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CHAPTER ONE: INTRODUCTION

CHAPTER ONE

Introduction

1.1. Background

The coastal township of Whangamata sources its potable water supply solely from
fractured rhyolites and andesite aquifers. For most of the year the aquifers are not put
under pressure, however large demand over the summer vacation period requires a
greater extraction rate. Approximately 3,555 residents live in Whangamata, however
this balloons out to around 20,000 between December 26" and January 15". In 2003 a
population study was undertaken in which a maximum of 48,385 occupied the town
on December 31% (Baker, 2004). During this peak period water extraction volumes

triple despite heavy water restrictions.

In recent years well water level drawdowns have consistently been below sea level.
As a result sea water intrusion is a realistic threat with the township’s close proximity
to the Pacific Ocean. Of the 7 major bores 6 are located within 500 metres of sea
water. Sea water intrusion has previously been recognized as a major threat with
Thames Coromandel District Council commissioning 4 consultant investigations in
the past 10 years. The primary purpose of the studies was to provide information on
increasing water abstraction to meet demand in a sustainable manner. The studies
provided good information on the aquifer system and because of the lack of any
information to suggest otherwise concluded that the aquifers were largely isolated
from the sea water (PDP, 1995; Rekker and Greig, 2001; Simpson, 2006; Simpson
and Fraser, 2005). Close monitoring was recommended by all the reports to

continually ensure that sea water was not being drawn into the freshwater system.

In late 2005 Waireka Place Bore 2 exceeded its consented electrical conductivity level
and was forced to close. Implemented as a resource consent condition, electrical
conductivity is used as an indicator measurement for sea water intrusion. Although it

measures total dissolved solids electrical conductivity is generally associated with sea
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water in a coastal locality. The consent breach suggests that the aquifers have a close

interaction with seawater and over extraction can be detrimental to water quality.

Since Waireka Place Bore 2 exceeded its consented electrical conductivity limit 2
other bores have shown increasing trends. Sustainable extraction rates are needed in
the bores in order to prevent further loss of water supply in a town already reaching

limits of available water.

1.2. Objectives of study

The main objectives of this thesis are to;
(1) Analyse historical bore water information to determine bore water trends,
(2) Create an empirical model to predict seasonal bore water level fluctuations
and long term trends and
(3) Investigate alternative approaches to meeting water demand in

Whangamata to mitigate any possible sea water intrusion.

1.3. Thesis outline

Chapter two characterizes the study area and geology, climate, bore details and
hydraulic characteristics. Particular emphasis is given to environmental and human

influences on the groundwater system.

Chapter three reviews relevant literature associated with Whangamata groundwater.
Key areas such as sea water intrusion, modelling to determine sustainable pumping
rates, sustainable groundwater management, and integrated management are
reviewed. International and local examples are used to help identify similarities and

best practices in comparable environments.

Chapter four studies the available data regarding bore water abstraction and water

levels.
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Chapter five studies the available data regarding water conductivity. The information
is primarily based on weekly conductivity measurement taken from production bores.

The conductivity is used as a proxy measurement for possible sea water intrusion.

Chapter six presents the development of a model to forecast well water levels. Both
multiple linear regression and neural network models are used and their effectiveness
is compared and discussed. Several pumping scenarios are looked at using the most

effective model to give an understanding of possible future water levels.

Chapter seven discusses possible alternative management options available to

decrease the pressure on Whangamata groundwater.

Chapter eight discusses conclusions and recommendations.
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CHAPTER TWO

Site description

2.1. Introduction

Whangamata is located on the lower eastern coast line of the Coromandel
Peninsula. The Whangamata township lies at the foot of the Coromandel Range
approximately 120km south east of Auckland. The population of Whangamata is
approximately 3,555 (www.stats.govt.nz/census/, 23 December 2006 ). The town
water supply is provided primarily from groundwater. 10 bores are located in
close proximity to the town and abstract water from fractured rhyolite and
andesite aquifers. Of the 10 bores only 6 abstract groundwater all year round, the
remaining four are used primarily during the summer high demand period. Figure
2.1 depicts the location of the well fields. Beverly Hills (3 production bores),
Waireka Place (2 production bores) and State Highway 25 (1 main production
bore) wellfields are used all year round while Manuka Place, Insha Alah and
Wentworth Valley bores are utilised primarily during the summer months
(increased water demand).

This Following chapter describes site specific influences in the groundwater
abstraction including geology, rainfall, hydraulic aquifer information, aquifer
recharge and bore details.



CHAPTER TWO: SITE DESCRIPTION

Insha Alah /- State Highway 25
Bore \A \

el . Waireka Pl@_ce
. L« wellfielg

A~
“Wentworth Vélley"
wellfield /-

el

Figure 2. 1 Whangamata aerial photograph with well locations.

2.2. Geology

Whangamata lies in the Coromandel Volcanic Zone (CVZ), which forms part of
the late Cenozoic Hauraki VVolcanic Region of New Zealand. The CVZ is regarded
as a tectonic precursor to the currently active Taupo Volcanic Zone (Adams et al.,
1994). The CVZ has been the subject of many geological studies (see review by
Skinner (1986), however, none of these have focused directly on Whangamata.
Briggs and Fulton (1990) studied the Tunaiti caldera just south of Whangamata
(Whiritoa) which is the closest study to this research field area. However, based
on bore logs and general Coromandel geology studies (Adams et al., 1994;
Skinner, 1986), Whangamata can be categorised into 2 main rock types;

quaternary sand deposits and tertiary volcanic rocks.

2.2.1. Quaternary deposits

As seen in Figure 2.2, quaternary age (less than 2 million years old) beach,

alluvial and colluvial sediments lie atop the volcanic rocks on the coastal plains.
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Whangamata township is located on top of the sand deposits which range between
6-12m in depth. Deposits of these quaternary sands, silts, muds and clays are also

found in the Otahu and Moanaanuanu estuaries.

2.2.2. Tertiary volcanic rocks

A thick sequence of volcanic rocks occur throughout the Whangamata area, either
exposed in places or below the quaternary deposits. The igneous rocks range from
late Miocene to Pliocene in age and are comprised of ignimbrites, rhyolites and
andesites. Table 2.1 shows the different geological units mapped in the
Coromandel area. Of particular interest to Whangamata hydrogeology are the
rhyolites and andesites.

Table 2. 1 Summary of the regional geological units mapped in the Coromandel, relevant to
Whangamata (adapted from Skinner, (1986))

Stratigrahic unit Age Lithological Description
Group Sub group
Beach Deposits Quaternary Unconsolidated, sandy to muddy; pebbly and
shellybeach ridges
Alluvial and Quaternary Sand; silt, mud and clay with local gravel and
colluvial deposits peat beds
Whitianga Minden Rhyolite Late Miocene to Pliocene Rhyolite flow and dome complexes with
associated breccias and tuffs
Coroglen Late Miocene to Early Ignimbrite flows, pumice breccias and
Pliocene epiclastic sediment
Coromandel Omabhine Late Miocene to Pliocene Predominantly andesitic (some dacite) lava
flows and intrusives
Waiwawa Early late Miocene Andesite and dacite flows and domes with

intercalated tuff.

Whangamata groundwater supply is provided predominantly from fractured
rhyolites. The Minden rhyolites are Miocene to Pliocene age and typified by
widespread rhyolites flows and dome complexes(Adams et al., 1994). Beverly
Hills wellfield extracts water from a rhyolite aquifer while State Highway 25,
Waireka Place and Manuka Place wellfields are located in rhyolite/andesite
transitions zone. The rhyolites can be separated into two separate ‘zones’. The
upper zone has undergone weathering and is clay rich with no fractures present.
The lower zone is hard fractured rhyolite. The upper zone acts as a confining layer
to the lower zone creating a confined fractured aquifer (bore logs attached in
Appendix 1). Figure 2.2 shows the geology of the Whangamata area and bore

locations.



CHAPTER TWO: SITE DESCRIPTION

Fractured Andesite is utilised for groundwater abstraction in Wentworth Valley.
The andesite rocks also show weathering in upper stratigraphy. Andesite at depth
is hard and fractured, although some weathering is still seen at the bores terminal
depth of 180m below ground level (URS, 2006).

Basement rock has not been struck in any Whangamata bores. A 1,100m deep
well in Pauanui (just north of Whangamata) encountered a series of ignimbrites

and rhyolites without reaching basement rock.
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2.3. Rainfall

Whangamata, located at the base of the Coromandel Ranges receives on average
2.1m of rainfall annually. Generally winter months receive the most rainfall (July
average 247.8mm) with summer months having the lowest precipitation (January
average 113.2). Figure 2.3 shows the average rainfall for each month. A notable

focal point of the graph is the elevated February rainfall. Whangamata is subject
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to tropical cyclones during late summer (February-March) which can make
February a particularly wet month. Figure 2.4 below illustrates the rainfall
variability in February over the last 10 years and shows the contrast in years
affected by tropical storms. 2001 and 2003 in particular were subject to large
tropical cyclones which affected the Coromandel, contrasting to 1999 and 2000

which received minimal rainfall.
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Figure 2. 3 — Average monthly rainfall in Whangamata.
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Figure 2. 4 — Total February rainfall (mm).
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2.4. Hydraulic aquifer information

There is limited hydraulic aquifer information available. However some studies
have been conducted, generally associated with consent compliance. Table 2.3
summarises the hydraulic information available and its source. Pumping test
information is available for all bores except State Highway 25 Bore 1 and
Waireka Place wellfield. The table shows a much larger transmisivity than any
other wellfield. Beverly Hills abstracts around 60% of Whangamata’s potable
water supply and the high transmisivity reflects the productive nature of this
wellfield. This high transmisivity is slightly misleading because of the lack of data
for Waireka Place wellfield and State Highway 25 Borel. These bores are the
other main production bores (aside from Beverly Hills wellfield) in Whangamata

and would most probably have a high transmisivity as well.

Table 2. 2 Aquifer parameters measured from previous work.

Transmisivity Storativity

Well field/bore (m°day™) (dimensionless) Source

Beverly Hills 1570 4.4*10™ Montgomery watson, 2001
Waireka Place - - Blueprint 7, 2001

State Highway 25 Bore 1 - - -

State Highway 25 Bore 2 4.1 - pdp, 1999

Wentworth valley 44 1.0%10* URS, 2006

Manuka Place 8 1.0%10° pdp, 2001

Insha Alah 12 2.7*10" pdp, 1997

2.5. Aquifer recharge

The rhyolite and andesite aquifers are presumed to be recharged in the
Coromandel Range. The groundwater flows through the fractured volcanic rock
and discharges somewhere at depth below the ocean floor. For this to be true, the
groundwater would need to be of considerable age. Young groundwater would

suggest vertical recharge through the upper weathered lithology.

2.5.1. Water age

A one off isotope dating of groundwater occurred in May 2000. Tritium isotope
analysis at Beverly Hills wellfield showed that water of greater than 45 years was

sampled (Montgomery Watson, 2001). This suggests the recharge zone is a
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considerable distance from the sampling site, the most likely zone of recharge is

the upper Coromandel Ranges .

2.6. Bore details

2.6.1. State Highway 25 wellfield

The State Highway 25 wellfield consists of 2 production bores (SH-1 and SH-2)
located on the north-west margin of the township. It is approximately 400m south
of the Whangamata Harbour. Both of the bores extract water from a fractured

rhyolite aquifer.

State Highway 25 Bore 1 (SH-1) was drilled in 1991 to a depth of 104m. It has a
200mm diameter steel casing to a depth of 18.6m below ground level. A 150mm
diameter steel casing extends to a depth of 58m of which the bottom 5m are
screened. From 58m to 104m the bore remains open (geological logs for all bores

are located in Appendix 1). SH-1 has a consented pumping limit of 1100m°day™.

State Highway 25 Bore 2 (SH-2) was also drilled in 1991 but not used as an
extraction bore until 2000. SH-2 was drilled to a depth of 150m. However it has a
150mm diameter steel casing for the first 10m and from 10m to 150m remains

open. The bore has a consented pumping limit of just 250m>day™.

2.6.2. Waireka Place wellfield

Waireka Place wellfield is located 500m south east of the State Highway 25
wellfield on the northern edge of town. Consisting of two production bores (WP-2
and WP-3) and one monitoring bore (MP-1) Waireka Place is within 400m of

Whangamata Harbour and 550m of Moanaanuanu estuary.

Waireka Place Bore 2 (WP-2) was drilled in 1993. Unfortunately no bore

information exists other than the hole having a 150mm steel casing. The depth and

10
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screen details are not known. WP-2 has been closed since December 2005 due to

the breach of a consent condition (see Chapter five for full explanation).

Waireka Place Bore 3 (WP-3) was drilled to a depth of 150m in 1992. The bore
has a 150mm steel casing for the top 66m. From 66-150m the bore is open with

no screen at any stage.

The combined consented extraction limit for Waireka Place is 666m>day™.

A 70m deep monitoring bore was installed in 1994 (MP-1) with a water level
transducer. The bore has a 50mm diameter steel casing the full 70m of which the
last 12m is screened. Waireka Place Bore 1 drilled in 1973 (WP-1) has been
abandoned hence the first production bore is called WP-2.

2.6.3. Beverly Hills wellfield

Beverly Hills Wellfield is made up of 3 production bores (BH-1, BH-2 and BH-3)
and 1 monitoring bore (BV-1). The Wellfield is located on the south eastern edge
of the township approximately 450m north of the Otahu estuary and 1200m west
of the Whangamata coastline. All of the bores penetrate into a fractured rhyolite

aquifer.

Beverly Hills Bore 1 (BH-1) was drilled in 1985 to a depth of 105m. BH-1 has a
150mm steel casing to 45m. Below 45m the bore is open with no screen. The well
was widened in 1994 from 100mm to the current 150mm to increase the
extraction capacity. During this resizing the casing depth was altered from 76m up
to 45m. The bore has a pump capacity of 1200m>day™.

Beverly Hills Bore 2 (BH-2) was the first bore drilled in the wellfield in 1964.
The bore has a 150mm casing for the top 26 of 102m. As for BH-1, BH-2 is not
screened, instead just an open hole exists from 25-102m. BH-2 has a pump

capacity of 610m>day™.

11
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Bevely Hills Bore 3 (BH-3) was drilled in 1987 to a depth of 60m. A 200mm steel
casing encapsulates the bore to a depth of 43m. Below the casing two separate
screen intervals of 49-55m and 57-59m are in place. BH-3 has a pump capacity of
2500m°day™.

A monitoring bore (BV-1) with permanent water level transducer was installed in
1994. BV-1 is drilled to a depth of 60m with a 50mm steel casing slotted for the
final 12m.

2.6.4. Wentworth Valley wellfield

The Wentworth Valley wellfield is located 3.2km inland if the Whangamata
Harbour and 1.5km north of the Otahu River southwest of the township. Seven
exploratory wells were drilled in 1999 however only one is currently consented to

extract water (WV-7). All of the bores penetrate fractured andesite.

Wentworth Valley Bore 7 (WV-7) has a 150mm steel casing for the first 52m of
the 130m deep bore. The remaining 78m is an open hole with no screen. WV-7
has a consented extraction limit of 1250m°day™. Currently an application is being
submitted to increase the wellfields extraction volumes (discussed further later in

this chapter).

2.6.5. Moana Point seasonal bores

Two smaller bores are used in Whangamata to cover the high summer demand.
These bores are located close to Waireka Place and State Highway 25 wellfields at
Moana Point.

Insha Alah
The Insha Alah Bore is located 500m east of Whangamata Harbour, north of State
Highway 25. The bore was installed in 1996 and drilled to a depth of 109m. The

bore has a steel casing to a depth of 67.5m after which the bore is an unscreened

12
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open hole. Insha Alah has a consented maximum of extraction rate of 360m°day™.

However for three days per year the bore can extract up to 1000m°.

Manuka Place

Manuka Place has a bore that is also used only in the summer high demand
period. The bore is located 500m southwest of Waireka Place wellfield and 450m
north of the Moanaanuanu Estuary. The 158.5m deep bore was drilled in 1999
with the top 21m having a 200mm steel casing. From 21 — 93m a 150mm steel
casing is in place with the final 65.5m reducing to a 100mm open hole. Manuka
Place has a consented water abstraction limit of 300 m®day™ over 100 days in any

12 month period.

13
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Table 2. 3 Summary of Whangamata bore details

Casing Consented
Bores Monitoring Northing  Easting Installation Total Casing Diameter Screen pumping
wells date depth (m)  depth (m) (mm) depth (m) limit
Wellfield (m*day™)
State SH-1 664117.0 396903.9 1991 104 58 150 5358 1000
Highway
25 SH-2 1991 150 10 150 No screen 250
\F/)\{a"eka WP-2 663944.5 397233.6 1993 Not known Not known 150 Not known .
ace
WP-3 663919.2 397184.0 1987 150 66 150 No screen
MP-1 663947.8 397255.2 1994 70 70 50 78-70 N/A
ﬁﬁl‘f”y BH-1 661240.8 397973.7 1994 105 45 150 No screen
BH-2 661235.2 397932.0 1964 102 26 150 No screen 3000
BH-3 661276.9 397955.3 1987 60 43 200 49-55
BV-1 661257.1 397955.3 1994 60 60 50 48-60 N/A
Wentworth
Valley WV-7 643825.0 276300.0 1999 130 52 150 No screen 1250
Insha Alah Insha Alah 663701.8 396847.4 1996 109 67.5 150 No screen 360
Manuka 200 &
Place Manuka Place 663701.7 396874.4 1999 158.5 21+72 150 No screen 300

14
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CHAPTER THREE

Literature Review

3.1. Introduction

Coastal aquifers act as the main potable fresh water supply in Whangamata. When
managed correctly coastal groundwater can provide an area with the required
fresh water. However poor management or high water demand can lead to
deterioration in the resource. Coastal townships are prone to an increased

population over summer months resulting in a high demand on water resources.

A coastal aquifers boundary with saline seawater is known as the fresh/seawater
interface. There is abundant literature involving this topic because of the
importance coastal aquifers in some regions. The fresh/seawater zone lies in
equilibrium unless a change in water flow occurs. There are many possible
reasons for a change in water availability such as Landuse change, climate change
and more commonly, exploitation. Over Exploitation of fresh water aquifers leads
to the inland migration of the fresh/saltwater interface. This results in a

deterioration of water quality that can lead to well abandonment.

In order to maintain and the fresh/seawater interface in equilibrium, a sustainable
pumping rate is needed. Groundwater modelling has been used to identify
sustainable pumping rates based on site hydrological information. A variety of
models are used in literature depending on site parameters. When there is a large
amount of information available, a conceptual or numerical model can be used.
However often data is limited and other methods are investigated. Multiple linear
regression and artificial neural networks are examples of ‘black box” models used

when site information is limited.

Integrated water resource management can help to reduce pressure on coastal
aquifers. Alternative water sources such as rainfall tanks, unconfined sand lens
aquifers, and artificial recharge have been used to supplement main water supplies

in different cities.

15
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The purpose of this chapter is to review the literature related to:
- Seawater intrusion,
- Modelling coastal aquifer to define sustainable pumping rates and

- Integrated approaches to coastal groundwater resource management.

3.2. Sea water intrusion

3.2.1. Coastal aquifers and seawater interaction

Coastal aquifers can serve an important purpose to seaside populations, providing
a fresh water resource in an area which may be devoid of other potable water
sources. Groundwater is generally considered a renewable resource. However this
is only the case in a coastal aquifer when an equal balance exists between
recharge and discharge in the aquifer. Extracting water in a sustainable manner
results in an underground, beneficial reservoir that can be used indefinitely.
Extraction above a safe yield can cause deterioration in water level and more

importantly quality due to seawater intrusion (Ergil, 2000).

Most coastal aquifers interact with seawater as it discharges below the ocean floor.
The transition zone between fresh and seawater is illustrated in Figure 3.1.
Although not to scale it does show well the interaction as lighter freshwater rides
up the heavier (due to more dissolved solids) seawater. Under steady-state
conditions a state of equilibrium is established between seawater and freshwater
(Demirel, 2004). However a change in conditions can lead to migration of the

interface.

16
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Figure 3. 1 Fresh/seawater interface. Not to scale

3.2.2. Fresh/salt water interface migration

Migration of the fresh/salt water interface is due to a change in available water. A
retreating sea level can move the interface seaward while more commonly a lack
of fresh water shifts the boundary inland. Inland migration of the interface or ‘salt
water intrusion’ can be detrimental to coastal water supplies extracted from the
aquifer. Salt water intrusion has multiple causes which can be either naturally or
human induced. The major threat to Whangamata groundwater is through over
exploitation. As such relevant literature will be discussed associated with this

topic

Over Exploitation

The most common cause of seawater intrusion in coastal aquifers is through over
extraction of freshwater. Freshwater can be exploited through poor management
or a lack of knowledge about the aquifer. The critical problem associated with this
form of saline intrusion is the potential to contaminate the extraction zone. Once
the resource is corrupted it can take a long duration for sea water to recede during
which time the well fields have to be abandoned (Park et al., 2005).

17
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Over extraction in coastal aquifers is a world wide problem. Italy (Capaccioni et
al., 2005), Greece (Petalas and Lambrakis, 2006), Korea (Park et al., 2005),
Turkey (Demirel, 2004) and Tunisia (Trabelsi et al., 2005) all have recent cases of
sea water intrusion. New Zealand having a coastal dominated population is also
subject to a migrating interface due to pumping (Wilson et al., 2006). Saline
intrusion is a global environmental issue. Table 3.1 lists some recent studies
undertaken due to the over exploitation of a coastal aquifer. As can be seen by the
table, a variety of countries with coastal areas suffer from overexploitation of

coastal aquifers.

Table 3. 1 Recent studies undertaken on migration of the fresh/seawater interface.

Location Study

Kyuhu, Japan (Don et al., 2005)

Tallin, Estonia (Karro et al., 2004)
Tunisia (Trabelsi et al., 2005)
Thrace, Greece (Petalas and Lambrakis, 2006)
Korinthia, Greece (Voudouris, 2006)
Northern Greece (Kallioras et al., 2006)
South Korea (Park et al., 2005)

Jeju Island, Korea (Kim et al., 2003)
Mersin, Turkey (Demirel, 2004)

Sicily, Italy (Capaccioni et al., 2005)
Tamil Nadu, India (D'Ozouville et al., 2006)
Dead Sea, Jordan (Batayneh, 2006)

Kapiti Coast, New Zealand | (Wilson et al., 2006)

18
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3.3. Modelling to determine sustainable pumping rates

3.3.1. Introduction

Models to determine sustainable pumping rates are of high importance in coastal
aquifers to predict saline intrusion. The main criteria in modelling coastal water
extraction is to optimise pumping rates. Despite being a valuable resource,
groundwater is still demanded at a higher rate than is generally available. As well
as resident populations around coastal areas, summer periods result in an influx of
holiday makers. New Zealand is a prime example of this coastal population
expansion with the classic ‘kiwi’ summer holiday general involving a coastal
location This over demand drives the first criteria to pump as much groundwater
as is sustainable (Mantoglou, 2004). Various models achieve this through
different solutions. Various solutions are generally driven by study site
information. A high level of information about the aquifer and its seawater
interaction allow a detailed model with large number of parameters. However
limited information often requires a different approach using statistical methods or
other means as a modelling tool.

3.3.2. Numerical models

Numerical models are regularly used in coastal aquifers where there is a large
amount of information. Using Zhou (2003) as an example, detailed bore logs
define aquifers and three aquitards in the Leizhouz peninsula, China. A relatively
uniform geology of the aquifers allows accurate hydraulic information(Zhou et al.,
2003). Detailed pumping history and water level information allow a quasi-three
dimensional finite element model with 457 nodes, and 833 elements to simulate

groundwater levels in the aquifer.

The major advantage of a numerical model is that it uses a physical model of the
coastal aquifer. Interactions are modelled between studied variables which create
a greater understanding of the study site. As apposed to a ‘black box’ method
which provides an answer without any physical model of the groundwater field.

For this reason numerical models are widely used to create a greater
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understanding of a particular study site. However the main constraint is the large
amount of information needed in order to generate a realistic forecasting tool.
This information is often not available and other modelling options may have to

be investigated instead.

3.3.3. Multiple linear regression

Sustainable pumping rates can be modelled using regression methods. Uddameri
(2007), uses regression to forecast water levels in a south Texas bore. Water
levels in relation to abstraction rates are important to be able to predict in order to
prevent over exploitation (Uddameri, 2007).

Multiple linear regression (MLR) is a widely used modelling approach in
hydrological studies when data is limited. A *black box’ model, MLR uses simple
linear weightings for independent variables to generate a relationship with
dependant variables.
y=bix; + oo+ ... + bpXp + C

The regression equation (above) where y is the dependant variable, b is the
independent variable, x is the regression weighting for the independent variable
and c is the initial starting point. Because of its simplicity often studies utilising
MLR are compared to other advancing methods such as neural networks (Maier
and Dandy, 2000; Riad et al., 2004a; Uddameri, 2007).

Shao and Campbell (2002) use regression methods to model groundwater trends
in Western Australia. Segmented regression is used to model salinity in the
vulnerable agricultural lands of South Western Australia. The results show that
using regression can effectively model for sustainable pumping rates.

Limitations

The major limitation with using MLR is that it uses a linear relationship between
independent and dependant variables. MLR cannot be used to model non-linear
trends. Unfortunately hydrological processes do not normally have linear

relationships which make MLR difficult to employee. The other major limitation
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of MLR is the ‘black box’ nature of the model. Unlike a numerical model, MLR

does not give an insight into physical properties of a study area.

3.3.4. Artificial neural networks (ANN’s)

Introduction

Artificial neural networks are used in literature to predict sustainable pumping
rates. There is abundant current literature on sustainable yields in groundwater
management (Coppola et al., 2007; Giustolisi and Simeone, 2006; Hani et al.,
2006; Karahan and Ayvaz, 2006; Nayak et al., 2006; Rao et al., 2006). Artificial
neural networks are becoming an integral part of water resources and are used to

forecast sustainable pumping rates from coastal aquifers.

The concept for using artificial neurons was developed in 1943 (McCulloch and
Pitts, 1943). However it was not until the late 1980’s that artificial neural network
applications were researched in depth following the development of back
propagation training algorithms for feed forward ANN’s in 1986 (Rumelhart et al.,
1986). ANN’s can thus be considered a relatively new method for predictions and

forecasting.

Assuming adequate data and a specific theoretical knowledge of the problem is
available then a full numerical model is normally the most desirable method for
hydrological forecasting. However a lack of data or high complexity of the
problem decreases theoretical understanding and statistical approaches are
required. Previously multiple linear regression was a standard procedure. ANN’s
have been shown to be effective alternatives to more traditional statistics such as

regression (Maier and Dandy, 2000).

A variety of ANN models exist that are currently being used in the literature.
Multiple layer perceptron, radial basis function (RBF) and general regression
neural network (GRNN) are the most widely used. The main focus of this study is
on multiple layer perceptron models, as such other models will not be discussed in
detail.

21



CHAPTER THREE: LITERATURE REVIEW

Multilayer perceptron design

Multilayer perceptron is perhaps the most popular network architecture in use
today, due originally to Rumelhart (1986). The multi layer perceptron can be
trained to approximate virtually any smooth measurable variable (Gardner and
Dorling, 1998). Unlike other statistical techniques the multilayer perceptron
makes no prior assumptions concerning the data distribution. It has the ability to
model highly non-linear functions (calibration) and can be trained to accurately
generalise when presented with new, unseen data (validation). These features of
the multilayer perceptron make it an attractive alternative to using statistical

techniques or developing complex numerical models(Gardner and Dorling, 1998).

The MLP model is made up of a system of interconnected neurons, or nodes.
Figure 3.2 illustrates nonlinear mapping between an input node (independent
variable) and an output node (dependant variable). The nodes are connected by
weights and output signals which are a function of the sum of inputs to the node
modified by a simple nonlinear transfer, or activation function. The addition of
many simple nonlinear transfer functions allows the model to approximate
extremely non-linear functions. Due to its easily computed derivative a commonly
used transfer function is the logistic function (as shown in figure 3.3). The output
node is scaled by the connecting weight and fed forward to be an input to the
nodes in the next layer of the network. This implies a direction of information
processing, hence the multilayer perceptron is known as a feed-forward neural
network (Gardner and Dorling, 1998).
Input layer Hidden Layers Output layer

{=14, &, &]1=input vector
2=[0,,0, ] = output vector

Figure 3. 2 Multilayer perceptron framework taken from Gardner and Dorling (1998).
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Figure 3. 3 The logistic function y=1/(1-exp(-x)) taken from Gardner and Dorling (1998)

The Back Propagation Method

The most widely used method for training a multilayer perceptron model is the
back propagation algorithm. In back propagation, the gradient vector of the error
surface is calculated. An error surface as illustrated in figure 3.3 can be described
as the 3 dimensional plotting of the network error. The gradient vector points in
the direction of steepest decent from the current point, so a short movement along
it will decrease the error. A sequence of such moves will eventually find a
minimum of some sort which is viewed as the lowest possible error. In practise
most problems are much more complex and a plot of the errors is not possible due

to the large number of weights. Instead the back propagation algorithm is used.

Waight 2

Weight 1

Figure 3.4- An error surface for a two weight multilayer perceptron. Taken from Garder
and Dorling (1998).
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Applications in water resources

ANN’s have been increasingly used to replace conventional statistical methods
such as regression. Table 3.2 lists studies undertaken using ANN’s since 2004 in
the field of water resources. Many of the studies compare conventional methods

with ANN’s to improve previous models (Pereira and dos Santos, 2006).

Riad et al (2004a) compared an ANN model with a more traditional multiple
linear regression model. The study in Morocco was restricted due to the lack of
data in much the same way as Whangamata. Due to the lack of information a
numerical model was not practical and the previous standard model was multiple
linear regression. The ANN model proved superior to the regression model. The
ANN approach is similar to regression in that it is a generic technique for
mapping the relationships between inputs and outputs without the need to know

the details of these relationships between the parameters(Riad et al., 2004a).

Several studies over the last 2 years have compared traditional statistical models
with MLP. The main benefits of the MLP model are the simplicity and limited site
data needed to create an effective model. Huang et al (2004) used an MLP model
to improve accuracy in flow forecasting for the Apalachicola River in Florida,
USA. The previously used model was an autoregressive integrated moving
average (ARIMA) forecasting model. The ANN provided a more accurate
forecasting tool than the more traditional ARIMA model. The correlation
coefficients were high for the ANN models with 0.98, 0.95, 0.91, 0.83 for daily,
monthly, quarterly and yearly forecasting respectively(Huang et al., 2004).
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Table 3. 2 Artificial neural network studies related to water resources from 2004-present.
The abbreviations in column two are as follows. Artificial neural network (ANN), Multilayer
perceptron (MLP), radial basis function (RBF), generalised regression neural network
(GRNN) and root mean squared neural network (RMSNN).

Area of study ANN Study
Suspended sediment MLP (Cigizoglu, 2004)
(Tayfur and Guldal, 2006)
MLP and RBF | (Alp and Cigizoglu, 2007)
RBF (Cigizoglu and Alp, 2006)
River flow forecasting GRNN (Cigizoglu, 2005)
MLP (Huang et al., 2004)
(Nour et al., 2006)
(Riad et al., 2004a)
RBF (Moradkhani et al., 2004)
Groundwater modelling | MLP and RBF | (Daliakopoulos et al., 2005)
MLP (Yan and Minsker, 2006)
MLP (Nayak et al., 2006)
MLP (Rao et al., 2006)
water quality MLP and RBF | (Chaves et al., 2004)
Desalination RBF (Chen and Kim, 2006)
Drought forecasting RMSNN (Mishra and Desai, 2006)
Rainfall-runoff MLP (Parida et al., 2006)
(Pereira and dos Santos, 2006)
(Riad et al., 2004b)

Limitations

ANN’s have several limitation that restrict its use and need to be considered

before studies are undertaken using the neural network method.

ANN’s have been described as the ultimate ‘black box’ model for prediction
purposes. Unlike numerical or conceptual models, physical properties and
parameters of a study area are not enlightened by using ANN’s. The models do
not take into account any field characteristics unless used as input variables. The
purpose of an ANN is to provide accurate predictions as apposed to actual physics.

Despite needing less data than a numerical model an ANN is still bound by the

data set. In an ideal situation infinite training and validation data would be
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available to produce the best model. However this is never the case and several
factors relating to the data set can create major errors in an ANN. Often site
characteristics change over time and training data is typically historical. If
circumstances have changed, relationships that held in the past may no longer
hold.

Another limitation relating to the data set is that all relevant eventualities must be
covered. A neural network can only learn from cases that are present. For example
when trying to predict extreme drawdowns in a well, say over 50m the model
must have similar data in the its training set. If no similar responses have been

seen before then the model will not be an accurate predictive tool.

An important limitation to note is that a neural network learns the easiest features
it can to produce the correct output. The classic example of this is a vision project
designed to automatically recognise tanks. A neural network is trained on two
hundred pictures, half of which contain tanks. The training achieves 100%
accuracy. However on validation it performs poorly. The reason is that the
original pictures of tanks were all taken on overcast and rainy days while the
pictures without tanks were sunnier. The model was not selecting tanks it was
selecting light intensity. To be an effective tool, a training set needs to incorporate

a wide range of variations.

ANN models suffer from the same over fitting (over learning) as multiple linear
regression. Often in the testing or calibration stage a wide range of input variables
are used which each marginally increases the accuracy. However when validation
is undertaken the model performs poorly because it is taking into account to many

variables with little relevance to the actual information.

Although there are limitations associated with ANN models. When used correctly

they can be effective tools for forecasting data with limited information.

26



CHAPTER THREE: LITERATURE REVIEW

3.4. Integrated approaches to coastal aquifer management

3.4.1. Introduction

Although groundwater is the primary freshwater resource in Whangamata and
many coastal aquifers, its vulnerability means that other options should be
assessed. An integrated water strategy involving several water resources can
reduce groundwater abstraction, allowing sustainable pumping in high demand
times. The following list of possible integrated water resources are examples that
hold relevance in a small coastal town such as Whangamata.

i) Rainfall tanks,

i) Unconfined coastal sand aquifer and

iii)  Aurtificial recharge

3.4.2. .Rainfall tanks

The use of individual household rainfall tanks is in no way a new technology. It is
almost a step backwards to suggest this as a viable alternative. Prior to main town
water supplies providing water, most households relied on rainfall tanks as the
sole water source. Currently a large number of rural households and small towns

in New Zealand still rely on individual tanks as a means of freshwater.

The obvious disadvantage of rainfall tanks is that they require rainfall. The high
demand period as previously outlined is during summer months, characterised by
low rainfall. However with Whangamata being located at the foot of the
Coromandel Ranges it does receive around 2 metres of rainfall per year. A
standard sized household tank would provide most of the required water with the
possibility of groundwater only being used during low rainfall periods. This
would allow aquifer recovery during the winter and substantially less abstraction

all year round.

Several states in Australia are suffering a heavy drought period. Currently in
Canberra it is a requirement for new houses to install rainfall tanks. In Victoria
new houses must install either a solar heating system or rainfall tanks and in New

South Wales rebates and government assistance is aiming to reduce reticulated
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water supply by 40% (www.dwlbc.sa.gov.au, 3 December, 2006) This reduces

demand and eases some of the pressure on the main water supply

Meadows, a small town in South Australia has incorporated rainfall tanks into the
entire town. The town does not have a reticulated supply and connecting to the
cities would be too costly. Instead rainfall tanks are used for all potable sources
and a combination of stormwater and recycled effluent are used for non-potable
supply such as toilet flushing. The main advantage of this approach is that the
town will be able to generate enough water as the population increases as apposed

to regularly having to increase a reticulated supply (Marks et al., 2006).

3.4.3. Unconfined sand aquifer/artificial recharge

The primary water shortage period in most coastal areas, especially New Zealand
IS during the drier summer months. Populations increase in coastal areas as a
result of typical holiday periods (Christmas, New Year public holidays). The main
peak demand period only last 3-4 weeks, an alternative water source may only be
needed for this short period. An unconfined sandy aquifer could be used for such
a situation. Some coastal towns have a sand lens (Whangamata) that sits on top of
the main rock lithology. By extracting water from this 5-10m thick sand lens it
could be possible to supplement normal abstraction to reduce drawdowns in the

main production bores.

The unconfined sand aquifer could also be used for artificial recharge. Artificial
recharge involves pumping water back into an aquifer during low demand periods,
which can be extracted when water resources are in high demand (Bouwer, 2000).
During winter months excess water can be added to the unconfined aquifer to
allow for abstraction over the Christmas holiday period. However investigation is
needed to characterise the unconfined aquifers relationship with the ocean and the

underlying aquifers.
Artificial recharge has been used to increase supply and reduce over exploitation

risk. In several instances reclaimed waste water has been used as a water source

for the artificial recharge (Sheng, 2005; Tapias et al., 2006). Whangamata
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however is not short of high quality fresh water during the winter months. Water
storage through artificial recharge would be more appropriate in Whangamata.
Bouwer (2000) discusses the difficulties surrounding artificial recharge in third
world countries due to a lack of money and water. Whangamata is not lacking
water which makes this alternative appealing. Artificial recharge case studies
have shown that used correctly the (Ambast et al., 2006; Masciopinto, 2006;
Phien-wej et al., 1998) recharge can prevent groundwater decline while also

providing additional water for abstraction.

3.5. Summary

Modelling to determine sustainable pumping rates in coastal aquifers is driven by
the threat of seawater intrusion. Various types of models are used throughout the
literature from numerical models to empirical models such as multiple linear
regression and artificial neural networks. This review focussed on the empirical
approach due to the limited data set available. Multiple linear regression is a more
traditional forecasting tool used in water resources studies. Artificial neural
networks are a relatively new ‘black box’ approach and are being used frequently
in (water resources) current literature. Often regression models are used as

comparisons in neural network modelling.

Integrated approaches such as rainfall tanks or artificial recharge of an unconfined
aquifer been implemented in areas and are of key relevance to Whangamata. The
need to reduce summer abstraction could be solved though using these approaches

as it has been in other areas.
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CHAPTER FOUR

Bore abstraction volumes and water levels

4.1. Introduction to the Whangamata groundwater data set

The data set received from Thames Coromandel District Council spans 6 years from
May 2000 to June 2006. The data set is located in Appendix 2 and forms the basis of
the research data for the Whangamata area. The data is consent related so that all the
measurements recorded are due to consent conditions for each bore or wellfield.
Different measurements are taken with different frequencies depending on the

condition and a summary is listed below in Table 4.1.

Table 4. 1- A summary of the type of data collected and its frequency for each bore in
Whangamata.

Measurement Units Frequency

Total pump hours Hours Daily

extraction Volume m® Daily

pH pH Weekly

Conductvity mS/m Weekly

Aquifer water levels m Weekly
4.2. Introduction to the well water level data

4.2.1. Well water level data

Aquifer water level data is recorded in metres below the top of the bore. The data was
converted to metres above sea level once acquired for this research. An important
point to note is that the aquifer water levels are taken during periods of both ‘non-
pumping’ and ‘pumping’. As a result the water levels can show a great deal of
fluctuation between measurements depending on the status of the pumps. Figure 4.1
illustrates this mode of monitoring. The different water levels can clearly be seen
when measurements are taken with either the pumps turned on or off. The pump status

is not recorded in the data set. It is only by plotting a time series of the water levels
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that it is possible to see whether measurements were taken with the pump turned on or
off.

The time of pumping and water level measurements are also not recorded. For
example on the 1% of May 2000 the pump on Beverly Hills Bore 3 ran for 5.43 hours
and the water level was measured to be 5.3m below the top of the bore. The 5.43
hours could have occurred at any time during the day. The water level could have

been taken during the pumping or outside the pumping time but this is not recorded.

The data set is not totally complete and contains large gaps of information especially
in the early years. From May 2000 until the 6™ August 2001 pumping volumes are
recorded as total wellfield volumes as apposed to individual well extraction.
Individual well extractions are not recorded until after August 2001. This is by far the
largest gap in data however there are several others including a month (June 2004)
where no information was recorded at all. In June 2004 monitoring contractors
changed from Waste Management to United Water. During this period no

measurements were taken.
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Water level measured with pump turned off
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Figure 4. 1 Beverly Hills Bore 3 well water levels (metres above sea level). Note the distinct
difference between measurements when the pump is turned on and off

4.3.

43.1.

Bore water abstraction and water levels

Beverly Hills abstraction volumes

Beverly Hills Wellfield provides approximately 60% of Whangamata’s water supply.

Containing 3 bores, the wellfield extracts around 500,000m? per year. The 3 bores are

consented as a combined wellfield as opposed to other wellfields such as State

Highway 25 which has individually consented bores.

The total consented extraction volume for Beverly Hills is 3000m>day™. Beverly Hills

is similar to all other bores in Whangamata in that it only reaches this capacity for the

weeks during December — January. Table 4.2 shows the largest volumes extracted

between 29" December and 4™ January. The consented limit of 3,000m3day™ is

breached every summer (Figure 4.2 also shows the breached consented limit) except

for 2004-2005 where another wellfield (Wentworth Valley) was undergoing a

pumping test. The weekly limit of 21,000m® (seven days at 3000 m>day™) is also
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exceeded in 4 of the 6 recorded summers. Consented limits have been surpassed with
verbal permission from Environment Waikato (Consenting authority) on the basis that
a pump test is taking place to test the aquifers potential. Unfortunately no pump test
related measurements have been recorded with the exception of one summer (2001)
where Montgomery Watson conducted a long term pumping test (see Chapter 2 for
pump test results).

Table 4. 2 - Peak extraction and annual volumes abstracted from Beverly Hills Wellfield.

Year (1st 29th Dec - 4th Jan Maximum daily volume

July - 30th (21,000m* extracted (3000m° Total annual
June) consented) consented) volume (m3)
2000-2001 31219 4666 558706
2001-2002 21048 3770 505408
2002-2003 26212 4180 504448
2003-2004 28480 4804 503035
2004-2005 15480 2628 472933
2005-2006 19408 3078 450459

Beverly Hills Bore 3

Beverly Hills Bore 3 (BH-3) is currently the main extraction bore. BH-3 is pumped
daily with few exceptions. The bore provides all of the extracted water from Beverly
Hills during low demand periods with BH-1 and BH-2 only being used over the peak
summer period. This pumping regime has only been in place for the past 2 years.
Previously all of the bores were pumped simultaneously to meet demand.
Consequently extraction volumes have increased from BH-3 during the 2 years while
BH-1 and BH-2 have decreased to almost nil. Figure 4.3 shows all 3 bores and a

moving average of their daily extraction volume.
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Figure 4. 2 - Daily water abstraction from Beverly Hills Wellfield (m®day™)
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Figure 4. 3 20 day moving average of abstracted water volumes from BH-1, BH-2 and BH-3

Beverly Hills Bores 1 and 2

34



CHAPTER FOUR: BORE ABSTRACTION AND WATER LEVELS

Beverly Hills Bore 1 (BH-1) is currently used only during peak demand periods.
Despite previously being used daily, BH-1 was only used for 4 days in 2005. Beverly
Hills Bore 2 (BH-2) is also only used during high demand times having not been
pumped since January 2005. BH-1 and BH-2 are capable of much greater extraction
and were previously used in conjunction with the third bore (BH-3). Figure 4.3 shows

the dominance BH-1 used to have compared to the very low current extraction.

4.3.2. Beverly Hills well water level trends

Beverly Hills Bore 1

Beverly Hills Bore 1 water levels show both seasonal variation and long term decline.
Seasonal trends are evident where the drawdowns are reflecting abstracted volume.
Summer peak demands cause the largest drawdowns while winter low demands result
in a recovering well water level. The largest summer drawdown occurs in January
2004 (13.3m) coinciding with the largest volume pumped from Beverly Hills
wellfield (28,480m?* in 7 days).

The well water level recoveries show a greater variation after December 2004. This is
due to the change in pumping regime where BH-1 ceased abstracting water (except
for several days during the high demand period). The upper water level after
December 2004 is measuring a drawdown effect from BH-3 not from BH-1 pumping

volumes.

The long term trends evident in Figure 4.4 show that the upper water level (measured
while no pumping is occurring) is lowering over the observed record. The winter
recoveries become consistently lower each year with the average well water level
decreasing to below mean sea level. It should be noted that the since December 2004
the water level decline has been a result of the change in pumping regime as

mentioned above.
The lower water levels (pump turned on) long term trends are relatively flat with a

slight decrease over the time series. There is only limited data for the lower set due to
the lack of abstraction from BH-1 after December 2004. Essentially BH-1 became a
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monitoring bore after it stopped pumping in 2004, ceasing measurement taken while
pumping.
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Figure 4. 4 - Beverly Hills Bore 1 water levels (m.a.s.l)

Beverly Hills Bore 2

Beverly Hills Bore 2 reacts slightly differently to other bores in Whangamata. The
seasonal fluctuations are larger than daily drawdowns. This means that measurements
taken when the pump is turned on and turned off are difficult to distinguish. At most
other bores (as seen earlier with BH-1), the water levels can clearly be defined as
either taken during pumping or ‘non-pumping’. Figure 4.5 illustrates the variation in
seasonal trends (from winter recovery to summer drawdowns) is easily distinguished,

where as the measurements taken during different modes of pumping are not as clear.

The long term trend, displayed as a quadratic fit on Figure 4.5 shows the water level
decline between 2000 and 2004. In recent years however (since 2004), BH- 2 has
barely been used. The last day used for extraction was January 22, 2005. A recovering
water level is prominent from this point onwards. Summer drawdown does still occur
in the summer of 2005/2006 due to BH-1 and BH-3 abstracting water in close
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proximity. BH-2 water levels are influenced predominantly by BH-3 and occasionally
BH-1 abstraction (after January 2005).

Well water level (m.a.s.l)

U BH-2 ceased
pumping

Dec-2000 Dec-2001 Dec-2002 Dec-2003 Dec-2004 Dec-2005
Date

Figure 4. 5 — BH- 2 water levels (m.a.s.l) with a linear fit to data prior to July 2004.

Beverly Hills Bore 3

Currently the main bore in Beverly Hills, BH-3 recorded the largest drawdown in the
wellfield at 14.1m below sea level. The large drawdown occurred over the last
summer pumping period when only BH-3 was abstracting water. Figure 4.6 plots
water levels of BH-3 with the large drawdown prominent near the end of the record.
Increased summer drawdowns appear as a trend in Figure 4.6. The first summer
recorded (2000/2001) is surpassed by 2002/2003 which in turn is surpassed by
2003/2004 and 2005/2006 has the largest recorded drawdown. The increasing trend is
caused by two modes of pumping. Firstly, between 2001-2004 peak summer pumping
volumes increase annually resulting in deeper drawdowns. However both 2004/2005
and 2005/2006 summers had considerably less water extracted (see Table 4.2). The
increased drawdowns in these summers are caused by only pumping from BH-3. By

increasing the abstracted volume at BH-3, water levels have decreased.
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The increased pumping from BH-3 has resulted in declining lower (pump-on) water
levels. Figure 4.6 has a linear plot through the lower water levels which shows
considerable decline. The decrease in water levels is worrying in terms of drawing
water in from further away. However the upper water level (no-pumping) long term
trend appears very static showing good recovery. So despite an increased drawdown
each summer during high demand periods, the aquifer water levels appear to recover

to previous levels.
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Figure 4. 6 - Beverly Hills Bore 3 water levels (m.a.s.l)

4.3.3. Waireka Place abstraction volumes

Waireka Place Wellfield has had a major change in its pumping regime as of
September 2005. Waireka Place Bore 2 (WP-2) exceeded its consented electrical
conductivity trigger level for water quality. The bore was closed and has not been re-
opened since, leaving WP-3 as the only production bore left. WP-2 has a pumping
capacity twice that of WP-3. Its loss has resulted in a major decrease of abstraction
from the wellfield. As can be seen in Table 4.3, the 2005-2006 pumping season only

extracted 57% of the previous year’s volume. Table 4.3 also shows that Waireka Place
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does not reach its consented extraction capacity of 243,090m? or get close. The largest
abstraction year drew 145,399m* of groundwater, almost 100,000m* less than
consented. Again, Waireka Place like other wellfields in Whangamata reaches its
maximum abstraction volume during the summer (see table 4.4) when holiday makers

significantly increase the town’s population.

Table 4. 3 - Waireka Place annual water abstraction (m® from July 1 - 30th June to incorporate
a full summers pumping in each year.

Year (1st July - 30th June) Abstraction Volume (m°)

2000-2001 124035
2001-2002 138324
2002-2003 145399
2003-2004 134413
2004-2005 126530
2005-2006 72636

Table 4. 4- Average daily water abstraction (m*day™) from Waireka Place. The 2 bold numbers
refer to pumping after WP-2 was closed.

February - November December -January

Year (m°day™) (m®day™)
2000 323 566
2001 307 491
2002 368 638
2003 318 628
2004 330 325
2005 330 202
2006 156

39



CHAPTER FOUR: BORE ABSTRACTION AND WATER LEVELS

400

350

Waireka Place Bore 2 stopped

300

250

200

150

Extracted Volume (m%)

100

50 1

Dec-2000 Dec-2001 Dec-2002 Dec-2003 Dec-2004 Dec-2005

Date
Figure 4. 7- Water abstraction from WP-3 (m®day™).

WP-3 has a relatively small extraction capability. With a peak extraction around
300m®day™® WP-3 ranks 7th of 10 production bores in Whangamata. It has the
smallest extraction rate of the ‘year-round’ consented bores. However, since the
closing of WP-2 extraction has increased to meet the town’s demand. Figure 4.7 plots
daily abstraction volumes and an increasing trend is evident. Since late 2005 it can be
seen that WP-3 has increased the volume of extracted water. Although the volume is
not close to the consented limit (666m°day™) it is more than has ever been pumped

from WP-3 in a previous years.

4.3.4. Waireka Place well water level trends

Waireka Place Bore 2
WP-2 closed in 2005 due to exceedence of consented electrical conductivity. Before

2005 this bore was the main extraction well from Waireka Place. There is potential to

extract from the bore again so it is still important to look at available data.
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WP-2 shows one of the more severe examples of sampling while the bore is turned on
or off. Measurements fluctuate by approximately 30m depending on the pump status.
A benefit of the water level measuring procedure is an observation of the bores during
pumping. The aquifer has a large drawdown response to pumping which could be a
factor in drawing in saline water. Also, water level measurements are taken from the
bore itself, not a monitoring bore, so the measured drawdown is also the maximum
local aquifer drawdown at that time. It is important to remember the probability is

high that measured drawdown is not peak drawdown for that pumping period.

The well water levels show a distinct seasonal trend. It can be seen in Figure 4.8 that
the largest drawdowns occur just after December of each year. This coincides with
maximum abstraction volumes. Winter months with lower pumping rates show a
recovering water level before declining again into summer. The summer water levels
are of particular concern with peak drawdowns measured between 40 and 50m below
sea level. A drawdown of this magnitude is not measured anywhere else in
Whangamata and could have drawn water from a distance sufficient to increase the
electrical conductivity beyond its consented limit.

Waireka Place Bore 2 shows interesting water levels after its closure. The recovering
water level does not rise above sea level. Instead the recovered level seems to be
around 4-5 metres below sea level. A possible reason for this is that WP-2 is affected

by WP-3 pumping and the water level is not a true recovered level.
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Figure 4. 8 - WP-2 water levels (m.a.s.l)

Waireka Place Bore 3

WP-3 is showing a decline in water levels. Figure 4.9 shows the measured water
levels since May 2000 with a linear fit plotted to each set of water levels. Although a
linear fit is not representative of the aquifer’s decline it does show long term trends
well. As discussed WP-3 has had an increasing water abstraction rate over the past
five years. Increasing the pumping volumes has resulted in larger drawdowns.
Located close (within 100m) to the closed WP-2, increasing drawdown could cause
the same increase in electrical conductivity. Chapter 5 has a particular focus on
electrical conductivity levels, but it is important to note that the increased pumping is
causing greater drawdowns and deterioration in water quality. More importantly with
the consented abstraction volume still much larger than current extraction, the trend

could continue with increased demand.

Seasonally, WP-3 fluctuates in a similar manner to WP-2. The deepest drawdowns
occur during December and January. 2002/2003 and 2003/2004 summers had

42



CHAPTER FOUR: BORE ABSTRACTION AND WATER LEVELS

particularly severe drawdowns almost reaching 40m below sea level. During autumn
and winter the water levels recover before being drawn down again late in the year. In
Figure 4.9 a good period of recovery is evident for several months from June to
August 2003. No pumping took place during this time and the water level rose steeply
from 10m to 3m below sea level. An important factor with this recovery is that WP-2
was not extracting water, allowing the aquifer around Waireka Place to recover as a
whole. However due to high demand the following summer water levels lowered to a
record 37.5m below sea level. Since that summer of 2003/2004 a similar recovery
period has not been seen due to several factors including increased demand and the
closure of WP-2.

Analysing the water levels separately it seems that deeper drawdowns are not as
significant in the last recorded summer of 2005/2006 (Figure 4.9) despite higher
abstraction volumes than any previous summer. With WP-2 in such close vicinity,
previous drawdown cones overlapped creating a larger drawdown in both bores. With
no pumping occurring from WP-2 (which abstracts twice the volume of WP-3) the
drawdown in 2005/2006 was reduced.

The upper water levels do pose a cause for concern. A key difference between WP-3
and BH-3 is the long term recovered water levels. BH-3 has also increased its
abstraction volume over the last 2 years. At BH-3 this has resulted in deeper summer
drawdowns but the water level has recovered to similar heights each winter (low
demand period). WP-3 however, is showing a decline in recovered water levels,
despite wellfield abstraction decreasing as a whole. The decreasing water level is

cause for concern due to the increasing electrical conductivity shown at the wellfield .
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Figure 4. 9 — WP-3 water levels (m.a.s.l)

4.3.5. State Highway 25 abstraction volumes

State Highway 25 Bore 1 (SH-1) has a consented upper limit of 1,100m°day™ and a
maximum weekly abstraction total of 6650m>. The average daily abstraction rate is
432m3day™ with the consented limit only being reached during high demand periods,
primarily over the Christmas-New Year public holidays. The maximum rate of 1,100
m>day™ only lasts for 1-2 weeks before dropping off to a lower 700-800m°day™ for
the remainder of January. Other summer holidays such as Auckland Anniversary
Weekend (last Monday of January), Waitangi day (6™ February) and Easter also show

high abstraction rates due to the increased population at these times.

As can be seen in Table 4.5 the average abstraction volume in low demand periods
(February to November) is 300-500m°day™ while the high summer demand
(December to January) averages twice that of winter low demand. Another important
trend that is evident in Table 4.5 is an increasing average abstraction during low

demand times. The increasing trend is especially evident in the current year 2006 due
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to the closure of a major bore (Waireka Place Bore 2) in late 2005". Consequently the

demand has been filled by pumping more water from other bores including SH-1.

Figure 4.10 illustrates this increase in abstraction. The graph shows daily abstraction

volume. An increasing trend is evident especially in the low demand period of 2006,

related to the closer of Waireka Place Bore 2.

Table 4. 5- Average daily abstraction volume (m>day™) from the State Highway 25-1 production
bore. High demand period between December and January compared to lower demand from
February to November. Also included is the total annual volume abstracted.

Februarly—November December -January  Yearly Total

Year (m°day™) (m°day™) (1st July - 30 June)
2000 361 703 141183
2001 265 569 132670
2002 402 721 169722
2003 395 704 150871
2004 399 550 159306
2005 443 653 188200
2006 511
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Figure 4. 10 Daily water abstraction from SH-1 (m*day™), showing an increase in winter
abstraction between 2005-present.

*Waireka Place Bore 2 was closed in late 2005 due to excedence of a consented level for electrical
conductivity. This is discussed later in the water quality chapter.
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State Highway 25 Bore 2 (SH-2) has a small consented limit of 250m°day™ for 70
days per year (17,600m* annual abstraction limit), used to cover high water demand
periods. In terms of the overall affect on Whangamata groundwater, SH-2 can be
considered minimal. The main purpose of the bore is to help provide additional water

during the summer vacation period.

4.3.6. State Highway 25 well water level trends

The main bore at State Highway 25 (SH-1) reacts much differently to the Waireka
Place bores despite being only 500m northwest. Figure 4.4 shows the bores water
levels since May 2000 and the plot varies greatly from both Waireka Place bores. The
difference between pumping and non pumping water levels is less than 10m whereas
Waireka Place was closer to 30m. The smaller fluctuations allow the seasonal trends
to be clearer. Summer drawdowns are quite obvious as indicated on the graph which
reflects the increase in pumping over the high demand period. As discussed in the
water abstraction section (4.3.5) the volume of pumped water doubles over the
summer period of December — January. The increased drawdown is evident, reaching

between 35-40m below sea level.

A long term decreasing trend is also visible in Figure 4.11. A linear fit shows the
decrease in water levels over the recorded period. Of particular interest is from 2005
onwards. The low demand winter periods have not recovered as much as previous
years. Particularly 2006 has yet to show a recovery of any significance (although data
is only up to 30 June 2006). As with WP-3, SH-1 has undergone an increase in
abstraction volumes. Related to increased demand the problem has been compounded
by the closure of WP-2. The low demand period (February — November) average
daily extraction has increased from 399m?® in 2004 to 511m? so far in 2006. A 28%
increase over 2 years is significant and explains the lack of recovery. A lack of water
recovery could have a detrimental effect on water quality as in the case of WP- 2. In

fact electrical conductivity is increased at SH-1 which is discussed in Chapter 5.
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Figure 4. 11 — SH-1 water levels (m.a.s.l)
4.3.7. Wentworth Valley well abstraction and water level trends

At the time of writing this thesis (December 2006), Thames Coromandel District
Council were in the process of applying for an increased abstraction volume from
Wentworth Valley. The proposed increase is from 1250m>day™ to 1250 m’day™
continuously and 3000m3day™ for up to 30 days per year. Currently the wellfield only
extracts water from one bore. If the consent is granted, the wellfield will utilize 5
bores for abstraction. Because this is still in the application process only the current

abstraction regime will be discussed under this chapter.

Wentworth Valley Bore 7 (WV-7) began pumping in December 2004. WV-7 has only
been utilized over the two summers of 2004-2005 and 2005-2006. It has not been used
during the low demand periods (March — November). Because the bore has only been
operated during the high demand season it regularly extracts a daily volume close to
the consented maximum. In 2005 the bore pumped for 85 days at an average rate of
936m>. In 2006 the bore as at 30™ June had abstracted an average 1009m?® over 127
pumping days. WV-7 has a consented yearly extraction maximum of 456,250m3 with
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neither 2005 (79,560m°) nor 2006 (128,143m°) getting close to that limit. Figure 4.12
plots the daily abstraction volumes from WV-7 and 2006 is a particularly good

example of the peak summer pumping close to the consented maximum while the rest

of the year is minimal.

Figure 4.12 shows a comparison between abstracted daily water volume and measured

water levels. The nil winter pumping results in several months of recovery. Summer

abstraction results in major water level drawdowns, presumably measured while the

bore is being pumped. The drawdowns are significant, (up to 30m below sea level)

however the lengthy periods of no abstraction (April — November) allows for

considerable water level recovery.
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Figure 4. 12 - Daily water abstracted from Wentworth Valley bore 7 (m*day™) and measured

water levels (m.a.s.l).
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4.3.8. Moana Point Seasonal Bores

Insha Alah

Insha Alah and Manuka Place bores are consented to boost the total extracted water
volumes over the summer period. Insha Alah has an upper abstraction limit of
360m>day*and up to 1000m°day™ for 3 days per year. A maximum of 50,000m’year™
equates to 35 days at 360m>day™. Although the bore reaches daily consented limits it
has not gone close to reaching the annual limit set by Environment Waikato, nor has it
ever pumped close to the 1000m°day™, 3 day limit. Table 4.6 shows the annual total
extraction from Insha Alah since 2000, the largest year being 15,007m® just 30% of

the consented limit.

Table 4. 6- Total water volume (m?) extracted from Insha Alah bore. The consented limit for this
bore is 50,000m3year

Year (1st July - 30th Annual Daily Peak
June) Abstraction volume (m®)
2000-2001 12731 360
2001-2002 11202 328
2002-2003 14871 374
2003-2004 15007 374
2004-2005 8045 369
2005-2006 2619 308
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Figure 4. 13 Daily water abstracted from Insha Alah bore (m®day™) and measured water levels
(m.a.s.l).
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Figure 4.13 shows the daily abstraction volume of Insha Alah bore as well as
measured water levels. The water levels recover during winter months as a result of
nil abstraction. The water levels measured ‘during-pumping’ do appear to have a long
term decline. However, it is very difficult to make an assessment on this declining
trend because of the very limited water level data for each high demand period. From
the information presented in Figure 4.13, the bore can be seen to have a large
drawdown during high abstraction periods, but also has considerable recovery time

during the winter months where no water is abstracted.

Manuka Place

The consent related to Manuka Place reflects the seasonal nature of the bore. With a
consented 100 maximum days of pumping at 300m°day™, the bore is only used at high
demand times generally between December and March. Unlike other bores in
Whangamata, the resource consent matches usage. Despite this the bore still extracts
well below the consented maximum. 2004-2005 was the closest Manuka Place came
to reaching the consented limit of 30,000m®, extracting 26,400m* (see Table 4.7).
Contrasting to Insha Alah which barely reaches 20% of its annual abstraction quota,

the Manuka Place consent better reflects the actual usage of the bore.

Table 4. 7 - Total water volume (m®) extracted from Manuka Place bore. The consented limit for
this bore is 30,000m°year™

Year (1st July - 30th Annual Daily Peak

June) Abstraction volume (m®)
2002-2003 18111 296
2003-2004 11802 274
2004-2005 26359 275
2005-2006 20563 261

Figure 4.14 illustrates that Manuka Place acts in a similar manner to Insha Alah,
Wentworth Valley and SH-2 bores in that water is only abstracted during high
demand periods (summer months). As a result, water levels remain consistent and
above sea level for the majority of the year. Summer abstraction results in
drawdowns, some considerably large (over 60m below sea level) that only last for a
small period (1-2 months). A large amount of water level data is missing from January
2004 - October 2005 which makes long term trends difficult to assess. However due

to the extended recovery periods the bore seems to recover well each ‘off season’.
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Figure 4. 14 Daily water abstracted from Manuka Place bore (m®day™) and measured water
levels (m.a.s.l).

4.4, Bore water abstraction and water level summary

Whangamata bore water abstraction and water levels are characterised by a high
summer demand. Water abstraction increases dramatically during the summer
vacation period. As a consequence of high abstraction rates, bore water levels show a
marked lowering during these peak demand periods. Increased annual abstraction has
resulted from both the closure of WP-2 and an increased demand. This long term
increase in water abstraction is resulting in an overall decline in water levels for
several main bores. WP-3, SH-1 and BH-3 are all showing a water level decline as a
result of increased abstraction.
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CHAPTER FIVE

Bore water quality

5.1. Introduction to water quality data

5.1.1. Data collection

Whangamata water quality is monitored predominantly using electrical
conductivity. Measurements are taken from each bore once per week. The time of
measurement (like water levels) is not recorded only the actual day is known.
Therefore samples could have been taken before, during or after the day’s
allocated pumping time. Measurements do not have to be taken if the bore is not
being used. This mainly applies to seasonal bores which are only used for

extraction during peak periods.

In this chapter several graphs are shown to illustrate electrical conductivity. There
is a clear change in measurement procedures to note. In late 2004 when
monitoring contractors changed, it appears that rounding of data also changed. In
Figure 5.1 the change over between contractors is labeled. All data prior to the
change is rounded to the nearest whole number, the new data is recorded to
several decimal places. Although the old data is not incorrect is does appear

staggered on some graphs due to the low range of the x axis.
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Figure 5. 1 — Electrical Conductivity at Waireka Place Bore 3. Note the change in monitoring
accuracy since new contractors, United Water began sampling in July 2004.

5.1.2. Data errors

Some of the water quality data appears inaccurate. From May 2000 — December
2001 the recorded electrical conductivity levels appear erratic between
measurements. Figure 5.2 shows an example using WP- 3 electrical conductivity
measurements. The initial data up to December 2001 clearly varies from any other
recorded EC data. Conductivity jumps rapidly up to 80mS/m then back down to
between 10-30mS/m. Significant changes between samples suggest that this
information may not be correct. There have been previous errors associated with
EC recordings at Whangamtata. A study undertaken by Pattle Delamore Partners
(1999) concluded that false data was being recorded as a result of equipment
malfunction. Unfortunately no such study exists on data between May 2000 and
December 2001. However, because of the clear difference in readings the initial

data will be removed for water quality assessment.
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Figure 5.2 - Electrical conductivity at Waireka Place Bore 3. Note the erratic measurements

up to December 2001.

5.2. Bore water conductivity trends

5.2.1. Beverly Hills wellfield

The Beverly Hills Wellfield does not appear to be suffering from water quality
deterioration. Electrical conductivity levels have increased marginally over the
past 5 years. Increasing pumping volumes and drawdowns levels do not appear to

have affected water quality.

Figure 5.3 depicts all 3 bore conductivity trends at Beverly Hills Wellfield. Since
February 2005 only BH-3 has been monitored because no pumping has occurred
from BH-1 or BH-2 in this period. Since February 2005 a very flat EC trend
shows that current abstraction from BH-3 seems to be at a sustainable rate. Prior
to February 2005, both BH-1 and BH-2 did not show any long term increase in
EC.
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Figure 5. 3 - Beverly Hills Wellfield electrical coaztjctivity levels.

There does appear to be a slight seasonal trend in conductivity with BH-1. Figure
5.4 illustrates that over the summer peak abstraction period there is a marginal
increase in EC (approximately 5mS/m). In the context of breaching the consent
the increase can be considered negligible. However it is important to recognize
that with extreme pumping situations it appears water quality begins to deteriorate
in BH-1. Due to the change in pumping regime BH-1 no longer abstracts large

volumes and the bore is rarely measured for EC.
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Figure 5. 4- Beverly Hills Bore 1 electrical conductivity and daily water abstraction showing
the slight increase in EC during times of high water abstraction.

5.2.2. Waireka Place wellfield

Waireka Place Bore 2

As mentioned briefly in section 2.5.2 , WP-2 is no longer operational. Pumping
ceased on the 1% of November 2005 after the consented electrical conductivity
level of 50mS/m was exceeded. Figure 5.5 shows that since mid 2003,
conductivity levels have been steadily increasing. WP-2 was not pumping in a
sustainable manner and the deterioration increased to the point of consent breach.
A lack of data analysis meant that the rising EC level was not picked up. However
a simple time series graph (Figure 5.5) shows that the bore was not being used in

a sustainable mode.

A disappointing result of the consent breach is a lack of collected data after the
main incident. The last electrical conductivity measurement was recorded on the
14™ of January 2006. Because resource consent conditions state that water quality
measurements are not compulsory during periods of nil abstraction, no further EC

readings have been taken. A lack of information after the consent breach makes
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monitoring water quality recovery very difficult. If any recovery is taking place it

cannot be defined.
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Figure 5. 5 - Electrical conductivity data for Waireka Place Bore 2.

Waireka Place Bore 3

In late 2005 when WP-2 exceeded its resource consent, WP-3 had a considerably
lower electrical conductivity. The bores are located less than 100m apart and
penetrate the same aquifer. WP-3 pumps half the volume of WP-2 however
drawdown depths are not too different. Yet in late 2005 when WP-2 was closed,
WP-3 had an EC consistently around 20-22mS/m. WP-2 and WP-3 appear to be
semi-independent of each other. Had both bores being drawing the same water EC
levels would be similar. This is not the case with WP-3 where EC levels (20-
22mS/m) are less than half that of WP-2 (51mS/m).

Despite the much lower recorded EC in WP-3 than WP-2 there is still cause for
concern over declining water quality. When plotted as a time series, an increasing
trend is evident at WP-3 (see Figure 5.6). The increasing trend begins in August

2005 and rises almost in a linear fashion. A linear fit has been calculated for the
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data starting October 2005 — present. Data from August 2005- October 2005 was
not used because the rate of increase is not representative of the current trend. If
the linear trend continues at the current rate (positive gradient of 0.012mS/m/day),
the consented limit of 50mS/m will be breached in mid 2012.

The reason for an increase in conductivity can be put down to information
discussed in Chapter 4. As discussed earlier WP-3 has had both increasing
drawdown levels and abstraction volumes. Consistently increasing abstraction
rates have caused deeper drawdowns of water levels resulting in drawing water
from a greater distance. The proximal location of Waireka Place to the coast
means that it is susceptible to sea water intrusion and appears to be increasingly

suffering from it.
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Figure 5. 6 - Waireka Place Bore 3 electrical conductivity data with a linear fit showing the
deteriorating water quality at 0.012mS/m/day.
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5.2.3. State Highway 25 wellfield
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State Highway 25 Bore 1 has a major water quality issue. An increasing EC trend
is rapidly nearing the consented limit. As Figure 5.7 shows, an exponential rate of
increase seems to be occurring. If this rate continues SH-1 will exceed the
consented EC level in mid 2007. WP-3 was loosely predicted earlier in this
chapter to breech its consented limit in mid 2012, around 5 years from when this
is being written (December 2006). SH-1 however is deteriorating at such a rate

that 4 months is a realistic breaching point (March 2007).

The increasing exponential trend in Figure 5.7 does not seem to be influenced by
seasonal pumping volumes. High summer and low winter abstraction rates cannot
be defined by looking at the increasing EC levels. Peak abstractions which
consequently cause the largest drawdowns occur between December and January.
No detectable rise over this period is evident. Conversely over the lower

abstraction period (lesser drawdowns) EC does not stabilize or decrease.

The rising trend could be a result of the increasing water abstraction resulting in
decreasing well water levels, especially during winter months. Figure 5.8 shows a
comparison between water levels and electrical conductivity. Although peak
drawdowns do not appear to have increased over time, winter recovery of water
levels has significantly changed. During the off peak periods of 2002 and 2003,
water levels average approximately -10m.a.s.I consistently for several months.
However the recoveries shown in 2005 and 2006 off peak periods are
considerable lower. The lack of recovery during winter months could be causing
the rising EC levels. This would explain why the conductivity is rising
consistently as apposed to a step increase which would be associated solely with
peak summer drawdowns. It appears that the winter recoveries previously
experienced at SH-1 were allowing enough freshwater replenishment in the

aquifer to keep a stable EC level.

59



CHAPTER FIVE: BORE WATER QUALITY

.l Consented Maximum
E a0}
(7]
E -
> s
= o ¢
"5 30 S [
_g ..'o

[ ] i’
g o g .
O #
— ° (]
S 20 ¢ . ° w‘ b .' b
8 oo o0 .. ° [ ] [ ]
Q o0 [ ] o®ee ¢ o °
[T} - e [J o0 060 O o0 *e ‘
Vos 0o emmame o o o e o
[ ] [ ] [ [ ]
10
[ )
O n n n n n
Dec-2002 Dec-2003 Dec-2004 Dec-2005 Dec-2006
Date

Figure 5. 7 - State Highway 25 Bore 1 electrical conductivity.
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Figure 5. 8 State Highway 25 Bore 1 electrical conductivity (left axis) compared to well water

levels (right axis).
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5.2.4. Wentworth Valley Wellfield

Limited data makes interpretation of WV-7 difficult. EC measurements have only
been taken since early 2005 with large gaps occurring while the bore is not being
pumped (winter months). From what is available WV-7 appears to fluctuate in
conductivity. Figure 5.9 shows that there seems to be a consistent level of EC
around 15mS/m with several sporadic rises to above 30mS/m. It is unlikely that
these are linked to pumping due to the occurrence throughout the year even when
no pumping is taking place. Figure 5.10 compares daily abstracted volume with
EC and there is no link between the two.

There are several possibilities as to why EC could be elevated. The bore is located
further away from the coast (over 1km) than any other bore in Whangamata so sea

water intrusion is unlikely.

Hydrothermally altered water is a possibility. WV-7 is located closer to the
Coromandel Ranges than any other Whangamata bore. The bore could have been
pumping water in from the hydrothermally altered Coromandel ranges resulting in
a higher EC. However if this were the case it should be more prominent during
periods of high pumping. Yet it occurs predominantly whilst no extraction is

taking place

The elevated EC could be a result of measurements errors. Slight contamination of
water samples can increase the EC considering the relatively low levels being
analyzed. This would also explain why there is no relationship with water
extraction. No elevated levels have been recorded since October 2005 which

could be a result of an increase in quality control.

Close monitoring of WV-7 is required to ensure the EC level is not rising however
the previous elevated levels are most likely a result of testing error.
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Figure 5. 9 - Wentworth Valley Bore 7 electrical conductivity
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Figure 5. 10 - Comparison of water abstraction and EC levels in WV-7
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5.2.5. Moana Point seasonal bores

The Moana Point seasonal bores all seem to be in a relatively stable state in
regards to electrical conductivity levels. As can be seen in Figure 5.11,
conductivity appears consistent in the first half of the record before some erratic
levels are measured. Disregarding these sporadic elevations, water quality has not

shown a deteriorating trend.

The lack of collected data since mid 2004 makes it difficult to accurately assess
the high EC levels. Due to consent conditions, EC levels are only measured when
the bore is being used. During the winter when the bores are not required, no EC
levels are recorded. As a result EC levels vary significantly between
measurements partially due to time difference (several months between

measurements).

Sl Consented Maximum

— Insha Alah
I — State Highway 25 baore 2
— Manuka Flace

I
L)

Conductivity (mS/m) &
] [EN]
= o

10

Dec-2002 Dec-2003 Dec-2004 Dec-2005
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Figure 5. 11 - Electrical conductivity levels in the Moana Point seasonal bores
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5.3. Electrical conductivity summary

Water quality (electrical conductivity) in Whangamata seems dependant on the
area in which a particular bore is located. Deteriorating trends are evident at
Moana Point, excluding seasonal bores which are difficult to assess because of a
lack of year round data. However across town at Beverly Hills, EC levels do not
show any significant rise over the past 5 years. Figure 5.12 shows the localities

and EC trends of Whangamata bores.

WairekaiPlace !

-

Ris g\_EC

Figure 5. 12 — Water quality geographically. Note the elevating EC levels are all located at
Moana Point.

The three main production bores at Moana Point are Waireka Place Bores 2 and 3
and State Highway 25 Bore 1. All of these bores are consistently deteriorating in
water quality (increasing water conductivity). WP-2 has been closed since
November 2005 as a result of EC breaching consent EC levels. WP-3 is showing
an increasing trend that if current rates continue a consent breach would occur on
4-5 years time. SH-1 EC level is of most concern, rising at a rate which would

exceed consented levels in six months to a year. WP-2, WP-3 and SH-1 are all
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located within 500m of each other which suggests the aquifer in which water is

being extracted is not sustainable and water of lesser quality is being drawn in.

All three Beverly Hills bore’s (BH-1, BH-2 and BH-3) show stable EC levels.
BH-3 in particular has had a very consistent EC level (22-33mS/m) since
December 2004. BH-3 is the predominant bore at Beverly Hills and a stable EC

level suggests the wellfield is not currently threatened by seawater intrusion.
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CHAPTER SIX

Modelling to forecast well water levels:
linear regression and neural networks

6.1. Introduction

Groundwater extracted from Whangamata’s fractured rhyolites and andesite
aquifers provide the town with all of its potable freshwater supply. Of the 7 main
production bores, most bore water levels have a decreasing trend. Several bores
are also abstracting water showing an increasing electrical conductivity (EC)
trend. One bore has already exceeded its consented EC level (Waireka Place Bore
2) and two other bores are following a similar trend. The increasing EC levels
may be related to saltwater intrusion as a consequence of lowered bore water
levels from increased pumping. There is a need therefore to model bore water
levels to evaluate the effect of increasing abstraction volumes. Unfortunately a
limited data set rules out the possibility of using a numerical model effectively
(see section 3.3.2). Instead an empirical approach is needed to model well water

levels in Whangamata.

It was decided to use multiple linear regression and artificial neural networks as
empirical approaches to modeling and forecasting bore water levels. Multiple
linear regression is a widely used statistical method and was implemented in this
study to create a model of water levels as linear functions of pumping volumes.
Due to the limited data associated with Whangamata bores (see 6.2.1 for further

explanation), regression is a pragmatic approach to model the well water levels.

As well, an artificial neural network (ANN) was also evaluated as an empirical
model. ANN’s are a relatively new method for modeling after first being used in
1986 (Rumelhart et al., 1986). Recently, many studies have shown that ANN’s
can have increased accuracy in forecasting compared to traditional statistical

approaches (for a more detailed description of the ANN used, see chapter 3). The
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‘STATISITICA’ package was used for ANN model generation, training

(calibration) and testing (validation).
6.2. Development of predictive models

6.2.1. Data set information

The water level information available from the bores consists of weekly
measurements of water level over the period May 2000 - June 2006. Figure 6.1
shows a time series of water levels. Two distinct sets of data can be seen, which
represent the state of the well with respect to pumping or recovery mode (see
4.2.1 for full description). Water levels are measured independently of whether
the bores are pumping or not. Consequently two sets of information are
inadvertently collected, the upper group of water levels are measured when the
bore is not extracting water and the lower group of water levels are sampled while

the bore is pumping.

Due to the nature of the data set, two separate models were developed for each
bore. The first model attempted to match data while no pumping was taking place,

the second was applied to data obtained during periods of pumping.

A key issue involving the development of any predictive model is the size of the
available data set. The data received from Thames Coromandel District Council
spanned 6 years (May 2000 — June 2006) with weekly water level measurements.
Each bore has around 260-300 water level measurements, depending on gaps in
the historical record (see section 4.2.1 for missing data information). After each
bore is classified into ‘pumping’ and ‘non-pumping’ water level measurements,
there are only 130-150 data points in total to be used for calibration and validation
subsets. Generally a data set is divided into two for model calibration and
validation purposes. However for this study only 60 data points were used for
validation, leaving the remainder for calibration. This allowed for a greater

number of variables to be encountered by the model during calibration.

Another important aspect involving the data is the collection mode. No

information is recorded about the time of measurement so it is not known with
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certainty if a water level is taken during pumping or recovery. However, from a
time series plot (Figure 6.1) it is generally possible to identify the measurements
taken during and after pumping. The water levels recorded during recovery range
from Om to 15m below mean sea level (for this particular bore). Measurements
taken while the bore is pumping range from 30m — 49m below mean sea level (for

this particular bore).

The actual observation time is just as important as the pumping status for
modelling purposes, however this is not recorded. For example, if the pump had
only recently been turned on, the water level would be higher than if it were
measured just before the pump was turned off. However both these measurements
would fall into the ‘pumping’ data set for that particular bore. Also, measurements
taken during pumping will always be higher than the maximum drawdown (at the

end of pumping a period).

A more important implication of the poor time resolution is the measurements
taken during recovery. As can be seen in Figure 6.1 there are several points which
do not fit into the ‘pumping’ or ‘recovery’ categories. A possible explanation is
that the pumps had recently been turned off and the well water levels were in a
state of rapid recovery. These data points have been removed for the modeling
process. It would not be possible to model these ‘outliers’ because of poor time

resolution relative to the rate of water level change.
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Figure 6. 1 Well water levels at Waireka Place Bore 2. Note the ‘black circle’ water levels

represent water measurements possibly taken during rapid recovery.

6.2.2. Independent variables

Both daily multiple linear regression and artificial neural network models were
generated using pumped volumes as independent variables. Daily total volumes
pumped from the bores that are likely to have an affect on drawdown at the
modeled bore were used, as well as from the bore supplying water levels. For
example Beverly Hills Bore 1 levels are influenced by pumping from this bore,
but BH-2 and BH-3 pumping rates could also have an effect. Pumping volumes
from previous days were also used as variables. This took into account the
influence of pumping over time on well water levels. Independent variables for
BH-1 are the total daily pumped volumes from BH-1 and/or BH-2 and/or BH-3 up
to 4 days prior to the water level measurement. The direct relationship between
pumping and water levels make daily pumping volumes a logical choice as
variables, taking into account the course daily time scale of water level

observations
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The independent variables were first rescaled to zero mean and unit standard
deviation in the usual way (equation 6.1, where p is the mean of the variable and

o is the standard deviation of the variable).

Z=X-U (6.1)
o

A wide range of alternative variables were also tested in the calibration stage.
However, the best results came from daily pumped volumes. Variables tested that

failed to aid explanation in the empirical models predictive ability included;

- cumulative pumping

- rainfall

- daily hours pumped

- time since pumping stopped

- atmospheric pressure

Independent variable selection using multiple linear regression

A subset of independent variables was selected from the original set of 4 days
prior pumping (4 separate variables) for each bore affecting the modelled bore.
Stepwise regression was used to identify the most influential variables. Stepwise
regression is a model building technique that finds a subset of independent

variables that most adequately predicts the dependant variable.

Independent variable selection using artificial neural networks

The ‘intelligent problem solver’ tool in STATISTICA is the neural network
equivalent to stepwise regression. The ‘intelligent problem solver’ creates a model
using some of the independent variables which can be used to best predict the
dependant variable. The main difference between stepwise regression and the
‘intelligent problem solver’ is the number of models generated. While stepwise
regression generates one predictive linear equation, the neural network tool
generates as many models as requested, each individual and using a different
combination of independent variables. This can lead to calibration over-fitting, but

this can be checked using the validation data.
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6.2.3. Model-based analysis — goodness of fit

Because of the poor time resolution, the models of water level data can really only
hope to predict the long term trends rather than closely match data points. A single
weekly water measurement at an unknown time of day is extremely difficult to
predict because of the daily time resolution of extracted water volumes and bore
water level data. However, for water resource purposes the seasonal fluctuations
are the focus of the models with the point levels left as unexplained variation. The
mean summer drawdowns and winter recoveries are important in terms of
sustainable management. A predictive model that effectively forecasts these

seasonal effects is the main focus of this study.

Inevitably, all fit measures will appear poor when measured against matching to
individual recorded water levels. The Correlation Coefficient (r*), Coefficient of
Efficiency (E) and Index of agreement (d) all show that the model does not match
data points well and a low value will result (Legates and McCabe, 1999). The
modified index of agreement (equation 6.2) has been selected to use as a goodness
of fit measure because it does not involve squaring errors, reducing the influence
of large outliers (Legates and McCabe, 1999). However, even using the modified
equation resulted in a moderate fit measure for the validation data set. However,
as is shown in sections 6.3 — 6.7, the models often showed the ability to anticipate
trends in the validation data set. The most important analysis tool for these models
is a comparison of the model prediction against actual trends in the data as

obtained from running means of observed and validated data.

st |of - pif

i=1

dj=1.0—- ="(P-O’|+|0-O’|y (6.2)
i=1

6.2.4. Formation of neural network models

The same set of independent variables used prior to stepwise regression was also

used in the neural network models. The neural network models were designed by
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trial and error. Several different forms of multi layer perceptron (MLP) models
were tested until a model showed good predictive qualities. The neural network
program in STATISTICA is particularly useful for this trial and error stage. An
‘intelligent problem solver’ function is used to create and test as many models as
requested. By inputting model constraints (described in Chapter 3) the ‘intelligent
problem solver’ will design unique, independent models using chosen
independent variables to predict the dependant variable and rank them by
performance. The best model validations can then be plotted and compared to see

which predicts the long term water level trends best.

A multi layer perceptron model is categorized by the number of nodes and hidden
layers (see chapter 3 for full description of MLP layout.) For example an MLP
4:4-3-2-1:1 has 4 input (independent) variables, two hidden layers (the first
containing 3 nodes, the second containing 2) and one output or dependant
variable. Model complexity increases with the number of hidden layers and nodes.
All of the models used in this study had either one or two hidden layers (see

Chapter 3 for full description of MLP).

The remainder of this chapter will present the utilised neural network and linear
regression models applied to each bore. The models are checked for forecasting
ability in validation data sets using the modified index of agreement and a
comparison between moving means of observed and validated data. The
regression fits are compared to neural network fits to evaluate which is the best

for predicting well water level trends in the validation sets.
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6.3. Beverly Hills Bore 1

6.3.1. BH-1 ‘non-pumping’ regression model

BH-1 ‘non-pumping’ regression model was generated using stepwise regression
which selected five independent variables by fitting to the calibration data set
(Appendix 3). Daily pumping volumes from all three bores in Beverly Hills were
used to calibrate the ‘non-pumping’ model. The initial independent variables were
pumped volumes from 4 prior days for BH-1, BH-2 and BH-3 (A total of 12
independent variables). Five independent variables were attained by running a

stepwise regression to identify the most influential variables:

BH-1 ‘non-pumping’ model independent variables:

- Beverly Hills Bore 1 (BH-1) extracted water volume in the day prior to the

day in which the water level measurement was made (x1)

- BH-1, 2 days prior (x2)

- BH-1, 3 days prior (x3)

- Beverly Hills Bore 3 (BH-3) total pumped volume on the day of water
level measurement (x4)

- BH-3, 3 days prior (x5)

BH-1 ‘non-pumping’ calibration range — data points 61 — 211 (211 total data
points, data set located in Appendix 3)

BH-1 ‘non-pumping’ fitted equation (6.3)
Wl=-0.088x; — 0.35445 — 21343 — 0.28244 — 0.47645 — 0.454

The fitted regression equation (equation 6.3) shows a negative correlation for all
coefficients towards well water level. Water abstraction results in well water level
decrease so it was promising not to see any positive variables. One clear limitation
of the model is water level prediction when no pumping takes place for several
days. Long term water level recovery is not modeled therefore no pumping,
results in no recovery. Several independent variables were used to attempt to

model this facet of water level variation (see 6.2.2) however none proved
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successful. The data set has hardly any such situations where there is nil pumping

so this is not a major disadvantage.

As mentioned previously, fitting to point data was not expected to yield high
goodness of fit results (due to the poor data set). Instead goodness of fit was
measured by comparing moving averages which resulted in a relatively good
index of agreement (0.67). The model was effective in modeling general bore
seasonal water level variations. Figure 6.2 shows that drawdowns associated with
high demand periods (December/January 2000/2001) are predicted well in
validation. Winter recoveries (caused by reduced pumping) are also modeled
effectively making this model a practical forecasting tool (as long as pumps are
not turned off completely over winter). Figure 6.4 shows a 5 point moving
average of observed and predicted data. The validated data slightly under predicts

the summer drawdowns and winter recovery.

6.3.2. BH-1 ‘non-pumping’ neural network model.

The model that best predicted BH-1 upper water levels in both calibration and
validation was a MLP 5:5-3-1:1 which translated to 5 independent variables being
fed into one hidden layer containing 3 nodes and the output was to one node
(dependant variable). The major disadvantage with this particular STATISTICA
‘black box’ model was that weightings of each independent variable are not given

nor was the actual number of independent variables used (5 of 12 in this case).

The neural network model did a reasonable job of predicting seasonal bore water
levels in validation (Figure 6.3 and 6.5). The general trends are predicted but not
very effectively. The model largely overpredicts the seasonal well water level
variations (Figure 6.5). Comparing Figure 6.2 with 6.3, the regression equation
performs a better prediction of the seasonal well water levels. This was reflected
when index of agreements are compared. The regression model (0.68, applied to
smoothed validation data) rated much higher than the ANN (0.35, applied to
smoothed validation data)). BH-1 ‘non-pumping’ water levels seem to be best

modeled using regression methods.
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Figure 6. 2 Beverly Hills Bore 1 ‘non-pumping’ regression model calibration, validation and

observed water levels.
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Figure 6. 3 Beverly Hills Bore 1 ‘non-pumping’ ANN model calibration, validation and

observed water levels.
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Figure 6. 4 Beverly Hills Bore 1 ‘non-pumping’ regression model, with a 5 point moving
average for the validation data set.
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Figure 6. 5 Beverly Hills Bore 1 ‘non-pumping’ ANN model, with a 5 point moving average
for the validation data set.
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6.3.3. BH-1‘during pumping’ regression model

The data set for BH-1 water levels ‘during pumping’ is very limited. There are
only 52 pumping measurements taken during the entire record. Because the bore
has barely been used in the last two years, no data has been collected over that
time with drawdowns while pumping. The limited data means that a different ratio
for calibration and validation was used. For other bores 60 data points were used
for validation and the remainder (generally 80-130) for calibration. Due to the
limited data of BH-1 water levels ‘during pumping’, the data set was split in half

with 26 data points used for calibration and 26 for validation.

Despite the very low number of data points available for calibration, the model
still appears to give a reasonable validation (Figure 6.4 and 6.8) with a high (in the
context of this study) goodness of fit value to the smoothed validation data (0.74).
This was most likely because of the dominance of BH-1 during both the
calibration and validation periods. The model was only subjected to one pumping
regime where BH-1 abstracted the majority of ground water. Such a small data set
could limit the practicality of the model, especially considering that BH-3 is

currently the dominant bore with BH-1 rarely used.

The ‘during pumping’ regression equation (equation 6.4) shows a good negative
correlation between pumping volumes and well water levels. This is what would
be expected because increased pumping results in water level decrease. BH-3, 1
day prior pumped volume (x5) was positively correlated which was unexpected. A
possible explanation is that when BH-3 was pumped, less water was abstracted

from BH-1 creating a rise in water level.

BH-1°during pumping’ regression independent variables

BH-1 pumped volume that day (x1)
BH-1, 3 days prior pumped volume (x2)
BH-2, 3 days prior pumped volume (x3)
BH-3, pumped volume that day (x4)
BH-3, 1 day prior pumped volume (x5)
BH-3, 2 days prior pumped volume (x6)
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BH-1 ‘during pumping’ fitted equation (6.4)
WI=-0.246,;— 0.212,5 — 0.198,3 — 11844 + 1.1245 — 1.232,5— 8.84

BH-1 ‘during pumping’ calibration range — data points 27-52 (of 52 data points,
see Appendix 3 for full data set)

6.3.4. BH-1 ‘during pumping’ neural network model

The ‘during-pumping’ neural network model used for BH-1 was an MLP 6:6-13-
5-1:1 (see 6.2.4 for a break down of the ANN description). This model was
different to BH-1 ‘non-pumping’ neural network model in that it contained 2
hidden layers, the first having 13 nodes and the second having 5, 6 independent
variables were used (12 possible for use). This results in a very good calibration
and validation (Figure 6.7). The model predicts validation bore water level
variation well (0.72 index of agreement with 5 point moving averages of
validation data set). The validation set was very small (26 data points) but figure

6.9 shows that the model replicates the summer (2000-2001) drawdown well.

The high level of model complexity (large number of nodes in hidden layers) is
slightly worrying. The very small data set and highly complex model could result
in over-fitting. As such, the usefulness of the ANN model is not fully known yet.
Because the model has only been calibrated and validated to a single pumping
regime, (not the current regime) variation in pumping volumes from bores may
not be taken into account. In terms of the small calibration set however, the model
performs well in validation (keeping in mind the real world situation encountered

during calibration and validation is simple in this particular instance).
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Figure 6. 6 Beverly Hills Bore 1 ‘during pumping’ regression model calibration, validation

and observed water levels.
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Figure 6. 7 Beverly Hills Bore 1 ‘during pumping” ANN model calibration, validation and

observed water levels.
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Figure 6. 8 Beverly Hills Bore 1 ‘during pumping’ regression model, with a 5 point moving
average for the validation data set.
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Figure 6. 9 Beverly Hills Bore 1 ‘during pumping’” ANN model, with a 5 point moving
average for the validation data set.
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6.4. Beverly Hills Bore 2

6.4.1. BH-2 regression model

BH-2 water levels appear significantly different to most other bores in
Whangamata. Drawdowns are small due to low pumping volumes, with a lowest
recorded water level of 7m below mean sea level. As a result of the low
drawdowns it is difficult to define when measurements are taken with the pump
turned on or off. Instead of attempting to separate the measurements into two sets,

all data was modeled with one regression equation.

A slightly different approach was taken for separating the data into calibration and
validation sets than described in 6.2.1. The data set was split equally for
calibration (145 data points) and validation (144 data points). The data set was

split evenly because of the large amount of data points available.

The most effective regression equation for BH-2 was developed using 5
independent variables. A higher number of variables led to over-fitting and erratic
validation results. The equation shows that large pumping volumes from BH-1
and BH-3 (x1, x2, x4 and x5) have a considerable influence on the bore with
negatively correlated coefficients. Pumping from BH-2 itself was only represented
by one independent variable from stepwise regression, with the volume pumped

on the day of measurement (x3).

BH-2 model independent variables:

BH-1, 2 days prior pumped volume (x1)
BH-1, 3 days prior pumped volume (x2)
BH-2 volume pumped that day (x3)
BH-3 volume pumped that day (x4)
BH-3 3 days prior pumped volume (x5)
BH-2 fitted equation (6.5)

Wl=0.2164; — 0.774x2 — 0.670x3 — 0.29144 — 0.354,5— 1.868
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BH-2 calibration range — data points 145-289 (of 289 data points, see Appendix 3
for full data set)

The model validation performed well in terms of matching seasonal peaks and
troughs, without matching point data. A reasonable index of agreement (0.62
goodness of fit for a 5 point moving mean validation set) suggests that the model
matches general bore water level trends. Figure 6.11 compares a 5 point moving
mean of observed and validated data. The plot shows a good correlation between

mean bore water levels and predicted values.
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Figure 6. 10 Beverly Hills Bore 2 regression model calibration, validation and observed
water

levels.
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Figure 6. 11 Beverly Hills Bore 2 regression model with a 5 point moving average for the
validation data set.

6.4.2. BH-2 neural network model

The water level data was treated in a similar manner to the regression model. The
data was not split, instead modeled as a whole allowing more data points for
calibration and validation. The ratio for calibration and validation points was the
same as the regression method, with 145 points used for calibration and 144 for
validation. Independent variables were selected in the same manner as all other
ANN models. The best attained model was an MLP 6:6-5-1:1 (one hidden layer
and 6 independent variables). The results shown in Figure 6.12 and 6.13 were
similar to BH-1 ‘non-pumping’ ANN model. Some of the general trends are
predicted in validation, however winter recovery is not modelled well and several
large outliers make the regression model more appealing. A low index of
agreement (0.4 with data points) emphasizes the lack of predictive ability shown

by the neural network in validation.
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Figure 6. 12 Beverly Hills Bore 2 ANN model calibration, validation and observed water

levels.
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Figure 6. 13 Beverly Hills Bore 2 ANN model with a 5 point moving average for the
validation data set.
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6.5. Beverly Hills Bore 3

6.5.1. BH-3 ‘non-pumping’ regression model

Beverly Hills Bore 3 was split into two data sets similar to BH-1.The upper set of
water levels (‘non-pumping’) was modelled using 6 independent variables
(selected using stepwise regression) out of a possible 12. Figure 6.14 shows
calibration and validation for BH-3 upper model which matches the seasonal
fluctuations well. Figure 6.16 shows the summer drawdowns and winter
recoveries are modelled well in validation. An index agreement factor of 0.70
(goodness of fit for moving mean validation data set) shows that general bore

water level fluctuations are modeled well.

The regression equation (equation 6.6) shows highly negative correlation for BH-
3 abstraction (x4, x5 and x6) which is expected for proximal drawdown related
variables. The weightings seem to be a fair reflection of the wellfields where BH-
1 and BH-3 have the capability to extract a larger amount than BH-2. BH-2 is
only represented by one independent variable while BH-1 has two and the

modeled bore (BH-3) has three.

BH-3 ‘non-pumping’ regression model independent variables:

BH-1 volume pumped on that day (x1)
BH-1, 3 days prior pumped volume (x2)
BH-2, 3 days prior pumped volume (x3)
BH-3, 1 day prior pumped volume (x4)
BH-3, 2 days prior pumped volume (x5)
BH-3, 3 days prior pumped volume (x6)

BH-3 ‘non-pumping’ calibration range — data points 61 — 157 (157 total data
points, data set located in Appendix 3)

BH-3 ‘non-pumping’ fitted equation (6.6)
wl= -0.328,; — 0.349,;, — 0.15343 — 0.232¢ 4 — 0.16145 — 0.31346 —
1.46.
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Figure 6. 14 Beverly Hills Bore 3 “non-pumping’ regression model calibration, validation and
observed water levels.
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Figure 6. 15 Beverly Hills Bore 3 ‘non-pumping’ ANN model calibration, validation and
observed water levels.
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Figure 6. 16 Beverly Hills Bore 3 ‘non-pumping’ regression model with a 5 point moving
average for the validation data set.
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Figure 6. 17 Beverly Hills Bore 3 ‘non-pumping’ ANN model with a 5 point moving average
for the validation data set.
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6.5.2. BH-3 ‘non-pumping’ neural network model

The best ANN model (best validation) for BH-3 ‘non-pumping’ water levels was
an MLP 9:9-12-6-1:1. This is quiet complex, with two hidden layers and a large
number of nodes. As a result, the model was able to fit very accurately to the
calibration data. Not only is the calibration following general trends but it is

matching most dependant variable points.

The Model validation however was not as accurate but does follow seasonal bore
water level variations. Water level recovery in the winter months of 2000 and
2001 (related to low volumes abstracted over this period) can be seen in Figure
6.17 and a lowering of water levels during the 2000/2001 summer (high abstracted
water volumes) was also modeled. The actual predictive ability of the model was
limited. Neither high nor low actual water levels are reached in validation (Figure
6.15). Seasonal fluctuations that were modelled are much more reduced than
observed fluctuations. This was reflected in a low index of agreement (0.48) when
compared to a 5 point moving mean of observed values. The model seems to be

constricted by over learning in the calibration stage.

The regression model appears superior to the neural network approach for this
particular data set. Water level variations were well modelled in validation using
regression and although the neural network did predict these variations in
validation, it was not to the same degree of accuracy. Regression showed a much
higher index of agreement (0.70) than the neural network (0.48). For a means of

forecasting well water levels the regression model would be the better choice.
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6.5.3. BH-3 ‘during pumping’ regression model

The ‘during pumping’ regression model used 5 independent variables (equation
7). The model had a modified index of agreement of 0.63 with moving mean
validation data. This relatively good fit value is reflected in Figure 6.20 which
shows the BH-3 ’during pumping’ regression model follows the seasonal
variations shown in well water levels. The actual drawdowns were slightly over
predicted (Figure 6.18) which has led to a not so bad index of agreement (0.65)
between moving means of validated and observed data, however the ability to

model seasonal fluctuations was still prominent.

BH-3 ‘during pumping’ regression independent variables ‘during pumping’

BH-1, 2 days prior volume (x1)
BH-2, 2 days prior volume (x2)
BH-3, volume pumped that day (x3)
BH-3 1 day prior volume (x4)
BH-3, 3 days prior volume (x5)

BH-3 ‘during pumping’ calibration range — data points 61 — 141 (141 total data
points, data set located in Appendix 3)

BH-3 ‘during pumping’ fitted equation (6.7)
Wl=—0.4114; —0.438,, — 1.1043 + 0.7514— 0.7024s — 9.42.

The fitted regression equation (equation 6.7) for BH-3 ‘during pumping’
regression was largely influenced by BH-3 (3 of the 5 independent variables).
However one independent variable (x4) was positively correlated which seems
unrealistic. It would be expected that all BH-3 variables would be negatively
correlated. Any pumping from the bore should create a drawdown. Removing this
variable from the equation resulted in a drastic decrease in validation accuracy.
This is the disadvantage of using regression approach. The model may work well
in validation even though the coefficients are clearly not reflective of real world

situations.
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Figure 6. 18 Beverly Hills Bore 3 ‘during pumping’ regression model calibration, validation
and observed water levels.
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Figure 6. 19 Beverly Hills Bore 3 ‘during pumping’ ANN model calibration, validation and
observed water levels.
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Figure 6. 20 Beverly Hills Bore 3 ‘during pumping’ regression model with a 5 point moving
average for the validation data set.
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Figure 6. 21 Beverly Hills Bore 3 ‘during pumping” ANN model with a 5 point moving
average for the validation data set.
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6.5.4. BH-3‘during pumping’ neural network model

The BH-3 ‘during-pumping’ neural network approach proved a good predictor (in
validation) of seasonal bore water level fluctuations. The MLP 11:11-10-1:1
model has just one hidden layer but uses 11 of the 12 available independent
variables. As can be seen in Figure 6.19 the accuracy shown in calibration was
also transferred to the validation. The ‘during pumping’ model predicts well water
level fluctuations effectively. Drawdown in high demand (December/January
2000 and 2001) periods was represented by the model as were the two winter
recoveries (2000 and 2001) (Figure 6.21). A reasonable index of agreement (0.62
goodness of fit for moving mean validation data) is a good indication that
although not point fitting, the model was predicting long term water level changes
well. The main disadvantage of this neural network model is the poor validation

of the 2002/2003 summer which was largely underpredicted.

The regression model appears to be the better predictor of water level variations
for BH-3 ‘during pumping’ data. Not only does it have a greater index of
agreement (0.65) than the regression model (0.62) but it visibly predicts water
level fluctuations with greater accuracy when comparing mean predicted and
observed data. The neural network model still performs well and appears to be

useful as a future forecasting tool.
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6.6. Waireka Place Bore 2

6.6.1. WP-2 ‘non-pumping’ regression model

Waireka Place bores incur large drawdowns during pumping which makes
separating the water level data into two sets (pumping and non-pumping) possible.
Waireka Place Bore 2 ‘non-pumping’ water level modeling was optimal using 6
independent variables (8 potential variables). The variables were similar to
Beverly Hills with pumping volumes from lagged days used. Two bores are used
at Waireka Place so both pumping volumes were used for independent variables.
WP-2 ‘non-pumping’ model used the following independent variables, selected

from stepwise regression:

WP-2 ‘non-pumping’ regression independent variables

WP-3 volume pumped on that day (x1)
WP-3, 1 day prior pumped volume (x2)
WP-3, 2 days prior pumped volume (x3)
WP-3, 3 days prior pumped volume (x4)
WP-2, 1 day prior pumped volume (x5)
WP-2, 3 days prior pumped volume (x6)

WP-2 ‘non-pumping’ calibration range — data points 61 — 179 (179 total data
points, data set located in Appendix 3)

WP-2 ‘non-pumping’ fitted equation (6.8)
Wl= - 0.6834; + 0.46155 — 0.477x3 — 0.567x4 — 0.99645 — 0.6385 — 7.12

The fitted regression equation (equation 6.8) is predominantly influenced by WP-
3. Four of the six independent variables are from WP-3 despite WP-3 being the
modelled bore. Due to the lack of pumping from WP-2 since late 2005 (reasons
for nil bore pumping are discussed in section 5.2.1), WP-3 has been the only bore
abstracting water, which consequently had a large influence on the calibrated data
set. WP-2 does have two large negatively correlated variables which suggest that

the model is influenced by WP-2 abstraction as well as WP-3.
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The two bores at Waireka Place (WP-2 and WP-3) show a greater range of water
levels compared to Beverly Hills. The ‘non-pumping’ water level ranged from
around 0 — 5 m below mean sea level for Beverly Hills bores while Waireka Place
‘non-pumping’ water levels range between 0 — 15 m below mean sea level. The
larger range of bore water level variation made modeling the data points difficult
(although this was not the primary focus of the study). Figure 6.22 illustrates this
with the ‘non-pumping’ regression model. General bore water level seasonal
fluctuations were mimicked by the model in both calibration and validation,
however point fitting is poor. The index of agreement figure of 0.45 (fit of
validation to actual data) should not be taken as full representation of the models
ability to predict well water seasonal fluctuations. A slightly improved goodness
of fit (0.50) is found when comparing a 5 point moving average of observed and
validated data. Figure 6.24 allows a better understanding of the validation
predictions. Although general trends are modelled, winter recovery predictions are

poor which limit the usefulness of the model.

6.6.2. WP-2 ‘non-pumping’ neural network model

The same 8 independent variables were used for the Waireka Place regression and
neural network models. The neural network selected for WP-2 upper water levels
was an MLP 6:6-6-1:1. In terms of previous neural networks used this model has
fewer variables, nodes and just one hidden layer. The more simplistic model still
performed well in calibration and validation. Figure 6.23 shows higher extraction
rates resulting in drawdown’s (summer 2000) and low demand resulting in winter
recoveries were very well modelled in validation. A reasonable agreement factor
of 0.61 between moving means of validated and observed data reflects the good

predictive nature of the model.

Figure 6.25 shows that the neural network model performed a better validation
than the regression model (Figure 6.24). The general well water trends were
modeled to a greater degree of accuracy than was seen using regression.
Comparison of validation results in Figures 6.24 and 6.25 suggests that the neural

network is the most appropriate for use as a forward forecasting tool.
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Figure 6. 22 Waireka Place Bore 2 ‘non-pumping’ regression model calibration, validation

and observed water levels
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Figure 6. 23 Waireka Place Bore 2 ‘non-pumping” ANN model calibration, validation and
observed water levels

95



CHAPTER SIX: MODELLING TO FORECAST WELL WATER LEVELS:
LINEAR REGRESSION AND NEURAL NETWORKS

41

Water level (m.a.s.l)

— WP-2 non-pumping’ observed
---- WP-2 predicted

-10 : : : : : : : :
Mar-2000 Oct-2000 Apr-2001 Now-2001 May-2002
Jun-2000 Jan-2001 Jul-2001 Feb-2002 Sep-2002

Date

Figure 6. 24 Waireka Place Bore 2 ‘non-pumping’ regression model with a 5 point moving
average for the validation data set.
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Figure 6. 25 Waireka Place Bore 2 ‘non-pumping’ ANN model with a 5 point moving

average for the validation data set.
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6.6.3. WP-2 ‘during pumping’ regression model

The ‘during-pumping’ regression model suffered from similar circumstances to
the BH-1 ‘during-pumping’ model. ‘During-pumping’ water levels were not
present post December 2005 due to WP-2 breaching its conductivity consent and
closing. With only 100 data points the set was split in two to allow 50 points for
calibration and 50 for validation. In this circumstance calibration agreement was
high due to the low number of data points (Figure 6.26). However several outliers
give the model a poor index of agreement (0.37 fit to actual data) in validation.
Even when comparing a 5 point moving average of validated and observed data
the goodness of fit (0.40) is relatively low, suggesting the model is not predicting

bore water level trends to a high degree of accuracy.

The seasonal trends are modeled but it is difficult to follow due to the noisy and
limited validation data. By using a comparison of moving averages (Figure 6.28)
validation results become easier to assess. Seasonal fluctuations are modelled in
validation, however they did not predict mean summer drawdowns accurately.
Both the summer drawdowns (increased water abstraction) in the validation set
were underpredicted by the model which could be related to the simple regression

equation.

The fitted regression equation (equation 6.8) reflects the limited data available,
using only 3 independent variables selected using stepwise regression (out of a
possible 8) to model highly variable water levels. The limited input parameters
cause the noisy validation results seen in Figure 6.26. The regression equation is
modelling a small number of data points in calibration so a good fit could be
found with few variables. However when transferred to validation the equation
was restricted by having just 3 independent variables, only one of which is from

WP-2 itself.

WP-2 ‘during pumping’ regression dependant variables;
WP-3 volume pumped on the day of measurement (x1)
WP-3, 3 days prior pumped volume (x2)
WP-2, 1 day prior pumped volume (x3)
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WP-2 ‘during pumping’ calibration range — data points 51-100 (100 total data
points, see Appendix 3 for full data set)

WP-2 ‘during pumping’ fitted equation (6.8)
wl=0.849,; — 1.1234, — 2.749,3 — 35.157

6.6.4. WP-2 ‘during pumping’ neural network model

Due to the very low number of data points available for calibration a very
simplistic neural network resulted in the best predictions. The MLP 1:1-1-1-1:1
model is very linear with two hidden layers but only 1 node in each layer. As a
result the validation predictions were not very accurate (Figure 6.27) but seasonal

fluctuations are still modeled (Figure 6.29).

Despite showing seasonal fluctuations the accuracy of the validation was not
good. Winter recoveries were generally over predicted while summer drawdowns,
slightly under predicted (Figure 6.29). Once again because of the limited
information on the neural network, it was unclear why these errors are shown.
However because of the very limited data set the fact that seasonal fluctuations are

modelled was encouraging.

The neural network model is very similar in terms of predictions to the regression
model. A slightly higher agreement factor of 0.44 (the regression model was 0.40)
suggests that the neural network model may be a better model. However due to
the small data set, validation was limited to 50 data points so a diverse range of
information was not predicted. It is very difficult to assess which model is better
for forecasting purposes or if either is suitable. However using the index of

agreement the neural network model would have to be slightly favoured.
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Figure 6. 26 Waireka Place Bore 2 ‘during pumping’ regression model calibration,
validation and observed water levels

-30

32}

34t

36t

38

Water leve (m.a.s.l)

— WF-2 'pumping’ observed
---- WP-2 'pumping' validation
-------- WWP-2 'pumping’ calibration

-50

Dec-2000 Dec-2001 Dec-2002 Dec-2003 Dec-2004 Dec-2005
Date

Figure 6. 27 Waireka Place Bore 2 ‘during pumping’ ANN model calibration, validation and
observed water levels.
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Figure 6. 28 Waireka Place Bore 2 ‘during pumping’ regression model with a 5 point moving
average for the validation data set.
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Figure 6. 29 Waireka Place Bore 2 ‘during pumping’ ANN model with a 5 point moving
average for the validation data set.
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6.7. Waireka Place Bore 3

6.7.1. WP-3 ‘non-pumping’ regression model

The same independent variables have been used to generate WP-3 regression
models as were in WP-2 models. Due to the close proximity of WP-2 and WP-3,
pumping is likely to have an effect on both bore water levels. The independent

variables used for the generation of WP-2 ‘non-pumping’ regression model were:

WP-3 ‘non-pumping’ regression independent variables;
WP-3 volume pumped on the day of measurement (x1)
WP-3, 3 days prior pumped volume (x2)
WP-2, 1 day prior pumped volume (x3)

WP-3 ‘non-pumping’ calibration range — data points 60-147 (147 total data points,
see Appendix 3 for full data set)

WP-3 ‘non-pumping’ fitted equation ( 6.9)
Wl=—0.7304; — 0.69844 — 1.39645 — 7.64

The regression model performs well, successfully predicting the seasonal water
level trends in validation (Figure 6.30). The index of agreement (0.40 validation
fit to observed data) does not reflect the models predictive ability. The regression
equation (equation 6.9) was limited to just three independent variables which
creates some errors in the validation predictions. The outliers generated, skewer
the assessment and instead a moving average of predicted and observed water
levels gives a better understanding of the model (Figure 6.32). However the
moving averages result in a low goodness of fit (0.46). This is due to winter
validated recoveries (resulting from low pumping volumes) not recovering as high
as observed water levels. Summer drawdowns as a result of large pumping

volumes are modeled well in validation.
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Figure 6. 30 Waireka Place Bore 3 ‘non-pumping’ regression model calibration, validation
and observed water levels.
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Figure 6. 31 Waireka Place Bore 3 ‘non-pumping” ANN model calibration, validation and

observed water levels.
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Figure 6. 32 Waireka Place Bore 3 ‘non-pumping’ regression model with a 5 point moving

average for the validation data set.
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Figure 6. 33 Waireka Place Bore 3 ‘non-pumping’ ANN model with a 5 point moving

average for the validation data set.
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6.7.2. WP-3 ‘non-pumping’ neural network model

The neural network model designed for WP-3 upper water levels used an MLP
2:2-2-2-1:1. Figure 6.31 suggests that the model had ‘over learnt’ due to the
extremely accurate calibration. However with only 2 independent variables
selected and two small hidden layers, it is unlikely that the model was suffering
from over-learning. Instead it could be incurring the same problems seen by the
WP-3 ‘non-pumping’ regression model. With only two independent variables
used the model was prone to having large errors in validation. Despite this,

validation trends are promising.

The validation was good with seasonal peaks and troughs predicted well.
However some outliers affect the analysis and the index of agreement was a low
0.38 (validation fit to observed data). The poor agreement factor was not a true
indication of the model’s ability to predict trends in the validation data. By
assessing the moving averages of validated and observed data (Figure 6.33), the
model’s ability becomes evident. The model predicted general bore seasonal
fluctuations but was let down by one particular part in validation. The summer of
2001/2002 was predicted as a recovery period. This period coincided with large
abstracted volume from both bores and recovery should not have been modelled.
The observed data clearly forms a summer drawdown making the model a poor
predictor on this occasion. A goodness of fit (0.38) with moving averages of the
validation data set confirms that the error in prediction results in a poor fit to

observed bore water level trends

The regression and neural network models were similar in moving average
modified index of agreement factors (0.46 for regression and 0.38 using the neural
network). Both have lower than expected agreement factors but despite this
general trends are modelled effectively. The most appropriate model would be
regression because of its slightly better ability to predict seasonal variations in
water levels. The neural network model was let down by a summer prediction of

water level recovery which actual data shows was clearly a drawdown period.
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6.7.3. WP-3 ‘during pumping’ regression model

The ‘during pumping’ regression model for WP-3 was highly successful in
modelling well water level trends. As can be seen in Figure 6.34 the seasonal
fluctuations are predicted and a relatively high level of agreement (0.61, moving
averages of validation data set) is achieved. The seasonal fluctuations are more
subtle than other bores yet the model predicts peaks and troughs successfully
(Figure 6.36). The last drawdown shown in the validation (the summer of
2002/2003) was the only section of validation significantly different from
observed data. The drawdown is considerably underpredicted. Other than this
blemish, the model performs well predicting seasonal bore water level trends as
well as the overall decline in water level. The regression equation (equation 6.10)
allows for good validation predictions with 5 independent variables used (selected

using stepwise regression), all negatively correlated to well water levels.

WP-3 ‘during pumping’ regression independent variables

WP-3 volume pumped on the day of measurement (x1)

WP-3, 2 days prior pumped volume (x2)
WP-3, 3 days prior pumped volume (x3)
WP-2, 1 day prior pumped volume (x4)
WP-2, 2 days prior pumped volume (x5)

WP-3 ‘during pumping’ calibration range — data points 61-139 (139 total data
points, see Appendix 3 for full data set)

WP-3 ‘during pumping’ regression equation (6.10)
Wl=-0.3004; — 0.19643 — 0.338,4 — 0.7164 — 0.14647 — 33.21

6.7.4. WP-3 ‘during pumping’ neural network model
The selected MLP model for WP-3 lower data set had a configuration of 5:5-5-

1:1. The model performed adequately in predicting seasonal trends however these

fluctuations did not have a particularly good fit in validation. The declining
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gradient of water levels was predicted well but general water level variations were
not. An index of agreement of 0.56 (fit to moving averages observed data) for
validated data shows that there was a general following of water levels but a
comparison between moving averages of observed and validated data (Figure
6.37) suggests water levels are not predicted well. Bore seasonal water level

fluctuations were picked up, but only very marginally.

The neural network model seemed to be out performed by the regression model.
Not only did the regression model have a higher agreement factor (0.61) but
moving averages of validated and observed data show that it has a greater ability

to predict well water level fluctuations.
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Figure 6.34 Waireka Place Bore 3 ‘during pumping’ regression model calibration, validation

and observed water levels.
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Figure 6. 35 Waireka Place Bore 3 ‘during pumping’ ANN model calibration, validation and

observed water levels.
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Figure 6. 36 Waireka Place Bore 3 ‘during pumping’ regression model with a 5 point moving

average for the validation data set.
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Figure 6. 37 Waireka Place Bore 3 ‘during pumping’ ANN model with a 5 point moving

average for the validation data set.
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6.8. State Highway 25 Bore 1

6.8.1. SH-1 regression model

State Highway 25 Bore 1 reacts to pumping in a similar manner to Beverly Hills
Bore 2. The difference between ‘pumping’ and ‘non-pumping’ measurements is
overshadowed by the seasonal well water level fluctuations. The difference
between BH-2 and SH-1 is that the abstraction rate at SH-1 is high. A high
transmisivity however, results in a low drawdown on a day by day basis. It is
therefore not easy to separate the data into two separate sets. This would reduce
the number of data points available for calibration and the seasonal fluctuations
are well represented without the need for separate data. Also the calibration and
validation data sets were split evenly because of the large data set available. 140

points were used for calibration and 140 points were used for validation.

A slightly different approach with the SH-1 regression model was used for
selecting independent variables. Because SH-1 is the only major bore in its
vicinity, independent variables were limited to the one bore. Up to 10 lagged days
of pumping were trialed for variables. 3 days seemed to be optimal (equation
6.11). Using more than 3 days resulted in a decrease of validation success
possibly linked to over learning. The independent variables used for SH-1

regression model are.

SH-1 regression independent variables;
SH-1 volume pumped on the day of measurement (x1)
SH-1, 3 days prior pumped volume (x2)
SH-1, 7 days prior pumped volume (x3)

SH-1 calibration range — data points 140-280 (280 total data points, see Appendix
3 for full data set)

SH-1 fitted equation (6.11)
wl=-3.1034; — 2.8015, — 2.299,3 —21.94
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Despite the lower number of variables the model performed well in validation. As
Figure 6.38 shows, the regression model predicts seasonal bore water level peaks
and troughs well without matching individual points. The highest index of
agreement (0.75 goodness of fit for moving averages of validation data set) for all
bore models was attained despite the single data set. Figure 6.40 compares a
moving average of observed and validated data. The figure highlights how well
the regression model follows the general water level trends in validation.
Observed trends were modeled very closely using regression. Both mean summer

drawdowns and winter recoveries were predicted well by the validation data set.

6.8.2. SH-1 ANN ‘all water level’ model.

The ANN model used is an MLP 8:8-5-1:1. The large quantity of data points
available for calibration allowed a very good validation despite variable water
levels (Figure 6.39). As can be seen in Figure 6.41 the model followed seasonal
water level trends well. Summer drawdowns (high abstraction rate) are predicted
as are recoveries during winter months (low abstraction rate). A big advantage of
this particular ANN model was that there seemed to be no extreme outliers
predicted. As a result the index of agreement was quiet high at 0.68 (with a
moving mean of observed). This was a very promising result considering

individual water levels are not matched but general trends are predicted well.

Figure 6.41 compares a moving average of observed and validation data. The
result is that the model predicts general water level movements well in validation.
The drawdowns during high demand periods were predicted with good accuracy.
According to index of agreement analysis, the regression model was a slightly
better predictor. However both models performed a very good job of predicting

well water level variations.
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Figure 6. 38 State Highway 25 Bore 1 regression model calibration, validation and observed

water levels.
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Figure 6. 39 State Highway 25 Bore 1 ANN model calibration, validation and observed water
levels.
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Figure 6. 40 State Highway 25 Bore 1 regression model with a 5 point moving average for the

validation data set.
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Figure 6. 41 State Highway 25 Bore 1 ANN model with a 5 point moving average for the

validation data set.
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6.9. Model conclusions

The results presented in this chapter suggest both multiple linear regression and
artificial neural networks can be used as an empirical approach to model bore
water level seasonal fluctuations. Although it appears that the regression model
has a slight edge in predictive ability (validation), neural networks also show a

reasonable goodness of fit to observed data in validation.

The major restricting factor on all the models appears to be small calibration data
sets. Because the models only have a small calibration data set the learning stage
is limited which is reflected in validation. BH-1 ‘during pumping’ water level
models represent the best example of limited data. There are only 50 data points
which are split evenly between calibration and validation. Both calibration and
validation perform well in predicting bore water level seasonal variations,
although it should be noted that the modeled real world situation is simple

because of the small data set.

Once the data set has been taken into consideration most of the results are very
promising. Seasonal trends in the validation data sets are predicted, illustrated
using a comparison to a 5 point moving average of observed. Both high demand
(summer) drawdowns and low demand (winter) recovery are predicted by the
models. In terms of assessing seasonal water level trends, the models can be used

for forecasting purposes.

It is difficult to assess which model (regression or ANN) is a better forecasting
tool. However on a bore by bore basis there is generally a prefered model. BH-1
‘non-pumping’ water levels are best modeled using regression. The modified
index of agreement clearly shows that the regression model is superior (see
following Table 6.1), backed up by a comparison of observed and predicted
moving averages. BH-1 ‘during pumping’ models as mentioned earlier are limited
because of a small data set. The high index of agreement is due to the low number
of data points analyzed. However the regression model appears to model the

trends most effectively and can be considered the more appropriate model.
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Table 6. 1 A comparison between the regression and ANN models using the Modified Index

of Agreement method (M.1.0.A).
Regression  ANN
model model Regression model ~ ANN model
(M.I1.O.A) (M.I.O.A)
observed observed (M.1.0.A) 5 point (M.1.0.A) 5 point

Bore Models data data moving average moving average Best model
BH-1 'non-pumping’ 0.59 0.39 0.67 0.35 regression
BH-1 'pumping’ 0.68 0.65 0.74 0.72 regression
BH-2 all water levels 0.56 0.37 0.62 0.61 regression
BH-3 'non-pumping’ 0.63 0.46 0.70 0.48 regression
BH-3 ‘pumping’ 0.63 0.60 0.65 0.62 regression
WP-2 'non-pumping’ 0.45 0.52 0.50 0.61 ANN
WP-2 'pumping' 0.37 0.44 0.40 0.44 ANN
WP-3 'non-pumping’ 0.43 0.39 0.46 0.38 regression
WP-3 'pumping' 0.60 0.57 0.61 0.56 regression
SH-1 all water levels 0.68 0.62 0.75 0.68 regression

BH-2 was modelled using the whole data set because of the difficulty
differentiating between ‘pumping’ and ‘non-pumping’ water levels. The resulting
models still performed well in predicting general bore water level variations. Once
again the regression model appears the better choice with a slightly better ability

in validation.

BH-3 ‘non-pumping’ water levels were best modelled using the regression
approach despite the ANN also proving useful. BH-3 ‘pumping’ water level
models performed equally and very well. The regression model was slightly better
because of the ability to predict the 2001/2002 summer drawdown with greater

accuracy than the neural network method.

WP-2 ‘non-pumping’ bore water levels are evenly modelled between regression
and ANN. Differing index of agreements suggest the ANN is best suited however
by assessing the validation plots both models appear evenly matched in
forecasting bores seasonal water variations. WP-2 ‘pumping’ water levels suffer
from a lack of data to create a reasonable model. Both the models show some
large outliers but from a comparison of observed and validated moving averages,

the neural network model performs marginally better.

WP-3 is best modelled by regression in both ‘pumping’ and ‘non-pumping ‘water

level sets. Once again the different modeling approaches result in very similar
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validation success. Either model would be suitable for forecasting purposes but

the regression models have a slightly higher index of agreement (Table 6.1).

SH-1 is difficult to separate into two data sets, instead one model is generated to
predict all water levels. Both models perform well despite the single data set. The
regression model seems slightly better, with the validation modelling seasonal
bore water level fluctuations as seen by the moving averages plot (Figure 6.40). A
high index of agreement (0.75) and comparison between moving averages
concludes that the regression method is best suited to forecasting bore seasonal

water levels, despite ANN performing well.

Table 6.1 shows that the regression approach yields a slightly better modified
index of agreement factor than the neural network approach. Only WP-2 is
modelled more accurately using a neural network in terms of goodness of fit. In
all but one of the models regression is superior. Despite this, neural networks
perform well in validation and although not as accurate as the regression approach

they do model bore water level variations.

Regression holds advantages over ANN models with some insight given into the
model. Independent variable weightings are given for a regression model making
it possible to identify poor variables and causes of outliers. Neural network
models do not allow this opportunity because of the very black box approach. The
major advantage of a neural network model over regression is its ability to model
highly complex non-linear relationships. However the data used in this study is
limited to the extent where a more simplistic approach (regression) is often just as

effective or better.
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6.10. Scenario simulations

6.10.1. Introduction

In this section two forms of scenarios are presented. Firstly, bore water levels
showing long term decline are modelled to define pumping rates that do not result
in annual net water level decrease. Waireka Place Bore 3 and State Highway 25
Bore 1 are the main bores showing a declining water level trend. The second form
of scenario simulates water levels in all modelled bores to assess the affect of

increasing water abstraction volumes.

An error value about forecast trends is calculated for each model using deviations
between predicted levels and validation data values. The average of the absolute
residuals for a validation set is used for an error buffer on each model. This is a
simplistic approach to attaining a possible error for each forecast data point. The
aim of the error ‘envelope’ is to give an idea of the most probably locality of
actual water levels in relation to forecasted levels. Normal confidence limits were

not used because the residuals were often correlated.

6.10.2. Seeking optimal pumping to decrease drawdowns in State Highway 25

Bore 1

Increasing electrical conductivity is threatening the long term use of SH-1. The
apparent cause (discussed fully in 5.2.2) of the increasing trend is linked to water
level recovery. Large drawdowns during peak demand periods have not increased
over the course of the data set. Instead the main change has been the increasing
drawdowns during winter months as result of greater pumping volumes during
these times due to WP-2 closing. The increase in winter pumping over the last two
years has resulted in lower water levels, possibly reducing freshwater recharge in
the aquifer. If water levels are allowed to recover during the winter period, the
aquifer could remain sustainable for pumping use. The simulated scenario for this
particular bore is to reduce winter pumping to similar volumes abstracted prior to

WP-2 closing.
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Using the regression model created in 6.8.1, similar pumping volumes with the
range previously seen can be used to model water levels. The primary goal of this
forecasting is to allow water levels to recover during low demand periods (winter
months). Reducing pumping over the winter periods, allows water levels to rise in

a similar manner to when electrical conductivity was stable.

Table 6.2 shows the model pumping volumes imposed for different months. As
can be seen these values are similar to pumping prior to WP-2 closing (2000-
2005). The major change in the modelled pumping volumes is a considerable
reduction during July-August. Previously, an average of 289m’ was pumped per
day. The model input however is just 150m°day™ during July and August. As a
result the water level recovers to a higher level than the previous year and is
sustained for 2 months. Either side of this low pumping period volumes are also
relatively low. Simulated data during May- June is lowered from 287m’day’
(2000-2004 average) to 200 m’day’ which is considerably lower than 2006
volumes (487 m’day ™). Once again the lower value is used to allow water level

recovery.

Figure 6.42 illustrates the simulated model and compares it to a moving average
of observed water levels. Winter low demand allows the simulated water level to
recover to similar levels to those seen in 2001, 2002 and 2003. Recovered water
levels are also sustained for several months which was the aim of reducing
pumping rates. The summer drawdown is a notable point of the simulation.
Drawdowns are slightly larger compared to previous years. This is due to the
increased pumping simulated to allow for high demand periods moving forward.
The figure has an error buffer running 3.17m either side of the simulated water
levels. This error envelope is the mean of the absolute residuals calculated from

validation data.
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Table 6. 2 A comparison of 2000-2005, 2005-2006 and simulated (2006-2007) average daily
water abstraction volumes (m?) from SH-1

Average daily abstraction

Year (m®)
Total annual
29th Dec 5thJan- March May- July- Oct- 1-29th abstraction
-4thJan  28th Feb - April June  Aug Sep Nov Dec (m3)

2000-2005 753 556 400 287 289 332 526 604 155304
2005-2006 824 708 467 487 n/d nd n/d n/d
simulated 900 600 500 200 150 300 550 700 154150
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Figure 6. 42 State Highway 25 Bore 1 mean observed and simulated water levels. The

simulated water levels have an error envelope of 3.17m.

6.10.3. Seeking optimal pumping to decrease drawdowns in Waireka Place
Bore 3

Waireka Place wellfield is suffering from an increase in electrical conductivity.
WP-2 has already closed due to EC exceeding its consented level. WP-3 is still

operational although it is also showing an increasing EC trend. Both recovered
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water levels (‘non-pumping’ measurements) and observed drawdowns (‘during

pumping’ measurements) in WP-3 are showing declining water levels.

The aim of this simulation is to decrease winter abstraction volumes to allow bore
water level recovery. The simulated winter abstraction volumes are similar to
those used prior to WP-2 closing. Summer abstraction volumes are equal to 2005

data to allow for high demand over this period.

The two models (WP-3 ‘non-pumping’ and WP-3 ‘during pumping’) simulate
water levels using similar water volumes used prior to the closure of WP-2. From
May — August 70 m’day” is used to model water levels. This is comparable to
average volumes extracted from 2000-2004. As can be seen in Figure 6.43, the
water levels recover higher than seen in both 2004 and 2005 (EC began to
increase mid 2004). The recovery is sustained for the majority of the year with
only the high demand period causing significant drawdown. Despite the relatively
high abstraction volumes during peak times, the model drawdowns are not as

prominent as previously observed.

Table 6. 3 Average daily pumping volumes (m®) at Waireka Place Bore 3 and average daily
volumes used to simulate future water levels.

29th Dec 5thJan- March- May- July- Oct- 1-29th
Year -4thJan 28th Feb  April June Aug Sep Nov Dec
2000-2004 163 129 101 76 67 90 126 141
2005-2006 247 219 151 135 n/d n/d n/d n/d
simulated 250 150 100 70 70 100 125 140
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Figure 6. 43 WP-2 mean observed and simulated data with an error envelope for simulated
data.

6.10.4. Anticipated pumping increase from projected population growth.

Whangamata can be expected to increase in both residential and seasonal
population for the foreseeable future. The popularity of a ‘Kiwi’ summer holiday
at a coastal location will result in seaside populations expanding during the
summer months. The actual occupant population can also be expected to grow
with current subdivisions under construction as well as a new marina expected to
be constructed in the near future. Census results from 2001 showed that a
population increase of 25% occurred between 1992 and 2001 (statistics New

Zealand, 2002).

A 25% increase in annual water volumes was modelled as a realistic simulation
for the increased demand over the next ten years. July 2005 — June 2006 daily
abstraction volumes were increased by 25% and the increased amount used to
simulate bore water levels. Table 6.4 shows the average water level change from

each bore. Increased drawdown is forecast in most wells. The higher simulated
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abstraction volumes have resulted in drawdowns increasing. The worst affected
bores are located at Moana Point. State Highway 25 Bore 1 (SH-1) has a dramatic
increase in drawdowns, with water levels dropping by up to 10.3 metres in peak
abstraction periods. Waireka Place is also significantly affected by the increase in
abstracted volumes. WP-3 shows an increased drawdown of 2m during winter
months and 1.5m during high demand periods. Beverly Hills wellfield is affected
by the increase but not to the same extent as Waireka Place and State Highway 25

bores.

Table 6. 4 Simulated change in water levels with a 25% increase in abstracted water volume

Dec 25 -
Bore Model Feb Mar-Apr May-Aug Sep-Dec 25
BH-1 ‘non pumping’ -0.3 0.4 -1.1 -1.6
‘during pumping’ n/a n/a n/a n/a
BH-2 All water levels -0.7 -0.4 -1.6 -2.0
BH-3 ‘non pumping’ -0.6 0.4 -1.1 -1.6
‘during pumping’ 0.5 0.3 -0.6 -1.2
WP-2 ‘non pumping’ -1.5 -0.6 -2.7 -2.7
‘during pumping’ n/a n/a n/a n/a
WP-3 ‘non pumping’ n/a -1.8 -2.9 -3.0
‘during pumping’ -1.5 -0.5 -2.0 -1.8
SH-1 All water levels -10.3 -5.7 -6.4 -10.3

The bores simulated to suffer the most significant water level decline as a result of
the increased pumping (WP-2, WP-3 and SH-1) are also the bores suffering from
increasing electrical conductivity levels. The simulated results suggest that
increasing current abstraction volumes of both WP-3 and SH-1 would not be

recommended considering their current vulnerability to electrical conductivity.
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CHAPTER SEVEN

Management options

7.1. Introduction

With increasing demand on what appears to be an already strained water resource,
Whangamata will at some stage in the future require an alternative water source or
management practice. Currently the expansion of Wentworth Valley wellfield is
intended to cope with increasing water demand. Other means of water supply need
to be assessed as well with demand only expected to increase. There is also the
possibility to alter current wellfield management to decrease well water level

drawdownes.

Several possibilities do exist for practical alternative water sources. The major
factor affecting Whangamata drawdowns is high summer peak abstraction
resulting in large drawdowns. The remainder of the year abstracts much lower
volumes. This low winter demand could be utilised for several purposes. Bores
vulnerable to seawater intrusion could undergo artificial recharge from reticulated
water during winter months or the low demand winter months might also be used
for pumping to fill household storage tanks for summer peak use. Household
tanks could also be filled using rainwater. Alternatively the high summer water
demand could be covered by abstracting water from the small unconfined sand
aquifer located in the town centre.

7.2. Wellfield management

Beverly Hills
Beverly Hills Wellfield has undergone a change in pumping regime as of

November 2004. Where previously all three bores pumped simultaneously now
only BH-3 is utilised. BH-1 and BH-2 are used very rarely, only for a few days in
peak summer abstraction per year. Since the change, drawdowns seem to be
greater than before especially during high demand periods. The fractured rhyolites
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at Beverly Hills Wellfield do not appear to be uniform, with semi-independence
between bores. By comparing the contrasting pumping regimes over two separate

summers it is possible to evaluate this hypothesis.

Table 7.1 compares two high demand summer periods (2002-2003 and 2005-
2006) which have different pumping regimes. The summer of 2002-2003 has a
high average pumping volume (max weekly average of 3398m°day™ between thr
4"-10"™ Feb) and the largest drawdown in the well field is BH-3 between 11-
11.65m. The extracted water is split between all three bores with BH-1 being the
dominant bore. The summer of 2005-2006 extracts less water than 2002-2003
with a highest week averaging 2701m°day™. However the drawdowns are all
higher than 2002-2003 despite the lower abstraction. In particular the end of
January which has a high water demand reaches 12.35m below sea level. This is
0.7m larger than any drawdown in 2002-2003. An interesting aspect shown in the
highest demand period (31% December — 6" January) is that this corresponds to
the lowest drawdown. This can be explained by a decreased abstraction from BH-
3 (the lowest over the high demand period) with the excess water being pumped
from BH-1.

A change in pumping regime has the potential to reduce drawdowns at Beverly
Hills. Due to the preferential flow pathways in the fractured rhyolite, bores in this
wellfield seem to be semi-independent. If all three bores are pumped
simultaneously, a lower total drawdown will be incurred than abstracting the same
volume from one bore. As previously discussed in Chapter 4, water levels in
Beverly Hills are lowering over time. It is important to try and reduce this as
much as possible to prevent the possibility of seawater intrusion. It would be a
relatively simple change in regime as it has been implemented successfully
before. Two of the three bores are currently acting more like monitoring wells. If
they are all used in conjunction, drawdowns will be lower than the current regime
(at equal abstraction volumes). Ideally pumping rates for each bore would be

adjusted so that drawdowns are equal at all three pumped bores.
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Table 7. 1 Abstraction volumes and water level information for Beverly Hills Wellfield over 2
summers with contrasting pumping regimes.

Week Week
beginning ending Average volume per day (m®) Total Water level (m.a.s.l)
2002-2003 Bore 1 Bore 2 Bore 3 Borel Bore2 Bore3
24-Dec 30-Dec 1245 459 939 2642 -10.43 -5.25 -11.25
31-Dec 6-Jan 1992 471 962 3424 -10.13 -3.45 -11.15
28-Jan 3-Feb 921 430 838 2189 -10.03 -7.05 -11.05
4-Feb 10-Feb 2058 428 913 3398 -10.63 -5.65 -11.65
2005/2006
23-Dec 29-Dec 0 0 2418 2418 -1.73 -2.35 -11.85
31-Dec 6-Jan 469 0 2232 2701 -2.13 -2.75 -11.45
7-Jan 13-Jan 0 0 2362 2362 -2.73 -3.45 -11.95
14-Jan 19-Jan 0 0 2603 2603 -2.93 -3.25 -12.35

7.3. Winter recharge of vulnerable wells

Whangamata has several bores that appear vulnerable to seawater intrusion. One
possibility to decrease the risk of seawater intrusion in these susceptible wells is
to artificially recharge the aquifer in low demand periods (winter months).
Artificial recharge would involve pumping additional water to the town’s demand
and using the excess water to recharge vulnerable wellfields. Whangamata winter
water demand is low (average of 1750m°day™ during winter months) meaning

additional water could be pumped without straining other aquifers.

Waireka Place Bores 2 and 3 and State Highway 25 Bore 1 are the three bores
currently suffering from increasing water conductivity. The increasing electrical
conductivity suggests these bores are possibly drawing in sea water. Both Waireka
Place and State Highway 25 wellfields are within 400m of the nearest salt water
body, making sea water intrusion a likely cause of the increasing water
conductivity. These three bores are the best candidates for artificial recharge

because of their deteriorating water quality.

Due to the low water demand during winter months, additional water could be
gravity fed or pumped back (greater cost than gravity fed recharge) into WP-2,
WP-3 and SH-1 allowing significant winter water level recovery. Beverly Hills
and Wentworth Valley wellfields could be utilised for abstracting the additional

water for recharge. The consented limit of Wentworth Valley is 1250m>day™
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while Beverly Hills can abstract up to 3000m°day™. Obviously it would be
undesirable to put Beverly Hills and Wentworth Valley wellfields under pressure
from over abstraction, so the maximum consented limit may not be sensible for
extended periods. However 70% of the abstracted limit would provide
approximately 3000m®day™. Average water demand in Whangamata between 1%
of May and 31% September is 1750m>day(calculated using data from 2000 —

2006), which would allow 1250 m*day™ to be used for well recharge.

There are many facets of this option that need to be considered in more depth and
are beyond the scope of this particular study. Economic analysis, reticulation
construction and any water treatment costs would need to be taken into account.
However as an option for reducing the potential of seawater intrusion, artificial

recharge of vulnerable aquifers is a logical approach for further investigation.

7.4. Household storage tanks

The winter low water demand period could be utilised alternatively by installing
household storage tanks. Due to the low demand in winter, extra water could be
pumped in addition to the town’s required demand. This excess water could be
used to fill individual household tanks during the winter which could be utilised
during summer high abstraction periods. Average household daily water usage is
352lday™ (Eco solutions, 2004). A tank size of 10,0001 would last just over 28
days or 4 weeks. A 4 week buffer over the summer peak period would reduce
abstraction volumes, decreasing drawdowns and lower the threat of seawater

intrusion.

The aim of this option is to smooth out the seasonal water demand. Currently
summer demand far outweighs winter demand. The large increase in summer
water abstraction results in increased drawdown levels. If some of this demand
can be shifted to the low abstraction periods (winter months), drawdowns would
be reduced during the summer period, which would decrease the probability of

seawater intrusion.
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7.5. Household rainfall tanks as a source of non-potable
water.

Individual household rainfall tanks could assist in decreasing groundwater
demand in Whangamata. On average Whangamata receives a relatively high 2
metres of rainfall per year. If this rainfall could be utilized then less water would

need to be extracted from the town’s aquifers.

Several areas outside the traditional rural setting are adopting household rainfall
tanks as a source of water. In Canberra and South Australia it is currently required
for new houses to install rainfall tanks. In New South Wales, rebates and
government assistance are given to households installing water saving devices
such as rainfall tanks (Australian environmental heritage, 2002). New Zealand is
in no way a drought stricken area, however there are examples where rainfall
tanks are encouraged in areas with a town supply already available. Waitakere
City Council is promoting the use of rainfall tanks to reduce water charges. The
initiative is designed to decrease peak stormwater flow, with an added benefit to

the user of supplying household non-potable water (Eco water solutions, 2004).

In Whangamata it could be possible to use rainfall storage tank, primarily for non-
potable water use. The toilet, laundry and gardening account for 65% of an
average household’s water needs (Eco water solutions, 2004). A tank around
10,000l can be used for such a purpose. The main advantage of using the water
solely for non-potable supply is that it does not need treating which reduces cost.
The house would still be connected to the town supply to provide the homes

potable water.

Figure 7.1 shows the hypothetical water volume of a 10,0001 tank using 2291 per
day (65% of 352l). There are only 3 occasions where the tank runs dry, totaling 15

days in 10 years. The tank here would be a viable option for a non-potable water

supply.
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Figure 7. 1 Hypothetical water volume of a 10,0001 rainfall collection tank releasing 229 litres
daily from 1996-2005

7.6. Summer abstraction from an unconfined sand
aquifer " ?”

A potential area of exploitation could be the unconfined sand aquifer. Located in
the town centre, the 3.2km? aquifer holds considerable potential for large, brief
abstraction during high demand periods. The aquifer could be used primarily
between December — January to add additional water to the town supply. This
abstraction would decrease the volume of water needed from other bores,

reducing drawdown and seawater intrusion potential

The only currently consented bore in the aquifer has an upper limit of 75m°day™.
However the bore is used for irrigation of a sports field and does not abstract a
large amount of water. A flow test was conducted in 2005 by URS. An average
flow rate of 2-3lsec’ was calculated which is small in terms of Whangamata
abstraction rates. The flow test conducted on the 16" of November 2005 was
restricted by the abstraction rate which could not be altered. The bore reached
drawdown equilibrium within 3-5 minutes after lowering by 3m. The duration of
the pumping test was also restricted, as such the bore could only pump for 6

hours. Full recovery was attained 3-5 minutes after pumping ceased.
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The flow test does not give a good indication of the sand aquifers full potential.
With an area of 3.2km? and varying depth between 6 — 12m there is the potential
to abstract larger amounts of water for short periods of time. This could
potentially buffer the required water volumes over peak periods to reduce

abstraction pressure on bores.

7.7. Summary

Alternative water management options are possible at Whangamata. Smoothing
the seasonal use of the aquifers could significantly reduce the threat of seawater
intrusion by reducing peak drawdowns. Winter recharge of seawater-vulnerable
bores would aid water level recovery during this low demand period. Additional
water could also be abstracted during winter months to fill individual household
storage tanks. These tanks would provide household water over the high demand

period.

Instead of smoothing out the seasonal water abstraction trend, demand could be
reduced through additional water outside of the confined aquifers. Individual
household rainfall tanks could be used to supply non-potable water, year round.
Alternatively the town unconfined sand aquifer could be exploited to provide
additional water to the confined aquifers. The sand aquifer would primarily be
used during high demand periods to reduce major abstractions. This would
possibly result in decreasing summer peak drawdowns) and lowering the

probability of seawater intrusion.

All of these options could be feasible solutions to the water demand at
Whangamata. Additional information is needed about the options in order to
determine whether the current town water supply management could be modified
to reduce drawdowns without to much additional cost. Economic and feasibility
analysis would need to be undertaken. However from a hydrological perspective,
the options should result in lower probability of seawater intrusion than the

current mode of supply.
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CHAPTER EIGHT

Conclusions

8.1. Introduction

Whangamata bores have shown a decline in water levels over the past five years.
Increased pumping volumes have caused greater drawdowns and long term decline in

several Whangamata bores.

Electrical conductivity is showing an increasing trend in magor production bores at
Moana Point (figure 5.1). One bore has already been closed due to the increasing EC
while two others face the same result if current trends continue. The increasing EC
trends are conjectured to be a result of increased pumping causing greater drawdowns.
Most notably, in the two bores showing arising EC trend, (Waireka Place Bore 3 and
State Highway 25 Bore 1) increased pumping during winter months has not allowed
winter water level recoveries to the same extent seen in previous years. The lack of
recovery could be an important factor in the rising EC trends. This would also help to
explain the mode by which EC is increasing, with a consistent linear increase year
round. If high demand periods (summer months) were the sole cause of increasing EC

larger EC elevations would be expected during the peak demand period.

8.2. Model results summary

Whangamata bore water levels were predicted using multiple linear regression and
artificial neural networks. The regression approach proved more successful, modeling
both seasonal bore water level variation and long term trends with a greater accuracy
than the neural network approach. Due to the poor time resolution of available data
the validated model was compared to a5 point moving mean of observed values. This
allowed a clearer comparison of the models ability to predict seasonal variation and

long term trends as apposed to matching individual drawdown points.

The comparison with moving means of observed data yielded the fit measure as
between 0.6 and 0.75 in validation. This shows the models have a reasonable ability to

predict seasonal-scale bore water level change. Point water level values were not

129



CHAPTER EIGHT: CONCLUSIONS

matched particularly well and these deviations are incorporated as error envelopes for

point level forecasts.

Simulating seasonal bore water level variation and long term trends was undertaken
for bores experiencing decreasing water levels. Suitable abstraction volumes were
identified that result in no annual net loss of water level. Simulated water volumes
were decreased during winter low demand months at Waireka Place and State
Highway 25 wellfields to allow water level recovery. A scenario involving a 25%
increase in water demand for all bores was also modelled. This simulation was used to
predict a realistic increase in demand based on population growth rates. Bore water

drawdowns increased significantly in several bores as a result of the increased

pumping.

8.3. Wellfield monitoring recommendations

* Long term monitoring of electrical conductivity and bore water levels is
required. Prior to this study, data had not been analyzed for long term trends
Because the bores where not exceeding any consented limits, increasing EC
levels and decreasing bore water levels had not been picked up. Simple time
series plots provide a good visual aid to an aquifers status.

* Summer monitoring is required of water levels in the piezometers surrounding
Beverly Hills to ensure they do not drop below sea level. They are well placed
sentinel wells and should be utilized.

* A pumping test at State Highway 25 Bore 1 is recommended. The bore does
not appear to be operating in a long term sustainable manner and a flow test
would help to quantify a sustainable abstraction rate.

* When recording water levels it would be helpful to note, whether the bore is
pumping at that time. Alternatively, water measurements could be measured in

amore systematic manner i.e. after a set time of bore water level recovery post

pumping.
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Future Development Investigations

A detailed investigation as to the cause of rising conductivity at Waireka Place
and State highway 25 wellfields would be useful. Clarification is needed,
possibly using isotope ratios to differentiate between sea water intrusion and
geothermal alteration.

Following the water conductivity investigations, if the results conclude
seawater intrusion, sentinel wells migth be drilled in appropriate coastal
localities and monitored to detect water conductivity elevations.

An economic analysis as of alternative water management options discussed
in chapter 7 would help to determine the feasibility of each option.

An environmental and social impact investigation into the affects of each
alternative management option discussed in chapter 7 would be a useful
addition.
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Well Log: Lithology & Construction

Well Ident
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BH-2 Bore log



I Well Log: Lithology & Construction
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] = == 72.7 C
75 . : : N he : N :_ -B5
E o i~ ‘ T
80 e o Pink RYOLITE, hard and -0
] B L~ fractured -
85 -] B L~ 75
] =» - -
o o~ - - -80




Well Log: Lithology & Construction

Well 1dent Name
BVW-3 Whangamata
i Drill. Method Fluid rotary l Drill. Dates 26 Jun 1964
[x 276479 Y 6438130 E 9.65 Meas PLEev. 9,65
All measurements are in meters. Hole and casing diameters in metres. Scales (1: xxx) '
Water Level (m AMSL) Vertical Honzomal
3.10 500.0 10.0
Dapth : ' Eiav.
] Hole Annuius Casing|Screen Lithelogy il
] o 7] [ Pink RYOLITE, hard and -
95 - pen ] vy fractured - -85
] ik Hole ] e [
100 100 100 2 Grey RHYOLITE, firm - -0
] AR v i
105 [~ 95
110 5 - -100
115 | - 105
120 = -110
125 - 115
130 -} - 120
135 - -125
140 - 130
145 135
150 .E i— -140
155 —: C- 145
160 - -150
165 - 165
170 ] - 160
175 - 165
180 - -170
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] Well Log: Lithology & Construction

Well Ident

Name L8, 17
BVW-1 Whangamata
‘ Drill. Method Fluid rotary | Drill. Dates 1 Oct 1987
FX 2764830 ' Y 6433180 ﬁ 433 Meas. Pt. Elev. 4.33
All measurements are in meters. Hole and casing diameters in metres. Scales (1: xxx)}
Water Level (m AMSL) Vertical Horizontal
2,40 350.40 10.0
D[?T%lh Hole Annulus Casing|Screen Lithology E['rﬁ‘]’
] 2 _ I
i Topsoil, treestumps, [
. CLAY o
5 L
10 -5
15 [~ 10
] Mauve - yellow CLAY 5
] & SAND -
20— e
] 0.2 ]
25 — [~ 20
] |
30— 0.21 " =
1 3
a5 1 Dark purple, soft - -30
. RHYOLITE {weathered) i
40 N -35
] 43| 43 L
+ + L
4 + + D
45— = [ 40
i H i
B ++
u + ++ -
++ ++ -
i i e Purple - black, with white | 45
50 - Onen il 1 RHYOLITE [
1 Hgle 015 o Hk hard, fractured [
] S i loose rubble below 49m .
| 55 |+ e Water bearing 50
55 + + + + -
+ + ++ B
A it I i
i 57
] 59 | 59 |17 i r
60 |80 60| ++ ++| 60 55
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SR S,

L

|

L.

Jo8 ¢ WHANGAMATA WATER SUPPLY WELLFIELD EXTENSIONS BOREHOLE WM ._3
CLIENT * THAMES-COROMANDEL DISTRICT GOUNCIL SHEET ' OF 2 SHEETS
JOB NO. : A126 LOCATION * MOANA POINT ELEVATION : + 21m RL
DATE DRILLING . .
ORILLED : SEPT 1987 | meTHOD - WATER ROTARY ORILLER : BARHAM LOGGED * BJK
STRATIGRAPHY SAMPLES 8 TESTS
Ground- Comp-~
. water letion
Depth Legend Description Depth |Sample | Test
1 g :-; CLAY , brown !
§ N — WEATHERED RAYOLITE and L
7 < | yellow-brown-grey clay
o AT i
N —= f
HI N | l
20 /NN | 16-18n grey 19,5
\//_. 18-36 mauve 15.10,87
E 1 30-36 soft layers I
7\ 36-42 brown
%0 L
J \ —
N . |
\ l 42-4B green and grey, soft layers 150mm —
40 | < Y steel
P casing
1N L
o Base of
AV N + kasing
. grouted
] l/ RHYOLITE - generally hard L
~ with smaltl to medium \
60 4 /\ fractures throughout r
e
17 ~ F 56 ] =
0] N\ i \
N7 i
1 -
P
N
80 4 ~
/ 7
A N 140mm e
/ , apen
w 1] /| 48-150 cream, black, gold ] hole
~—— ] and brown with occasional green and 1
R \\ red colours L 2
=
A C
106 4 \ c L
L .
<N
10 | — L
Vs
4. -\ L
/ N
120 // s
~
< L ;/\\ [ l
130 A /’ r
- / !
< ot
Groungwater Samples Tests
PHTTLG Level » Small Disturbed Somple | FH Failing Heod
DELHMORE - i Large Disturbed Somple | RH Rising Heod
1
PHRTNERS atriow M Undisturbed Somple o) (el anf Bead
LIMETED Inflow .‘ ST Step Dischorge
4 Groundwater CD Consiant Discharge




JOB BOREHOLE WhW-2
CLIENT SHEET 2 OQF 2 SHEETS
JoB NO. ¢ LOCATION = ELEVATION :
DRILLED - : METHOD - SR LOGGED
STRATIGRAPHY SAMPLES & TESTS
Ground- Comp~
e water letian
Depth Legend Description . Depth |Sample| Test
140 -\/_, RHYOLITE - generally hard with o
~ S small to medium fractures throughout
1, "< L
150 4L = L .
i Total depth 150m L
p b
4 L
Groundwater Samples - Tests
PHTTLE Level » Small Disturbed Somple | FH Faliing Head
DELAMORE outh  Lorge Distued Sample | RH Rising Head
tf)
PHRTNERS Htflow B undisturbed Sample o Consfun_t Head
UMITED laflow ST Steo Dischorge
é Groundwoter CD Constant QDischarge
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WAIRATO VALRLEY AAUTHORITY

AN
l____—‘ 409 GACY STHEET, HAMILTON EAST

DeilInole: Le’bma.q':@qh CSwoply N 2 Project: Whorpmoden . wils. . 2. ..
Co-ordinates: ..... 4% ..... E..ERS N AR Date Commenced:

Location: H)\f\ L Date Compl:ced-
;\r; C B.L ot oovieaginne

Contractor: ‘G\ Gy
britles: .. 5. VMO, .. Z-ogqed By: - 4
S A Geophysical Log: ...iiocineinananen

B

- Form=
'\ Lithodogy . .  ation _ DBarehole conszruetion odditional

Cdenrel] obaervailons

dritiing
methad
pona-
trotion
water

055wy Brown r\?v ced Pt IS 4

wpatherah __ duld Growd _ scal,

I I e d
o Sherl  Cosiog
: (Bbowy >

- WAm  Yellwa-geey, <My
4 ombbercd, thdolibe.  Woee
. 3 [ <1 a) nFnk 1oy -Lmus.

:,, P_t} = thelm Vink o arey \.xn“-w
'R ed  rwyolile.

= 6! =22.3m Tk qgroy

w - el omingh__parphvritic :'hjo\ ‘C N
Ga . (e n}\mmcru;ls PR L
ol grined ) ey ‘m ek -ty
Tl et ADES . Sowar _ ciwh J I TN Y |
we ool o\kro\—lgn Y Dc\d':m& cm;i,-\s 1o <o

tkathered /?’a)/o’n'n'c ,Q,aoh' th

Sclert Hrws
120 -S8-C0Om

Pm; [@FANER S "
thyclile  oad  Olios . grefe
w o _h&c\’:\smwlc r\so\iirc ‘Uui_n

i
o |2:3- 25300 Xl bosee . ced
O"\E wicaiharech
chyalibe - Vo nlechended
?\n\( LT K

HINCEN RHYOLITE

— omem & vole

& B3-S To R Yo e by

Acch_arounest  polphyrilic

* rhynfiie.  Glo 4

Pheacc s mk ar Gae o eoloy
| Rz s oltered.
~nbh Gy wed ke Ync -

P

- - ATANA q&:dc\d;m\‘\m e

‘thyalile (sz.aoar\/ RopmmACE)

A R T P WP 7 N Y

fine Src{n neth T L\’IQ[ ite.

" g reol-brosan Meol oroin

s le pacpbyribic rhynlife. . 9

T
[ alitelsl I~y

it ool channe, o ) —
- abbue . Baelusrdd S a™ ]

. X ~nkh _Grey ook chips on

desceined. . Qbauee

{ Frackoarend
l

" %9 -7-8 m Green arey <!
- B nmmoi
I o \tth_ akzeie Psnatic
= r‘mmhk Tz Yn shoiniag
o ttacke sachhcrs.
~o%h  Grey aed  rod bown
rhoolite el fBpos an
N abor . Sovne
‘[ thvolite Trans QH. \xmcd
~ LS M\(‘.\‘D‘Dccr\n]rrr‘l

\/or‘o‘ni\f froclused

Hard,

LA

Water

" Vertical Seale 1:..8%0.. ..., pensimiion|
water lafiow

page ..L... of R ... a fo  resisionce
i fonging o

HiH ratusol walar outflew
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WAIRATO VALLEY AUTHORITY

) Y SHw - |

409 GREY STREET, HMAMILTON EAST

L Drillhole: whmﬁg‘_!m‘r.q. Swpply N2 Project: Ghosaanabel wfs . T2
Co-ardinates: ... ¥ A s E. GBS N AL, Date Commenced: RN .
3 Location: W"C\aauumiﬂ [EETY Date Completed:
Contractor: w0 Garnatk. r.C RiL ot v, ...
brilier: ..C.. o y\pek. . oo Logged By: ..PRC.
f 3 LY O n oGO 0000 4000040 65 o Geophysical Log:
EE b 5 s % 2 ;-‘orm- Dorehole © o
=C £ gE £ [ 8' E'E t . Lithslogy L ation ] onstruction acdifiona)
1 S E s i3 B2 jaz Mo dern. cbuatrvations
L» AYEYS 7
s - e
RVAY. % L0¥m < sohom Pk ped grey.
. B Har nmined thyabe, ¥ 71—
. EalnSriord Jm.} Anhedoml ]
1 o g - j'C’H(FN cherecraehs | 5
_ | n foe oo grenisplens. Y EE
' . Lrs Some  limanodr tounion =
} L o dhin  suclhees. g
Foe («i7] grry chyolile ek 2
= it Tt “on Aesriihen, T o
ptu.)lmusﬁt’ . < l__:
4 B EQ’:
' A L o b—
Lo
L Y —_—
| I hbe T
§ g 2
23 = 'g Z
5¢
i 7 F ..-'2
I 7
b

}‘Qr‘d )

>
_QJ.J
&
S
B T0: 9% om
=

KEY
pensirstion Water
'1 no resizionce water Inflow
ronging 1o
ij,?.!., retusal i waiee outflow
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HUBU B UB BB UUUBULEEEY

Manuka Place

LOG OF BOREHOLE Page 1 of 2 HOLE NO. mVeSng“Oﬁ
e
LOCATION: MANUKA PLACE, WHANGAMATA  (398847.43F 663701.68N)
JOB NO: AJ12612 DATE: 17111199 RL GROUND:  ~24.0m RL TOP OF CASING: ~24.8m
] —~
Loceen Br:  Driler/L.J.P. HETHOD: Percussion - Alr Hammer B s
= Ld w| o
~ T Elewll | S E] 8 .
& g 33 2R o |ElalE %f
= [ S i WiQ [ =
= ] s TiE|l= s
5 SOIL AND ROCK DESCRIPTION ERR E |& BILCIE |E|E 5
& =) = % e plZH =P 2 g [©]
o 5 a i Zom oiEdioElea | E| S 2| S
E 2| % P 5 |k siEEbif 55|32 48|G
Z = B [ a 1= ZIs8lE8| |21 E| S %
Soil materials and weagthered sofi roclk ¥ — X
- . -1
X — E
- X = X[ i
I Red rhyolite, sofi L. =
‘ v N £
| > — 10 g}:?
- <AL ii1/99 o
el
ya hva =
B 7 B ISESm ,@w
L . =
Blue boulder, rock T byl §§
s Rad rhyelits, soft (hydrothermal altaration) v > — 20 [=X%
L < AN
L v 2L
i \ N !
| [Red rhyolife, hard s len>] ki |
| White roclt, sofi. Pumice, fephra ond lithics X = X
Wor— X =
I~ X — X i
L Red fo brown rhyclite with frocture zones \V4 J — 40 ‘5{;
£ <AZL T BJE
e 7 m G oW
L 5 — P — é
| § w7 2
I )
£ [Red rhyoliie, hard — no fractures ~ | 50 £l
= <N L S| E
- le) =4
s “F N
|- B x| <=
N » Z $lo
- v N *GGM%}‘WE 1otis | | &
L AN N oo T
Red rhyolite with fractures 7 P = . 3_):: 2
f— L [TE)
L Red to purple rhyolite — no fraciures l & E
N a3 2l e
— A% > 70 —»}‘f& Morie | 2 £
. < A L > = | E
B raE K
[~ {— o
14, ¥ x [=1
L Red rhyolite, soft (hydrothermally altarsd?) w |V N - 7_}§€ tiolie | S
L VAN =
Red to purple rhyolite, hard — no fractures -3
L 2 L
7
- N .
— v > — a0 —V%E 110119
- S kAL "5 -
- yan =
REMARKS:
Hardness : W,weak; 8,strong
Fracturing : + Fractures noted by driller during drilling PATTLE DELAMORE PARTNERS LTD
Driller : Ken Gamet! Drilfing
FINDATANOES\A 126\ 12\ Log _BY1_ 1.




- B B
S E EH W 6 N e N M NN M B NN EE B E NN R

] Manuka Piace
5-@ /9 LOG OF BOREMOLE  Page 2 of 2 HOLE NO.  Invesigaion
LOCATION: MANUKA PLACE, WHANGAMATA (396847 43E 663701.68N)
JOB NO: AJ12612 DATE: 17111/9% RL GROUWD:  ~24.0m RL TOP OF CASING: ~24.8m
i —
106GED BY:  Driller/ LJP. METHOD: Percussion - Air Hammer s 3
el o I =
~ T zxlewin (S| E = -
3 % |2 SlEgl > ] 2
= = 8 4 19 Elsuje |E|g|=E S
= = | u = e [ 51Fc=z 2|3 2
iad SOl AND ROCK DESCRIFTION = ) - E |= Slwoln Ejiele 5
& 2 Y ¥ e Je elZYHIEo| 2| x| E| el
o 5 Q o = fw wiSdajopi e lwl 4| 2|
i 22| 2 | 55 2zERzE|s 2|4 s
z EE & 8 | =BSREIG|Z|E|§ |5
B Red rhyolita, hard — no fracturas < /.\ > |
s =
: |~ —10m—:.>: j 11O HB.5
w0
. v NOoE - E
| [White rock, soft W g
| Red rhyelite 2 s F . ; ;
. Blua ranl o= f 13.5H8.5 —
Red rhyalita, hard v N - o ® g
T oW
| s |« A > .3 zZ|=
L s 77>}f; 125110 | €| &
i —120| & & AR
= White/ greaen rock with red rhyelite | § =
— = [Red rhyolite v e ==
Whis it b A i . K- 4 ]
o n; Red' erhl:;ooclﬁe en 7o >: 5 19 [He x| 8
| < |Green/ blue rock ~ ne =| =
= m
| = Green/ blue rock, soft — 130 % §
Blue/ grey rock with froctures 7 v N z 2|0
— ) o
B Green/ grey rock, soff <A —~>?E 126 8.3
. sk IR £
- = £
Grey rock, hard — 140 @ 8
B \I > E —
L s 1V - e 12 170 [49.5
B Red/ grey rock with fractures o - © o
Rad/ grey rock, hard | .2
B Red/ grey rock, sofi v L 50 ~ E
- N S g 153 -19.5
- w oV B
i <ATT .3
L oS E
TOTAL DEPTH 1585 m L 160 i ﬁ
- — 170
- i— 180
- — 190
REMARKS: Hardness : W weal; S strong
Fracturing : ¢ Fractures noted by driller during drilling PATTLE DELAMORE PARTNERS LTD
Driller : Ken Garnett Drilling
F\DATA\00BS\A) 126\ 12\Log_ BY1_2.dig
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ERS’ LOG FORM YY LD

s all correspondence 10! REGIONA_‘
Executive Officer, Waikato Regional Ceuncil COUNCIL
Street, PO Box 4410, Hamilton East - Telephcne (071) 567-184

ffices: 59 Whitaker Street, Te Aroha - Telephone (0819) 48-099
. Rifle Aange Road, Taupo - Telephone (074) 86-539 408 no SRR

BORE LOG
from Surface Descripticn o} Ground _ e p
Bottom Passed Through OWNER/OCCUPIER ‘—-C—;\_—DK’
; \ sooness 20O -t 3d
i€ TN = Loe Ay ;

%q D_AM\ce_, —;De,__.,.‘oi
Y QQ%E/‘\ ‘_DGL( T
63 lrock B et e MAP REFERENCE

BORE LOCATION

RS E-eSivorc) P '
- E Q L | pRLLNG FiRM SR Caens L\. o (<
E.g s cOci 2. DRILLER _ D . Qofo.
= DRILLING METHCD Qe

A \’ic»/'d reele &d-&ac*-
(R Q—\r»—\ cock

START DATE FINISH

WELL BORE/CONSTRUCTION

BORE DEPTH (m) O™
CASING DEPTH (m) 13

CASING DIAMETER (mm) 152 <5
SCREENS:
- DIAMETER ¢mm) Grtry 2D

~ INTERVALS (m)

FROM
0O — AG Vi
FROM A — A2 @ Scoeenn
0
_sLoT sizEmvrE A0 Mo

PUMPING TEST

STATIC WATER LEVEL (m} - 7/
= p=

PUMPING RATE (m3iday} __ =

DRAWDOWN (m) 215 - 3

DURATION OF PUMPING (Haurs) A \

WATER QUALITY

QBSERVATION ON SITE /

SAMPLE TAKEN

AMALYSED BY

PLAMN: {show road names, narth peint, distances to buildings, powerlines, septic tanks, underground services).
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Sheet 1 of 4

DRILL HOLE LOG W7

ELL EXTMN.GPJ WCCONZ.GDT 24/5/04

URS New Zealand Limted,

Fhone 09 355 1300 | Projest Mo,
Fax 09 355 1333

Drilling Contrattor: Brown Bros (NZ) Ltd.

48293-012

Project Aeference:

Wentworth Valley Well Deepening

Driil Type:
TVruck Mounted

Logoed By: C. Noble

{hecked By:
Date S@rted:  5-4-04
Datz Finished:  13-4-04

Relative Level: 8.40 mRL
Coordinates:  $438450.23 mN
2763164.73 mE

Permit Na:

Client:

Thames Coromandel District Council

A J
s ™y
E WELL CONSTRUCTION DETAILS —_ =
> | SAMPLING E - 59
=1 anp _PVCentcap e = DESCRIPTION OF STRATA g5
9 tesTivG Lockable E i O
@ walthear o o] a8
= \ ] .l Od
2 S
= 1T E- 0 ~-1, Dark yellowish brown CLAY, wilth compleatly fa fighty o
= || —1 v.* ¥ \weathersd andesite. Limonite and naematité on 2
e | [1 } D 2 fractures,
= ; o v, ".¥) \Dark yeliowish brown, silly, Righy to compieatly [
= |- i - v, ¥ v \weaihered, firm ANDESTTE.
| —4 « v« Yeflowish brown, highiy to compleatly waathered, firm
— | =5 ANDESITE, Qocasional hard, moderstly weathersd
- | 6 |7.".”| \ANDESITE.
= || N v, v, ¥ Darkgrey, hard, silty, siightly to moderatly weathered,
= =7 v v | coarse grained ANDESITE, Semi parvasive monlie.
E -
5 =S A
= —1e |"..
e —1i1 N :
= —12 v
Sl S13 1
! =14 1T
= | IR P
— || : :_1 6 |*.v.Y
= |in ; —17 " v:
= 5 =18 10
= =19 1,0,
- [ =20 1.V, : “
- | 21 e v i
= 22 |7, i
= | I =23 Y,
=~ i 04 "
= | =25 | v
= :n -_25 N v " v o
s 27 |
i 28 |+ ivl
- 29 P grey. nard, silty, slightly to moderatly weathered,
=30 ).v.",| coarse grained ANDESITE. Semi pervasive limonite,
31 et
_-32 » « « Bluish hlack, hard, slighily weathered ANDESITE.
-33 |.v.Y Minor light gray sift
34 |V
=35 |+
36 [vov.v
=37 |V
o8 |7
39 [,
=40 1LY,
41 1.
A
43 |,
Lag |
45 | v
4B |t
=47 [V
:4B v ow v
=49 v

AEMARKS: Om bg! to 130m bgl taken from initial well drilling conductad by Groundwatsr and Environmental Services
130m bgl 1o 180m bgl logged from drill cuttings returned up hole




LL EXTN.GPJ WCCNZ.GDT 24/5/04

’ Sheet2 of 4}

DRILL HOLE LOG W7

URS New Zealand Limitet., Phone 09 385 1300 | Projact No.: Project Reference:
Fax 09355 1333

— 48283-012 Wentworth Valley Well Deepening
Drilling Contractor: Brown Bros (NZ) Ltd.

Dirill Type: Logged By: C. Noble Aalative Leve!: 8.40 mRAL Client:
Truck Mounted Checked By: Coordinates:  6428450.23 mN
Date Staned: 6404 2763164.73 mE Thames Coromandel District Councii
Date Finished:  13-4-04 Parmit No:

\

WELL CONSTRUCTION DETAILS
SAMPLING

AND
TESTING

DESCRIPTION OF STRATA

BEPTH (M)
LEGEND
DESCRIPTION

GEOLOGICAL

v v »| Biuish black, hard, fractured, fresh ANDESITE. Minor
+"v " limonite on fractures

——1 BAMPLE TYPE

RO P R e

I LG inch Steal with

concrete groui

<
=

v
« v« v| Bluish biack, hard, fraciureq, slightly weathered
LYoy ANDESITE. Occasional ght brawnish grey silty ciay.
> Limonite on fractures.

K S B

v v v| Bldish black, hard, slightly fractured fresh ANDESITE.

v v v Dark bluish grey, hard, fractured ANDESITE. Minor
oyl limonite on fractures. Light green ciay on some
fractures. Quartz and oliving phenocrysts up to Tmm.

ROTARY TRICONE REVERSE CIRCULATION

e ~i Dark biuish grey, hard, highty fraciured, slightly
LYY weatered ANDESITE. Limonite on fractures and
slightly pervasive

v~ | Light brownish grey, hard, slightly to highly weathered
W ANDESITE with clay on fractures.

A R

REMARKS:




[ Shaet 2 aof 4

DRILL HOLE LOG W7

Phone 08 355 1330 | Project No.: i Project Reierence;
Fax 08 355 1333

URS Mew Zealand Limited.

) 48293-012 Wentworth Valley Well Deepening
Driliing Gontractor: Brown Bros (NZ) Ltd.

Drll Type: Logoed By: C. Nohle Relative Level 8.40 mRL Client:
Truck Mounted Checked By: Coordinates:  $438453.23 mN
Date Started:  6-4-04 276516473 ME Thames Coromandel District Council
Date Finished:  13-4-04 Permit No:

WELL CONSTRUCTION DETAILS
SAMPLING

AND
TESTING

DESCRIPTION OF STRATA

SAMPLE TYPE
GEOQLOGICAL
DESCRIPTION

Light brownish grey, hard, siightly to highly weathered
ANDESITE with clay on fractures. Qecasional lirmonite
on fractures.

Gireyish brown Clay, soft, plastic.

Reddish grey CLAY, soft, dry, plastic. Possible ash
laysr

Yelliewish brown CLAY, Moderatly plastic. Pervasive
limonite, minor highly weathered andesite.

Dark bluish grey, clayey, moderatly wealhered
ANDESITE. Pervasive limonite in ciay bands.

Wery dark buish grey, harg, fresh to sfightly weatherad
fractured ANDESITE. Limonite anc clay on fractures.

Dark yellowish brown, fractured, fresh to slightly
weathered, hard ANDESITE, Clay in fractures.

Oark greyish black stighlly fractured, slightly weatherac
ANDESITE with clay in fractures.

Dark greyish black fractured, slightly weathered
ANDESITE with clay in fractures.

{3rey reddish black fraztured, slightly weathered
ANDESITE,

i 4 O G i o i e B S S B I S S B I L L I

REMARKS:

ILL EXTN.GPJ WOCNZ.GDT 24/65/04
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Sheet 4 of 4 )

DRILL HOLE LOG W7

URS New Zealand Limitad.

‘ Phone 08 255 1300 | Praject Mo,

Fax 09 255 1333

Dirilling Contracter:

Brown Bros (MZ) Lid,

48293-012

Project Aefarence:

Wentworth Valley Well Deepening

ELL EXTMN.GPJ WCCHZ.GDT 24/5/04

Crill Type:
Truck Mounted

Lagged By:
Chacked By:
Date Startect

C. Noble

6-4-04

Aefative Level: 8.40 mRL
Coordirates: 643845023 mN
276316473 mE

Ciient:

Thames Coromandel District Couneil

Date Finished:  13-4-04 Permit No:

SAMPLING
AND
TESTING

= | BAMPLE TYPE

WELL CONSTRUCTION DETAILS

DEPTH {m}
LEGEND

DESCRIPTION OF STRATA

3T

ROTARY TRICONE WASH DRILL

T A L I T i A A i

ST I

L L B A L B AL B B B B |

Greyish black fractured, slighlly weathered ANDESITE.
Occasional hemalite present on some fragment
suffaces.

LA o

L e S R

EOH at 180m bgl

REMARKS:







