rocks, interbedded with sandstone,
represented by brownish or purple micaceous sandy shale, grey or dark-red shale and thinly
laminated dark grey siltstones dominate the Fundudzi Formation (Brandl, 1981). The Nzhelele
formation, which is the uppermost unit of the Soutpansberg Group (Figure 3.5), consists of a
volcanic assemblage at the base followed by red argillaceous and arenaceous sediments
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together with several thin, though fairly consistent layers of pyroclasic rocks (Brandl, 1981;
Barker et al., 2006). Siloam fault trends from west-north-west to north-west and is estimated
to have a vertical displacement of 1500 m. Large, fairly thick alluvial deposits are found along
Nzhelele River (Brandl, 1981).

Figure 3.6: Stratigraphy of the Soutpansberg Group in the western, central and eastern
Soutpansberg areas, and Blouberg area (Barker et al., 2006)
3.3 Data used
Data used in this study included digital elevation map (DEM), pumping test, rainfall,
evaporation and groundwater levels. Advanced Spaceborne Thermal Emission and Reflection
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Radiometer Global Digital Elevation Map (ASTER GDEM) (Figure 3.7) covering the area of the
study was obtained from USGS Land Processes Distributed Active Archive Center. ASTER
GDEM is an easy‐to‐use, highly accurate DEM covering all the land on earth, and available to
all users regardless of size or location of their target areas (Konecny, 2012). This was used in
the delineation of the groundwater resource unit for the study area. The groundwater
resource unit provided the basis for groundwater levels modelling based on the GW-PITMAN
model.

Figure 3.7: DEM covering the study area
Pumping test data for boreholes located within the study area (Figure 3.8) were obtained
from VSA Leboa Consulting Pty Ltd. The data are for single-well tests that were conducted as
part of the Limpopo Groundwater Resources Information Project (GRIP) aimed at determining
sustainable abstraction rates for rural groundwater supply schemes. Test dates, constant
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pumping rates, test durations and groundwater levels in the boreholes before pumping for
the pumping tests are provided in Table 3.1. Pumping test data were used to estimate aquifer
storativity, transmissivity and hydraulic conductivity (Kh) based on the aquifer test solution.
Storativity and transmissivity constituted inputs into GW-PITMAN model. Analysing pumping
test data also aided in identifying the type of aquifer dominating the groundwater resource
unit. This was useful in understanding the complex nature of the geologic environment where
groundwater is stored as well as the limitations of the groundwater storage modelling
approach used in the study area.

Figure 3.8: Pumping test boreholes locations
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Table 3.1: Field measured characteristics of pumping test boreholes
Borehole

Test date

H27-0002
H27-0052
H27-0136
H27-0138
H27-0165
H27-0168
H27-0290

1998/02/01
2003/02/15
2005/07/08
1998/02/12
1998/02/04
2005/05/06
2005/05/10

Constant
pumping
rate (l/s)
2.26
1.02
0.31
2.01
3.04
2.52
5.06

Test
duration
(min)
1440
630
478
1350
1500
1200
2902

Groundwater
level before
pumping (m)
3.13
6.37
5.26
0.00
2.05
6.97
15.70

Locations available rainfall, evaporation and weather stations in A80A quaternary catchment
are in Figure 3.9. Rainfall data for station 0766324 for the period 1903/10/01-2000/07/31
(Figure 3.10) were obtained from Lynch (2003). These were the only data available since the
station was closed in the year 2000. Rainfall for the period of January 2012-December 2013
(Figure 3.11) was obtained from the University of Venda weather station installed at Siloam
police station in Siloam Village. Thus, there was a gap in the data from August 2000 to
December 2011, creating the need to infill it. Mutshedzi rainfall and evaporation station
(A8E004), located in the same quaternary catchment (A80A) as the University of Venda
weather station at Siloam Village (Figure 3.9), had rainfall data from 1991/07/01 to
2012/01/12 (Figure 3.12). Rainfall data from station A8E004 was used to infill data for station
0766324.
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Figure 3.9: Location of rainfall, evaporation, temperature and weather stations
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Figure 3.10: Rainfall data from 1903/11/01-2000/07/31 for station 0766324
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1991/07/01
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Figure 3.11: Rainfall data from 2012/01/13-2013/12/31 for University of Venda weather

station

250

200

150

100

50

0

Date (yyyy/mm/dd)

Figure 3.12: Rainfall data for station A8E004

Extended evapotranspiration data computed using the Hargreaves-Samani method for the

period 1980-2000 (Figure 3.13) was obtained from Makungo (2009). The extension could only

be done for this period since it was the only period when temperature data was available.

Makungo (2009) obtained temperature data for Rabali station (0766202) located in the
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neighbouring quaternary catchment A80B (Figure 3.9) from the WRC temperature database
developed by Schulze and Maharaj (2003). Temperature data were used to extend the
evaporation data for station A8E004. Evaporation data for the period 2000/08/01 to
2012/01/12 were adopted from station A8E004 which had patched data from 1991/07/01 to
2012/01/12 (Figure 3.14). Evaporation data from station A8E004 were used to compute
evapotranspiration for the period 2000/08/01 to 2012/01/12 (Figure 3.15) based on the pan
evaporation method (Equation 3.1 described in Allen et al. (1998)).
ET0  EP  kc

(3.1)

ET0 is evapotranspiration, Ep is evaporation and kc is the pan coefficient. The standard pan
coefficient of 0.7 was used. Evapotranspiration data from 2012-2013 (Figure 3.15) were
available from University of Venda weather station at Siloam Village.
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Figure 3.13: Evapotranspiration data from 1980-2000 for station A8E004
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Figure 3.14: Evaporation data for station A8E004 for the period 1991/07/01 to 2012/01/12
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Figure 3.15: Evapotranspiration data for station A8E004 for the period 2000/08/01 to
2012/01/12
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Figure 3.16: Evapotranspiration data from 2012-2013 for University of Venda weather station
at Siloam Village
There were no groundwater levels data in the study area. Borehole A8N0508 shown in Figure
3.8 was selected as a representative borehole and its groundwater levels adopted for use in
calibrating the GW-PITMAN model. This borehole was selected based on comparable
characteristics of its location with that at the river boundary of Siloam Village (Table 3.2).
These characteristics include topography, geology, hydrogeology and mean annual
precipitation. In addition, the borehole A8N0508 is in the same quaternary catchment as
Siloam Village. The observed groundwater levels for this borehole covered the period
2005/07/20 to 2012/11/25 (Figure 3.17).
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Figure 3.17: Observed groundwater levels for borehole A8N0508

Table 3.2: Borehole and study area characteristics
Feature
Topography
Geology
Mean Annual Precipitation (mm)
Hydrogeology

Nzhelele River boundary
780
Alluvium
300-400
Class b3 (Fractured aquifers, yield
ranging from 0.5-2 l/s)

A8N0508 (Mandala)
810
Alluvium
300-400
Class b3 (Fractured aquifers,
yield ranging from 0.5-2 l/s)

Time series of rainfall, evaporation and groundwater levels were essential for efficient
calibration of GW-PITMAN model and generating the stochastic inputs required in
development of the groundwater operating rules. Once-off groundwater level measurements
from Limpopo GRIP were obtained to determine the relationship between topography and
groundwater levels, and to estimate the initial values of the groundwater gradient. Assessing
the relationship between topography and groundwater levels was essential to determine if
groundwater in the study area is controlled by topography. This was aimed at showing
whether the concept of groundwater divide is applicable in the study area. Initial values of
the groundwater gradient were required by the GW-PITMAN model. The location of the GRIP
boreholes in the study area is shown in Figure 3.18.
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Figure 3.18: Limpopo Grip groundwater levels boreholes
3.4 Summary
This chapter described the characteristics of the case study area, the basis for its selection as
well as available data. Describing the characteristics of the study area aids in providing its
environmental setting and physical attributes which assists in justifying its selection as a case
study. Describing data available in the study area informed the selection of methods used in
its analysis (described in Chapter 4) with the aim of achieving the objectives, research
questions and hypotheses of the study. This chapter indicated some of the data required for
the study (rainfall and groundwater levels) are limited by presence of gaps and short duration.
In addition groundwater levels data from a representative neighbouring borehole was
adopted for use in calibrating the GW-PITMAN model. This was due to lack of data in the
groundwater resource unit.
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CHAPTER 4: METHODOLOGY

4.1 Preamble
This chapter presents the methods that were used to analyse the data in order to meet the
objectives of the study. A flow chart of the steps followed in the methodology is provided in
Figure 4.1. The steps involved delineation of groundwater resource unit (step 1) followed by
development of its hydrogeological conceptual model and hydraulic characterisation (step 2).
Since the study area is data-scarce, some of the data (rainfall, evapotranspiration and
groundwater levels) had considerable gaps. This informed the selection of methods used for
infilling and/or extending some of the data sets (step 3 in Figure 4.1). This was followed by
calibration and validation of the GW-PITMAN model (step 4) and stochastic generation of
rainfall, evaporation and groundwater levels data (step 5). The last step in the methodology
involved stochastic groundwater base yield analysis and development of risk-based operating
rules.

Methods used for groundwater resource unit delineation and its characterisation, infilling
and/or extension of data sets, groundwater levels modelling using GW-PITMAN model,
generation of stochastic sequences, groundwater base yield-recurrence interval and
development of risk-based groundwater operating rules have been described in this chapter.

1. Delineation of groundwater resource unit

3. Infilling and extension of rainfall, evaporation
and groundwater levels data c

2. Development of hydrogeological conceptual
model and hydraulic characterisation

4. GW-PITMAN model calibration and validation

5. Stochastic generation of
rainfall, evaporation and
groundwater levels data

6. Stochastic groundwater base yield analysis and development of risk-based operating
rules

Figure 4.1: Steps followed in the methodology
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4.2 Delineation procedure for the groundwater resource unit, development of
hydrogeological conceptual model and hydraulic characterisation
The study delineated a groundwater resource unit to define a groundwater reservoir which
formed the basis for generating groundwater levels using the GW-PITMAN model, and
generation of operating rules. Linear features including faults and lineaments which were not
visible on 1: 500 000 hydrogeological and 1: 250 000 geological maps were identified and
delineated from a digital elevation model (DEM). The DEM was processed using the procedure
described in Abdullah et al. (2010). The procedure involved production of eight separate hillshaded relief images with light sources coming from eight different directions which are 0°,
45°, 90°, 135°, 180°, 225°, 270°, and 315°. Two final hill-shaded relief images were created by
compositing the eight hill-shaded relief images. Each image was composited from the images
with four azimuth angles of the light sources that are 0°, 45°, 90° and 135°, and 180°, 225°,
270° and 315°, respectively. The advantage of hill-shaded imagery is the freedom to select
illumination from any angle (Henderson et al., 1996).
Lineaments were extracted from hill-shaded relief image using LINE algorithm of PCI
Geomatica software. Lineament extraction algorithm of PCI Geomatica software consists of
edge detection, thresholding and curve extraction steps (PCI Geomatica, 2001). The
delineated linear features were verified from geological and hydrogeological maps of the
study area. Faults and lineaments within the vicinity of the study were digitised in ArcMap
10.3. These were used in defining the boundaries of the groundwater resource unit.

The mountain which forms a groundwater divide was used to define the upper boundary of
the groundwater resource unit. Groundwater divide separates areas where water flows in
one direction from areas where it flows in another. The concept of groundwater divide has
been used for delineation of groundwater units in studies such as Sheets and Simonson
(2006). The relationship between groundwater levels and topography was used to establish
whether topography controls groundwater levels and hence verify if the mountain can be
defined as a closed boundary.
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A hydrogeological conceptual model was developed from geological cross-sections.
Geological cross-sections were constructed following Illinois State University (2013). Three
geologic cross-sections which cut across the groundwater resource unit were constructed to
capture the main geologic and structural features that control groundwater in the
groundwater resource unit. Thus, it aided in providing understanding of the nature of the
groundwater environment which is essential when developing a groundwater simulation
model.

Aquifer Test Solver (AQTESOLV) Pro version 4.5 was used for automatic curve matching to
identify appropriate aquifer models and test solutions for estimating hydraulic characteristics
following Duffield (2007). The software automatically selects an aquifer model (i.e. confined,
unconfined, leaky and fractured) and aquifer test solution that gives the best fit of observed
and estimated drawdowns. This aids in improving the accuracy of estimated hydraulic
characteristics. Non-linear least squares fitting was used to obtain the best model
parameters. Moustafa (2011) also used non-linear least square fitting method to fit different
type curves to the measured drawdown by searching for the best model that matches the
observed data.
Residual standard deviation (σe), residual variance (σ2e) and residual mean ( e ) (Equations
4.1-4.3) were used to evaluate the fitted models. The residual (ei) was calculated using
Equation 4.4.
RSS
n p

e 

 e2 

RSS
n p
n

e

(4.1)

y
i 1

i

(4.2)

 yˆ

(4.3)

n

ei  yi  yˆ i

(4.4)

yi is the ith observation, ŷi is the estimate of yi computed by aquifer test solution, p is the
number of estimated parameters and n is the total number of observations. Standard
deviation and variance are the most common measures of dispersion (variation) for
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continuous data (Boslaugh and Waters, 2008). Residual mean values for a model with a
perfect fit are zero, since there are no estimation errors. Aquifer hydraulic characteristics
were computed based on the aquifer test solution model selected by the software for each
set of pumping test data. Hydraulic conductivity was computed from the relationship:
Kh 

Tr
b

(4.5)

where, Kh is hydraulic conductivity, Tr is transmissivity and b is aquifer thickness. Krasny
(1993) classification of Tr transmissivity (Table 4.1) was used to infer groundwater supply
potential.
Table 4.1: Classification of the magnitude of transmissivity (Krasny, 1993)
Transmissivity
(m2/day)
>1000
100-1000
10-100

Designation of
magnitude
Very high
High
Intermediate

1-10
0.1-1
<0.1

Low
Very low
Imperceptible

Groundwater supply potential
Withdrawal of great regional importance
Withdrawal of lesser regional importance
Withdrawal of lesser regional supply (small communities and
plants)
Withdrawal for local water supply (private consumption)
Withdrawal for local water supply with limited supply
Sources for local water supply are difficult

Derivatives plotted in AQTESOLV were used to identify presence of fracture dewatering from
the pumping test data. This was essential in understanding risks such as drying out of
boreholes and surface water resources as well as fracture and well clogging which are
associated with fracture dewatering.
4.3 Procedures for infilling and extension of data required for groundwater storage
computations
4.3.1 Extension of rainfall data
This study applied locally weighted scatter smoother (LOWESS), which is a kernel nonparametric regression (NPR) method, with tricube kernel weighting function and two
polynomial degrees (Cleveland, 1979) to estimate extend daily rainfall data. NPR was selected
for extending rainfall data in this study because it is a data driven model which does not
require knowledge of the physical behaviour of the system and hence requires minimal input
data. Thus, it can be applied in data-scarce areas with limited number of rainfall stations, such
as the study area. In addition, NPR captures both linear and non-linear relations (Cao et al.,
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2008), and is capable of solving problems where the structure of the data is complex. Robust
LOWESS NPR was also selected because it is the most commonly used method (see Chandler
and Scott, 2011). In addition, it is resistant to the “far out” response variables (outliers) at the
upper borderline of the plot. Thus, it is not influenced by far out observations (outliers)
(Härdle, 1989). Details of robust LOWESS fitting procedure are found in Cleveland (1979),
Cleveland and Devlin (1988), Cleveland and Loader (1996) and Cohen (1999).

The tricube kernel weighting function was used in this study since it is the kernel function that
is usually specified in the LOWESS procedure (Buskirk et al, 2013). The general NPR model is
written in a similar manner as non-linear regression (Equation 4.6), but the function, f(x), is
left unspeciﬁed (Fox, 2002; Fox and Weisberg, 2011).

y  f (x)  

(4.6)

where y and x are dependent and independent variables, respectively, and Ɛ is the random
error. The focus of NPR was therefore to determine fˆ ( x) which is an estimate of f(x)
(Equation 4.7).
y  fˆ ( x)  

(4.7)

The procedure followed involved selection of the window width enclosing the nearest
neighbours to each data observation. This encompasses data used in local polynomial
regression. Within the window width, fˆ ( x) was approximated by a local polynomial
regression with two degrees:

fˆ ( x)  0  1 ( xi  x0 )  2 xi  x0  2  i

(4.8)

The local polynomial regression at xi minimises:
2
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 , with respect to β0, β1…, βp.
n

(4.9)

where β0, β1…βp are regression coefficients and wi is the weighting function. A window width
including 50% nearest neighbours was selected in the current study. Data within the window
width was weighted based on Equation 4.10. Observations that fell outside of the window
width received zero weight.
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 x  x0 

wi  K  zi   K  i
 hi 

(4.10)

where K is the tricube kernel weighting function, zi denotes the scaled distance between the
x value for ith observation and the focal (target value), x0; hi is half the window width of the
local polynomial regression centered at the focal x0; where x0 corresponds to the point of
interest where local polynomial regressions is being fitted. A window width that is too small
will result to insufficient data, and hence a small hi. This will produce a local polynomial
regression curve with a lot of noise (bias). A very large window width results to a large hi which
produces an overfitted and biased local polynomial regression curve. This means selection of
the window width is an important factor in NPR which has an influence on local polynomial
regression curve. K was computed from:

1 z 3 
K 
0


3

for z 1
for z 1

(4.11)

The local polynomial regression for each xi value is derived separately. Fitted values from local
polynomial regressions were connected to produce a NPR curve. Missing rainfall data was
estimated based on the derived NPR curve. The computations were automatically done in
XLSTAT, which is an add-in component of Excel Spreadsheet. Data for the period 1991/07/01
to 2000/07/31 was used in model calibration and validation. This was the period in which
data was available for both A8E004 (neighbouring) and 0766324 (target) rainfall stations. Sixty
and 40% of data points were used for model calibration and validation, respectively. These
were the percentages that gave the best model performance after several trial runs. The data
points used for calibration and validation were randomly selected within the period
1991/07/01 to 2000/07/31 by the NPR model.

The performance of the model was evaluated based on correlation coefficient (COR),
coefficient of determination (R2), Nash Sutcliffe coefficient of efficiency (NSE), relative error
(RE) and root mean square error (RMSE). COR and R2 describe the degree of co-linearity
between simulated and measured data (Moriasi et al., 2007; Obiero et al., 2011). R2
determines the proportion of in-situ variance that can be explained by the model (Rathjens
and Oppelt, 2012). RE describes the difference between model simulations and observations
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in the units of the variable. RMSE indicates errors of the constituent of interest, which aids in
analysis of the results (Moriasi et al., 2007). NSE represents the complement to unity of the
ratio between the mean square error of observed versus predicted values and the variance
of the observations (Ritter and Muñoz-Carpena, 2013).

Scatter plots were also used in identifying overestimation and underestimation of observed
rainfall and further validation of the model. Scatter plot is ideal for comparing model
performance at low, medium, and high magnitudes (Bennet et al., 2013). Daily rainfall data
for Mutshedzi weather station for the period 2000/08/01 to 2012/01/12 was used to estimate
missing rainfall data for Siloam weather station for the same period based on the calibrated
NPR model.
4.3.2 Infilling and extension of groundwater levels data
A coupled linear polynomial Output-Error (OE) and non-linear Hammerstein-Wiener (NLHW)
system identification model (Ljung, 1998; 2014) for estimating groundwater levels was used
in this study. This model is referred to as the Output Error-Non-linear Hammerstein Weiner
(OE-NLHW). Linear polynomial OE model structure (Figure 4.2) is one of the various linear
model structures that provide different ways of parameterising the transfer functions of
linear input-output polynomial model within system identification software (Ljung, 2014). The
OE model is based on Equation 4.12.

Figure 4.2: Structure of linear polynimial OE model

y t  

B(q)
u t  n k   et 
F (q)

(4.12)

B(q) : nb  b1  b2 q 1  ...  bnb q  nb1
F (q) : nf  1  f1q 1  ...  f nf q  nf
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nb and nf are orders of the polynomials B and F, respectively, and nk is the delay from input
to output in terms of number of samples, q-1 is time-shift operator, u is the input, y(t) is the
output at time (t) and e(t) is model error. NLHW model (Figure 4.3) represents dynamics of a
system by a linear transfer function and captures the nonlinearities using nonlinear functions
of inputs and outputs. Detailed description of OE and NLHW models is provided in Ljung
(1998, 2014).

Figure 4.3: Structure of NLHW model

w(t) = f(u(t)) is a nonlinear function transforming input data, u(t) at time, t. x(t) = (B/F)w(t) is
a linear transfer function. B and F are similar to polynomials in the linear polynomials OE
model (Equation 4.12), and f and h are scalar functions for input and output channels,
respectively. The output, y(t), of NLHW model was computed by:

y t   hxt 

(4.13)

Wavelet network (Equation 4.14) was selected as nonlinearity estimator.
n

g ( x)    k k  k x   k 

(4.14)

k 1

g(x) is wavelet network, βk is a row vector such that βk (x−γk) is a scalar. The linear polynomial
OE model was used to initialise the NLHW model. The initialisation configures the NLHW
model to use orders and delays of the linear model, and polynomials as the transfer functions
(Ljung, 2014). This initialisation aids in improving the fit of the model.

Daily rainfall from station 0766324, and evaporation data from Mutshedzi station constituted
input into the OE-NLHW model. These were the stations within the vicinity of borehole
A8N0508 (Figure 3.8). Using climatic data within the vicinity of each borehole overcomes the
effects of spatial climate variability (Knotters and Van Walsum, 1997). Rainfall and
evaporation were the explanatory variables of the model. Manzione et al. (2009) also
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incorporated precipitation and evapotranspiration as exogenous variables into a model when
mapping water table depths since they are the most important driving forces of water table
fluctuations.

Data used for model calibration and validation covered the period 2005/07/20-2012/11/25,
which corresponded to the period in which observed groundwater levels data for borehole
A8N508 was available. Knotters and Van Walsum (1997) used data with lengths of 4-10 years
to develop time series models that enabled simulation of water table depths of extensive
length (for example, 30 years). Seventy and thirty percent of the data were used to calibrate
and validate the model, respectively. Model performance was evaluated using graphical fits,
COR, R2, RMSE, NSE and RE. A combination of graphical results, error statistics (RMSE and RE),
and goodness-of-fit statistics (COR, R2, and NSE) is essential to ensure accurate verification of
the model (see Ritter and Muñoz-Carpena, 2013).

The calibrated OE-NLHW model was used to extend groundwater levels based on rainfall and
evapotranspiration data covering the period 1980/01/01 to 2005/07/20. Groundwater levels
for the periods 2009/11/11 to 2010/01/15 and 2012/11/26 to 2013/12/31 were infilled since
the observed data (for the period 2005/07/20 to 2012/11/25) had gaps in these periods. The
extended groundwater levels for the period 1980/01/01 to 2005/07/20 were combined with
the observed and infilled data to constitute a data set for the period 1980/01/01 to
2013/12/31. This was aimed at generating groundwater levels time series to cover the period
of at least 30 years for efficient calibration of GW-PITMAN model and subsequent
groundwater base yield-recurrence interval analysis.

4.4 Procedure for generating groundwater levels, model sensitivity analysis, calibration
and validation
4.4.1 Procedure for generating groundwater levels for the groundwater resource unit
A program for monthly generation of groundwater levels was coded in FORTRAN based on
the GW-PITMAN model developed by Hughes (2004). GW-PITMAN captures the hydrological
processes and it incorporates surface-groundwater interactions which improves estimation
of average groundwater levels. The GW-PITMAN was selected for use in this study because it
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is applicable to ungauged areas and has been widely applied in southern Africa. The
configuration of the geometry of the groundwater module of GW-PITMAN allows
computation of storages. Figure 4.4 shows main components of GW-PITMAN model and
relevant parameters. Figure 4.5 shows the configuration of the groundwater resource unit for
GW-PITMAN modelling in this study. For typical applications, the input data required for the
model includes monthly rainfall, evaporation, and streamflow data for model calibration and
verification. For the application in this study, there were no streamflow records and model
calibration and verification used groundwater levels data. These data sets have been
described in section 3.3. As a result of data limitations including presence of gaps and short
duration of record, the data sets were infilled and/or extended as described in section 4.3.
The infilled and/or extended data used in model calibration and validation covered a period
of 34 years (1980-2013).

The main components of the GW-PITMAN include runoff, reservoir, irrigation and
groundwater modules. The runoff and groundwater modules were the only ones relevant in
this study since there are no major agricultural activities and no reservoirs in the study area.
A brief description of the equations used to compute the components of the groundwater
balance is given to enable explanations of the similarities and deviations of the approach used
in this study to that of the original PITMAN model (Pitman, 1973).
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Figure 4.4: Flow diagram of the GW-PITMAN model showing the main model components
and their relevant parameters in brackets (Tshimanga and Hughes, 2014)
Ground surface

Hu
Hc

Nzhelele River (Datum)

Width (w) = 3 766 m
(1-pls)w

(pls)w

Figure 4.5: Configuration of groundwater resource unit for GW-PITMAN modelling
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Runoff module

Rainfall
The GW-PITMAN handles data in monthly time steps, but the water balance is solved at
weekly interval. Equation 4.15 was used to account for monthly distribution in rainfall.
W  2  1.3732( P  1.6)0.8

(4.15)

where W is maximum deviation of cumulative rainfall above and below the line representing
the average rate, P is total precipitation for a month. Cumulative/total rainfall curve was
calculated as:



y  x n / x n  (1  x) n



(4.16)

x is the cumulative/total time, n is an exponent related to W which was calculated as:
n  1.28 / 1.02  W / P 

1.49

(4.17)

Weighted rainfall (WP) was computed as:

WP  y  P

(4.18)

Interception
It was assumed that monthly interception is allocated within the months in proportion to the
weekly rainfall. Total interception (I) was computed from:



I  a 1  ebp



(4.19)

P is total precipitation for a month (mm), a and b are constants computed as follows:

a  13.08 PI 1.14
b  0.00099 PI 0.75  0.011
Weighted interception (WI) was computed using:
WI 

I  WP
P

(4.20)

Surface runoff
Surface runoff was assumed to be derived from runoff from impervious areas and runoff
resulting from rainfall not absorbed by the soil (surface runoff from pervious areas (SRper)).
Direct surface runoff from impervious areas (SRimp) was computed as:
SRimp  Aimp  AWP

(4.21)
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Where Aimp is the proportion of the groundwater resource unit area which is impervious and
AWP is the available weighted precipitation. AWP is the difference between WP and WI. For
SRper, the following were considered:

 AWP  Z1 then SR per  0

 2  AWP  Z1 3 



Z

AWP

Z
then
SR

(
1

A
)

2
per
imp
 1
 3 Z  Z 2 
3
1



If 
3

2  AWP  Z1  


Z 2  AWP  Z 3 then SR per  (1  Aimp )   AWP  Z 2  3 Z  Z 2 
3
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Z 3  AWP then SR per  (1  Aimp )   AWP  Z 2 

Z 2  0.5  Z 1 Z 3 

(4.22)

(4.23)

Z1, Z2 and Z3 are the minimum, mean and maximum catchment absorption rates, respectively.
Sub-surface runoff and evaporation from soil
The equation for sub-surface runoff (SRsub) is based on the direct relationship between SRsub
and soil moisture:

SRsub

 S  SL1  

 FT 
 ST  SL1  

POW

(4.24)

FT is the runoff at soil moisture equal to ST, S is the actual soil moisture, ST is total soil
moisture capacity, SL1 is the minimum moisture storage below which no groundwater
recharge occurs in the recharge equation and POW is the power of runoff soil moisture
storage curve. Initial value of the S was assumed to be 0.5  ST . The equation for evaporation
from the soil (EvapS) is:
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EvapS  beS  ce

(4.25)
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 1  R   1  PE   
 PE   
 
max   

 
S is actual soil moisture, PE is potential evapotranspiration, R is the evaporation-moisture
storage relationship parameter and PEmax is maximum potential evapotranspiration.


Groundwater module

The groundwater module estimates the groundwater storage within the groundwater
resource unit based on the water balance equation. The spatial geometry of the groundwater
resource unit was represented by a rectangle to reduce complexity of the model following
Bailey and Pitman (2016). The length and width of the groundwater resource unit are 3766
and 1885 m, respectively (Figure 4.5). In solving the groundwater balance, the slope of the
groundwater table was partitioned into upper and lower slopes representing the portions of
the groundwater resource unit that are far and closer to the river, respectively. Bailey and
Pitman (2016) assumed the upper and lower slopes of the GW-PITMAN model to constitute
60% and 40% of the total slope, respectively. In this study, the proportions of the lower and
upper slopes were defined as pls and 1-pls, respectively. pls was considered to be a model
parameter which was calibrated to aid in determination of its realistic value. pls is the
proportion of the groundwater resource unit with lower side groundwater table (closer to the
river) (Figure 4.5). The groundwater balance for the upper and lower slopes were therefore
estimated separately.

The steps followed in computing groundwater storage based on the groundwater balance
within each model iteration as summarised from Bailey and Pitman (2016) included:


Calculation of recharge and volume of water added to the upper and lower slopes.



Estimating the groundwater flow from the lower and upper slopes based on hydraulic
gradients from the previous time step.
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Calculation of riparian evapotranspiration abstraction losses from groundwater.



Calculation of new volumes of water in the upper and lower slopes. These were used
to estimate the hydraulic gradients for the next time step.

The components of the groundwater balance considered in this study included volumes of
recharge, abstractions, groundwater flow and riparian losses. Equations from GW-PITMAN
model for estimating these components were therefore altered considering the definitions of
the lower (pls) and upper slopes (1-pls) and the fact that the groundwater balance was solved
in terms of 1 m strip of the groundwater resource unit. The general formula for computing
groundwater recharge using GW-PITMAN model is:

 S  SL2  

RE  GW 
 ST  SL2  

GPOW

(4.26)

where RE is the groundwater recharge, GW is the maximum recharge (at a soil moisture equal
to ST), S is the actual soil moisture in storage. SL2 is the minimum moisture storage below
which no groundwater recharge occurs in the recharge equation, ST is the maximum moisture
storage capacity and GPOW is the power of the moisture storage-recharge equation.
Recharge from lower (pRechl) and upper (pRechu) slopes (Equations 4.27 and 4.28) were
obtained by incorporating pls and 1-pls, respectively, into Equation 4.26.
p Re chl  pls  RE

(4.27)

p Re chu  1  pls   RE

(4.28)

The volumes of recharge per 1 m strip of the groundwater resource unit on lower (REl) and
upper slopes (REu) were computed based on Equations 4.29 and 4.30, respectively, while the
total groundwater recharge (TRE) per 1 m strip of the groundwater resource unit was
computed using Equation 4.31. A factor of 0.001 is included in Equations 4.29 and 4.30 since
the estimations were done per 1 m strip of the groundwater resource unit. The equations also
include the groundwater slopes to account for the variations of hydraulic gradients within the
upper and lower slopes as these affect the recharge within each of the slopes.
GWS l  IlsMax and GwS u  IhsMax then REl  0.001  TRE  pls  WGRU
If 
GWS u  IhsMax then REl  0.001  TRE  WGRU
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(4.29)

GWS l  IlsMax and GwS u  IhsMax then REu  0.001  TRE  1  pls   WGRU
(4.30)
If 
GWS

IhsMax
then
RE

0
.
001

TRE

W
u
u
GRU


TRE  p Re chl  p Re chu

(4.31)

GWSl and GWSu are the slopes of the groundwater table from lower and upper slopes,
respectively, WGRU is the width of groundwater resource unit, IlsMax and IhsMax are
maximum lower and upper hydraulic gradients, respectively. Initial values of IlsMax and
IhsMax were based on initial hydraulic gradients based on once-off groundwater levels from
boreholes in Figure 3.17. The volume of abstractions on lower (Abstactl) and upper (Abstactu)
slopes per week per 1 m strip of the groundwater resource unit were computed based on
Equations 4.32 and 4.33, respectively.
 pls  Abst i  7.609 

Abst actl  
LGRU



(4.32)

 (1  pls)  Abst i  7.609 

Abst actu  
L
GRU



(4.33)

LGRU is the length of the groundwater resource unit and Absti is the initial value of 1 m3/day
used in searching for maximum abstraction rate during model calibration. The volumes of
flow from lower (GWFl) and upper (GWFu) slopes to the river were computed as:
GWFl  Tr  GWS l  7.609

(4.34)

GWFu  Tr  GWS u  7.609

(4.35)

Tr is the transmissivity and GWSl and GWSu are groundwater table slopes from lower and
upper slopes, respectively. The value of 7.609 in Equations 4.32 to 4.35 is a factor for
converting daily fluxes to weekly considering 4 periods within a month for a 1 m strip of the
groundwater resource unit. The loss from riparian strip (LRS) was computed using Equation
4.36.

 H c  0 then LRS  0.00025  PE  RSW

If 
0.00025  PE  RSW  1  H c 
 H c  RWL then LRS 
RWL
H c  pls  WGRU  GWS l
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(4.36)
(4.37)

Hc is the height of water table at the connection between lower and upper slope, RSW is the
width of the riparian strip and RWL is the rest water level. Net increase in groundwater
volumes in lower (dVL) and upper slopes (dVU) were calculated as:
dVL  Re chl  GWFu  Abst act  GWFl  LRS

(4.38)
(4.39)

dVU  Re chu  Abst actu  GWFu  LRS

New height of the groundwater table at connection of lower and upper slopes (Hc+1), and end
of upper slope (Hu+1) was computed as:

H c2dVL
STOR  pls  WGRU
H c2dVU
H u 1  H u 
STOR  1  pls  WGRU

H c 1 

(4.40)
(4.41)

H u  H c  1  pls   WGRU  GWS u

(4.42)

In addition to incorporating pls and 1-pls, Equations 4.40 and 4.42 include storativity to
account for the fact that it is a parameter that controls groundwater storage within the
groundwater resource unit. Hu is the height of the water table at end of the upper slope. New
groundwater gradients of lower (GWFlnew) and upper (GWFunew) slopes were computed as:

GWFln ew 

H c 1
pls  WGRU

GWFunew  H u 1 

(4.43)

H c 1
1  pls   WGRU

(4.44)

GWFlnew and GWFunew were used in the groundwater balance for the next (new) time step.
The study required groundwater levels to derive simple and implementable groundwater
operating rules (which would indicate the volume of water available for allocation for a given
groundwater level). It was therefore essential to incorporate estimation of groundwater
levels in the GW-PITMAN model. Equation 4.45 was therefore introduced to allow estimation
of groundwater levels.
 dBH
GWL est  H c  
 pls  WGRU





(4.45)

GWLest is the estimated average groundwater level, Hc is the average monthly height of water
table at the connection between lower and upper slope and dBH is the distance from the
borehole to the river. dBH was included in Equation 4.45 to account for that the observed
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groundwater levels are from a neighbouring borehole. At each time step, the estimated
average groundwater level is an average value for the entire GRU.

Comparison of equations in GW-PITMAN model and those of the current study

Equations 4.15 to 4.26 and 4.34 to 4.39 are similar to those in the GW-PITMAN model as
described in Hughes (2004). Equations 4.27 to 4.31 provide detailed explanation of
groundwater recharge estimations for both upper and lower slopes which are not provided
in Bailey and Pitman (2016). In the GW-PITMAN model groundwater abstractions are
represented by additional water use parameters while groundwater abstractions for upper
and lower slopes, in this study, were estimated from Equations 4.32 and 4.33, respectively.
Equations 4.40 to 4.44 provide details for estimation of new Hc values, and groundwater
gradients of lower and upper slopes which are also not provided in the GW-PITMAN model.

4.4.2 Sensitivity analysis, model calibration and validation
A hybrid manual-automatic approach was used for calibration of the GW-PITMAN model in
the study. In this approach, realistic model parameter ranges were estimated based on
available hydrogeological data in the study area and SCE-UA algorithm (Duan et al., 1992) was
used to optimise model parameters. Setting of model parameters based on available physical
and hydrogeological data, and their optimisation using SCE-UA constituted the manual and
automatic components of the hybrid approach, respectively. Ten preliminary calibration runs
were done, modifying one parameter at a time, to test the response of the model to a range
of different parameter values and identify parameters that can be altered during final model
calibration. Each model run was based on independent random sampling of the parameters
within specified ranges of values. FT, SL, GPOW, ST, R and POW parameters were selected for
sensitivity analysis. This was aimed at identifying a set of model parameters to be used in
1000 model calibration runs. The use of multiple calibration runs was aimed at incorporating
uncertainty associated with both model inputs and model parameters.
Model calibration was done using the extended and infilled groundwater levels based on
observed data from borehole A8N0508 (Mandala) which is located close to Nzhelele River
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upstream of the groundwater resource unit. The reasons for its selection are provided in
section 3.3. The objective function (OBF) used in automatic model calibration was to minimise
the sum of squared difference between observed and estimated groundwater levels.

OBF  min  GWLobs  GWLest 

2

(4.46)

Where GWLobs is the observed groundwater levels and GWLest is the estimated groundwater
levels. A physical based approach was also used to estimate initial model parameters for
calibration. This was done to test if this would result in an improved model fit. In this
approach, the expected parameter values were estimated from physical characteristics of the
groundwater resource unit using procedures described in Kapangaziwiri (2007) and
Kapangaziwiri and Hughes (2008). The approach uses physical basin properties directly in the
quantification of the soil moisture accounting, runoff, and recharge and infiltration
parameters and it was developed to aid in improving application of the model in both gauged
and ungauged basins.

Model validation was limited since time series of groundwater levels was only available from
one neighbouring borehole. The model computes average groundwater levels for the
groundwater resource unit and thus calibrating using data from one borehole would only give
an indication of the expected behaviour of the system instead of its average behaviour. It was
therefore decided that model validation can only be achieved by establishing the realistic
nature of the model outputs. Hydrographs of simulated runoff, groundwater recharge and
groundwater levels were compared with rainfall to determine if they have similar behaviour.
Since rainfall has an influence on these variables it is expected to show whether they have
similar behaviour and would therefore indicate the realistic nature of the model outputs. This
would give an indication of whether the model is accurately simulating the hydrological
processes within the groundwater resource unit.

4.5 Procedure for stochastic generation of rainfall, evaporation and groundwater levels
The variable length block (VLB) stochastic generator (Ndiritu and Nyaga, 2014) was used for
simultaneous generation of stochastic time series of rainfall, evaporation and groundwater
levels. The VLB model was selected for use in this study because it is a multisite and multi90

variate generator that adequately replicates historical statistics and reproduces annual serial
and cross-correlations. Ndiritu (2011) applied VLB for streamflow generation in South Africa
and found that it performed better than STOMSA which has been widely used for streamflow
generation. It is also able to obtain stochastic values that are significantly beyond the bounds
of the historical ones and thus overcome the main limitation of other non-parametric
methods (Ndiritu, 2011). Ndiritu and Nyaga (2014) applied the VLB model for stochastic
rainfall generation as follows:


Variable length blocks of annual time series are generated from historic time series



Random sampling of the blocks with replacement is done to create an annual
stochastic time series of the specified length by random sampling of blocks



Matching of each of the stochastic time series years with a pair of different years of
the historic time series based on the magnitude of the annual flows of the current and
the previous year.



Disaggregate stochastic annual values using the monthly distributions of the pair of
matching historic years and incorporation of perturbations.



Updating of the stochastic annual values after the disaggregation.

Ndiritu (2011) emphasised that the variable length blocks are designed such that they cut
across the low flow periods considering that most reservoir systems are mainly designed
and/or operated to deal with low flow periods. This is also required in groundwater reservoirs
where groundwater is used as a sole source of water supply or as a reserve during low flow
periods. The hydrologic year was therefore assumed to start in July to ensure that the year
begins and ends in the driest months. Detailed procedure for generating variable-length
blocks is fully described in Ndiritu and Nyaga (2014). Table 4.2 shows the inputs into VLB
generator used in this study.
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Table 4.2: Inputs into VLB generator
Input type
Number of stations
Length of historic variables in years
Length of the sequences to be generated in years
Length of sequences to be used in simulations for operating rules
Number of stochastic sequences to be generated
Minimum block length (years)
Minimum number of segments a stochastic sequence needs
Upper limit of low rainfall threshold
Lower limit of low rainfall threshold (as percentage of rank)
Number of years of warmup period to avoid bias

Value
3
34
34
5
100
3
3
60
90
20

In the study, 100 stochastic sequences with record length of 34 years, similar to the historic
one were generated. Historic data was for the period 1980-2013. Five years sequences are
typically used in the generation of operating rules for surface water reservoirs. Performance
of VLB in generation of stochastic sequences was assessed by comparing single statistics of
historic time series located within box plots of the 100 annual and monthly stochastically
generated time series. Box plots are ideal for presenting and summarising very large data sets,
and they enable comparison of two or more data sets. The box plots also help to assess the
variability and to identify the range of the generated statistics (Nyaga, 2014). The statistics
used include mean, median, the 25th and 75th percentiles, lowest and highest rainfall,
standard deviation, skewness, and serial and cross correlation coefficients following Ndiritu
and Nyaga (2014). Replication of performance of a given statistic is judged as good when the
historical value falls within the interquartile range of the box plots (Apipattanavis et al., 2007;
Prairie et al., 2007).

4.6 Procedure for groundwater stochastic base yield analysis and development of riskbased groundwater operating rules

Figure 4.6 shows the configuration of the groundwater resource unit for the purpose of
developing groundwater base yield analysis and operating rules. Configuration of the
groundwater resource unit was essential because unlike water level measurements in a
surface water reservoir that start from the bottom of the reservoir to its surface,
measurements in groundwater reservoir start from the ground surface to the groundwater
table. In Figure 4.6, A, is the head of groundwater from the minimum allowable groundwater
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head (C) and B indicates the groundwater table depth/groundwater level. The continuous
horizontal line is a datum corresponding to the water level of the stream. The minimum
allowable groundwater head was considered to be the height up to which groundwater
abstractions are constrained from the datum (corresponding to the water level of the river).
It is equivalent to the minimum operating level for surface reservoirs. The minimum operating
level is the water level below which water cannot be drawn from a reservoir to meet a target
draft (Basson et al., 1994). For groundwater aquifers, minimum allowable groundwater head
is used to constrain the abstractions from the aquifer to avoid its depletion particularly during
dry periods. An ideal datum to allow yield analysis for the entire groundwater resource unit
would be the bedrock. However, information on depth to bedrock is not available in most
parts of South Africa particularly in rural areas. In the absence of this information, Nzhelele
River was set as the datum to enable yield analysis in this study.

Figure 4.6: Configuration of the groundwater resource unit for groundwater base yield
analysis and development of operating rules

The development of risk-based groundwater operating rules followed procedures used to
derive probabilistic operating rules for surface water reservoirs. The method followed is
described in Ndiritu et al. (2017) and is widely used in South Africa (Basson et al., 1994). This
approach was found to be suitable for this study because it is a risk-based and provides a
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detailed evaluation of supply reliabilities to multiple users. The approach also uses SCE-UA
optimiser that allows for optimisation of non-linear functions and hence assisted in optimising
operating rules for groundwater system.

For surface water systems, operating rules are typically derived from simulations considering
reservoir storage levels in terms of percentage of full supply capacity. However, groundwater
head was used in this study instead of storage level. This enabled application of procedures
used in surface water systems in groundwater systems. It also allowed assessment of the
results based on analogy with the simulation behaviour of surface water reservoirs.
Groundwater head is equivalent to reservoir storage level for a surface water reservoir and
was defined as the depth of water from the set minimum allowable groundwater head to the
upper surface of groundwater (groundwater table).
Stochastic groundwater yields were determined by monthly water balance simulation of the
GRU based on the calibrated GW-PITMAN model using 100 stochastic sequences of rainfall,
evaporation obtained from the VLB stochastic generator. For each run, simulations were
conducted starting with a low yield and gradually increasing this yield until the minimum
allowable groundwater head got violated in a single period during the simulation. The
groundwater heads for the upper and lower slopes were computed from Equation 4.47 and
4.48, respectively. The average groundwater head (GWHav) for the groundwater resource
unit was calculated based on average groundwater heads for the lower and upper slopes
using Equation 4.49.
GWH l 

1
Hc
2

(4.47)

GWH u 

Hc  Hu
2

(4.48)

GWH av   pls  GWH l   1  pls  GWH u 


(4.49)

1
 pls  H c   1  pls H c  H u 
2

GWHl and GWHu are the groundwater heads for the lower and upper slopes, respectively. Hc
is the height of water table at the connection between lower and upper slope, and Hu is the
height of the water table at end of the upper slope. The average groundwater head was used
to test if the specified minimum allowable groundwater head has been reached. The model
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was coded to automatically increase or decrease the target draft (abstractions) to ensure that
the minimum allowable groundwater head is exceeded only once in the simulation period.

Information obtained from two recently drilled boreholes in Siloam Village was used to decide
on the maximum value of initial groundwater head to use in the simulations. These boreholes
were ideal as they are approximately located in the center of the study area and are therefore
expected to record average groundwater levels of the GRU. Thus, the boreholes were
considered to record average groundwater levels that can be representative of the
simulations from GW-PITMAN for the groundwater resource unit (see Figure 4.5). Considering
that Siloam Borehole 1 and Nzhelele River are located at altitudes of 830 and 780 m,
respectively (Figure 4.7), the maximum initial GWL was considered to be 50 m. This
corresponds to the maximum altitude of Siloam Borehole 1 from the river altitude (780 m).
Table 4.3 indicates the initial groundwater heads selected for the base yield analysis and
corresponding groundwater levels.

Figure 4.7: Recently drilled boreholes in Siloam Village

95

Table 4.3: Selected initial groundwater heads and corresponding groundwater levels
Initial
groundwater
head

Groundwater
level

50

0

45

5

40

10

35

15

30

20

25

25

20

30

15

35

10

40

5

45

0

50

The groundwater base yield simulations were run for 5 year stochastic sequences with
minimum allowable groundwater head of 5 m. This was selected on the basis that 5 year
stochastic sequences are mostly used for short term operational analysis for surface water
reservoir systems. Draper (2001) noted that predictions beyond 5 years may have little value
as the recurrence of wet years fills reservoirs to capacity, and hence increase reservoir yield
within a 5 year period. In addition, FAO (2004) reported that drought events in Limpopo River
Basin had an average frequency of occurrence of once every four or five years, and the
frequency is expected to increase in the near future due to changes in climatic conditions.
Drought periods are mostly followed by floods which recharge groundwater aquifers. For
short term operation (with a period of 5 years), it is therefore expected that the aquifer will
be recharged to its capacity before the following drought event. This recharged water may
last until the end of a dry period if managed sustainably. This further indicates that 5-year
long sequences can be regarded as suitable for use in developing the groundwater operating
rule curve as used in surface water systems.

For a given initial groundwater head as specified in Table 4.3, 100 simulations were run to
generate a time series with 100 base yields. The 100 groundwater base yields obtained for
each initial groundwater head were then ranked in ascending order and the probability that
any specified base yield is not exceeded was computed using the Weibull plotting position
formula (Equation 4.50).
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p

m
n 1

(4.50)

p is the probability that the base yield is not exceeded, m is the rank of the base yield and n
is the total number of the base yields. The probability of the base yield being exceeded in any
year was considered to be 1-p. The recurrence interval (Ri) (Equation 4.51) was used to
quantify the risk of failure to meet the demands in any given year. N represents the planning
period (length of sequence) in years (WMO, 2009).

Ri 

1
1   p

1

(4.51)
N

For the purpose of generating practical and implementable risk-based groundwater operating
rules, the groundwater level was considered instead of the groundwater head. Groundwater
level is the variable that can be measured in practice to determine the status of the
groundwater system and facilitate implementation of the developed groundwater operating
rules. Developing groundwater operating rules based on groundwater levels aided in
simplifying the operating rule curves for ease of implementation by the borehole operators.
This means that the task of borehole operators will only involve measuring the groundwater
level in the borehole and deciding on the volume of water to be allocated for each user
category based on the developed groundwater operating rule curves.

The groundwater base yield analyses were run starting from the decision date of January to
obtain the yield that can be available for allocation on this date. The decision date is the date
on which the operating rule curve is used to decide on water to be allocated for various uses
for a period of one year (starting from a decision date) (Ndiritu et al., 2017). For surface water
systems, the decision date is often at the end of the rainy season when most of the rainfall
has been received. Considering that groundwater movement, fluctuations and losses due to
evaporation are not as much influenced by annual hydrological variations as compared to
those of surface water, decision month like January can suffice. The model was coded with
January as the decision month.

This study considered that water is typically used for domestic and productive purposes in
most rural areas of South Africa as noted by de Mendiguren and Mabelane (2001). Domestic
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water use includes water used for human consumption (drinking, cooking, personal hygiene,
and household cleaning) purposes. Productive water use refer to use of water for economic
purposes, in order to ensure food security or to generate income (Ladki et al., 2004). These
activities are highly dependent on the availability of secure and reliable water supplies.
Vegetable gardens, cattle farming, traditional beer making, hair salons and brick making are
examples of some of the productive water uses that serve as sources of income in rural areas
(de Mendiguren and Mabelane, 2001). Thus, providing water for these water uses may
improve livelihoods of people in rural areas.
The domestic water demand of 189 l/c/day for dwellings with house connections in Nzhelele
area, where the study area falls, was obtained from DWA (2011). de Mendiguren and
Mabelane (2001) estimated productive use to be 40 l/c/d for villages with domestic use of 25
l/c/d. In absence of data on productive water use in the study area, the water demand for
productive use equivalent to domestic water use of 189 l/c/d was then calculated by relating
it with the estimated value of 40 l/c/d for villages with domestic use of 25 l/c/d from de
Mendiguren and Mabelane (2001) through cross multiplication. This resulted in water
demand for productive use of 302.4 l/c/d. This enabled determining the percentage of water
that can be supplied above the domestic water demand in Siloam Village. This was essential
to assess the extent to which groundwater can be used to improve livelihoods in rural areas.
The total annual water demands for domestic and productive water uses were calculated
based on the population of 2295 for the year 2018 and were converted from liters per day to
m3/annum.
The water demands for domestic and productive water uses were divided into specified
priority classes (which represent different assurance levels) to ensure that the demands are
supplied at required levels of assurance following DWAF (2008b) and DWA 2010). The
recommendation was based on the fact that it is not economically feasible to develop and
operate water resource systems to meet all the demands at all times in most areas of South
Africa (Basson et al., 1994) due to the semi-arid nature of the country which limits water
availability. Priority classes therefore determine the portions of water demands that should
be supplied at different levels of assurance. Priority classification assisted in achieving the
objective of developing operating rules that reduce the risk of failure to supply the demands
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at required levels of assurance even during dry periods. Three priority classes representing
low, medium and high assurance levels, respectively were selected in this study. The low,
medium and high levels of assurance corresponded to average recurrence intervals of
shortages of 1:10, 1:50 and 1:100 years, respectively, as shown in Table 4.4.

Table 4.4: Priority classification for Siloam demands in percentages
User

Level of assurance (recurrence interval)

Total

Low

Medium

High

(1:10)

(1:50)

(1:100)

10

40

50

100

Productive 30

50

20

100

Domestic

When deriving operating rules for surface water reservoirs, priority classification is typically
adopted after discussions with stakeholders (water users) (DWAF, 2008b; DWA, 2010).
However, in this study a theoretical priority classification was developed giving preference to
domestic water use, to facilitate development of operating rules. The percentages of
domestic, productive, and combined domestic and productive water demands that can be
supplied at 1:100 assurance level at varying groundwater levels were computed using
Equation 4.52. This was done to determine the ability of the system to meet the demands
before curtailments are introduced.
% Supply 

AY
 100
D

(4.52)

where % Supply is the percentage of water demand that can be supplied at 1:100 assurance
level, AY is the available yield at 1:100 assurance level, D is the water demand. The demands
were cumulatively superimposed on the groundwater base yield curves, starting with the
demand portion with the highest assurance (1:100), to determine the ability of the
groundwater system to meet the demands at any given groundwater level. For the system to
be considered to be able to supply the total demands, the cumulative demands should not
exceed the base yield curve. If base yield curve was exceeded the system was considered not
to have enough water to supply the total demands and curtailment was introduced, starting
with low assurance demands. Superimposing the cumulative demands is aimed at assessing
whether the system can meet the cumulative demands without curtailment and the
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groundwater level and level of assurance of supply at which the curtailment will be required.
The curtailed volume of water that can be allocated was calculated as:

VCUR 

YLAS
 DLAS
DT

(4.53)

VCUR is the curtailed volume of water to be allocated, YLAS= yield at a given level of assurance,
DT is the total demand for domestic and productive water uses and DLAS is the demand at
given level of assurance.

4.7 Summary
This chapter described methods used in the study as well as justifications for selection of each
of the methods. The NPR model was selected and used to extend rainfall data while the
coupled OE-NLHW model was selected to infill and extend groundwater levels. The GWPITMAN model was extended to enable its calibration based on groundwater levels using a
hybrid manual-automatic approach. This enabled generation of groundwater levels for the
groundwater resource unit based on the GW-PITMAN model. Groundwater levels were
required in derivation of simple groundwater operating rules. To the knowledge of the author,
this is the first attempt to calibrate GW-PITMAN model using groundwater levels and is
therefore a significant contribution of this study.

Procedures previously applied for probabilistic surface water reservoir operation were used
to obtain stochastic groundwater base yields and to develop risk-based groundwater
operating rules. Measurements in a surface water reservoir start from the bottom of the
reservoir to its upper surface while in groundwater reservoir they start from the ground
surface to the surface of groundwater table. It was therefore essential to reconfigure the
interpretation of the groundwater reservoir to allow generation of operating rules based on
methods applied in surface water reservoir. Groundwater head which is equivalent to
reservoir level for a surface water reservoir was used in the groundwater stochastic base
yield- analysis. Groundwater levels were used in the development of risk based groundwater
operating rules to enhance their practical applicability. The operating rules were also
developed considering the priority classification of the demands to assist in reducing the risk
of failure to supply the demands at required levels of assurance.
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CHAPTER 5: GROUNDWATER RESOURCE UNIT AND HYDROGEOLOGICAL CONCEPTUAL
MODEL FOR THE STUDY AREA

5.1 Preamble
This chapter presents the results of delineation of the groundwater resource unit,
interpretation of its hydrogeological conceptual model and implication to groundwater flow
and storage. The results on aquifer characterisation based on pumping test data are also
presented. The hydrogeological conceptual model and aquifer characterisation were useful
when conceptualising the groundwater balance computations while the hydraulic
characteristics were essential inputs in the GW-PITMAN model.
5.2 Groundwater resource unit for Siloam Village
Figure 5.1 shows groundwater resource unit delineated from DEM and groundwater divide.
The upper boundary of the groundwater resource unit was considered as a no-flow boundary.
The mountain forms a groundwater divide at this boundary. Groundwater divides are
frequently simulated as no-flow boundaries in groundwater flow models to limit the areal
extent of the system being analysed (Reilly, 2001). The relationship between groundwater
levels and topography (Figure 5.2) shows that topography controls groundwater levels in the
study area and hence groundwater divide can be defined as a closed boundary. This is because
in areas where topography controls groundwater levels, groundwater on each side of the
divide moves away from the divide and no flow crosses the divide. Figure 5.3 has been plotted
using once-off groundwater levels data for boreholes in Table 5.1 obtained from the National
Groundwater Archives.
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Figure 5.1: Delineated groundwater resource unit for Siloam Village
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Figure 5.2: Relationship between groundwater levels and topography for 5 boreholes from
National Groundwater Archives
Table 5.1: Topography and water level for 5 boreholes from National Groundwater Archives

Borehole
H27-0051
H27-0052

Topography
(mamsl)
796
800

Groundwater
level (m)
6.13
3.38

Groundwater
elevation
(mamsl)
789.87
796.62

Date of
measurement
1998/02/07
2003/02/14

H27-0053
H27-0168
H27-0138

786
790
805

3.35
1.68
0.12

782.65
788.32
804.88

1998/02/11
1998/02/09
1998/02/03
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Interpretation of magnetic data showed low magnetic anomalies/intensities (blue-green)
colour (Figure 5.3) around the study area. This indicates that linear structures based on
surface magnetic data are not highly pronounced and cannot be defined as no-flow
boundaries. Surface magnetic data could therefore not be used in the delineation of the
groundwater resource unit. Thus, detailed geophysical investigations are still required to
identify and verify the extent and depth of the linear structures. Earlier studies done in Siloam
Village (for example Nyabeze et al., 2010; 2011a, b) focused on detailed geophysical
investigations only along the Siloam hot spring, thus such data is not available for the rest of
the Siloam Village. DEM also showed linear structures on the surface which were used in the
delineation of the rest of the groundwater resource unit boundaries. Thus, these boundaries
are open flow boundaries.

Figure 5.3: Magnetic map for quaternary A80A including Siloam Village
5.3 Geological cross-sections and hydrogeological conceptual model
Figure 5.4 shows cross-section lines A-B, C-D and E-F from which geologic cross-sections were
based. Cross-section lines A-B, C-D and E-F were drawn on the map showing geologic
formations of the study area. This map has been extracted from the 1:250000 geologic map
series 2230 for Messina. The cross-section lines A-B, C-D and E-F were selected because they
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are perpendicular to major geological features/structures, and they cut across the study area
and Nzhelele River. The geologic formations include Sibasa Basalt, Fundudzi and Nzhelele
formations and have been described in section 3.2. Figure 5.5 shows the geological crosssections A-B, C-D and E-F. A closer observation on geological map shows that bedding dip to
the north direction with 30, 27 and 20 degrees orientation (Figure 5.4).

Siloam Village

Figure 5.4: Cross-section lines A-B, C-D and E-F in the geological map
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Figure 5.5: Geologic cross-sections A-B, C-D and E-F

Siloam fault (Figure 5.5) which cuts across the study area plays a significant role in controlling
groundwater flow and storage. Faults create linear zones of high secondary porosity which
may act as preferred channels of groundwater flow (Singhal and Gupta, 2010). Fractures
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exposed to the surface can also create preferential flow paths, which short circuit the path to
the water table (Holland, 2011). The fractures visible on the geological map together with
Siloam fault therefore create preferential flow paths of water into the aquifer. It is important
to note that the depth and thickness of the fractures is unknown and hence knowledge of the
extent to which they influence groundwater flow and storage is limited. Dippenaar et al.
(2009) reported that in fractured aquifers, flow does not inherently occur in the direction of
the fracture alone but it may be restricted to distinct channels within the fracture plane.
Diabase dykes are present within the vicinity of the study area (Figures 5.4 and 5.5). Dykes
are prominent landform features that concentrate groundwater flow and storage (Kebede,
2013). They can act either as good conductors of, or as barriers to, groundwater flow
depending on the intensity of fracturing associated with the dykes, and their trends in relation
to the hydraulic gradient (Babikera and Gudmundsson, 2004). Morel and Wikramaratna
(1982) reported that if dykes contain more fractures than the host basement rock, they
improve the potential yield of the aquifer. A study by Holland (2012) showed that dykes were
important water-bearing features in the Limpopo Plateau. Dykes are also likely to serve as
water-bearing features in the study area. Information on thickness and depth of the dykes is
not available. Thus, it is not possible to know how deep they are unless exploration drilling is
carried out where core samples can be taken for in situ testing of hydraulic properties or
analyses in the laboratory, which are not within the scope of this study. This also indicates
that the extent to which dykes influence groundwater flow and storage is unknown.

Wright (1992) stated that basement aquifers have low permeability and the main
groundwater flow systems are relatively localised. In basement aquifers, groundwater occurs
in secondary porosity/fractures caused by weathering and fracturing (Adams et al., 2004). The
main flow paths in fractured rocks are along joints, fractures, shear zones, faults and other
discontinuities (Singhal and Gupta, 2010). Groundwater flow in fractured basement aquifers
is only possible along preferred pathways due to heterogeneity in their hydraulic properties
(for example, porosity and permeability) (Mohamed et al., 2015). Fractures serve as primary
sources that store and allow movement of water in hard rock areas (Sharma and Baranwal,
2005). Since the study area falls within severely fractured Soutpansberg Group, groundwater
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is likely to be stored in fractures and is expected to flow through preferential pathways. Thus,
groundwater flow mostly occurs through interconnected fractures in the study area.
In crystalline aquifers regional flow occurs within the major interconnected fracture systems,
while the main groundwater flow systems are relatively localised to the zones between
recharge on watersheds to discharge by run-off or evaporation at valley bottoms (Figure 5.6)
(Holland, 2011). As explained in section 5.2, groundwater resource unit is bounded by a
mountain divide, ephemeral rivers and Nzhelele River. There is also presence of structures
that control groundwater flow which are faults and dykes. Based on this, the groundwater
resource unit for Siloam Village can therefore be conceptualised as a system whose main
groundwater flows are localised (i.e. a localised groundwater system). This is also justified by
the relationship between groundwater levels and topography (Figure 5.2) which indicated
that topography controls groundwater levels in the study. The groundwater system for Siloam
Village can therefore be comparable to the component circled in red in Figure 5.6 within the
simplified flow system for crystalline basement terrain.

Figure 5.6: Conceptual model for simplified flow system for crystalline basement terrain
(Holland, 2011)
Building a conceptual model is an iterative process that can identify gaps in the data, which
can be improved with further data gathering. It is expected that there will be continuous
updating of the hydrogeological conceptual model of the study area as more data becomes
available. The improvement of the conceptual model is important in order to increase
understanding of groundwater system and to develop effective planning and control
measures. However, it is important to emphasise that fracture network analysis and
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exploration drilling are required for detailed understanding of the groundwater systems in
the study area.
5.4 Groundwater resource unit aquifer characterisation
Non-linear least squares fitted statistics are shown in Table 5.2. Mean residual errors from
data for all boreholes ranged from -0.87 to 3.04 m (Table 5.2). These values were all closer to
zero, except for borehole H27-0290. This shows that fitted aquifer test solution for the
boreholes had least residual errors since mean residual errors closer to zero show less
estimation errors. Negative residual means (boreholes H27-0002 and H27-0138) imply that
the sum of estimated drawdowns were higher than those of observed values since numerator
component of the residual mean equation (Equation 4.3) indicates the sum of the difference
between observed and estimated values. H27-0290 had the highest mean residual error,
standard deviation and variance. Thus, H27-0290 had residual errors which were spread out
over a wide range of data. H27-0052 had the best model fit as shown by low mean, standard
deviation and variance. The fitted models for most of the boreholes generally had low
statistics indicating least model errors and good model fits. The identified aquifer test
solutions can therefore aid in accurate estimation of hydraulic characteristics.
Table 5.2: Non-linear least squares fitted statistics
Borehole

σe (m)

σ2e (m2)

H27-0002
H27-0052
H27-0136
H27-0138
H27-0165
H27-0168
H27-0290

2.09
0.19
7.33
11.2
5.05
1.72
62.91

4.38
0.44
2.71
125.50
25.53
1.31
3957.6

e (m)
-0.10
0.04
0.71
-0.87
0.55
0.01
3.04

Graphical fits of observed and estimated drawdowns, particularly on log-log scale, were
comparable for the majority of the boreholes (Figures 5.7 to 5.10). Good fit of the model to
the data suggests a sound conceptual model and increased confidence in the estimated
parameters as explained in Holland (2011). Leaky aquifer model was the most commonly
identified model indicating that the study area is dominated by leaky aquifer (Figures 5.7 to
5.9 and Table 5.3). Parsons (2004) noted that most aquifers in South Africa are semi-confined.
In a leaky aquifer, water comes from storage of the pumped aquifer and the leaky confining
unit, during early time of pumping (Kuniansky and Bellino, 2012). The effect of leakage is that
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the drawdown curves flatten and eventually become constant when steady state is reached
(Hemker and Randall, 2013). This has been displayed in log-log graphs of H27-0002, H27-0136
and parts of H27-0165 and H27-0168.

Fractured double porosity behaviour was identified in borehole H27-0052 (Table 5.3). In a
double porosity aquifer, matrix blocks have low permeability and high (primary) porosity and
storage capacity, only the fractures produce flow directly to the well and matrix blocks act as
a source, which feeds water into the fractures (Holland, 2011). Renard et al. (2009) explained
that early pumping depletes the first reservoir (fractures, for example), which is then partly
compensated by a delayed flux provided by a second compartment of the aquifer
(second/intermediate stage) and equilibrium is reached at the late time (last stage). A single
horizontal fracture model was identified in borehole H27-0138 (Table 5.3). Single fracture
model assumes that the pumping well is intersected by a single horizontal fracture. In a single
fracture model, the flow towards the well takes place in the fracture only and it is parallel (i.e.
linear in the fault) (Holland, 2011). At intermediate times water is supplied by the fracture
and matrix.
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H27-0002 semi-log

H27-0002 log-log

H27-0052 semi-log

H27-0052 log-log

Figure 5.7: Semi-log and log-log diagnostic plots for boreholes H27-0002 and H27-0052
110

H27-0136 log-log

H27-0136 semi-log

H27-0138 semi-log
: Diagnostic
plots for boreholes H27-0136 and H27-0138
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Figure 5.8: Semi-log and log-log diagnostic plots for boreholes H27-0136 and H27-0138
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Figure 5.9: Semi-log and log-log diagnostic plots for boreholes H27-0165 and H27-0168
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Figure 5.10: Semi-log and log-log diagnostic plots for borehole H20-0290
All boreholes are characterised by fluctuating derivative curves showing high presence of
fracture dewatering in the study areas (Figures 5.6 to 5.9). If fractures were dewatered during
the test, the derivative curve in the log-log plot drops at the position of the fracture and it
rises after that (Van Tonder et al., 2002). According to Lasher (2011), when the pressure in
the fracture is released, it causes a change in rate of water level, shown by a drop in the
derivative; the fracture contribution then reaches equilibrium with the surrounding matrix,
showing unconfined aquifer behaviour causing the derivative to increase again. Hammond
and Field (2014) also noted that the derivative formed a sharp peak, probably due to a rapid
decline related to dewatering of the first fracture followed by recovery due to leakage in a
leaky aquifer in New Hampshire.
The results of this study show that the aquifer in the study area is characterised by fracture
dewatering. Fracture dewatering has an effect on groundwater levels depending on the
abstraction rate (van Tonder et al., 2002). Jayawardena and Sarathchhandra (1995) also
associated drying out of surface water resources to the dewatering cone extending along a
linear rock fracture in Sri Lanka. Fracture dewatering should be avoided, whenever possible,
because of the danger of mineral precipitation that can cause fracture and well clogging (van
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Tonder et al., 2002). The latter study noted that caution should be placed when assigning
sustainable yields to boreholes in aquifers characterised by fracture dewatering to avoid well
clogging. Thus, operating rules are required in such areas to manage allocation and use of
groundwater.

Storativity values for boreholes H27-0002, H27-0136, H27-0165 and H27-0168 (Table 5.3) fall
within the range of typical values of 0.00001 to 0.001 for confined and leaky aquifers specified
in Hall and Chen (1996). Storage coefficient or storativity indicates the ability of an aquifer to
store water (Sen, 2009). Thus, the aquifer within the vicinity of these boreholes has low
potential to store water since they have low storativity values. This is typical of fractured
basement aquifers since their storage is dependent on the presence of fractures and their
connectivity. Boreholes H27-0138, H27-0052 and H27-0290 have relatively high STOR values
of 0.006, 0.008 and 0.068, respectively. These boreholes are also on or within the vicinity of
faults. Borehole H27-0290 which is located on a fault (Figure 3.7) has the highest value of
STOR. Holland (2012) reported that proximity of lineaments increases borehole productivity
within Limpopo Province. Subsequently, increased storativity can be linked to the presence
of faults. Jeanne (2012) also noted that micro and macro-fractures lead to increase in
storativity. High storativity values indicate potential for high water storage by an aquifer
(Watson and Burnett, 1995; Dhungel and Fiedler, 2016). The aquifers where boreholes H270138, H27-0052 and H27-0290 are located have high potential to store water.

Table 5.3: Hydraulic characteristics obtained in the study area
Borehole

Lithology

Saturated
aquifer
thickness
(m)

Aquifer
Model

Solution

Storativity

Transmissivity
(m2/day)

Hydraulic
conductivity
(m/day)

H27-0002

Tuff, arenite,
basalt

11.96

Leaky

Moench (case 1)

0.0003

5.50

0.460

Moench w/slab
blocks

0.0080

2.10

0.122

H27-0052

Arenite, basalt,
shale

17.23

Fractured
(double
porosity)

H27-0136

Tuff, arenite,
basalt

10.49

Leaky

Hantush

0.0006

0.78

0.074

H27-0138

Arenite, basalt,
shale

25.60

Fractured
(single
fracture)

Gringatern-Ramey
w/horizontal
fracture

0.0060

4.90

0.191

46.09

Leaky

Moench (case 1)

0.0007

12.3

0.267

19.10

Leaky

Hantush

0.0006

7.40

0.387

48.00

Leaky

Moench (case 2)

0.0680

H27-0165
H27-0168
H27-0290

Tuff, arenite,
basalt
Arenite,
conglomerate
Tuff, arenite,
basalt
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6.10

0.127

Transmissivity values ranged from 0.78 to 12.3 m2/day (Table 5.3). Mean transmissivity value
of 15.6 m2/day from a sample of 339 boreholes from Soutpansberg, which is within the vicinity
of the study area, was obtained in a study by Holland (2012). Ishaku et al. (2009) reported Tr
values ranging from 0.3 to 19.7 m2/day with an average of 2.90 m2/day in the basement
aquifers in Taraba State, Nigeria. The transmissivity values obtained in the current study are
within the range of values obtained by Ishaku et al. (2009) though they are lower than the
mean value of 15.6 m2/day obtained by Holland (2012). This may be because Holland (2012)
covered a large area (63500 km2) thereby incorporating a wider range of transmissivity values.

Transmissivity values within the ranges of 0.1-1 and 1-10 m2/day are classified as very low
and low, respectively, according to Kransy (1993). Kransy (1993) also classified these ranges
of transmissivity as having potential for very low withdrawals for local water supply with
limited consumption and low withdrawals for local water supply (private consumption),
respectively. Five of the boreholes (H27-0002, H27-0052, H27-0138, H27-0168 and H27-0290)
have low transmissivity values, with potential for local groundwater supply for private
consumption. Chilton and Foster (1995) also reported that crystalline basement aquifers are
capable of small water supplies which are vital to rural population for domestic use and
livestock watering. Borehole H27-0136 has very low transmissivity value with limited water
supply. The transmissivity for borehole H27-0165, however, falls in the intermediate
classification category by Kransy (1993), and has the potential to contribute to lesser regional
supply for small communities and plants.

5.5 Chapter summary and contribution
The results of this chapter have addressed the first specific objective and research question
on determining the characteristics of the groundwater resource unit. The groundwater
resource unit is bounded by a mountain divide, ephemeral rivers where there are lineaments
and Nzhelele River. Plotted groundwater levels and topography showed that groundwater
flow is controlled by topography. The main groundwater flow direction is from the upstream
of the groundwater resource unit towards Nzhelele River.
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Hydrogeological conceptual model indicated presence of faults and diabase dykes in the study
area. Faults create preferential flow paths and influence storage of water into the aquifer.
Dykes are likely to serve as water-bearing features in the study area as Holland (2012) noted
that they are important water-bearing features in the Limpopo Plateau, where the
groundwater resource unit is also found. It was, however, noted that knowledge of the extent
to which faults and dykes influence groundwater flow and storage is limited since their
thicknesses and depths are unknown. The groundwater resource unit for Siloam Village was
conceptualised as a system whose main groundwater flows are localised (i.e. a localised
groundwater system).
The models fitted from automatic curve matching generally had low statistics for most of the
boreholes indicating least model errors and good model fits. This showed that identified
aquifer test solutions can aid in accurate estimation of hydraulic characteristics (transmissivity
and hydraulic conductivity). The results showed that the study area is dominated by a leaky
aquifer. Fractured double porosity and single fracture models were also identified. These
findings indicate that the geologic environment where groundwater is stored in the study
area is heterogeneous. Leaky aquifer (semi-confined conditions) indicate presence of direct
recharge from an unsaturated zone. Double porosity aquifer has two media (matrix blocks
and fractures) while water flows along the fracture with higher permeability than that of the
rock in a single fractured aquifer. Aquifer hydraulic characteristics estimated in this chapter
assisted in defining ranges of input values for the GW-PITMAN model.

Delineation of the groundwater resource unit and development of its hydrogeological
conceptual model serves as a motivation to collect additional data and undertake additional
studies aimed at updating the hydrogeological conceptual model. Holland (2011) noted that
hydrogeology of crystalline aquifers is not yet fully understood. Studies that have been done
in Limpopo Province including Dippenaar (2008) and Holland (2011) mostly covered areas
within Sand, Luvuvhu and Letaba River Catchments. The hydraulic characteristics of Nzhelele
area were still unknown. The heterogeneous nature of fractured crystalline basement
aquifers requires that analysis of their characteristics be done at many sites as possible for
efficient decision making. The study contributed to knowledge on hydraulic characteristics of
basement aquifers.
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The groundwater resource unit characteristics including presence of faults and diabase dykes,
and heterogenous aquifer types as identified in this chapter make representation of this
complex groundwater environment within a groundwater model to be a complicated task.
Within the GW-PITMAN model, it is expected that transmissivity and storativity are two of the
model parameters which represent the complex nature of the geologic environment where
groundwater is stored and its influence on groundwater storage. Transmissivity and
storativity describe the ability of an aquifer to transmit and store water, respectively, and
these are influenced by presence of faults and diabase dykes as well as type of aquifer.
Classification of transmissivity values indicated variable supply potential though potential for
local water supply for private consumption was dominant, indicating that the groundwater
resource unit may potentially meet the water demands of the study area.
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CHAPTER 6: EXTENSION OF RAINFALL AND GROUNDWATER LEVELS DATA
6.1 Preamble
This chapter presents the results and discussions on modelling and extension of rainfall and
groundwater levels based on NPR and OE-NLHW system identification models. Long term and
continuous data sets generated from the models are required for groundwater modelling
using the GW-PITMAN, generation of stochastic sequences, stochastic yield analysis and
development of operating rules.
6.2 Modelling and extension of rainfall data
The graphical fits for observed and estimated rainfall for calibration and validation runs are
presented in Figures 6.1 and 6.2. Results for the periods 1998/07/04 to 2000/07/04 and
1998/07/01 to 2000/07/01 have been plotted in Figures 6.1 and 6.2, respectively, to improve
on their visual inspection. The procedure used for NPR modelling is described in sub-section
4.3.1. As explained in sub-section 4.3.1, the data points used for calibration and validation
were randomly selected by the NPR model, though they were within the period 1991/07/01
to 2000/07/31. Random selection avoids biased partition of the calibration and validation
data sets which is likely to result in improved and representative the model calibration. The
comparisons of observed and estimated rainfall for calibration and validation runs showed a
general agreement between observed and simulated rainfall (Figures 6.1 and 6.2). A general
visual agreement between observed and simulated constituent data indicates adequate
calibration and validation over the range of the constituent data being simulated (Singh et al.,
2004). General visual agreement should, however, be supported by statistical techniques for
verification of the model performance as recommended by Legates and Mabe (1993).
However, the graphs also show underestimation of some of the rainfall events in both
calibration and validation runs.
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Figure 6.1: Observed and estimated rainfall for calibration run
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Figure 6.2: Observed and estimated rainfall for validation run
Performance measures for calibration and validation runs together with their acceptable
ranges are in Table 6.1. R2 values for calibration and validation showed very good and good
model performance, respectively. R2 values were within the range of 0.57 to 0.96 obtained by
Seo et al. (2015) in a study on estimating spatial precipitation using regression kriging and
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artificial neural network residual kriging. This indicates that the R2 values obtained from the
NPR model are comparable with values obtained from regression kriging and artificial neural
network residual kriging. COR values for calibration and validation exceed 0.8 showing
satisfactory model performance. RMSE values for both calibration and validation runs are
reasonable as they are low and fall within the ranges obtained in other studies. RMSE of 64
mm was obtained in a study by Ali (1998). Kalra and Ahmad (2011) obtained RMSE values
ranging from 0.44 to 2.69 inches, which are equivalent to a range of 11.18 to 68.33 mm. RE
values for both calibration and validation were satisfactory since they were within the range
of ±25 to ±30 ( Table 6.1).

Table 6.1: Performance measures for calibration and validation runs
Performance
Measure

Calibration

Validation

Criteria

R2

0.76

0.70

COR

0.87

0.84

0.65-0.7 Gooda
0.75-0.85 Very gooda
≥0.80-satisfactoryb

NSE

0.75

0.68

RMSE (mm)

3.67

3.03

0.8-0.9 Very Goodc
0.65-0.75 Gooda
0= Perfectc

RE (%)

30

29

±25-±30 Satisfactorya

aYan

et al. (2014); bSingh et al. (2004); cShamsudin and Hassim (2002)

Makungo and Odiyo (In Press) obtained R2, COR, RMSE and NSE within the range of 0.52-0.86,
0.78-0.91, 5.96-6.74 and 0.51-0.86, respectively, for stations 0766480, 0723485 and A9E002.
Stations 0766480, and 0723485 and A9E002 are located in Nzhelele and Luvuvhu River
Catchments in Limpopo Province, South Africa, respectively. The latter study also applied NPR
for estimating missing rainfall data. R2, COR and NSE values obtained for station 0766324
(plotted in Figure 3.9) were within the same ranges though its RMSE values were lower than
those of Makungo and Odiyo (In Press). The model performance ranged from good to
satisfactory based on the assessed measures of performance which were compared to the
criteria in Table 6.1. Thus, the model can effectively estimate missing rainfall for station
0766324.

Scatter plots of observed and estimated rainfall for both calibration and validation runs of the
NPR model are in Figures 6.3 and 6.4. Most of the scatter points in Figures 6.1 and 6.2 lie
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below the best fit lines showing that there was underestimation of rainfall in both calibration
and validation runs. The maximum rainfalls for both calibration and validation runs were
underestimated. The best fit (1:1) line in a scatter plot indicates where all data points would
fall if there was perfect agreement between the models and observations (DeAngelis et al.,
2013). However, as a result of inherent model structure and measurement errors in observed,
most models are likely not to have perfect fits. This is likely to result in uncertainty in the
estimated rainfall values. The stochastic based procedure used for development of operating
rules in this study accounts for uncertainty and it is therefore expected to minimize this.

Inherent model structure and measurement errors in observed data are likely to have
resulted to underestimation and overestimation of rainfall by NPR model. The shift from the
ideal line shows the possibility of systematic errors (Javan et al., 2015). There was more
dispersion of scatter points in the calibration run as compared to validation run. This indicated
more difference of observed and estimated rainfall in the validation run. Maximum rainfall
for the validation run was closer to the best fit line indicating good estimation. Scatter which
is closer to the ideal line indicates good simulation (Javan et al., 2015). Rainfall data for the
period 2000/08/01 to 2012/01/12 which was estimated using the calibrated and validated

Estimated rainfall (mm)

NPR model for Siloam Village is shown in Figure 6.5.
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Figure 6.3: Scatter plot for estimated and observed rainfall for calibration run
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Figure 6.4: Scatter plot for estimated and observed rainfall for validation run
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Figure 6.5: Estimated rainfall for Siloam Village
6.3 Groundwater levels modelling and extension
Selected model orders from groundwater levels modelling based on OE-NLHW system
identification model described in sub-section 4.3.2 are in Table 6.2. These model orders gave
the best results after several trial runs. The model orders are in pairs since two input variables
(rainfall and evaporation) were used in the modelling. The model orders define the number
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of terms in each equation. Model calibration resulted to equations for B(q) and F(q)
polynomials defined in Equation 4.12 and their coefficients. Thus, the model orders and
coefficients of the equations are the parameters obtained from the calibration process.
Table 6.2: Model orders used in groundwater modelling
Borehole

Calibrated

Polynomial B(q)

Polynomial F(q)

Model

nb, nf, nk
A8N0508

4,4; 3,3; 4,4

error (e(t))
B ( q )  0.025q
1

4

B ( q )  0.0004q
2

 0.029q

4

5

 0.006q

 0.029q

5

6

 0.006q

6

 0.025q

7

 0.004q

F (q )  1  1.602q  1  1.06q  2  0.4568q  3
1

7

F ( q )  1  1.444q
2

1

 0.05654q

2

 0.5003q

0.1359

3

The shapes of the observed and estimated groundwater levels graphs are mostly similar for
both calibration and validation runs (Figures 6.6 and 6.7). General agreement between
observed and simulated frequencies for the variable of interest indicates adequate simulation
over the range of conditions examined (Singh et al., 2004). In borehole A8N0508, noticeable
underestimation of groundwater levels within the period 2011/10/21 to 2011/12/28 and
overestimation within the period 2011/12/30 to 2012/02/12 occurred in the validation run.
System identification models do not capture the physical processes particularly those that
occur during extreme rainfall events and thus, they are likely to underestimate peak
groundwater levels (Makungo and Odiyo, 2017). For example, during extreme rainfall events
soil saturation occurs quickly thereby accelerating recharge into the aquifer which increases
the peak groundwater levels.
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Figure 6.6: Observed and simulated groundwater levels for calibration run
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Figure 6.7: Observed and simulated groundwater levels for validation run
Scatter plots of observed and estimated groundwater levels for both calibration and
validation runs are presented in Figures 6.8 and 6.9, respectively. Most of the scatter points
are close to the best fit line showing agreement of observed and simulated groundwater
levels in both calibration and validation runs This has been confirmed by Ritter and MuñozCarpena (2013) who indicated that higher the agreement between calculated and observed
values, the more the scatters tend to concentrate close to the 1:1 line.
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Figure 6.8: Scatter plot of observed and estimated groundwater levels for calibration run
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Figure 6.9: Scatter plot of observed and estimated groundwater levels for validation run
R2 values for calibration and validation runs of borehole A8N0508 were greater than 0.85
showing excellent model performance (Table 6.3). von Asmuth and Knotters (2004) obtained
R2 values of 81.5 and 91.9% on calibrating continuous time TFN system identification model
for characterising groundwater dynamics using groundwater levels data. These values are
comparable to those obtained in borehole A8N0508 in the current study.

NSE value for calibration run for A8N0508 showed very good performance since it was >0.9.
High NSE values indicate less variance error (Van Liew et al., 2003). Validation run for
A8N0508, had NSE values within the range of 0.8-0.9, showing good model performance
according to Yan et al. (2014). NSE values of 0.81 and 0.93 were obtained by Vadillo (2014)
when using NLHW to predict spring discharge based on precipitation data. The NSE values are
comparable to those obtained in this study. COR values for calibration and validation run of
A8N0508 were >0.8, thus showing satisfactory model performance according to Singh et al.
(2004).
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Table 6.3: Computed measures of performance for borehole A8N0508
Performance
Measure
R2

Calibration

Validation

Criteria

0.99

0.86

COR

0.97

0.93

> 0.85 Excellenta
0.75-0.85 Very gooda
≥0.80-satisfactoryb

NSE

0.99

0.84

RMSE (m)
RE (%)

0.03
0.08

0.01
0.11

aYan

0.65-0.70 Gooda
0.8-0.9 Gooda
≥ 0.9 Very gooda
0 Perfectc
≤ ±10 Excellenta

et al. (2014); bSingh et al. 2004; cShamsudin and Hassim (2002)

RMSE values for A8N0508 calibration and validation runs were closer to zero. RMSE values
close to zero indicate perfect fit (Singh et al., 2004). Average RMSE value of 22 cm was
obtained in a study by Knotters and Bierkens (2001) on predicting water table depths using
regionalised autoregressive exogenous variable model. Knotters and Bierkens (2000)
obtained RMSE values ranging from 17.77-23.37 cm on validating an autoregressive
exogenous variable model for predicting water table depths. von Asmuth and Knotters (2004)
obtained RMSE values of 8.4 and 11.2 cm. RMSE values for A8N0508 of 0.03 and 0.01 m for
calibration and validation runs, respectively, are comparable to those of related studies. RE
values for both runs were less than ±10% showing excellent model performance (Table 6.3).
Values for COR, R2, RMSE and NSE ranged from 0.8-0.99, 0.63-0.99, 0.08-2.06 m and 0.680.99, respectively, for boreholes A8N0515, A9N0018 and A9N0009 in study by Makungo and
Odiyo (2017) which also applied OE-NLHW model for estimating groundwater levels.
Boreholes A8N0515, and A9N0018 and A9N0009 are located in Nzhelele and Luvuvhu River
Catchments, respectively, in Limpopo Province, South Africa. Values obtained for borehole
A8N0508 are comparable to those of Makungo and Odiyo (2017), except for the RMSE for the
calibration and validation runs which were lower than those of the latter study.

The graphical fits, scatter plots and measures of performance generally show efficient
calibration and validation of the model. Thus, rainfall and evapotranspiration can be used to
simulate groundwater levels based on the coupled OE-NLHW system identification model.
General increases and decreases in groundwater levels which correspond to increases and
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decreases in rainfall, respectively are indicated in Figure 6.10. In Figure 6.10, both rainfall and
groundwater levels were missing during the period 2009/11/10-2010/01/15.
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Figure 6.10: Relationship between rainfall for station 0766324 and groundwater levels for
A8N0508
Results from multi-site monitoring in a study by van Wyk et al. (2012) emphasised that a direct
recharge mechanism, which is enhanced by the presence of macro-pore features, exists in
fractured hard-rock terrains of South Africa. This was indicated by the short lag-time (1 hour
to 5 days) between rainfall events and water table responses (van Wyk et al., 2012). Since,
the study area falls within the fractured hard-rock terrains of South Africa, the lag time
between rainfall and groundwater levels is also expected to be short. This was accounted for
by the e(t) component of the model. The e(t) in Equation 4.12 accounts for the unknown
physical processes that influence groundwater levels. These include the influence of
hydrogeologic environment where groundwater recharge and storage takes place,
groundwater abstractions and lag time between rainfall and groundwater level rise in the
study area. In studies by Knotters and Walsum (1997) and Manzione et al. (2009), the noise
component of the TFN models were used to describe part of the water table behaviour that
could not be explained from the used physical concepts or empirically from the input series.
The transfer components of OE-NLHW describe part of the groundwater levels that could be
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described from an input by linear transformation time series of the input. Transfer component
of a TFN model was used to describe the part of the water table depth that could be explained
from an input by linear transformation of a time series of that particular input in a study by
Manzione et al. (2009).

The macro-pores from severely faulted crystalline basement aquifers and their
interconnectivity result in good response of groundwater levels to rainfall events in the study
area and hence a good relationship between the two. Rainfall is therefore one of the major
drivers of groundwater level fluctuations in the study area. Peak groundwater levels mostly
corresponded with peak rainfall events and low rainfall events corresponded with drop in
water levels (Figure 6.10). This explains good model performance based on performance
measures for borehole A8N0508. A study by Ochoa and Reinoso (1997) reported that
increments in the water table level could be explained by local precipitation suggesting that
the Doñana National Park dune aquifer, in the southwestern coast of Spain is very sensitive
to local meteorological conditions. The response of groundwater levels to rainfall particularly
during low rainfall periods (Figure 6.10) indicates that groundwater is vulnerable to drought
and hence requires operating rules to manage its allocation.

Knotter and van Walsum (1997) noted that use of models to estimate fluctuating quantities
is successful only if they adequately describe the relation between input and output series.
This implies that the calibration period must be long enough in order to identify appropriate
models and to estimate parameters accurately. In their study, analyses for two observation
wells indicated that a 4-year calibration period contained all information needed to provide a
satisfactory description of the relation between precipitation excess and water-table depth,
for semi-monthly time steps and for shallow water-table depths. In the current study, a
minimum period of 4 years for daily time step was also used in model calibration. This was
assumed to contain all hydrological information needed to provide satisfactory description
between input and output variables. Groundwater levels for borehole A8N0508 which were
extended based on the calibrated and validated OE-NLHW system identification model are
presented in Figure 6.11.
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Figure 6.11: Extended groundwater levels

6.4 Chapter summary and contributions
The data infilled and/or extended in this chapter provided some of the inputs required for
stochastic groundwater base yield-recurrence interval analysis. They therefore supported
achievement of third specific objective and research question. The scatter plots of observed
and estimated rainfall indicated underestimation of rainfall in both calibration and validation
runs, which was also shown in the graphical fits. However, the graphical fits for calibration
and validation runs generally showed agreement of observed and estimated rainfall. The NPR
model had acceptable and satisfactory performance based on the assessed measures of
performance indicating that the model can be effectively used in extension of rainfall for
Siloam weather station.

The tricube kernel weighting function used in the current study has been tested for rainfall
estimation by Lee and Kang (2015). The latter study used rainfall data for the same location
(station) to estimate missing rainfall data. The current study tested performance of NPR in
estimating missing rainfall data at a target station, based on data from a neighbouring station.
This aids in estimating missing data for long periods (for example, a month or a year), which
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cannot be achieved if data for the same location are used. In most developing countries
including the study area it is typical to encounter limited rainfall data sets compounded with
large data gaps. Thus, testing and validation of NPR in estimating missing rainfall data at a
target station, based on data from a neighbouring station with the same characteristics aids
in generating long-term rainfall data which can be used for a number of environmental and
hydrological applications in developing countries. This approach was tested in estimating
missing rainfall data in one and two stations within Nzhelele and Luvuvhu areas, respectively,
by Makungo and Odiyo (In Press) and was found to be effective in rainfall estimation. The
study by Makungo and Odiyo (In Press) was an expansion of this thesis which was used to
validate the approach to include the results for station 0766324.

Except for Makungo and Odiyo (In Press), literature review for this study was not able to
identify any application of robust LOWESS NPR for estimating missing rainfall data at a target
station, based on data from a neighbouring station, indicating its limited application. This
creates the need for more studies to determine its success in rainfall estimation. This study
therefore contributed to knowledge on alternative approaches to estimating missing rainfall
data. De Silva et al. (2007) indicated that the best method for estimating missing rainfall data
can vary for different climatic zones depending on their rainfall patterns and spatial
distributions. Testing and validation of more approaches for rainfall estimation would provide
alternative approaches that can be applied in different climatic zones.
Scatter plots of observed and estimated groundwater levels for both calibration and
validation runs of OE-NLHW showed good agreement (Figures 6.8 and 6.9). There was more
dispersion of scatter points in the validation run as compared to calibration run indicating
more variation of observed and estimated groundwater levels in the former. However,
graphical fits, scatter plots and measures of performance generally show efficient calibration
and validation of the model indicating that it can be used to simulate groundwater levels. This
approach was used in modelling groundwater levels in one and two boreholes within Nzhelele
and Luvuvhu areas, respectively, by Makungo and Odiyo (2017) and was found to be effective
in groundwater modelling.
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As reported in Makungo and Odiyo (2017), the coupled OE-NLHW system identification model
had not yet been tested for groundwater levels modelling. The study by Makungo and Odiyo
(2017) was an expansion from this thesis which was used to validate the approach and it
included the results for borehole A8N0508 which has been covered in this thesis. The latter
study noted that the calibrated models can reasonably capture description between input
and output variables and can, thus be used to estimate long term groundwater levels.

It is important to note that the approaches used in this study had either limited applications
or had not yet been applied for data extension. Assessment of their performances had
indicated that they can be successfully applied in extension of rainfall and groundwater levels
data. This shows that they have potential for application in other study areas where they have
not yet been tested. Thus, this study has contributed to promotion of wide application and
testing of these methods and provides alternative methods for data extension in areas where
there is limited data.
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CHAPTER 7: GW-PITMAN MODELLING AND GENERATION OF GROUNDWATER LEVELS

7.1 Preamble
This chapter focused on results and discussion of the GW-PITMAN modelling that includes
sensitivity analysis, model calibration and validation. Results and discussions on model
parameters from 1000 calibration runs and their comparisons with the objective function are
also included. Comparisons of modelled groundwater levels with runoff and recharge are
made to assess the realistic nature of the modelling. Time series of groundwater levels was
required for stochastic yield analysis and development of operating rules.
7.2 Results of sensitivity analysis
Ranges of parameter values used in sensitivity analysis are given in Table 7.1. As explained in
sub-section 4.4.2, these values were obtained from ten preliminary calibration runs,
modifying one parameter at a time, to test the response of the model to a range of different
parameter values and identify parameters to be altered during final model calibration. This
ensured that only parameters that are influence the hydrological behaviour of the
groundwater resources unit and hence have on influence on groundwater levels fluctuation
are calibrated. SL, ST, GPOW and R are sensitive parameters since adjusting their values
resulted to changes in groundwater levels (Figures 7.1 to 7.6). ST, FT and GPOW were
considered as sensitive parameters while calibrating Pitman model for selected case studies
in South Africa by Hughes et al. (2010), due to the large separations of these parameters’
frequency distributions. In Ndiritu (2009), calibration of the Pitman model in the Kafue Basin
in Zambia revealed that ST, FT, POW and R were significant model parameters. This was
because values for these parameters were reasonably well defined (closer to each other when
plotted on a graph), indicating that they are significant model parameters. The results of
sensitivity analysis in this study are therefore mostly comparable to those of other studies
that applied Pitman model.

FT and POW were the only parameters which resulted in no significant changes in
groundwater levels for all ranges of values which were tested (see Figures 7.1 to 7.6). This is
because FT and POW do not affect runoff generation in semi-arid areas where sustained
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baseflow does not exist, as explained in Kapangaziwiri (2007). In Hughes et al. (2010), FT was
identified as a sensitive parameter in the Breede River Catchment while it was not sensitive
in the Sabie, upper Vaal and Gouritz River Catchments which were selected case studies. This
was explained to be due to uncertainties in the estimates of farm dam impacts or the extent
to which these are reflected in the observed data within the Breede River Catchment (with
irrigation supported by a number of farm dams). Irrigation has an effect on sustained
baseflows and hence influences runoff generation. Mwelwa (2004) reported that ST and FT
were the most sensitive parameters in the Kafue Basin, Zambia. Zambia is located in a subhumid tropical climate where FT is expected to affect runoff generation making it a sensitive
parameter.. Ndiritu (2009) also identified FT as a sensitive parameter during automatic
calibration of the Pitman model in the Kafue Basin Basin, Zambia. Ndiritu (2009) noted that
the relative importance of the parameters may vary among catchments depending on the
dominant hydrologic processes in the catchments. This explains why FT and POW would be
considered to be insensitive in semi-arid areas while they are sensitive in sub-humid tropical
areas.

Default scenario in Table 7.1 and Figures 7.1 to 7.6 indicate a case with parameters which
were defined during the coding of the model in this study. The groundwater levels simulated
from the preliminary calibration runs (Figures 7.1 to 7.6) were poorly estimated as expected.
This was because preliminary calibration was only aimed at identifying sensitive model
parameters and not to optimise the model for improved estimation of the groundwater
levels. Improved model calibration was done after sensitivity analysis and is discussed in
section 7.6.

133

Table 7.1: Ranges of GW-PITMAN model parameter values used in sensitivity analysis
Parameter

Scenario

Range of lower limit

FT (mm): Runoff from moisture storage at full capacity.
Determines the balance between evaporation and runoff
in humid areas. Generally zero.

FT0

0.00

Range of upper
limit
0.00

FT0.5

0.0-0.5

0.5-1.0

FT10

10-20

20-30

FT50

50-100

100-150

Default
SL: Lower limit of soil moisture below which no
groundwater recharge occurs

25-40

20-80

S0-0.5

SL1
SL2

0-0.5
2-5

1-1.5
5-10

SL1.5

SL1

1.5-3

4-8

SL2

2-3

1-4

SL1

0.5-1

8-15

SL2

8-15

7-20

SL1

0.5-1

0-5

SL2

SL0.5
Default
GPOW: Power of the moisture storage-recharge
equation. Controls rate of recharge from the soil from
any given soil moisture state

ST(mm): Maximum moisture storage capacity

R: Evaporation-moisture storage relationship parameter.
Controls the rate at which evaporation reduces soil
moisture

POW: Power of the moisture storage-runoff equation.
Controls the rate of runoff from the soil for any moisture
state

8-15

7-20

GPOW1.5

1.5-2.5

3-4

GPOW3

3-5

4-8

GPOW0.5

0.5-1

1.5-2

Original

2-3

1-4

ST200

200-250

175-450

ST500

500-650

600-800

ST50

50-100

150-200

Default

400-500

350-900

R0.1

0.1-0.5

1-2.5

R0.2

0.2-0.3

0.25-0.35

R0.3

0.3-0.6

0.8-1

Default

0.4-0.5

0.1-1

POW2

2-3

2.5-5

POW0.1

0.1-0.4

0.45-0.8

POW0

0-0.05

0.04-1

Default

1.5-2

1-4
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Figure 7.1: Simulated groundwater levels for ranges of FT together with observed values
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Figure 7.2: Simulated groundwater levels for ranges of POW together with observed values
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Figure 7.3: Simulated groundwater levels for ranges of SL together with observed values
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Figure 7.4: Simulated groundwater levels for ranges of GPOW together with observed values

136

0

Groundwater level (m)

1
2
3
4
5
6
0

10

20

30

40

50

60

70

80

90 100 110 120 130 140 150 160 170 180 190 200 210

Day
ST200

Observed

Default

ST500

ST50

Figure 7.5: Simulated groundwater levels for ranges of ST together with observed values
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Figure 7.6: Simulated groundwater levels for ranges of R together with observed values
7.3 Calibrated GW-PITMAN model
Ranges of calibrated model parameters for 1000 calibration runs are in Table 7.2. The values
of the calibrated parameters are presented in Figures 7.7 and 7.8. Most of the parameters
obtained from the 1000 calibration runs were each consistently within the same range of
values. This indicated that the values were close to each other and where hence reasonably
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well defined. ZMAX, POW, FT, ST and R were mostly well defined as they were close to each
other for the 10 calibration runs in Ndiritu (2009). Thus, most of the calibrated parameters in
this study were also well defined.

Table 7.2: Calibrated GW-PITMAN model parameters
Parameter

Description

Range of lower limit

PI ( mm)

Interception storage

Z1 (mm)

Minimum catchment absorption rates. Controls
surface runoff generation
Maximum catchment absorption rates.
Controls surface runoff generation
As defined in Table 7.1

Z3 (mm)
SL1
SL2

2-4

Range of upper
limit
1-8

Range for 1000
calibration runs
2.12-3.99

2-5

1-10

2.06-4.99

30-50

15-70

30.11-49.99

0.5-1

0-5

0.00-0.01

0.00-0.5

0.5-50

0.003-0.499

ST (mm)

As defined in Table 7.1

400-500

350-900

400.8-499.8

FT (mm)
Tr (m2/day)
STOR
R
POW
GPOW
Pls

As defined in Table 7.1
Transmissivity
Storativity
As defined in Table 7.1
As defined in Table 7.1
As defined in Table 7.1
Proportion of the catchment with lower side
groundwater table
Rest water level
Upper limit of the groundwater recharge rate
(at moisture state ST)
Width of the riparian strip

0.01-0.5
3-5
0.0015-0.002
0.4-0.6
1.0-1.5
2.0-3.5
0.3-0.4

0.5-1.0
5-10
0.001-0.005
0-1
5.0-10.0
2.5-4.0
0.25-0.6

0.01-0.5
3.02-4.64
0.0015-0.002
0.40-0.50
1.50-1.99
2.00-2.24
0.30-0.40

2-5
5-10

5-10
3-15

1.50-1.99
7.68-9.99

1.5-2.0

1.0-5.0

2.00-4.99

RWL
GW (mm)
RSW

Some of the low values of PI, ZMAX and GW, and the high values of GPOW, RSW,
transmissivity and storativity, to a limited extent, deviated from the range of most of the
values from the 1000 calibration runs (Figures 7.7 and 7.8). This has resulted to wider range
of parameter values particularly for PI, ZMAX and GW. Parameters within a wider range of
values suggest that they are most likely to be redundant for a particular catchment (Ndiritu,
2009). This would mean that there is some degree of redundancy of the parameters PI, ZMAX,
GW, RSW, transmissivity, storativity and GPOW, though this is of limited extent for high values
of GPOW, RSW, transmissivity and storativity. It is important to take note of Ndiritu (2009)
argument that redundancy of some of the model parameters does not necessarily indicate
that the model is overparameterised because the relative importance of parameters varies
among catchments depending on the dominant hydrological and hydrogeological processes.
The heterogeneous nature of groundwater systems may also result to a wide range of
parameters.
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Figure 7.7: Calibrated values for PI, Z1, Z3, SL1, SL2, ST, FT and GW for 1000 calibration runs
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Figure 7.8: Calibrated values for POW and GPOW, R, Pls, RSW, transmissivity, RWL and
storativity
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The scatter plots of calibrated parameters from 1000 calibration runs and the objective
function values (OBF) are presented in Figures 7.9 and 7.10. Most of the points are closely
scattered though a few of them are widely scattered particularly after OBF of 95 m. This
implies that parameters are not closely related at relatively high OBF values. Table 7.3 shows
a comparison of calibrated model parameters with those from physically based methods
(following procedures described in Kapangaziwiri (2007) and Kapangaziwiri and Hughes
(2008)) and WR2012 (obtained from WRSM/Pitman version 2.9) for quaternary catchment
A80A. Calibrated Z1, Z3, ST, FT, transmissivity and GPOW values for this study were lower than
values estimated from physically based methods and/or WR2012 for A80A. RSW value from
WR2012 was within the range of calibrated values. Kapangaziwiri (2007) noted that automatic
calibration of Pitman in the Kafue basin in Zambia resulted to very small Z1 values (less than
10 mm). Calibrated Z1 values obtained in the current study were also very low and ranged
from 2.06-4.00 implying that the study area has low catchment absorption rates.
The highest values of R (0.5) and POW (2) for this study were the same as those of WR2012
study and physically based methods, respectively (Table 7.3). PI, SL1 and SL2 are higher than
those of WR2012 study. The RSW value of 4.99 m is very close to that of 4.848 m for WR2012
study. The rest of the parameters had values which were lower than those of quaternary
catchment A80A from WR2012 study. The difference between WR2012 parameter values and
calibrated values maybe due to the fact that groundwater resource unit occupies a small
portion of A80A quaternary catchment and would have a limited range of catchment
characteristics that influence variations of parameters such as Z1, Z3, ST and FT. The
groundwater resource unit constitutes 2.5% (7.09 km2 of 287.4 km2) of the total area of A80A
catchment.
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Figure 7.9: Scatter plots of calibrated values for P1, ZMIN, ZMAX, SL1, SL2, ST, FT and GW,
and the objective function values
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Figure 7.10: Scatter plots of calibrated values for POW, GPOW, R, Pls, RSW, Tr, RWL and
storativity, and the objective function values
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Table 7.3: Comparison of calibrated model parameters with those based on physical method
and WR2012 values for A80A
Parameter

1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.

PI
Z1 (mm)
Z3(mm)
SL1
SL2
ST (mm)
FT (mm)
Tr ( m2/day)
STOR
R
POW
GPOW
Pls
RWL
RSW

Current study (Range
from 1000 calibration
runs)
2.12-3.99
2.06-4.00
30.10-50.00
0.00-0.01
0.003-0.50
400.84-499.80
0.01-0.50
3.02-4.64
0.0015-0.002
0.40-0.50
1.50-2.00
2.00-2.24
0.30-0.40
1.50-1.99
2.00-4.99

Physically based parameter
estimation methods

WR2012 for A80A

1.5
50
1200
0

100
500
12
1.25
0.68

750
20
10
#

0.5
3
3

2
-

#
#

4.848

- parameter not estimated from physical method; # parameter not available

7.4 Modelled groundwater levels
Figures 7.11 shows observed and estimated groundwater levels for selected calibration runs.
Generally, the hydrographs of estimated groundwater levels attempted to mimic the
observed one, though the modelled graphical fits are much less variable than the observed.
The perceived reason for the smoothing of the modelled groundwater levels is that the model
estimates average groundwater levels for the entire groundwater resource unit while
observed values are from a single borehole. Thus, model calibration and validation can be
improved by using average groundwater levels from a number of boreholes which were not
available for this study. As explained in section 4.4.2, calibrating using data from a single
borehole is expected to give an indication of the expected behaviour of the system. This also
aids in establishing the realistic nature of the simulated groundwater levels.
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Figure 7.11: Observed and estimated groundwater levels for calibration run
Estimated groundwater levels for the selected calibration runs generally fluctuated with
changes in rainfall (Figure 7.12). This behaviour is similar to that observed when groundwater
levels simulated by OE-NLHW system identification model presented in Figures 6.6 and 6.7
was compared with rainfall (Figure 6.10). This indicates that the groundwater levels estimated
by GW-PITMAN model give an indication of possible ranges of expected average groundwater
levels and their fluctuations within the groundwater resource unit, and are hence realistic.
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Figure 7.12: Comparison of estimated groundwater levels for calibration run and rainfall
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7.5 Modelled streamflow and groundwater recharge
The behaviour of rainfall and streamflow hydrographs for both calibration and validation runs
shown in Figures 7.13 and 7.14, respectively, is similar with most of the peak rainfall
coinciding with peak streamflow events. This showed that streamflow hydrographs estimated
in this study were also realistic. Studies such as Makungo et al. (2010) and Odiyo et al. (2012)
have also used behaviour of rainfall and streamflow hydrographs to indicate realistic
estimation of streamflow in ungauged catcments. Makungo et al. (2010) noted that similar
behaviour of hydrographs and coincidence of peak rainfall and streamflow indicated realistic
estimation of streamflow in a delineated sub-quaternary catchment A80A of Nzhelele River
Catchment, which was also ungauged. Odiyo et al. (2012) also used the same criterion to
determine realistic estimation of flows at an ungauged outlet of Latonyanda River quaternary
catchment in Luvuvhu River Catchment, South Africa. Mike 11 NAM model was used in both
Makungo et al. (2010) and Odiyo et al. (2012). Peak runoff associated with the Feb-2000 flood
event was captured by the model (Figure 7.14).
180

0

160

Runoff (mm)

120

100

100

150

80
60

200

40

250

20

Jan-96

Sep-96

Sep-94

May-95

Jan-94

Sep-92

May-93

Jan-92

May-91

Jan-90

Sep-90

Sep-88

May-89

Jan-88

May-87

Jan-86

Sep-86

May-85

Jan-84

Sep-84

Sep-82

May-83

Jan-82

May-81

Jan-80

300

Sep-80

0

Run1

Run100

Run200

Run300

Run400

Run500

Run600

Run700

Run800

Run900

Run1000

Rainfall

Figure 7.13: Rainfall and modelled runoff for calibration run
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Figure 7.14: Rainfall and modelled runoff for validation run
Figures 7.15 and 7.16 show comparisons of modelled recharge and rainfall for calibration and
validation runs, respectively. Recharge values generally increased after rainfall events. Peak
recharge events also occurred after peak rainfall events, though there were lags in certain
cases. This shows that the estimated recharge values were also realistic. The annual average
recharge for these runs obtained from Equation 4.31 ranged from 1.96-12.40 mm. These are
lower than the average recharge of 92.94 mm for A80A quaternary catchment from DWAF
(2006b). This is expected because Siloam is located in the dry part of the catchment with low
rainfall while average recharge value for quaternary catchment A80A incorporates recharge
contribution from the upper parts of the catchment with relatively high rainfall.
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Figure 7.15: Rainfall and recharge for calibration run
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Figure 7.16: Rainfall and recharge for validation run
7.6 Chapter summary and contribution
The results of sensitivity analysis indicated that SL, ST, GPOW and R were sensitive model
parameters. FT and POW were not sensitive parameters as they resulted in no significant
changes in groundwater levels. Most of the parameters obtained from the 1000 calibration
runs were each consistently within the same range of values indicating that values were close
to each other. Most points on the scatter plots of each calibrated parameter from 1000
calibration runs and objective function values were closely scattered indicating that they are
related. Most of the parameters had values which were lower than those of WR2012 study
for A80A quaternary catchment and these differences were not unexpected as the
groundwater resource unit occupies a small portion (2.5%) of the quaternary catchment.
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Calibrated Z1 values obtained in the current study were also very low and this was in
agreement with other studies. Hydrographs of modelled groundwater levels mimicked the
mean observed ones reasonably well but had a much lower variability. The low variability of
the modelled groundwater levels was likely to be due to the fact that the model estimated
average groundwater levels for entire groundwater resource unit while observed values were
from a single borehole. Thus, average groundwater levels from a number of boreholes could
improve the model fit.

Modelled groundwater levels, streamflow and groundwater recharge for both calibration and
validation runs generally fluctuated with changes in rainfall indicating that groundwater
levels, streamflow and groundwater recharge were modelled realistically. Thus, the
generated groundwater levels were suitable for used in development of simplified
groundwater operating rules. This chapter aided in addressing the second specific objective
and research question.
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CHAPTER 8: GENERATION OF STOCHASTIC RAINFALL, EVAPORATION AND GROUNDWATER
LEVELS

8.1 Preamble
This chapter presents the results and assessment of the stochastic generation of rainfall,
evaporation and groundwater levels. Box plots of various statistics are used to compare the
generated sequences with the historic ones in order to determine if the historic statistics were
preserved. Stochastic inputs were required for base yield analysis since the study followed a
risk-based approach for development of groundwater operating rules.
8.2 Comparing stochastically generated rainfall, evaporation and groundwater levels with
historic data
Box plots comparing statistics of 100 stochastically generated sequences of rainfall,
evaporation and groundwater levels with those from historic data are presented in Figures
8.1 to 8.6. The box plots start in the month of July to ensure that the year begins and ends in
the driest months as explained in section 3.6. In the box plots, the box indicates the
interquartile range (25 to75% quartiles) while lower and upper ends of the whiskers indicate
the minimum and maximum values in the stochastically generated sequences, respectively.
The lower, middle and upper horizontal lines in the box plots’ interquartile range indicate the
lower (25%), median (50%) and upper (75%) quartiles, respectively.

8.2.1 The mean, median, 25th and 75th percentiles, lowest, highest, standard deviation and
skewness
Comparison of box plots of historic mean, median, 25th and 75th percentiles of rainfall (Figure
8.1). These statistics were within or at the boundary of the interquartile range, except for the
historic mean values for February. This means that these statistics generally had good
performance following Apipattanavis et al. (2007) and Prairie et al. (2007). The historic mean
rainfall for February was slightly higher than the upper quartile of the box plot (Figure 8.1)
while the historic highest rainfall, standard deviation and skewness for February were higher
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than the upper quartile and closer to the maximum stochastically generated values (Figure
8.2). February is the peak rainfall month in the study area.

The historic standard deviation values for rainfall for the months of September, November
and March were below the lower quartile unlike the other months when they were within the
interquartile range (Figure 8.2) and were well preserved. The historic skewness values for
rainfall for the months of September, November, May and June were below the lower
quartile. However, the skewness value for November was equal to the minimum value of the
stochastically generated values (Figure 8.2). The rest of the values were within the
interquartile range indicating that they were well preserved. In Efstratiadis et al. (2014),
historic mean and standard deviation were well preserved when Castalia software was used
to generate stochastic rainfall. However, there were a few cases where the skewness was not
well preserved and it was suggested that improvements of numerical routines of the software
would remedy this.

Lowest historic and stochastically generated rainfall values were mostly the same (Figure 8.2).
Lowest historic rainfall for March was above zero though it was within the interquartile range.
The lowest historic rainfall for November, December and April were also within the
interquartile range though they were above the median but below the upper quartile. The
lowest historic rainfall for January and February were outside the interquartile range but
within the maximum stochastically generated values. This indicated that lowest rainfall was
mostly well preserved by the VLB generator.
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Figure 8.1: Box plots of mean, median, 25th and 75th percentile rainfall compared with historic values
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Figure 8.2: Box plots of lowest and highest rainfall, standard deviation and skewness compared with historic values
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The historic mean, median, 25th and 75th percentiles of evaporation were mostly within the
interquartile ranges of stochastically generated values (Figure 8.3), indicating that they were
mostly well preserved. The lowest historic evaporation for November, December, January and
March were below the interquartile range but those for the first three of these months were
very close to or coincided with the minimum values of the stochastically generated sequences
(Figure 8.4). The historic highest evaporation values for July to October and March were
slightly below the interquartile range. The historic standard deviation values for evaporation
for September, October and March, and November, December and April were slightly below
and above interquartile range, respectively. Historic skewness values for all the months were
lower than the interquartile range but did not go below the minimum values of stochastically
generated sequences (Figure 8.4).

Mean values of evaporation sequences generated using a simple regression model in the
northern territory of Australia were similar to historic ones (Chiew and Wang, 1999), though
most of the computed values of skewness were lower than historic ones. This was attributed
to large uncertainties in the skewness estimated from only 27 years of observed data.
Alhassoun et al. (1997) also reported that most of the computed values of skewness in one of
the stations in Saudi Arabia were lower than the historical ones due to the high variability of
the historical data. The findings of Chiew and Wang (1999) and Alhassoun et al. (1997) are
comparable with those of the current study which indicated that the historic skewness values
were mostly lower than the interquartile range and were hence not well preserved. In this
study, historical data used in stochastic generation was for a period of 33 years which is
comparable to 27 years used in Chiew and Wang (1999). Thus, limited data used in generation
of stochastic sequences may have affected the preservation of skewness values for
evaporation and groundwater levels.
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Figure 8.3: Box plots of mean, median, 25th and 75th percentiles evaporation compared with historic values
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Figure 8.4: Box plots of lowest and highest evaporation, standard deviation and skewness compared with historic values
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Mean historic groundwater levels for all months were within interquartile range (Figure 8.5).
Median historic groundwater levels for December, February and June, 25th percentile for
March and 75th percentile for July were at the upper quartile. Historic 25th percentile value
for April was lower than the lower quartile. Historic 75th percentile for August was above the
upper quartile. Historic standard deviation values were mostly within the interquartile range
(Figure 8.6), indicating that they were mostly well preserved, except for July when it was
above interquartile range. Lowest historic groundwater levels for September, March, April
and June were above the interquartile range, while the rest were within. All highest historical
groundwater levels were higher than the interquartile range though the value for May was
closer to the upper quartile. All historic skewness values were below the interquartile range.
de Farias et al. (2011) used a neural network based stochastic model to generate 5 synthetic
series of daily groundwater levels and obtained mean and standard deviation values which
were close to the historic ones. The results are comparable with those of this study. de Farias
et al. (2011) did not compute other statistics such as highest, lowest, percentiles and
skewness which were computed in the current study.
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Figure 8.5: Box plots of mean, median, 25th and 75th percentiles of groundwater levels compared with historic values
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Figure 8.6: Box plots of lowest and highest groundwater level, standard deviation and skewness compared with historic values
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Table 8.1 shows the percentage of times that historic statistics were below interquartile
range, above interquartile range, and beyond minimum and maximum (BMM) values of the
box plots. This is important to further validate the accuracy of VLB in preserving historic
statistics. Historic skewness was the statistic with the highest percentage months which were
not within the interquartile range for evaporation and groundwater levels. The results of this
study indicated that skewness is the statistic that was not well preserved for all variables with
values for evaporation and groundwater levels being below interquartile range 100% of the
time (12 months). This indicated that the historic skewness for evaporation and groundwater
levels were mostly overestimated. Historic highest groundwater levels also indicated that the
stochastically generated values were underestimated for 92 percent of the time (11 months).
Table 8.1: Percentage of times that historic statistics were below interquartile range, above
interquartile range, and BMM values within a 12 months period

Above
interquartile
range (%)
8

BMM
(%)

Mean

Rainfall
Below
interquartile
range (%)
0

Median

0

0

25th

0

Statistic

percentile
75th
percentile
Lowest
Highest
Standard
deviation
Skewness

Above
interquartile
range (%)
0

BMM
(%)

0

Evaporation
Below
interquartile
range (%)
0

0

Groundwater levels
Below
Above
interquartile interquartile
range (%)
range (%)
0
0

0

0

0

0

0

0

0

0

0

0

0

0

8

0

0

0

0

0

0

0

0

0

8

0

0
8

0
8

0
0

33
42

17
0

0
0

0
0

33
92

0
0

8

8

0

25

33

8

0

8

0

25

17

0

100

0

0

100

0

0

BMM
(%)
0

Obtaining historic statistics below interquartile range (overestimation) is a problem that
commonly arises with weather generators (Apipattanavis et al., 2007). Furrer and Katz (2007)
also indicated that stochastic generators have the tendency to underestimate variability of
weather statistics. The latter study explained that this can be reduced by including additional
covariates in stochastic generators that influence atmospheric circulation. A review of
stochastic rainfall and streamflow generators provided in Ndiritu and Nyaga (2014) indicated
that some of stochastic generators were also unable to reproduce the skewness. This explains
why some of the statistics were not well preserved in the current study.
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Ndiritu and Nyaga (2014) reported standard deviation and skewness of historic rainfall with
more than 10% of their monthly values beyond interquartile range. Nyaga (2014) reported
that more than 10% of the monthly values of standard deviation, skewness and highest
rainfall were beyond interquartile range. In the current study, historic highest rainfall,
standard deviation and skewness were only above interquartile range for 1 or 2 months and
were thus better preserved or comparable to those of studies by Ndiritu and Nyaga (2014)
and Nyaga (2014). However, this was not the case with evaporation and groundwater levels
where some of the lowest, highest, and skewness values were poorly preserved in the current
study. Chiew and Wang (1999) and Steinschneider and Brown (2013) attributed poor
preservation of skewness to limited historical data used for stochastic generation of weather
variables.

8.2.2 Cross and serial correlation coefficients
The historic cross correlation between rainfall and groundwater levels for the months of
November, January to April and June were below the lower quartile (Figure 8.7). For the
month of September the historical cross correlation between rainfall and groundwater levels
was slightly above the upper quartile while for the month of July it was at the upper quartile.
The historic cross correlations values for August, October and December were within the
interquartile ranges, indicating that they were well preserved. The historic cross correlation
value for May was just almost at the lower quartile.
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Figure 8.7: Cross correlation of rainfall and groundwater levels

The historic cross correlations of evaporation and groundwater levels were below the lower
quartiles for August, September, November and June while that for January was almost at the
upper quartile (Figure 8.8). Historic cross correlations of evaporation and groundwater levels
for July, October, December and February to May were within interquartile range indicating
that they were well preserved. Historic cross correlations of rainfall and evaporation were
below the lower quartiles in the months of July, September, February, March, May and June
while those for August, January and April were at the lower quartile (Figure 8.9). Historic cross
correlation values for October, November and December were within the interquartile range,
indicating that they were well preserved.
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Figure 8.8: Cross correlation of evaporation and groundwater levels
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Figure 8.9: Cross correlation of rainfall and evaporation

The historic annual cross correlations between all variables (Figure 8.10) were within the
interquartile range indicating that they were well preserved. Preservation of cross correlation
of multivariate time series is essential either due to cause-effect relationship of
hydrometeorological or common hydroclimatic regime (Efstratiadis et al., 2014).
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Figure 8.10: Annual cross correlations of rainfall evaporation and groundwater

Figures 8.11 to 8.13 show historic serial correlations for rainfall, evaporation and groundwater
levels, respectively. Historic serial correlation of rainfall for September, October and February
were well preserved, since they were within the interquartile range. Values for the rest of the
months were outside the interquartile range. Historic serial correlation of evaporation for July
to September and January to April were within the interquartile range (Figure 8.12), and were
thus well preserved. Values for October, November, December and May were at the upper
quartile while that of June was outside the box plot limits. Historic serial correlations for
groundwater levels in the months of July to October, and December to May were within
interquartile range indicating that they were mostly preserved. The value for June is outside
the maximum stochastically generated value and thus not preserved while the November
value is just below the lower quartile. Ndiritu and Nyaga (2014) reported serial and cross
correlations with more than 10% of their monthly values outside interquartile range.
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Figure 8.11: Monthly serial correlation of rainfall
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Figure 8.12: Monthly serial correlation of evaporation
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Figure 8.13: Monthly serial correlation of groundwater levels

It is important to note that all the historic statistics for rainfall, evaporation and groundwater
levels were within the box plot limits, except for serial correlation of evaporation and
groundwater levels for the month of June. The VLB model applied by Ndiritu (2011) included
a routine for preserving the serial correlation between the last month of a year and the last
month of the following year. This version of VLB was therefore able to preserve 80% of these
serial correlations for monthly streamflow generation. The version of the VLB applied for
stochastic rainfall generation by Ndiritu and Nyaga (2014) excluded this routine since monthly
serial correlations of rainfall are usually negligible. The VLB version used in the current study
is that applied by Ndiritu and Nyaga (2014) hence the failure to preserve the evaporation and
groundwater level serial correlations for the month of June. For the purposes of generating
the groundwater operating rules, the effects of this limitation are considered to be not
significant. The annual serial correlations for evaporation was at the maximum box limit while
that of groundwater levels was within the box plot limits (Figure 8.14).
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Figure 8.14: Annual serial correlations of rainfall, evaporation and groundwater levels
8.3 Chapter summary and contribution
This results in this chapter aided in addressing the third specific objective and research
question which are associated with generation of stochastic inputs for groundwater base
yield-recurrence interval analysis. The results of this study indicate that skewness is the
statistic that was not well preserved for all variables with historic values for evaporation and
groundwater levels being below and above interquartile range for 12 months. Historic highest
groundwater levels also indicated that the stochastically generated skewness values were
underestimated for 11 months. Historic statistics below interquartile range (overestimation)
is a common problem of weather generators which can be reduced by including additional
covariates that influence atmospheric circulation. The monthly serial correlations of
evaporation and groundwater levels for the month of June were not preserved due to the
fact that VLB version used in the study had no routine for preserving the serial correlation
between the last month of a year (June in this case considering that the box plots start in July
to ensure that the year begins and ends in the driest months). The effects of this limitation
were considered to be not significant for the purposes of generating the groundwater
operating rules. The incorporation of stochastic rainfall, evaporation and groundwater levels
to support generation of groundwater operating rules is a noble approach. Use of
stochastically generated data will enable realistic incorporation of reliability of groundwater
supply. This is because reservoir operation (as explained in section 2.3) is inherently stochastic
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due to uncertain nature of its inflows as well as highly variable hydrologic and climatic
conditions. Stochastically generated outputs account for these uncertainties and hence aid
in realistic incorporation of reliability.

Studies on multivariate and multisite stochastic generation of hydrological variables mostly
focus on minimum and maximum temperatures, and rainfall. Stochastic generations of
evaporation and groundwater levels for hydrological studies are very limited and the
application of the VLB generator in this study aided in assessing its ability in generating
multivariate stochastics at multiple sites.
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CHAPTER 9: DEVELOPMENT OF STOCHASTIC GROUNDWATER BASE YIELD CURVES AND
RISK-BASED OPERATING RULES
9.1 Preamble
This chapter is focused on discussing the results on development of stochastic groundwater
base yield-recurrence relationship interval relations analysis and risk-based operating rules.
The chapter also informs how the groundwater operating rules can be implemented. The
discussion also included generalising the procedures followed in developing risk-based
groundwater operating rules for Siloam Village. This was aimed at enabling their application
in any delineated groundwater resource unit.

9.2 Groundwater base yield-recurrence interval curves
Figure 9.1 shows stochastic groundwater base yield-recurrence interval relationship curves
for given initial groundwater heads from 100 simulations that were run for 5 years
stochastically generated sequences and 5 m minimum allowable groundwater head. The
curves were generated following the procedure described in section 4.6. Legends of the figure
legends indicate the base yield curve associated with a particular initial groundwater head.
For example, 10 m refers to a base yield curve generated from a simulation with initial
groundwater head of 10 m. Though the basic unit of measurement of groundwater yield is
normally liters per second (l/s), the generated yield curves have units of cubic meters per
annum (m3/annum) following the standard practice used when generating annual operating
rules in surface water systems.
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Figure 9.1: Annual groundwater base yield-recurrence interval curves based on 5 year
sequences for initial groundwater heads of 10, 20, 30, 40 and 50 m
The curves show that increasing the initial groundwater head increases groundwater yield
(Figure 9.1). Results from yield analysis for surface water reservoirs, for example DWAF
(2008a) and DWA (2010) indicated that high initial storage levels are associated with relatively
high base yield curves. The results in Figures 9.1 indicated the potential to generally obtain
high yields at high groundwater heads. Though this may be true at the scale of a groundwater
resource unit on which the simulations are based, it is important to note that the
heterogeneous nature of the geologic environment in the study area may result to variable
yields (i.e. relatively high or low yields) at a point (borehole) scale. The results from
groundwater resource unit aquifer characterisation (section 5.4) indicated that 4 boreholes
had low potential to store water while 3 others had relatively high storage potential. Thus,
indicating variable groundwater storage potential within the groundwater resource unit. This
therefore implies that the potential to obtain relatively high yields is also dependent on the
ability of the geologic environment to store and transmit water.

170

100

9.3 Risk-based groundwater operating rules
The portions of domestic and productive water demands at low (1:10), medium (1:50) and
high (1:100) assurance levels which were calculated based on the priority classification in
Table 4.4 are in Table 9.1. The total annual water demands (Table 9.1) for domestic and
productive uses in Siloam Village were estimated based on per capita uses of 189 and 302.4
liters, respectively, as explained in section 4.6. A high portion of the domestic demand (79.16
x 103 m3/annum) has high assurance level as domestic water use is considered to be a high
priority water user (Table 9.1) when compared to productive use. In risk-based analysis, high
recurrence intervals indicate low risks of failure to meet the target demand. For example a
recurrence interval of 1:100 indicates that there is a possibility that the target draft may, on
average, not be met once in a hundred years. Thus, allocating a high portion of domestic
water use at 1:100 ensures that most of this demand is met at high level of assurance of
supply (low risk of failure).

Table 9.1: Annual water demands for Siloam Village (x 103 m3/annum) based on priority
classification
User
Low
Medium
High
1:10
1:50
1:100
Total
Domestic Use
15.83 (10%)
63.33 (40%)
79.16 (50%)
158.31
Productive use
75.99 (30%)
126.65 (50%)
50.66 (20%)
253.30
Total
91.82
189.97
129.82
411.61
Cumulative*
411.61
319.79
129.82
* calculated from the high to low assurance
The base yield curves for groundwater levels of 10, 20, 30, 40 and 50 m and superimposed
cumulative demands are indicated in Figure 9.2. The curves in Figure 9.2 are different from
those in Figure 9.1 as the base yields are related to groundwater levels instead of
groundwater heads. This was done to facilitate development of simplified and practically
implementable operating rules as explained in section 4.6. The difference between
groundwater head and groundwater level has been explained in Figure 4.6. In Figure 9.2, 10
m in the legend indicates a base yield curve associated with groundwater level of 10 m. Since
the groundwater level is a measure of groundwater system’s response to variable
hydrological conditions, as explained in section 4.6, low and high groundwater levels are also
associated with dry and wet hydrological conditions, respectively. For example, the yield

171

curve associated with the groundwater level of 50 m represents low groundwater level which
can be associated with dry hydrological conditions while that with an initial groundwater level
of 10 m represents high groundwater level due to wet hydrological conditions (Figure 9.2).
Thus, operating rules developed based on the approach followed in this study accounts for
water availability during variable hydrological periods.

In Figure 9.2, letters D, E and F indicate the cumulative water demands at 1:10, 1:50 and 1:100
assurances levels which are shown in Table 9.1. The base yield at 1:100 assurance level
exceeded the demand of 129.82 x 103 m3/annum indicating that the groundwater system can
meet the demands at all given initial groundwater levels (Figure 9.2), hence curtailment will
not be introduced. Superimposing the cumulative demands (light blue line) on the base yield
curves also indicated that the cumulative demand of 319.79 x 103 m3/annum exceeded the
base yield when initial groundwater level dropped to 30 m and below (40 and 50 m). The base
yields at 1:10, and 1:50 assurance levels for groundwater levels below 40 and 50 m were also
exceeded by the cumulative demands (Figure 9.2). This indicated that the system will not have
enough water to be allocated at 1:10 and 1:50 levels of assurance of supply once the initial
groundwater levels dropped to below 40 m. Thus, curtailment of these demands should be
introduced or alternative sources of water supply should be sought once the groundwater
system cannot meet the demands. Ndiritu et al. (2011a) identified run-of-river and harvested
rainwater as alternative sources of water that can be integrated with groundwater to meet
the demands.
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The percentages of domestic, productive, and combined domestic and productive water
demands that can be supplied at 1:100 assurance level at varying groundwater levels are
presented in Figures 9.3, 9.4 and 9.5, respectively. These were obtained by relating the yields
at 1:100 assurance level (extracted from Figure 9.2) and the total annual water demands of
158.31 x 103 m3/annum and 253.30 x 103 m3/annum for domestic and productive water uses,
respectively, from Table 9.1. This assessment was aimed at determining the ability of the
groundwater system to meet all the demands at 1:100 assurance level before curtailments
are introduced.

The curves indicate that all users cannot be supplied when the groundwater level is below
minimum allowable depth of 5 m measured from the minimum groundwater level of 50 m
(indicated by a red line in Figures 9.3-9.5) to prevent overwithdrawal/depletion of
groundwater particularly during the dry hydrological years. This level is equivalent to
minimum operating level used in surface water reservoirs as explained in section 4.6.
Considering that groundwater levels are measured from the ground surface, the minimum
allowable groundwater level in this study is 45 m. In cases where the yield exceeded the
water demand, the percentage of water to be supplied was considered to be 100% (Figures
9.3-9.5). If the yield was lower than the water demand, the percentage of the demand that
can be supplied was computed based on total annual water demand of each user (Table 9.1)
and the available yield at 1:100 assurance level at various groundwater levels (0-50 m) (from
Figure 9.2) using Equation 4.50 as explained in section 4.6. For example, the percentage of
domestic water demand of 90.13% (from Figure 9.3) that could be supplied at 1:100 assurance
level when the groundwater level was 40 m was obtained by dividing the yield of 142.70 x 103
m3/annum (denoted by G in Figure 9.2) by the domestic water demand of 158.31 x 103
m3/annum and converted to percentage.

174

0
5
10

Groundwater level (m)

15
20
25
30
35
40
45
50
0

10

20

30

40

50

60

70

80

90

100

% supply

Figure 9.3: Percentages of domestic water use that can be supplied at 1:100 assurance level
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Figure 9.4: Percentages of productive water use that can be supplied at 1:100 assurance level
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Figure 9.5: Percentages of combined domestic and productive water uses that can be supplied
at 1:100 assurance level
The minimum percentages that can be supplied at 1:100 assurance level when the
groundwater level was 45 m were 86.66, 54.16 and 33.33 for domestic, productive, and
combined domestic and productive uses, respectively (Figures 9.3-9.5). Figures 9.3 and 9.4
indicate that 100% of the individual demands for domestic and productive uses could only be
met up to groundwater level of 30 m while the combined domestic and productive water uses
(Figure 9.5) could only be met up to groundwater level of 20 m, indicating that groundwater
could not meet all water demands at 1:100 assurance level at all times. This shows that
without prioritisation, failure to meet combined domestic and productive water uses at 1:100
assurance level would occur earlier (at groundwater level of 20 m) as compared to failure to
individually supply domestic and productive water uses. Both domestic and productive water
demands need to be curtailed once the groundwater level drops to below 20 m if
groundwater is considered the only source of water supply. This, therefore further justifies
the use of priority classification to allocate water to different user categories. This will also
promote sustainable multipurpose use of water that can enhance rural livelihoods.
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Figures 9.6 and 9.7 show the developed operating rule curves for domestic and productive
water uses. The operating rule curves indicate the annual water allocation for domestic and
productive uses at varying groundwater levels. An example considering the initial
groundwater level of 30 m is given here to provide clarification on how the volume of water
to be allocated for domestic water use (indicated in the operating rule curve) was obtained.
The volume of water to be allocated for domestic water use was calculated based on the yield
curve for initial groundwater level of 30 m (Figure 9.2) and priority classification (Table 9.1)
starting from high level of assurance of supply as follows:


The annual yield of 287.18 X 103 m3/annum at 1:100 assurance level can meet the
total cumulative demand of 129.82 x 103 m3/annum (Figure 9.2) indicating that 100%
of the demands for domestic and productive uses can be supplied without
curtailment. The domestic water allocation at 1:100 assurance level (V100) is therefore
79.16 x 103 m3/annum from Table 9.1.



At 1:50 assurance level, the yield of 309.13 x 103 m3/annum is exceeded by the
cumulative demand of 319.79 x 103 m3/annum (Figure 9.2) and can therefore not fully
meet the demands. This means that domestic allocation at low (1:10) and medium
(1:50) assurance should be calculated using Equation 4.53 following priority
classification. The available yield at 1:50 assurance level (AY1:50) is obtained as the
difference between the yield (Y1:50) at 1:50 assurance level (309.13 x 103 m3/annum)
and cumulative demand at 1:100 assurance level (DT100) of 129.82 x 103 m3/annum.
AY1:50  Y1:50  DT 100
 309.13  129.82   10 m 3 / annum
3

 179.31  10 m 3 / annum
3

The volume of water to be allocated at 1:50 assurance level (V1:50) is obtained as the
sum of curtailed volumes at 1:10 and 1:50 assurance levels based on the AY1:50 as
follows:
 AY
  AY

V1:50   1:50  D1:10    1:50  D1:50 
 DT 50
  DT 50

 179.31  10 3
 179.31  10 3

3


 

15
.
83

10

 63.32  10 3  m 3 / annum
3
3

 319.79  10
  319.79  10

3
3
 44.38  10 m / annum
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DT50 is the cumulative demand at 1:50 assurance level while D1:10 and D1:50 are the
domestic demands at 1:10 and 1:50 assurance levels, respectively from Table 9.1.


The annual yield of 486.50 x 103 m3/annum at 1:10 assurance level can meet the total
cumulative demand of 411.61 x 103 m3/annum (Figure 9.2) indicating that 100% of the
demands for domestic and productive uses could be supplied without curtailment.
The domestic water allocation at 1:10 assurance level (V10) is therefore 15.83 x 103
m3/annum.



The total allocation for domestic use at a groundwater level of 30 m (V30m) was then
obtained as the sum of allocations at 1:100, 1:50 and 1:10 levels of assurance of
supply:
V30m = V100+V50+V10
= (79.16+44.38+15.83) x 103 m3/annum
= 139.37 x 103 m3/annum

If the demands for domestic and productive uses are supplied following the priority
classification they can be met up to a maximum water table depth of 25 m for each case
(Figures 9.6 and 9.7). This is better as compared to attempting to supply both domestic and
productive uses at 1:100 assurance level which increases the risk of failure. Ndiritu et al.
(2017) noted that implementing the operating rule curve to Hluhluwe Dam in Kwazulu-Natal
supply helped to improve the annual water allocation decisions of the dam even during the
2014/2015 drought period. U.S. Army Corps of Engineers (1991) noted that improvements in
operating efficiency of reservoir system operations often offer substantial increases in
benefits. Implementing the operating rule curve as done in Ndiritu et al. (2017) therefore
improved the annual water allocation decisions of the dam even during a period of limited
water availability. In relation to this study, the developed operating rule curves if adequately
implemented, would therefore be expected to improve water supply to both domestic and
productive water uses and hence positively impact on livelihoods.
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Figure 9.6: Operating rule curve for domestic water use allocation
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Figure 9.7: Operating rule curve for productive water use allocation
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9.4 Proposed procedure for implementing of the operating rule curves
The groundwater storage simulation model estimates the average groundwater levels for the
groundwater resource unit. Groundwater levels from a number of boreholes are therefore
required to obtain an average value for the groundwater resource unit in the decision month.
To facilitate implementation of the operating rules, monitoring boreholes equipped with
groundwater level loggers would be required. The proposed procedure for implementing the
groundwater operating rules is as follows:


Obtain groundwater levels from a number of observation boreholes in the
groundwater resource unit and compute the average groundwater level for the
decision month.



Read the value of volume of groundwater that can be allocated for the entire year for
domestic and productive uses corresponding to the average groundwater level from
the operating rule curves in Figures 9.6 and 9.7, respectively.

Implementation of the operating rule curves require monitoring and water supply
infrastructure. Available infrastructure in Siloam Village include a number of private and 2
public boreholes. All private and 1 public boreholes are connected to water tanks with a
typical size of 2500 liters. The number of private boreholes is expected to increase as more
residents strive to meet their water demands from groundwater since surface water supply
is limited. This is expected to increase the abstraction of groundwater. Groundwater
abstractions should therefore be regularly monitored to prevent over-abstraction. Three
monitoring boreholes within the study area are planned to be equipped with groundwater
level loggers. These could assist with implementation of the operating rules in addition to
improving calibration of the groundwater balance model. The proportion of water to be
allocated should be based on expected number of people who are dependent on water from
individual boreholes.
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9.5 Generalisation of the risk-based groundwater operating rules
The procedures followed in developing risk-based groundwater operating rules for Siloam
Village were summarised to assist in their application in any delineated groundwater resource
unit. The summary is as follows:


Determine the existing water uses and their requirements



Delineate a groundwater resource unit, determine its hydraulic characteristics and
develop its hydrogeological conceptual model



Model and/or extend groundwater levels as well as other inputs required for the
water balance such as rainfall and evapotranspiration in case there is no adequate
data (for example in data scarce areas) or obtain long-term time series of groundwater
levels data for a number of boreholes within a groundwater resource unit and other
inputs where available.



Generate stochastic inputs and derive base yield curves



Derive risk-based groundwater operating rules based on stochastic yields

9.6 Chapter summary and contribution
The base yield analysis indicated potential for relatively high groundwater yields with
increased groundwater heads, though it was noted that heterogenous nature of the geologic
environment in the study area may limit the yields even at increased groundwater head. The
groundwater base yield curves were generated for varying groundwater levels that indicate
the state of the groundwater systems for varying hydrological conditions. Operating rules
developed based on the approach followed in this study account for water availability during
variable hydrological periods. Superimposing the cumulative demands on the base yield
curves indicated that not all demands at assurance levels of 1:50 and 1:10 could be met.

The study established that developed operating rule curves if adequately implemented,
would therefore be expected to improve water supply to both domestic and productive water
uses and hence improve livelihoods. The procedure for implementation of groundwater
operating rules has been described in this chapter. Implementing operating rules would
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require monitoring and water supply infrastructure. In Siloam Village, private boreholes are
connected to water tanks while 3 boreholes are being fitted with groundwater levels loggers
to monitor groundwater levels. This would support implementation of operating rules though
additional monitoring boreholes would be required to improve the estimation of average
groundwater levels.

This study developed operating rules for groundwater supply using a risk-based approach,
which is typically used for surface water systems in South Africa. Since the literature review
did not find documented studies on stand-alone stochastic based operating rules for
groundwater supply (see last paragraph of sub-section 2.3.1), this study therefore, closes the
gap on unavailability of risk-based operating rules for groundwater supply. The risk-based
operating rules are of crucial importance in areas that are dependent on groundwater and
they would specifically aid in water resources management during variable hydrological
conditions. With the current climate change predicament in which conditions are expected to
worsen in the near future, risk-based management of groundwater resources particularly
during drought is essential.
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CHAPTER 10: CONCLUSIONS AND RECOMMENDATIONS

10.1 Conclusions
This study aimed to develop risk-based operating rules for groundwater supply using Siloam
Village of Limpopo Province in South Africa as a case study. A groundwater resource unit was
delineated to provide the basis for generating groundwater levels using the GW-PITMAN
model. Its hydrogeological conceptual model was developed and the hydraulic characteristics
were estimated. The hydrogeological conceptual model provided an understanding of the
nature of the groundwater flow and storage environment that was essential for the
development of the groundwater simulation model. The hydrogeological conceptual model
indicated presence of faults and diabase dykes which influence preferential flow paths and
storage of water in the aquifer (Figures 5.4 and 5.5). It was, however, noted that the
knowledge of the extent to which faults and dykes influence groundwater flow and storage is
limited since their thicknesses and depths are unknown.

Automatic curve matching was used to identify appropriate aquifer models and test solutions
for estimating hydraulic characteristics. The aquifer models fitted were generally good, with
mean residual errors ranging from -0.87 to 3.04 m (Table 5.2). This showed that identified
aquifer test solutions can aid in accurate estimation of hydraulic characteristics. The results
indicated that the study area is dominated by leaky aquifer. Fractured double porosity and
single fracture models were also identified. Identification of different aquifer types indicated
that the geologic environment where groundwater is stored in the study area is
heterogeneous. Storativity, transmissivity and hydraulic conductivity values ranged from
0.0003-0.068, 0.78-12.3 m2/day and 0.0740 - 0.460 m/day (Table 5.3), respectively, indicating
limited aquifer storage with potential for local groundwater supply and for private
consumption.

The study area had limited rainfall and groundwater levels data which were some of the major
inputs into the GW-PITMAN model. These data therefore needed to be infilled and extended.
A non-parametric regression (NPR) model was calibrated and validated for use in extending
rainfall data. For extension of groundwater levels, Output Error-Non-linear Hammerstein

183

Weiner (OE-NLHW) system identification model was used. The statistical performance
measures; coefficient of determination (R2), correlation coefficient (COR), Nash Sutcliffe
coefficient of efficiency (NSE), root mean square error (RMSE) and relative error (RE) values
were 0.76, 0.87, 0.75, 3.67 mm and 30% for calibration run of NPR model, respectively (Table
6.1). R2, COR, NSE, RMSE and RE values were 0.7, 0.84, 0.68, 3.03 mm and 29% for validation
run of NPR model, respectively (Table 6.1). Thus, NPR modelling had acceptable and
satisfactory performance based on the assessed measures of performance indicating that the
model can effectively be used for rainfall extension.

The R2, COR, NSE, RMSE and RE were 0.99 and 0.86, 0.97 and 0.93, 0.99 and 0.84, 0.03 and
0.01 m and 0.08 and 0.11% for calibration and validation, respectively, of the coupled OENLHW system identification model (Table 6.3). Most of the scatter points were close to the
best fit line showing good agreement of observed and simulated groundwater levels in both
calibration and validation runs, and therefore indicate less model errors. The graphical fits,
scatter plots and measures of performance generally showed efficient calibration and
validation of the model indicating that rainfall and evapotranspiration can be used to simulate
groundwater levels based on the coupled OE-NLHW system identification model.

A program for monthly generation of groundwater levels was coded in FORTRAN based on
the GW-PITMAN. The GW-PITMAN model has been widely applied in South Africa. A hybrid
manual-automatic approach which involved estimation of realistic model parameter ranges
based on available hydrogeological data in the study area and their optimisation based on
Shuffled Complex Evolution algorithm was used for calibration of the GW-PITMAN model.
Sensitivity analysis was done to identify parameters to be used in final model calibration.
Model calibration was done using the extended and infilled groundwater levels based on
observed data from borehole A8N0508 (Mandala) which is located close to Nzhelele River
upstream of the groundwater resource unit. Model validation was achieved by establishing
the realistic nature of simulated runoff, groundwater recharge and groundwater levels to give
an indication of whether the model is accurately simulating the hydrological processes within
the groundwater resource unit. Lower limit of soil moisture below which no groundwater
recharge occurs (SL), maximum moisture storage capacity (ST), power of the moisture
storage-recharge equation (GPOW) and evaporation-moisture storage relationship (R) were
184

sensitive model parameters while runoff from moisture storage at full capacity (FT) and power
of the moisture storage-runoff equation (POW) were not sensitive. This was likely due to the
fact that FT and POW do not affect runoff generation in semi-arid areas. Groundwater levels,
streamflow and groundwater recharge estimated from the GW-PITMAN model, generally
fluctuated with changes in rainfall. This showed that groundwater levels, streamflow and
groundwater recharge hydrographs estimated in the current study were realistic.

The development of risk-based groundwater operating rules required the generation of
stochastic data. For this, the variable length block (VLB) stochastic generator was applied. The
mean, median, 25th and 75th percentiles, standard deviation, highest and lowest values of
rainfall, evaporation and groundwater levels were mostly well preserved. Highest historic
groundwater levels also indicated that the stochastically generated values were
underestimated for 11 months (Table 8.1). Skewness is the only statistic that was mostly not
well preserved for all variables with historic values for evaporation and groundwater levels
being below interquartile range for 12 months (Table 8.1), indicating that they were mostly
overestimated. This has been explained to be a common problem of weather generators
which can be reduced by including additional covariates that influence atmospheric
circulation.

Analysis of groundwater base yield-recurrence interval relationship and development of riskbased groundwater operating rules followed procedures widely used in South Africa for
surface water reservoirs. The base yield simulations at groundwater resource unit scale
indicated the potential to generally obtain high yields from relatively high groundwater heads.
It was, however, noted that heterogeneous nature of the geologic environment in the study
area may limit the yields even at increased groundwater heads. At a groundwater level of 30
m it was only the cumulative demand at 1:50 assurance level which could not be met (Figure
9.2). Superimposing the cumulative demands on the base yield curves also showed that the
groundwater system could not meet the water demands at 1:10 and 1:50 assurance levels
once groundwater levels dropped to below 40 m. The analysis of percentages of water
demands that can be supplied indicated that groundwater cannot individually supply
domestic or productive water uses at 1:100 assurance level at all times (Figures 9.3-9.5). In
addition, supplying combined domestic and productive uses at 1:100 assurance level is also
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not feasible as it leads to failure to meet the demands once groundwater levels drop to below
20 m. Thus, to promote sustainable multipurpose use of water that can enhance rural
livelihoods, allocating water following priority classification is essential.

Operating rule curves for groundwater supply were derived using a risk-based approach. The
operating rule curves indicated that if the demands for domestic and productive uses are
supplied following the priority classification they can be met up to a maximum water table
depth of 25 m for each case. The developed operating rule curves are therefore expected to
improve water supply to both domestic and productive water uses, if they are adequately
implemented and hence improve livelihoods.

The preceding paragraphs have provided information that support the hypotheses stated in
section 1.5, and indicates that objectives of the study have been achieved. Implementing
groundwater operating rules would require monitoring and water supply infrastructure. In
Siloam Village, private boreholes are connected to water tanks while 3 boreholes have been
planned to be fitted with groundwater levels loggers to monitor groundwater levels. This
would support implementation of operating rules though additional monitoring boreholes
would be required to improve the estimation of average groundwater levels. The procedure
for implementation of the risk-based groundwater operating rules and their generalisation
have been described in sections 9.4 and 9.5, respectively.

10.2 Recommendations
Lack of adequate and reliable data required for proper assessment of groundwater resources
and derivation of groundwater operating rules is a common problem in rural areas of South
Africa. This is despite the fact that most rural areas are dependent on groundwater as they
lack adequate and potable water supply from surface water schemes. Similar studies need to
be conducted in such areas to promote groundwater resources assessment and sustainable
allocation in rural areas. Such studies will also assist in verification of the approach followed
in development of risk-based operating rules for groundwater supply.
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Problems of lack of adequate and reliable data were also encountered in the current study.
Data available for the current study were mostly of short periods and had gaps. This led to
the use of models to infill and extend the data to enable groundwater base yield-recurrence
interval analysis and generation of operating rules. Application of the modelling approaches
for extension of rainfall and groundwater levels in other case studies is essential for further
verification and wide application. The groundwater reservoir modelling using the GWPITMAN model and the stochastic data generation using the VLB model need further testing
and possible modification for purposes of deriving risk-based groundwater operating rules.
To the knowledge of the author, this is the first time that these models have been applied to
derive groundwater operating rules and further testing and verification of the models and the
approach is imperative. This would assist in appropriate decision making with respect to
groundwater allocation and management.

The characterisation of the groundwater resource unit and development of its
hydrogeological conceptual model were also based on limited data. Studies such as
geological/stratigraphic, geophysical and geomorphological surveys, examination of borehole
core drilling samples are required to improve on characterisation of the groundwater
resource unit and development of its hydrogeological conceptual model.

Studies on observation of wellfield performance, identification of groundwater flow
dynamics, characterisation of aquifer media at various scales and groundwater flow and
transport numerical model are also crucial. It is also essential to develop a hydrostratigraphic
subarea model of Siloam aquifer system using fracture network analysis to enhance
understanding of influence of fractures on groundwater flow system
It is important to emphasise that this type of study provides opportunities for further studies
and identifies areas that require improvement in groundwater resources assessment,
development of groundwater operating rules and their implementation. In addition, it
provides baseline information that can be used to guide future studies. These may include
studies focused on additional and extensive field data collection and monitoring. Undertaking
a study of this nature in data-scarce Siloam Village proved to be beneficial as it aided in
establishing initiatives such as installation of monitoring networks for rainfall and
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groundwater levels. The study area can therefore be used as a pilot to showcase practical
implementation of groundwater operating rules. This would also encourage participation of
local communities in management of their water resources. Piloting of the operating rules in
other case studies is recommended to further test their practical application in groundwater
systems. This will promote monitoring, evaluation and refinement of risk-based groundwater
operating rules.
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