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Table 3-4 - Summary of calibrated parameters. 

Parameter 
zone / 
type 

Hydrogeological units Recharge zones 
Lake 
Muir 

Quaternary 
sediments 

Pallinup 
Formation 

Werillup 
Formation 

Weathered 
basement 

Sedimentary 
outcrop 
zones 

Basement 
outcrop 
zones 

Kh1 (m/d) 2.93E+0 1.00E+0 2.80E+0 5.00E-2 - - - 

Va2 
(Kh/Kz) 

6.63E+0 1.48E+0 2.00E+1 1.04E+0 - - - 

Ss3 (m-1) 4.98E-4 8.00E-4 1.00E-3 2.85E-4 - - - 

Sy4 (-) 9.57E-2 7.67E-2 9.12E-2 1.01E-1 - - - 

Rfrac5 (-) - - - - 6.9E-1 5.8E-1 - 

Out6 
(mm/d) 

- - - - 9.5E-1 9.6E-1 - 

Rain7 (-) - - - - - - 1.10E+0 

Evap8 (-) - - - - - - 7.00E-1 

Level9 
(mAHD) 

- - - - - - 1.72E+2 

(1)  – Horizontal hydraulic conductivity, (2) – Vertical Anisotropy, (3) – Specific storage, (4) Specific 

yield, (5) – Recharge rainfall fraction, (6) – Recharge outflow term, (7) – Lake rainfall multiplier, (8) – 

Rain evaporation multiplier, (9) – Lake initial level. 
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Figure 3.13 - Calibration scatterplots (left column) and residual histograms (right column) for historical groundwater levels 

(a and b); 1970’s groundwater level hindcasts (c and d); horizontal head differences between boreholes (e and f); seasonal 

head differences within boreholes (g and h) and Lake Muir levels (i and j). 
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Figure 3.14 - Simulated and observed lake and groundwater levels. 
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3.4.2 Model results 

The simulation results generated by the coupled model provided a number of flow metrics that could be 

analysed to understand long-term changes. The metrics presented in this paper focused on hydrographs 

for the entire simulated period at selected locations, spatially-distributed groundwater drawdown and 

different time snapshots, changes in net recharge and groundwater storage over the simulated period, as 

well as simulated lake levels and the corresponding lake water balance. 

Simulated hydrographs for the boreholes and Lake Muir show noticeable drawdown trends from 1970 to 

1988, with some stabilisation or recovery observed after that (Figure 3.15 and Figure 3.16). Larger 

drawdowns are observed in boreholes located near the edge of sedimentary aquifers and areas where 

the weathered basement outcrops, for example in borehole MU38S. 

The recovery or stabilisation of groundwater levels between 1988 and 2000 is related to a small increase 

in rainfall rates during this period, as observed in the 10-year moving averages for rainfall and the small 

inflection observed in the Cumulative Rainfall Departure shown in Figure 3.9. 

To assess the spatial distribution of drawdowns over the catchment, drawdown contours were generated 

for two snapshots, the first on 1988 (when the maximum drawdown is simulated) and the second on 

2017 (end of simulation). The drawdowns were calculated by subtracting simulated groundwater levels in 

each snapshot, from simulated heads in 1970 (just before beginning of rainfall decline). These contours 

are presented in Figure 3.17. 

The drawdown results for 1988 show a widespread drawdown within the catchment, with values of up 10 

m found in relatively high areas of the catchment where the weathered basement outcrops, and 

relatively small drawdowns (< 2m) in areas within the sedimentary aquifers. The results for the end of 

2017 show much smaller drawdowns, with exception of the catchment topographical highs. 

The difference between drawdowns within areas where the weathered basement outcrops and 

remaining areas can be explained by the simulated recharge rates, presented in Figure 3.18. Net recharge 

rates for the weathered basement are negative for most of the simulated period while the bulk of 

recharge surplus occurs along the extent of sedimentary aquifers. 

As discussed in the conceptual session, seasonality observed in lake and groundwater levels makes the 

assessment of long-term trends harder to undertake. Raw results for Lake Muir do not show clear 

reductions during the simulated period, although this can be observed when using moving averages 

(Figure 3.19). Also, it can be noticed that all the episodes where the lake gets completely dry occur 

between 1970 and 1988. In terms of aquifer storage, a maximum loss of 200 GL has been simulated 

during the period from 1970-1988, with some recovery after that, also associated with the increase of 

rainfall rates. 

Some of the attributes of the conceptual model also become apparent when comparing exchange rates 

between Lake Muir and surrounding aquifers against groundwater recharge and storage fluxes. It is 

clearly noted that the magnitude of lake exchange rates is much smaller than the magnitude of 

groundwater net recharge (both on wet positive years and dry positive years). Consequently, the 

dynamics related to rainfall and evapotranspiration are far more significant than the horizontal flows 

responsible for the lake discharge. 
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Figure 3.15- Simulated groundwater level at selected borehole locations: MU02(a), MU22A(b), MU38S(c), MU45S(d) and 

MU52A(e). 
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Figure 3.16 - Simulated groundwater and lake levels at selected locations: MU65S(a), MU68S(b), PM03(c), PM04(d) and 

Lake Muir (e). 
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Figure 3.17 - Groundwater drawdowns for 1988 (left) and 2017 (right), in relation to 1970 simulated groundwater levels. 



 

95 
 

 

Figure 3.18 - Simulated major catchment fluxes (a), net groundwater recharge (b), cumulative net recharge (c), and 

cumulative groundwater storage changes (d). 

 

The simulated lake results provide useful insights about changes in the lake dynamics throughout the 

period of rainfall decline (Figure 3.19). Firstly, the use of 4-year moving averages for the simulated lake 
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levels shows a clear decline of lake levels up to 1988, followed by some recovery associated with 

increased rainfall rates. Groundwater inflow into the lake contribute to over 25% of the total lake inflows, 

remaining relatively consistent throughout the simulation period. Yearly net balances for the lake show a 

predominance of a smaller number of years with positive net balance for the period from 1970 to 1988, 

with some years with large surpluses towards the end of simulation (1989, 1996, 2000, 2006, 2009 and 

2012). 

The model also reveals interesting trends regarding the spatial distribution of lake and groundwater 

exchanges between wet and dry cycles (Figure 3.20). The results for the year 2015 show that flows from 

the aquifers into the lake are predominantly around the lake perimeter, in the northeast and eastern 

portion, while flows from the lake to the aquifer (predominantly occurring at the end of the wet season) 

are more evenly distributed over base of the lake. 

 

Figure 3.19 - Simulated Lake Muir levels (a), Lake Muir inflows(b), relative inflow contributions (c) and net balance for Lake 

Muir(d). 
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Figure 3.20 - Bubble plots for exchange rates between aquifer and lake boundaries at the groundwater model nodes 

(negative values expressed with cold colours mean flows from aquifer to the lake and positive values expressed with warm 

colours mean flows from lake into the aquifer). 

3.5 Discussion 

3.5.1 The unique hydrology of low-relief terminal catchments 

The dominant controls of groundwater dynamics in terminal catchments identified in this study 

(geomorphology, distribution of hydrogeological units and climate) closely relates to the basis for the 

hydrologic landscape framework from Winter (2001). The large extent of flat plains and separated from 

narrow topographical highs of the MUNDRC would relate to the type “B” of this framework, characteristic 

of playa environments and basins of interior drainage (i.e., endorheic basins). The combination of Lake 

Muir, surrounding lakes and swampy depressions loosely resemble the definition of Geographically 

Isolated Wetlands, which are characterised by their limited hydrologic connection to other surface water 

bodies and their propensity for the development of biodiversity hotspots (Evenson et al., 2015). 

 

 

(a) March 2015 (b) June 2015

(c) September 2015 (d) December 2015
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The low relief and high specific yield found in these areas result in relative stagnant groundwater systems 

with respect to horizontal flows. On the other hand, the vertical dynamics of groundwater levels is quite 

pronounced, given that infiltration is favoured over runoff (also related to low relief) and horizontal 

movements are relatively slow to dissipate episodic recharge.  

The presence of lakes and wetlands regulates the groundwater levels to some extent, by increasing 

evaporation during periods of water surplus (as their surface area increases) and reducing it during 

periods of water deficit. From that perspective, it seems that these areas are more resilient to rainfall 

decline than initially hypothesised, as level decline in surface water compartments causes reduction in 

evaporation losses and these changes counterbalance periods of water deficit. Furthermore, the large 

storage capacity and upstream flows from the aquifers provide some buffering capacity to surface water 

compartments. Lastly, groundwater drawdowns related to rainfall decline will depend largely on 1 – 

storage capacity of the aquifers, 2 – proximity to surface water compartments and 3 – presence (or not) 

of upstream areas that provide some groundwater inflow. 

 

3.5.2 The role of land use in groundwater recharge 

The effects of forest clearing on net groundwater recharge and groundwater levels have been 

demonstrated in several catchments in southwestern Australia by Peck and Williamson (1987). Their 

research shows that groundwater level responses to land clearing are almost immediate and of high 

magnitude.  

Visual inspection of historical Landsat imagery snapshots indicates that changes in land clearing areas and 

vegetation have occurred mostly in the northern portions of the catchment and have not changed 

substantially since the late 1970s (Figure 3.21). Major land use changes in the catchment have occurred 

in the 1960’s, where native forest was cleared for timber and/or agricultural activities. The cessation of 

blue-gum plantation activities on MUNDRC in the 1980’s prompted concerns from the Western Australian 

government regarding the formation of secondary salinity associated with groundwater level raises.  

While no monitoring data was available when these episodes occurred, the reconstruction of 

groundwater levels and cluster analyses (Chapter 4) identified different drawdown and recharge 

signatures for boreholes in native vegetation and croplands. 

The effects of these events on the hydrologic regime could not be directly accounted in the numerical 

framework, as the initial clearing occurred possibly prior to the simulated period and detailed 

information about the timing and extent of these changes were not available. However, it is possible that 

these effects have been indirectly incorporated in the quantification process, as the model parameters 

were calibrated against field observations likely affected by the land use, therefore “infusing” this 

information on recharge parameters. 
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Figure 3.21 - Historical satellite imagery of the study area. 
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3.5.3 Uncertainty of future research 

The quantification of long-term impacts and numerical framework faced a number of challenges during 

development. The major difficulty was the lack of historical groundwater and lake levels prior to the 

period of rainfall decline. Impact assessment often entail the comparison of states pre- and post- impact 

and from that perspective hindered even the conceptualisation of these impacts. The Backwards Water 

Table Fluctuation (BWTF) method presented in Chapter 4 allowed the reconstruction of groundwater 

levels prior to 1970’s. While the historical lake and groundwater data cover only a third of the entire 

simulated period, results from the BWTF analyses contributed enormously to the conceptualisation and 

indirectly to the model calibration. 

The calibration was undertaken assuming homogeneity within each of the hydrogeological units. This 

simplified approach for parameterisation allowed for a relatively fast calibration and first-pass predictive 

assessment. Nevertheless, the assessment of calibration results shows clearly that the use of highly-

parameterised inversion could improve the match between model results and historical observations at a 

local scale by allowing heterogeneity within each of the aquifers. The use of a highly-parameterised 

approach also lies the foundation for uncertainty analysis and data assimilation techniques, as presented 

Chapter 5. 

3.5.4 Implications for management and climate change adaptation 

The conceptualisation and modelling works allowed the identification and quantification of changes in 

hydrologic regime (particularly lake and groundwater levels) associated to rainfall decline and, 

conceptually, its implications regarding dryland salinity and acidification processes. The spatially-

distributed numerical framework also allowed the identification of areas that have been most impacted, 

allowing the prioritisation of management efforts. 

The use of mitigation measures for environmental impacts has been historically implemented in several 

catchments across southwestern Australia, but in most cases aimed at reducing recharge to avoid 

secondary salinity (Callow et al., 2020). This is not the case in the MUNDRC where impacts are related to 

recharge decline. From a hydrologic flow perspective, the management of groundwater drawdowns and 

lake level declines could be mitigated by increasing net recharge through implementation of vegetation 

types that allow for larger infiltration and less evapotranspiration. Effects from land clearing in 

groundwater level raise have been observed in several catchments near the MUNDRC with high 

magnitudes and fast responses. 

While the recovery of groundwater and lake levels would move the catchment to its original state (in 

term of water balances) and also be beneficial in inhibiting acidification processes, such interventions 

require more careful consideration when salinity issues are concerned, since the raise of groundwater 

levels may promote the dissolution of salts within the previously unsaturated zones, increasing salinities 

in both groundwater and surface water. 

The numerical framework presented in this study has so far been used to assess historical impacts and 

establish trajectories of groundwater and lake levels as well as major catchment fluxes from baseline (i.e., 

prior to rainfall decline) to present day. Nevertheless, the relationships between rainfall, groundwater 

levels, major catchment flows, groundwater recharge and land use (expressed indirectly through 

recharge parameters) encapsulated in the numerical framework allows it to provide forecasts under a 

range of weather and land use scenarios, enabling the assessment of future management and mitigation 

strategies. If used in conjunction with linear uncertainty analysis techniques (as demonstrated in Chapter 

5), the numerical framework allows for data worth analyses and optimisation of monitoring and site 

investigation efforts targeted at reducing uncertainty of predictions of interest. 
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3.6 Conclusions 

This paper provides a broad blueprint and developed numerical tools for the assessment of flow-related 

impacts from long term rainfall decline in terminal catchments. The study of the Muir-Unicup wetland 

complex highlighted the main catchment attributes that control the groundwater flow dynamics and 

developed a numerical framework capable of simulating long-term impacts due to changes in the 

hydrologic regime and its propagation from aquifers on to lakes (and vice-versa). While this study has 

focused on flow impacts and water volumes, the numerical framework is a necessary first step before 

also simulating solute and heat exchanges between groundwater and surface water compartments. 

The interactions between Lake Muir and surrounding aquifers can incur non-linearities that may induce 

to chaotic and unstable behaviour in numerical models, making calibration, predictive modelling and 

uncertainty analysis difficult. This has not been observed during the calibration as the relatively large 

parameter zones carried sensitivity from observations outside the lake zone of influence, but it is possible 

that effects from non-linearity become more apparent in highly-parameterised approaches. The explicitly 

simulation of multiple lakes and interferences on each other may exacerbate this issue and was the 

reason why the smaller lakes in the catchment were simulated using prescribed heads (as opposed to 

coupled surface-groundwater modelling like at Lake Muir). 

The findings from this study show that while the mitigation of flow-related impacts such as decline in 

groundwater and lake levels can be managed via changes in land use (and therefore net groundwater 

recharge), the management of impacts related to groundwater and lake chemistry is more nuanced, as 

reducing impacts from acidification may exacerbated the development of secondary salinity and vice-

versa. These interventions have to be managed at a very localised scale and required detailed mapping of 

salinity and acid sulphate soils in the catchment as well as more detailed models. 

Assessment of impacts in such catchments are likely prone to issues related to large data gaps and 

uncertainty around aquifer characteristics and recharge. This leads to the need for the use data 

assimilation, sensitivity analysis and uncertainty quantification techniques to make the most of available 

data and quantify uncertainty of model inputs and predictions of interest. The use of these techniques in 

the context of terminal catchments is discussed in chapters 4 and 5. 
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4 Reconstruction of baseline groundwater levels for studying 
hydrologic change: Backwards Water Table Fluctuation and 
Highly-parameterised inversion 

Abstract 

Quantification of long-term hydrologic change in groundwater often requires the comparison of pre- and 

post- hydrologic states. The assessment of these changes in ungauged or poorly gauged catchments is 

particularly difficult, as historical records pre-change are non-existent or obtained through indirect 

methods such as remote sensing. With the objective of estimating groundwater levels pre- hydrologic 

change and facilitate the quantification of impacts, a novel methodology based on groundwater level 

fluctuations has been developed to run backwards in time and provide reverse hindcasts of groundwater 

levels, within bounds of parameter uncertainty and model defects. The method is applicable on a 

monitoring borehole basis, but the use of multiple models from different boreholes and simultaneous 

calibration using highly-parameterised inversion methods provide not only more robust estimates, but 

also a framework for sensitivity and uncertainty analysis. The method was applied in a terminal 

catchment in southwestern Australia where groundwater levels are being impacted from a consistent 

decline in rainfall rates in the last 50 years. The reconstructed water level time-series obtained allowed 

for i) Estimation of groundwater levels prior to rainfall decline and initial conditions for forward focussed 

groundwater models, ii) Estimation of net recharge rates prior and during the rainfall decline and iii) 

mapping of similar groundwater level behaviour in boreholes based on correlation and cluster analysis of 

simulated hydrographs. The method has been demonstrated to be suitable for areas with shallow 

groundwater levels and fast response to rainfall events and can assist in understanding trajectories of 

hydrologic change in areas with limited monitoring. 

4.1 Introduction 

The long-term impacts of rainfall decline on hydrological regimes within catchments are being observed 

over many regions of the globe (Wang et al., 2018; Gao et al., 2011; Ma et al., 2010, Qiao et al., 2019, and 

Mokgedi et al., in press; by Zhang et al., 2016).  Non-stationarity in rainfall creates subsequent shifts in 

water resources within catchments and changes to the partitioning of water balance, as the system seeks 

to reach a new equilibrium.  The spatial and temporal scales of change in the hydrologic system are 

however not always well captured within the monitored record of stream flows or groundwater quantity 

or quality, particularly, if monitoring programs started after shifts in climate forcing become apparent.  

Environmental impact assessments are often performed by comparing pre- and post- impact states of the 

environmental metric of interest. In many of these areas affected by rainfall decline, the lack of baseline 

pre-impact monitoring data makes conceptualisation and quantification of associated impacts of 

hydrologic change particularly difficult. While the majority of modelling tools used in hydrogeology are 

used in forecasting, the development of models that could be run backwards in time (i.e., hindcast) 

would enable, within the bounds of parameter uncertainty and model defects, the quantification of these 

impacts. Results from such model would facilitate the conceptualisation of hydrologic behaviours and 

also provide initial condition to standard forward-running numerical frameworks. 

Data-driven methods relating time-series of rainfall and corresponding groundwater levels are 

widespread in the literature and are amongst the most adopted techniques for estimating groundwater 

recharge (Healy and Scanlon, 2010). Given the simplicity of this method and abundance of groundwater 

level data (at least in relation to data required for alternative recharge estimation methods), the 
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application of these methods is straightforward, especially in unconfined aquifers with shallow 

groundwater levels as they have rapid response times as compared to confined deep aquifers.  

Several variants of methods relating change in groundwater level and recharge through simple water 

balance equations are available in the literature. Van Tonder and Kirchner (1990) developed the 

Saturated Volume Fluctuation method for the assessment of aquifer recharge in South Africa. Healy and 

Cook (2002) present a thorough review of these techniques and discussed the Water Table Fluctuation 

method. 

Meyer (2005) presented an analysis of groundwater level time series and the relation to rainfall and 

recharge. Alternative methods analysing longer time series have been developed, including works from 

Crosbie et al. (2005). Bredenkamp et al. (1995) demonstrated that not only are cumulative rainfall 

departures (CRD) and groundwater levels correlated, but they can also be derived from first principles, by 

applying a simple “bucket” water balance model where the average rainfall corresponds to the size of the 

soil water store. As a result, decline in groundwater level is observed when rainfall is below average, and 

increase in groundwater level is observed when rainfall exceeds its long-term average. 

A novel methodology based on the rainfall events and corresponding groundwater level response has 

been developed to reconstruct groundwater levels prior to rainfall-decline impacts by running the 

calculations backwards in time and providing reverse hindcasts. This methodology has been named 

Backwards Water Table Fluctuation (BWTF) method and is described in this paper. The efforts put in the 

development of this method aimed at 1 – enabling the hindcast of groundwater levels and associated 

uncertainty; 2 – reconstruct historical groundwater level trajectories and enable quantification of impacts 

from changes in rainfall patterns onto groundwater levels; and 3 – utilise model results to conceptualise 

how the landscape has responded to changes in rainfall, exploring whether responses have been 

different across the test site. 

This method has been applied in the Lake Muir-Unicup Natural Diversity Recovery Catchment (MUNDRC) 

located in southwestern Australia. This catchment has suffered a reduction in rainfall rates for the last 50 

years, triggering several impacts observed in the catchment that will be described in Section 3. 

4.2 Methodology 

4.2.1 Backwards Water Table Fluctuation formulation 

A simple water balance model can be developed for a portion of an unconfined aquifer based on 

resolving the difference between inputs and outputs (Healy and Cook 2002, after Schicht and Walton, 

1961): 

∆𝑆𝑔𝑤 = 𝑅 − 𝑄𝑏𝑓 − 𝐸𝑇𝑔𝑤 − 𝑄𝑜𝑢𝑡
𝑔𝑤

+ 𝑄𝑖𝑛
𝑔𝑤

 

where ∆𝑆𝑔𝑤 is the change in storage in the saturated zone, 𝑅 is recharge, 𝑄𝑏𝑓is baseflow, 𝐸𝑇𝑔𝑤is 

groundwater evapotranspiration, and 𝑄𝑜𝑢𝑡
𝑔𝑤

 and 𝑄𝑖𝑛
𝑔𝑤

 are groundwater outflows and inflows, respectively. 

The change in storage can be represented in terms of change in groundwater level (∆ℎ), and specific yield 

(𝑆𝑦), as follows: 

∆𝑆𝑔𝑤 =  ∆ℎ . 𝑆𝑦 

Lumping flows from 𝑄𝑏𝑓, 𝐸𝑇𝑔𝑤 , 𝑄𝑜𝑢𝑡
𝑔𝑤

, 𝑄𝑖𝑛
𝑔𝑤

 into a single parameter (𝑄𝑜𝑢𝑡), and assuming that recharge can 

be expressed in terms of a fraction of rainfall (𝑟𝑓𝑟𝑎𝑐), this allows the calculation of head changes as: 

∆ℎ

∆𝑡
=

𝑟𝑓𝑟𝑎𝑐  . 𝑃 − 𝑄𝑜𝑢𝑡

∆𝑡 . 𝑆𝑦
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where 𝑃 is the rainfall volume and 𝑟𝑓𝑟𝑎𝑐  corresponds to the rainfall fraction that infiltrates (under the 

assumption that rainfall losses through interception and/or runoff occur prior to infiltration). Lastly, using 

a simple finite difference with a daily time interval allows for the forward calculation of the groundwater 

level as: 

ℎ𝑡+1 = ℎ𝑡 +  
𝑟𝑓𝑟𝑎𝑐 . 𝑃 − 𝑄𝑜𝑢𝑡

 𝑆𝑦
 

which is the approach commonly used in literature for forward runs. The BWTF method utilises the 

equation in reverse, whereby the corresponding backward form is: 

ℎ𝑡−1 = ℎ𝑡 − (
𝑟𝑓𝑟𝑎𝑐 . 𝑃 − 𝑄𝑜𝑢𝑡

 𝑆𝑦
)  

In other words, the groundwater level at the previous day can be calculated by subtracting inflows (i.e., 

recharge) and adding outflows (i.e., evapotranspiration and/or groundwater discharge) from the current 

groundwater level at the current day. 

Historical groundwater levels can be estimated with the equation above utilising a starting head 

(preferably, the latest observation of a monitoring borehole) and the rainfall time series. The outflow 

term, specific yield and rainfall fraction can be obtained through calibration, where predicted heads are 

compared against earlier groundwater level measurements. Once calibrated predictions of groundwater 

level, before the period for which groundwater data exists, can be made using this technique.  

4.2.2 Model implementation 

The BWTF Method equation was implemented in Python to facilitate model setup and results post-

processing. The main inputs for the function are rainfall time series, rainfall fraction, specific yield, 

outflow and initial head correction terms. For the sake of simplicity, rainfall fraction and the outflow term 

were assumed stationary throughout the simulated period. Additional inputs for model settings are also 

required and include dates for beginning and end of simulation and a time series of observed 

groundwater levels, so that calibration statistics can be calculated. The main outputs are time series with 

the simulated groundwater levels and values for average and root mean squared (RMS) residuals. 

For the application of the method in the study area, 70 individual BWTF models were created in locations 

within the catchment at groundwater monitoring boreholes that contain historical observations. All the 

models utilised the same rainfall time series from the Australian Bureau of Meteorology (BoM) Station 

9506, and an initial groundwater level equating to the most recent groundwater level measurement from 

each borehole. The simulated period for calibration consisted in the time span of the observed time 

series, while the prediction simulated the period from the earliest groundwater level observation back to 

January 1970. 

4.2.3 Calibration, uncertainty analysis and application to the MUNDRC 

While the simplicity of the BWTF method allows for fast implementation, its formulation is not without 

downsides, one of them being the inherent non-uniqueness of the solution (i.e., different combinations 

of parameter values can lead to similar estimates of groundwater levels). For instance, the specific yield 

(𝑆𝑦) of a calibrated run could be modified to any value and result in the same calibration, provided the 

net recharge (𝑟𝑓𝑟𝑎𝑐  . 𝑃 − 𝑄𝑜𝑢𝑡) is modified in the same ratio. 

In order to assess how the non-uniqueness from the method formulation propagates to the different 

model results, a highly parameterised parameter inversion, sensitivity and uncertainty analysis has been 

undertaken using the PEST suite (Doherty, 2015). All the models were calibrated simultaneously through 

parameter inversion using the Gauss-Levemberg-Marquardt method implemented in PEST, where 
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parameter estimation was achieved by minimising the square sum of the differences between field 

measurements and corresponding model outputs.  

A total of 70 models (one model per monitoring borehole groundwater level time series) was 

implemented and calibrated simultaneously in two stages. At a first stage, each of the four adjustable 

parameters were calibrated for all boreholes. In other words, all the 70 models shared the same input 

values and effectively four parameters were calibrated. The first stage of calibration aimed at providing 

reasonable parameter averages for the catchment for the next stage of calibration. In the second stage all 

the parameters were freed so that model parameters could vary between the different sites, with a total 

of 280 adjustable parameters.  

The parameter inversion problem was guided by expert-knowledge in order to avoid the estimation of 

unrealistic parameter values. This has been done by the definition of physically plausible upper and lower 

bounds for each of the parameters and use of regularisation. In the regularisation, parameter values 

obtained in the first calibration stage were used as preferred values, inducing the optimisation to change 

parameter values only if necessary. Lastly, parameter covariance matrices were assigned in the 

regularisation. The matrices were based on the distance between the boreholes, inducing smaller 

variability of parameters for boreholes that are close to each other and higher variabilities between 

boreholes further apart. 

Uncertainty analysis of model results was undertaken by creating multiple realisations of calibrated 

parameter sets from the sampling of the posterior parameter covariance matrix This matrix was 

generated through a linear approximation to Bayes equation using the utility PREDUNC7 from the PEST 

suite of utilities. PREDUNC7 employs sensitivities of calibration-pertinent model outputs to parameters, 

together with a prior parameter covariance matrix and a matrix specifying measurement noise, to build a 

posterior parameter covariance matrix.  

For each model, 500 realisations were generated. All the realisations run back to 1970 for assessment of 

groundwater levels pre-rainfall decline and corresponding drawdown between 1970 and 2010’s. A small 

number of parameter sets were discarded when parameter values were outside their physically plausible 

bounds. 

4.2.4 Cluster analysis for exploring spatial patterns 

The regular and consistent time series obtained for the different boreholes in the catchment provided 

the opportunity to undertake further analysis attempting to identifying drawdown trends and spatial 

patterns in the monitoring boreholes within the catchment. 

Cluster analysis techniques have become increasingly adopted groundwater hydrology over the last 10 

years. Examples include the works from Naranjo-Fernandez et al. (2020) in the understanding of the 

Almonte-Marismas aquifer, Kawamura et al. (2017) where clustering was applied in groundwater level 

fluctuation patterns associated with earthquakes, and regional analysis of groundwater droughts by 

Blomfield et al. (2015). 

A cluster analysis was then undertaken considering the correlation between model results for each 

borehole and the spatial relationship between them using the Clustermap function of the Seaborn 

Python Library (Waskom, 2021). To express the correlation between model results, a matrix with rows 

and columns defined by the model locations was created. The matrix entries were populated with 

Spearman’s rank correlation coefficient of median simulated levels between models from respective row 

and column. The correlations were calculated for the period from 1970 to 2015, to ensure that all the 

time series had the same length. 

A second matrix was created to express the spatial correlation between boreholes, based on the spatial 

covariance matrix used in the parameter inversion. The covariance matrix was defined based on the 
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distance between the results and an exponential variogram function. A sill value of 1, nugget value of 

zero, and range distance of 12 km were used in the variogram function. The distance of 12 km equates to 

approximately two times the average distance between the boreholes. These parameters, in conjunction 

with the borehole coordinates, were provided to the utility PPCOV_SVA from the PEST suite to generate 

the matrix. 

Once the two matrices were generated, they were combined in a single matrix to be used in the cluster 

analysis using the following expression: 

𝑐𝑖,𝑗 = √(𝑔𝑖,𝑗
𝑤1 . 𝑠𝑖,𝑗

𝑤2)
𝑤1.𝑤2

  𝑔𝑖,𝑗       

where 𝑐𝑖,𝑗 is the entry for the combined correlation matrix for boreholes i and j; 𝑔𝑖,𝑗  is the Spearman’s 

rank correlation for the BWTF media results; 𝑠𝑖,𝑗 is the spatial correlation derived from the exponential 

variogram; and w1 and w2 are weights for the BWTF correlation and spatial correlation, respectively.  

The combined matrix was then used in the cluster analysis with the cluster map utility from the Seaborn 

Python Library. The spatial distribution and simulated groundwater levels from each cluster was analysed 

in the context of the local hydrogeology and conceptual model. It was found after a few attempts and 

visualisation of cluster results that the values of 2 and 1 for w1 and w2 provided the best weight 

combination between BWTF and spatial correlations. 

4.3 Test site and application 

The MUNDRC consists of a complex system of lakes, swamps and flood plains, located in the 

southwestern portion of Western Australia. The catchment encompasses an area of approximately 630 

km2 and is positioned 65 km from the coastline (Figure 4.1). MUNDRC is unique in that it is a terminal 

catchment, with limited surface or groundwater outflows. 

The catchment was identified in the Western Australian Government’s 1996 Salinity Action Plan as an 

area of important natural diversity at risk from altered hydrology, leading to the establishment of the 

catchment as a priority catchment for recovery efforts to preserve biodiversity. According to Halse et al. 

(1995), 52,000 waterbirds have been counted on Lake Muir, a number rarely surpassed in any other 

Western Australian wetlands.  In 2002, the area was listed under the Ramsar Convention (Wetlands 

International, 2002) as a Wetland of International Importance. In the same year, Lake Muir and 

surrounding wetlands were also listed in the Directory of Important Wetlands in Australia. 

4.3.1 Climate 

Using a modified Koeppen classification system, the study area is classified as temperate with distinctly 

dry and warm summers. Studies on the catchment have emphasized the characteristic warm dry 

summers and cool wet winters in shaping the notable seasonality in hydrology (Smith, 2010; Smith, 2003; 

Pen, 1997). 

Mean annual rainfall grids from the BoM show that rainfall ranges from 700 to 900mm within the 

catchment, decreasing inland towards northeast. Mean potential evaporation grids show values ranging 

from 1320 to 1420mm, also with a strong increasing gradient towards east-northeast. 

The rainfall time series used in this study were sourced from BoM and consisted of two time series. The 

first time series represents the average for southwestern Australia and is presented in the paper for 

context. The second time series was used in the BWTF runs and contains rainfall records from the nearest 

weather station 9506 (Bangalup), located at the coordinates 34.4678S and 116.9169E, approximately 15 

km from the study area. 
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The average rainfall time series for southwestern Australia consists of monthly records for the period 

between 1900-2018, while the time series from BoM Station 9506 contains daily rainfall records for the 

period from 1920 to 2018. 

Wet-dry rainfall cycles related to seasonality are very pronounced in the study area as illustrated in 

monthly averages (Figure 4.2). The wet season occurs from May to October with monthly average rainfall 

values from 60-130mm, while the dry season occurs from November to April with monthly average 

values largely under 30mm. This seasonality in rainfall rates has a strong effect on groundwater recharge 

and, consequently, groundwater levels including groundwater fluctuations. 

Furthermore, the catchment has also been subject to a consistent long-term decline in rainfall rates, 

observed in rainfall monitoring data. Rainfall rates in southwestern Australia have abruptly declined since 

the 1970’s (Hope and Foster, 2005), particularly during the wet season. Long-term rainfall decline can be 

easily noticed using 10-year moving averages (Figure 4.3). 

Cumulative Rainfall departure for average southwestern Australia and BoM Station 9506 were created 

using average rainfall values prior to 1970, also displayed in Figure 4.3. These plots show a rainfall deficit 

in relation to pre-1970’s average of over 5500mm since 1970 noting the greater decline in MUNDRC than 

the average southwestern Australia. 

 

Figure 4.1 - Location of the MUNDRC (left), Lake Muir and adjacent surface water bodies (right). 
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Figure 4.2 - Average monthly rainfall for station 9506(a) and southwestern Australia(b). 
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Figure 4.3 - (a) Yearly rainfall time series and 10-year moving average for station 9506, (b) Yearly rainfall time series and 

10-year moving average for station average southwestern Australia and (c) Cumulative Rainfall Departure from the pre-

1970 average for station 9506 and southwestern Australia. 

4.3.2 Hydrogeology 

Groundwater occurrence in the MUNDRC is predominantly within sediments of tertiary and quaternary 

age, with minor amounts of groundwater occurring in the weathered crystalline basement. Four distinct 

hydrogeological units can be identified in the area. The conceptual hydrogeology of the catchment is 

discussed in detail in chapters 2 and 3. 

The sedimentary units can be subdivided in three hydrostratigraphic units, namely Quaternary 

Sediments, Pallinup Formation and Werillup Formation. These sediments present a combined thickness 

between 0 to 60 m within the catchment, and, with exception of fine-grained portions of the Werillup 

Formation, aquifers present moderate to high hydraulic conductivity (0.1 – 5 m/d). These aquifers occur 

in areas of flat topography, pinching out against topographical highs where weathered crystalline 

basement outcrops occur. 

Weathered basement horizons cover the majority of the catchment, except is small areas where the 

sedimentary aquifers are in direct contact with fresh basements. Hydraulic conductivities are relatively 

lower than those of the sedimentary aquifers, but its thickness is considerable, varying from 0 to 70 m in 

topographic highs near basement outcrops. 
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Historical groundwater level measurements have been undertaken in the catchment since early 2000’s in 

a large number of monitoring boreholes installed as part of several hydrogeological investigations (Grelet 

and Smith, 2009). The location of monitoring boreholes is showed in Figure 4.4. 

 

Figure 4.4 - Location of groundwater monitoring boreholes within the MUNDRC. 
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The groundwater levels in the area are predominantly shallow, due to flat topography the fact that the 

majority of groundwater outflow occurs along shallow surface water compartments (lakes and swampy 

depressions). Average depth to groundwater table, based on historical groundwater level measurements, 

is approximately 3 m. Given the high correlation of groundwater levels to topography, hydraulic head 

contours tend to mimic the topography and, as a result, groundwater flows from higher topography 

water divides towards low-elevation lakes and wetlands, which act as the major groundwater outflow 

zones through evaporation. 

Furthermore, the shallow groundwater levels and high conductivity of sedimentary aquifers contribute to 

a high correlation between groundwater levels and rainfall rates. Consequently, seasonal trends 

associated with wet and dry cycles are very distinct in most boreholes in the area (Figure 4.5). 

Rates of groundwater level change, related to wet-dry season cycles, are relatively fast. For example, the 

average seasonal change observed in borehole MU05S is approximately 0.5 cm/day between 2009 dry 

and wet seasons. These vertical movements of the groundwater level are very significant compared to 

horizontal flow directions, which are relatively slow due to the small hydraulic gradients and 

conductivities. The flat geomorphology of the catchment inhibits the development of runoff flows and, in 

conjunction with the high infiltration capacity of the soils, makes the groundwater level response to 

rainfall events almost immediate, as observed in historical records, underlining the importance of rainfall 

recharge and evapotranspiration in the catchment’s groundwater dynamics. 
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Figure 4.5 - Historical groundwater level at selected monitoring boreholes (coordinate system MGA94, Zone 50). 

  



 

113 
 

4.4 Results 

The application of the BWTF method for the MUNDRC aimed at providing hindcast estimates of 

groundwater levels prior to the significant rainfall decline that started in the 70’s, noting that the 

observed groundwater level records began in the late 90’s and 2000’s. Further analysis of model results 

also allowed for the investigation of drawdowns as well as net recharge rates pre- and post- rainfall 

decline, and parameter sets were also interrogated to elucidate the inherent uncertainty associated with 

parameter non-uniqueness. 

4.4.1 BWTF calibration 

The results from the calibration process were assessed in terms of correlation between model results, 

corresponding field measurements and model residuals, i.e., differences between simulated and 

observed groundwater levels. Scatter plots comparing simulated results and observed data in conjunction 

with histograms for residuals and absolute residuals are presented in Figure 4.6 for all models and 

selected boreholes. These plots show a good agreement between simulated results and field 

observations, with absolute residuals largely under 0.3 m. Hydrographs of simulated results of selected 

bores and corresponding monitoring data are presented in Figure 4.7, demonstrating the good fit 

between them. 
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Figure 4.6 - Scatter plots of simulated and observed groundwater levels (left column), histograms for model residuals 

(centre column) and absolute residuals (right column) for all models (top row) and selected boreholes. 
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Figure 4.7 – Simulated groundwater level hydrographs at selected locations (coordinate system MGA94, Zone 50). 
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4.4.2 Calibrated parameter values 

The parameter values obtained through calibration tend to be normally distributed around the values 

obtained in the first stage of calibration, with exception of the initial head correction term (Table 4-1 and 

Figure 4.8). The stochastic realisations used to explore uncertainty in parameter ranges and 

corresponding recharge estimates were obtained by sampling the posterior covariance matrix. 

The stochastic parameter values derived from the posterior sampling show broader distributions when 

compared to the original parameter values obtained through calibration (Figure 4.9), since they cover the 

entire spectrum of calibrated and physically plausible values. 

Table 4-1 - Statistics for parameter values from all models and realisations. 

Parameter Average Standard 
deviation 

Coefficient of 
variation 

2.5 percentile 97.5 
percentile 

Rainfall fraction (-) 0.483 0.193 0.399 0.127 0.906 

Outflow (mm/day) 0.925 0.369 0.398 0.258 1.735 

Specific Yield (-) 0.133 0.068 0.511 0.013 0.312 

Initial head 
correction (m) 

-0.174 0.276 1.586 -0.509 0.523 

 

 

Figure 4.8 - Parameter histograms for calibrated models. 
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Figure 4.9 - Parameter histograms for all stochastic realisations. 
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4.4.3 Historical groundwater level reconstruction 

Model runs, with the parameter realisations created for each site, have been undertaken following this 

calibration process for the period between the most recent observation of each borehole and January 

1970. Plots containing hydrographs for median and different percentiles for the selected boreholes are 

presented in Figure 4.10. 

The simulated groundwater levels show a substantial decrease since 1970, with changes of up to 15m 

(borehole MU51). These hydrographs show two distinct periods of groundwater trends, the first period 

from 1970 to late 1980’s showing consistent drawdown, and the second period from 1980’s onwards 

where groundwater levels show either a decline in drawdown rate (MU14S, MU51, MU57S and PM03), 

stabilisation (MU05) or some degree of recovery (MU38S, MU02 and MU65). 

The uncertainty in groundwater level estimate results increases consistently as model estimates go 

further back in time, and away from the period encompassed by the monitoring data. Nevertheless, 

uncertainty at the end of simulations (1970) is relatively small, with the most boreholes showing 

variations smaller than 1m for the 95% confidence intervals. 

4.4.4 Drawdown and net recharge 

Results from the BWTF model runs not only allowed the hindcasting of groundwater levels, but also 

provided estimates for drawdown and net recharge. Simulated drawdown values were assessed under 

two different metrics, the first metric being maximum drawdown, equating to the difference between 

maximum and minimum simulated groundwater level. The second metric consists of latest drawdown, 

equating to head difference between the simulated groundwater levels in January 1970 and most recent 

monitoring date of each borehole. 

Further manipulation of the BWTF equation can be undertaken to express net recharge in terms of the 

total change in groundwater level multiplied by the specific yield. It can also be expressed as the total 

rainfall over a certain period times the rainfall fraction minus the outflow constant times the period 

length. 

Average net recharge values for the period prior (1920-1970) and post (1970-2015) rainfall decline were 

calculated using parameter values from the stochastic realisations and corresponding periods of the 

rainfall time series. Recharge reduction values were also calculated as the difference of net recharge 

between the two periods. 

The range of drawdown and net recharge estimates are illustrated as histograms for all models and 

selected locations (Figure 4.11). Drawdown estimates indicate a widespread reduction in groundwater 

levels over the entire catchment, with averages for maximum and latest drawdowns of 5.5 m and 3.1 m, 

respectively. 

Latest simulated drawdowns in general show smaller magnitude than the corresponding maximum 

drawdown values, as simulated levels show some degree of recovery in certain locations starting at late 

1980’s, such as in boreholes MU38 and MU02. Changes in net recharge are also clear in the model results 

from all the boreholes. Positive net recharge values from 47mm/year rapidly turn in to negative 

recharges down to -7mm/year (median values), while the resulting median recharge reduction are 

approximately 56mm/year. 
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Figure 4.10 - Simulated backwards hydrographs for selected boreholes, with time axis decreasing from left (2020) to right 

(1970). 
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Figure 4.11 - Drawdown and recharge histograms for all realisations and selected boreholes. 
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4.4.5 Behaviour mapping and cluster analysis 

The objective of the cluster analysis was to identify borehole groups based on similar hydrogeological 

behaviour and spatial distribution. As described in the methodology section, matrices describing the 

correlation between simulated median groundwater levels, and the spatial relationships between the 

boreholes have been created and combined for use in the cluster analysis, as illustrated in heatmaps 

(Figure 4.12). 

The resulting dendrogram and rearranged correlation matrix are displayed in Figure 4.13. For further 

discussion, six clusters were selected from the cluster analysis and have been used as groups to evaluate 

groundwater level trends, spatial distribution and relationship with local hydrogeology and conceptual 

model. 

Hydrographs with median simulated groundwater levels for each cluster are presented in Figure 4.14. 

Inspection of the hydrographs show one very distinct trend, with clusters 1 to 3 showing some recovery 

from late 1980’s, while clusters 4 to 6 show consistent drawdown through the entire simulated period. 

Differences between clusters 1 to 3 are mostly related to the magnitude of recovery. Similarly, 

differences between clusters 4 to 6 reflect the differences in drawdown rates after late 1980’s, from 

reduction in clusters 4 to 5 and stabilisation of groundwater levels on cluster 6. 

Box and whiskers plots illustrating the distribution of model inputs and results for the different clusters 

are displayed in Figure 4.15 and Figure 4.16, and spatial distribution of selected clusters is presented in 

Figure 4.17. The differences of input parameters values for the different clusters are not very evident, 

which is to some degree expected given the parameter non-uniqueness. On the other hand, very clear 

patterns can be observed in the drawdown and net recharge estimates. Net recharge values for clusters 4 

to 6 show significant bigger deficits than clusters 1 to 3, and this is reflected in the drawdown estimates. 

The smaller net recharge deficits on clusters 1 to 3 explain why they show some recovery following the 

slight increase in rainfall from late 1980’s. 
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Figure 4.12 - Borehole correlation matrices for BWTF results (top), spatial correlation derived from variograms (centre), and 

combined correlation used in the cluster analysis (bottom). 
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Figure 4.13 – Dendrogram for borehole correlations and selected clusters (highlighted in light blue). 
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Figure 4.14 - Simulated hydrographs (median) for the different borehole clusters. 
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Figure 4.15 - Box and whiskers plots for input parameters in the different clusters. 

 

Figure 4.16 - Box and whiskers plots for model results of the different clusters. 
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Figure 4.17 - Spatial distribution of borehole clusters. 
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4.5 Discussion 

4.5.1 Limitations and applicability of the method 

The application of the BWTF method in the MUNDRC was successful, as observed by the good fit 

between model results and historical groundwater level measurements. The hydrogeological conditions 

of the area were favourable given the shallow water tables, moderate to high hydraulic conductivities 

and, consequently, fast water table response to rainfall. 

It is expected that the applicability of the method would be limited in areas of deep groundwater tables 

and unsaturated zones of low conductivity where multiple infiltration fronts and large time lags between 

rainfall and effective recharge occur. For example, the similar CRD method has been applied for deeper 

groundwater levels in fractured basement aquifers (Adams et al., 2004) and, while it provided some 

insight, the correlation between CRD results and field observations were not as high as the ones obtained 

using the BWTF for the MUNDRC. 

Larger changes in vegetation and land use in these settings are likely to produce changes in net recharge 

and, indirectly, changes in the BWTF parameter values. At the moment, the BWTF parameters that act as 

proxies for land use and vegetation (rainfall fraction and outflow term) are assumed stationary through 

the simulated period, but this could be easily improved by implementation of transient parameter values 

or running multiple and sequential BWTF runs for the periods with different vegetation and parameter 

values. 

This technique would also have limited applicability in areas under large effect of other hydraulic stresses 

such as ocean tides and river inflows. Furthermore, rainfall reduction was the main stressor in the 

MUNDRC since the 1970’s, as the groundwater use in the catchment is very limited. The use of this 

method in areas with intensive groundwater usage would require the incorporation of groundwater 

abstraction rates into the water balance calculations. 

4.5.2 Reconstruction of baseline conditions and associated uncertainty 

Despite its simplicity, the BWTF method provided relatively tight bounds of uncertainty in the hindcast 

projections. The result ranges and statistics of model estimates for the multiple model realisations have 

been presented and discussed, together with parametric uncertainty, in the previous sections. 

Nevertheless, the integrated analysis of the uncertainty via the use of different metrics illustrates more 

general elements of uncertainty analysis and relations between model, field observations and 

predictions. 

For comparison, the magnitude of uncertainty for the different estimates and coefficients of variation 

(i.e., standard deviations divided by the mean) have been calculated for the different estimates and 

presented in Figure 4.18. Firstly, it can be clearly observed that uncertainty of recharge estimates is 

significantly higher than groundwater level estimates and derived metrics (i.e., drawdown). This was 

expected since the models were calibrated against groundwater levels only. Uncertainty of model 

estimates is only reduced significantly through calibration when predictive estimates and calibration data 

are correlated in terms of parameter sensitivity. 

The coefficient of variation of groundwater level in 1970 is particularly low, as the variation of estimates 

is compared against the absolute groundwater elevation. In these cases, the use of standard deviation or 

other form of normalisation would be a more appropriate measure. 

Lastly, coefficient of variations from the maximum drawdown are significantly smaller than the 

groundwater level change since 1970. While not intuitive at first, it agrees with the overall uncertainty of 

groundwater levels, which increases the further the estimates go back in time. Given that the 
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groundwater level change since 1970 encompass a larger time span than the maximum drawdown, it 

makes sense that they would carry larger degree of uncertainty. 

For all the calibrated models, the number of observations (>50 per model) largely exceeds the number of 

adjustable parameters (4 per model) and, consequently, there is potential for the parameter inversion 

problem to be overdetermined parameter uncertainty to be underestimated. Nevertheless, parameters 

will be likely non-unique and uncertain since net recharge and specific yield are correlated in terms of 

parameter sensitivity. 

It is possible that the uncertainty ranges would be larger if parameter values could vary over time. 

However, the implementation of autocorrelation within the parameter inversion framework would be 

complicated. Unlike spatially distributed parameters where a variogram function is monotonic, it is likely 

that parameters from similar seasonal periods would be better correlated than parameters from adjacent 

seasons. In other words, parameter values during a dry season are more likely to be correlated to 

parameter values of other dry season years than parameter from wet seasons. This could be an 

important area to explore in future work on this technique. 

 

Figure 4.18 - Coefficient of variation for the different model predictions. 

4.5.3 Using time-series clustering to inform conceptualisation 

While the calculation of correlation between irregular time series is challenging and often restricted to 

the period where they overlap, the regular time series from the model results provided the opportunity 

to easily undertake cluster analysis to identify differences in behaviour within the system. To ensure that 

correlations found in the cluster analysis were not merely mathematical, the results from each of the 

clusters were interpreted and linked to landscape attributes such as land use and hydrogeology, as 

summarised in Table 4-2. 

For example, clusters 2 and 5 are positioned on the northern parts of the study area, but the hydrographs 

have distinct trends. Inspection of satellite imagery shows that boreholes from cluster 2 are located near 

croplands while the majority of boreholes from cluster 5 are located in areas of native vegetation. This 

illustrates the influence of land use on net recharge and, consequently, groundwater levels. The smaller 

net recharge deficit from cluster 2 is possibly associated with either larger infiltration and/or lower 

evapotranspiration from the croplands. 

Another interesting pattern can be observed with cluster 4, positioned in the southeast of the catchment. 

Satellite imagery shows that the boreholes from this cluster are located near swamps, lakes or other 

surface water expressions. The higher evaporation along the surface water expressions possibly accounts 

for smaller net recharge and drawdown observed in these boreholes. 
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The distribution of the clusters was also compared against the distribution of the different 

hydrogeological units, but no clear relationships could be found. 

 

Table 4-2 - Summary of cluster attributes. 

Cluster Location Behaviour Other attributes 

1 Western portion of the 
catchment and northwest of 
Lake Muir 

Drawdown until 1980’s 
followed by some recovery 

- 

2 Northern portion of the 
catchment 

Moderate drawdown, 
followed by minor recovery 
and stabilisation 

Near croplands 

3 Southern parts and northeast 
of Lake Muir 

Drawdown until late 1980’s, 
followed by near full recovery 

Native vegetation 

4 Southeastern portion of the 
study area 

Significant drawdown until 
late 1980’s, followed by a 
smaller decline period 

Proximity to swamps and 
small surface water bodies 

5 Vicinity of lakes Unicup, 
Bokerup and Pindicup 

High magnitude and 
continuous drawdown 
through the entire simulation 
period 

Native vegetation 

6 Isolated spots on the western 
and northwestern portions of 
the catchment 

Significant drawdown until 
late 1980’s followed by 
stabilisation 

- 

4.6 Conclusions 

A simple water balance method based on groundwater table fluctuations has been developed for 

estimation of baseline groundwater levels, prior to data being collected. While several methods based on 

the same principles are available in the literature, to the authors’ knowledge, this method is the first to 

be run backwards in time. This method can be particularly useful for reconstruction of historical 

groundwater levels in ungauged catchments where groundwater levels respond strongly to rainfall 

events and where no baseline levels are available prior to changes in rainfall. 

As a test case, this method was applied to the MUNDRC. The implementation, calibration and uncertainty 

analysis provided hindcast estimates of groundwater levels, drawdown and net recharge. Groundwater 

levels estimated in this analysis allowed the definition of initial head calibration metrics for a full 3D 

groundwater flow model with the objective of assessing impacts from rainfall decline onto Lake Muir 

(presented in Chapter 3). 

The model parameters who act as proxies for effects from land use and vegetation (rainfall fraction and 

outflow term) were assumed stationary for the MUNDRC and successfully replicated historical 

groundwater levels, probably since no large-scale changes in land use have occurred within the period 

where groundwater level calibration data was available. In situations where better vegetation/land use 

data is available (for example, from LAI time series from remote sensing), the model implementation 

could be improved to accommodate transient parameter settings. 

Results from the uncertainty analysis show that uncertainty on groundwater level estimates is relatively 

small, which is expected since the number of adjustable parameters is much smaller than the number of 

field observation used in the calibration processes. Consequently, uncertainty ranges obtained in the 

analysis are possibly underestimated. This could be mitigated by increasing the number of parameters by 

making them variable in time (particularly rainfall fraction and outflow term), but challenges remain in 

imparting regularisation in periodical and time-variant parameter groups. 
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It is also noted that uncertainty on net recharge estimates is considerably higher when compared to the 

groundwater level estimates, probably because no net-recharge field observations were available nor 

used in the calibration process. This illustrates that predictive uncertainty is effectively reduced through 

the calibration process only when predictions of interest and calibration data are correlated in terms of 

parameter sensitivity. 
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5 Data assimilation, sensitivity analysis and uncertainty 
quantification in semi-arid terminal catchments subject to 
long-term rainfall decline 

Abstract 

Quantification of long-term hydrologic change in groundwater often requires the comparison of states 

pre- and post- change. The assessment of these changes in ungauged catchments is particularly difficult 

from a conceptual point of view and due to parameter non-uniqueness and associated uncertainty of 

quantitative frameworks. In these contexts, the use of data assimilation, sensitivity analysis and 

uncertainty quantification techniques are critical to maximise the use of available data both in terms of 

conceptualisation and quantification. This paper summarises findings of a study undertaken in the Lake 

Muir-Unicup Natural Diversity Recovery Catchment (MUNDRC), a small-scale endorheic basin located in 

southwestern Australia that has been subject to a systematic decline in rainfall rates since 1970. A 

combination of data assimilation of techniques was applied to conceptual and numerical frameworks in 

order to understand and quantify impacts of rainfall decline on the catchment using a variety of metrics 

involving groundwater and lake levels, as well as fluxes between these compartments and mass balance 

components. Conceptualisation was facilitated with the use of a novel data-driven method relating 

rainfall and groundwater responses running backwards in time, allowing the establishment of the likely 

baseline conditions prior to rainfall decline, estimation of net recharge rates and providing initial heads 

for the forward numerical modelling. Numerical model parameter and predictive uncertainties associated 

with data gaps were then minimised and quantified utilising an Iterative Ensemble Smoother algorithm, 

while further refinement of conceptual model was made possible following results from sensitivity 

analysis, where major parameter controls on groundwater levels and other predictions of interest were 

quantified. The combination of methods can be considered as a template for other long-term catchment 

modelling studies that seek to constrain uncertainty in situations with sparse data availability. 

5.1 Introduction 

Endorheic basins, also known as terminal catchments of internally drained basins, comprise a variety of 

geomorphic environments widely distributed across the globe. These environments with often distinct 

attributes are characterised by the lack of surface and groundwater discharge across their borders and 

have evaporation as the dominant outflow. Despite many of them being currently under pressure from 

climate change and anthropogenic activities, these basins are understudied when compared to 

traditional hillslope catchments. The unique surface and groundwater attributes (summarised in Chapter 

3) makes extrapolations and inferences from better studied hillslope catchments difficult. From a 

quantitative perspective, the modelling efforts in these areas not only are difficult given the lack of 

numerical frameworks designed for surface-groundwater interactions in semi-arid settings (Jolly et al., 

2008), but they also suffer from lack or site-specific monitoring data. 

The issue of data sparsity is a common theme in endorheic basins, evidenced by the fact that current 

literature relies heavily in indirect measurements and remote-sensing data (summarised in Chapter 3). 

Data sparsity hinders the ability to establish robust conceptualisation and incur in large predictive 

uncertainty inherent to surface and groundwater systems. The need to maximise the extraction of 

information from largely incomplete datasets and its use in conceptualisation and numerical modelling is 

critical for the development of quantitative frameworks that are capable of accounting for 

hydrogeological/hydrological uncertainty and the ability of available data to constrain it.  



 

132 
 

The use of Data Assimilation (DA), Uncertainty Quantification (UQ) and Sensitivity Analysis (SA) 

techniques in hydrological modelling is an emerging field with great potential to support predictions of 

catchments experiencing change, but to date many of these techniques have not yet been applied to 

endorheic basin studies. Challenges remain on how to apply them appropriately in situations where the 

observation data is less than ideal, and such they can output useful information relevant to inform our 

conceptualisation and strategies for management (Thompson et al., 2015). 

Research into DA was initially developed for the purpose of numerical weather prediction, and is often 

related to Kalman filter contexts, where the states of variables numerical models are updated 

incrementally through time as new field observation data becomes available. In this paper, we adopt a 

broader definition of DA, which relates to optimally combine observations with theory (usually as 

numerical models) in order to improve model integrity and the accuracy of predictions of interest (Asch 

et al., 2016). In this regard, DA techniques are used for a number of purposes, such as history matching 

and parameter optimisation based on observed data, determination of initial conditions for a numerical 

forecast model, interpolation of sparse observation datasets using the physical knowledge of the system 

(i.e., numerical models), and reduction of predictive uncertainty of numerical models. 

The use of UQ and SA techniques is often interrelated with DA techniques. While UQ tends to focus on 

quantifying and reducing parameter and predictive uncertainty due to lack of data or model defects, SA 

looks at the effect that model parameters have on outputs of interest (Pianosi et al., 2016). These 

techniques have the potential to support many of the questions that arise from investigation efforts in 

endorheic basins, from conceptualisation to quantification, predictive modelling and adaptive 

management (Figure 5.1), which are explored next. 

5.1.1 Finding evidence of long-term groundwater trends and reconstruction of 
baseline conditions 

The use of signal analysis techniques for processing of time series and extraction of useful information is 

an import area of signal processing and well-established techniques such as Fourier Transforms and 

Wavelets have been applied for decades (Maheshwari and Kumar, 2014). Studies focused on 

groundwater level time series analysis include works by Lafare et al. (2016) and Seeboonruang (2014). 

In situations where long-term stressors are intermixed with short-term signals (such as seasonality), time 

decomposition techniques have the potential to untangle them. The Empirical Model Decomposition 

method developed by Huang et al. (1998) is a technique for processing of non-linear and non-stationary 

signals and/or time series, decomposing them into a number of zero-mean signals called Intrinsic Mode 

Functions (IMF) in an adaptive and fully data-driven way, from the assumption that any signal is 

composed by different IMF’s and that each IMF represents a characteristic oscillation on a separated time 

scale. The EMD technique have been used in the hydrology field for identification of trends in lake levels 

(Wang et al., 2020) and groundwater forecasting (Gong et al., 2018).  

Another challenge in the study of endorheic basins under long-term impacts is the establishment of pre-

impact baseline conditions. For impact assessment in general, the definition of impacts often involves 

comparison of current and past hydrologic states. The absence of baseline data in these circumstances 

makes the definition of these impacts difficult both in terms of conceptualisation and quantification. The 

BWTF methodology presented in Chapter 4 is a data-driven hindcasting technique based on rainfall and 

groundwater level fluctuations, enabling the reconstruction of baseline groundwater levels for periods 

where no monitoring data was available. 
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5.1.2 Sparse data sets and uncertainty 

Data sparsity in the endorheic basins reduces the reliability of investigation efforts, both in terms of 

identification of dominant processes (quantification) and predictive ability of quantitative frameworks. 

More conventional applications of data assimilation involve the use of history-matching techniques to 

attempt the reduction of parameter uncertainty (and possibly predictive uncertainty). Excellent 

discussions on history-matching, data assimilation and their value in the reduction of uncertainty are 

presented by Nicols and Doherty (2020) and Gallagher and Doherty (2020). In these discussions, history 

matching is defined as the “act of tuning model parameters so that a model can reproduce past system 

behaviour”. Predictive uncertainty in hydrologic models is often expressed from a conceptual point of 

view using Bayes equation, where imposition of constraints on parameter values is obtained through 

history-matching. Where approximations of prior distributions are derived from the conceptual 

understanding and expert-knowledge of a system (also known as soft-data), history-matching against 

field measurements (hard-data) induce alterations to the prior parameter probability distributions and, 

consequently, predictive uncertainty. The resulting probability distribution from parameter sets that both 

conform with expert-knowledge and reproduce historical behaviour approximates the posterior 

probability distribution.  

As discussed in Nicols and Doherty (2020), mathematical expressions for posterior parameter and 

predictive probability distribution cannot be derived, however, they can be defined by sampling them. 

The PESTPP-IES iterative ensemble smoother (White, 2018) was designed to this end. Based on the 

algorithm described by Chen and Oliver (2013), PESTPP-IES uses ensemble realisations derived from an 

approximation of the prior parameter probability distribution and attempt to adjust them by the 

minimum amount required to match field observations and achieve history-matching as well as reduction 

in parameter uncertainty. 

5.1.3 Maximising the use of available data sets with derived metrics 

In the “Concept-State-Process-System” (CSPS) framework introduced for the hierarchical assessment of 

aquatic ecosystem models, Hipsey et al. (2020) divides metrics used for history matching of model states 

into 3 major groups: 1 – Direct comparison, where model results are compared with measured data at 

specific points in time and space; 2 – Derived metrics describing model state, which do not involve a 

direct assessment of a state variable, but are derived from them (such as head differences, or ratios 

between variables); and 3 – Metrics describing multi-scale variability in model state, used to describe 

how well the various scales of spatial or temporal variability are described in models. 

The use of derived metrics involving groundwater head differences in space and time is not new in 

hydrogeology studies and is recommended by several authors (Hill and Tiedman, 2007; Doherty et al., 

2010). Nevertheless, studies demonstrating and evaluating the value of derived metrics and how they 

contribute to reducing uncertainty is not often seen in literature. 

5.1.4 Informing conceptualisation and controls on catchment dynamics 

Thompson et al. (2015) states that numerical models are important in understanding how complex 

catchment systems are responding to uncertain changes and while conceptual models usually guide the 

development of numerical models, iterative cycles between conceptualisation and modelling results may 

be beneficial to refine conceptual understanding. 

Saltelli et al. (2004) defines sensitivity analysis as “The study of how uncertainty in the output of a model 

(numerical or otherwise) can be apportioned to different sources of uncertainty in the model input”. In 

groundwater modelling practice, the sensitivity analysis is usually performed at the end of the modelling 

exercise, or as a by-product of parameter optimisation methods used for history matching such as PEST 

(Doherty, 2015) and PESTPP (Welter et al., 2015). However, much can be gained from sensitivity analysis 
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in terms of conceptualisation if these techniques are employed in earlier stages of model development. 

Despite the fact that sensitivity can be anticipated to some extent by experienced modellers, rigorous 

analysis is useful to corroborate, indicate the need for new conceptualisation, or diagnose non-linear 

behaviour of models and/or numerical instabilities. 

Algorithms based on the Gauss-Levemberg-Marquadt method such as PEST (Doherty, 2015 and 2020), 

PESTPP (Welter et al., 2015) often require a tangent linear operator, also known as Jacobian matrix. 

These matrices contain partial derivatives of model outputs in respect to model parameters and are often 

required for history matching methods, sensitivity and linear uncertainty analysis. Detailed analysis of 

these sensitive matrices can provide valuable insights on system functioning and dominant controls on 

catchment dynamics (as explored in the following sections). However, they are not often “dissected” and 

interpreted in context of model conceptualisation. 

While point-source sensitivities obtained from perturbation methods (such as those obtained by PEST 

and PESTPP) provide valuable insights on system and model behaviour, there are situations where more 

robust sensitivity estimates are required. For these purposes, the use of global sensitivity analysis (GSA) 

may be useful. GSA methods characterize the effect of model parameter onto model outputs over a wide 

range of acceptable parameter values, covering larger portions of parameter space as opposed to point-

source sensitivity. As a result, the behaviour of model outputs that are non-linear and dependent on the 

combination of many parameters can be unravelled. Several methods for global sensitivity analysis with 

different degrees of computational effort and output results, as discussed in Saltelli et al. (2004 and 

2008). 

5.1.5 Optimising site investigation efforts 

In data-scarce areas and resource-constrained investigation, is important to collect data where it really 

matters. From a quantitative perspective, that means where and when an observation will promote the 

maximum reduction of predictive uncertainty. When a Jacobian sensitivity matrix is calculated for a 

parameter set that reasonably conforms with expert-knowledge and historical system behaviour, it can 

be used for linear uncertainty analysis, also known as first-order second moment (FOSM) analysis. The 

theory behind linear uncertainty analysis is widely discussed in literature (White et al., 2014; Dausman et 

al., 2010; James et al., 2009 and Moore and Doherty, 2006) and it has been implemented in a number of 

model-independent software packages, including PEST, PESTPP and PyEMU (White et al., 2016).  

This method provides an approximate mathematical characterisation of prior and posterior probability 

distributions for parameters and predictions of interest (Nicols and Doherty, 2020). Furthermore, it can 

be used to demonstrate the value of history matching data (existing or not) in the reduction of parameter 

and predictive uncertainty. This enables the assessment of data worth not only for different data metrics, 

but also optimising data acquisition efforts, by pre-empting its ability to constraint parameter and 

predictive uncertainty. 

5.1.6 Study objectives and structure 

The objective of this study is to apply and demonstrate the use of DA, UQ and SA techniques in the 

context of endorheic basins research, evaluating the ability of these methods to facilitate and enable 

conceptualisation, quantification and adaptive management measures. These techniques were applied 

during research undertaken at the Lake Muir-Unicup Natural Diversity Recovery Catchment (MUNDRC), a 

small scale semi-arid basin locate in southwester Australia, and subject to a systematic decline in rainfall 

rates over the past 50 years. 

The application of the different techniques presented in this paper was not linear, in the sense they were 

not necessarily applied in the order they are presented. Multiple feedback loops between assessment of 

model results and conceptualisation were undertaken, evolving the understanding of the site and 
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robustness of quantitative assessments to the final form. The last part of this paper integrates the 

findings of all techniques and how they contributed to the research development. 

 

 

Figure 5.1 - Example of DA, UQ and SA techniques, and their potential to support research in endorheic basins. 
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5.2 Study site, conceptual and numerical framework 

The area of investigation employed in this study is the Lake Muir-Unicup Natural Diversity Recovery 

Catchment (MUNDRC), located in southwestern Australia and listed under the Ramsar Convention as a 

Wetland of International Importance. This area consists of a complex system of lakes, swamps and flood 

plains, encompassing an area of 630 km2 and is located 65 km from the coastline (Figure 5.2). 

The conceptual model for the area, main hydrological drivers and effects from rainfall decline on surface 

and groundwater compartments is discussed in Chapter 3. Four hydrogeological units associated with 

unconsolidated sediments and weathered portions of the crystalline basement. The combination of low 

relief, high specific yield and flat lake bathymetry result in a relatively stagnant groundwater system with 

respect to horizontal flows along the lower plains surrounding Lake Muir. The flat topography also results 

in poor development of surface drainage lines, favouring infiltration processes over runoff, as well as the 

development of shallow groundwater tables with high correlation to the topography and significant 

seasonal oscillations. 

Lake Muir is positioned in the lowest topographical area of the catchment and constitutes the largest 

groundwater discharge area, where water is constantly removed from the lake through evaporation. 

Water exchanges between the lake and adjacent aquifers is dynamic given the highly variable lake-

aquifer interface areas resulting from the flat lake bed geometry.  

Long-term rainfall records for the catchment show a systematic decrease in rainfall rates, particularly 

during the wet seasons. Hope and Foster (2005) analysed winter rainfall rates in Western Australia for the 

period of 1925-2005 and identified an abrupt change in rainfall rates since 1970’s. 

 

Figure 5.2 - Location of study site, Lake Muir and nearby surface water compartments. 

 

Cumulative rainfall reductions for the MUNDRC have been undertaken using Accumulation Monthly 

Residual Rainfall (Ferdowsian et al., 2001) and are displayed in Figure 5.3, showing relatively small 

departures for the period from 1920-1970, with a pronounced negative departure from 1970 to present, 
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showing a total deficit of 5500 mm over 46 years. This reduction in rainfall results in smaller groundwater 

recharge and, consequently, reductions in groundwater levels and discharge volumes. 

 

 

Figure 5.3 - Cumulative rainfall departure for Station 9506 and average southwestern Australia, using rainfall averages for 

the period of 1900-1970. 

 

5.2.1 Numerical framework 

A numerical framework for quantification of long-term impacts associated with rainfall decline on 

MUNDRC have been developed and described in Chapter 3. Aiming at representing the main hydrologic 

controls in the area and encapsulating both conceptualisation and monitoring data, the framework 

consisted of a dynamically-coupled lake and groundwater model, accompanied by a rainfall-based 

groundwater recharge formulation. 

The three-dimensional groundwater model was built using the finite element code FEFLOW (Diersch, 

2014), coupled with a lake model component developed using FEFLOW’s API. The model defined based 

on catchment boundaries and geometry of the main hydrogeological units in the area (Figure 5.4). 

The model was initially calibrated against lake and groundwater levels, as well as additional derived 

metrics discussed later in the section below, using piecewise-constant parameter zones, where 

hydrogeological parameters of the different aquifers were assumed to be homogeneous over their 

extent. 

This numerical framework was upgraded in this paper by adopting highly-parameterised approach using 

pilot points (Doherty et al., 2010). The use of pilot points not only allows for heterogeneity within the 

aquifers, but also build the foundation for the DA, UQ and SA workflows presented in this paper. Pilot 

points were assigned covering the extent of each of the aquifer and recharge zones, using a 

predominantly regular grid with 1500 m spacing (Figure 5.5). Each aquifer pilot point was assigned four 

parameters and two parameters were assigned for each recharge pilot point. Three additional 

parameters were also implemented to define initial lake level and multipliers for lake evaporation and 

rainfall, resulting in 3,295 parameters adjusted during history matching and analysed in the uncertainty 

quantification and sensitivity analyses. In order to facilitate the discussion, the following convention was 

used for parameter naming: 

Ptype _Pzone _PPID 

Where Ptype is the type of parameter, Pzone relates to the original parameter zones defined in Chapter 3 

and PPID correspond to the pilot point number for the spatially distributed parameter groups. 

Parameters related to the lake model have the prefix “Lk_” and descriptor for parameter types and zones 

are presented in Table 5-1 and Table 5-2, respectively. Corresponding parent groups for each of the 

parameters are named with Ptype followed by Pzone. 
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Table 5-1 - Parameter type descriptors used in parameter name definition. 

Parameter 
symbol 

Description 
Spatially 

distributed 
Units 

Kh Horizontal hydraulic conductivity Yes m/d 

Va Vertical anisotropy Yes (-) 

Ss Specific storage Yes m-1 

Sy Specific yield Yes (-) 

Ra Rainfall fraction for recharge formulation Yes (-) 

Ev Constant outflow term for recharge formulation Yes (mm/day) 

Lk_strt Lake Muir starting level (1960) No mAHD 

Lk_evap Lake Muir evaporation multiplier No (-) 

Lk_rain Lake Muir rainfall multiplier No (-) 

 

Table 5-2 - Parameter group descriptors used in parameter name definitions. 

Parameter group Aquifer/recharge zone Description 

1 Aquifer Quaternary sediments 

2 Aquifer Pallinup Formation 

3 Aquifer Werillup Formation 

4 Aquifer Weathered Basement 

8 Recharge Sedimentary aquifer outcrop zone 

9 Recharge Weathered basement outcrop zone 

 

 

 

 

Figure 5.4 - Groundwater model mesh and main surface water compartments (a), and fence diagram illustrating the 

distribution of the main hydrogeological units (b). 
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Figure 5.5 - Distribution of pilot points for the different hydrogeological units. 
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5.2.2 History matching data, derived metrics and predictions of interest. 

The DA, UQ and SA techniques employed in this study were based on historical lake and groundwater 

levels. These levels have been measured in Lake Muir and groundwater monitoring boreholes drilled as 

part of hydrogeological investigations by the former Western Australia Department of Land Management 

(New, 2004), and further expanded by former Department of Environment and Conservation (Grelet and 

Smith, 2009). These groundwater monitoring boreholes have been screened to target the different 

hydrogeological units in the area and are displayed in Figure 5.6, along with selected locations from 

which model results are presented and discussed.  

The majority of the data have been collected on a monthly basis from early 2000’s, while historical level 

measurements on Lake Muir have been conducted since 1980’s, mostly during the wet seasons. In the 

context of impacts related to rainfall decline, the dataset coverage is relatively small, since the decline 

period started in the early 1970’s. 

The MUNDRC model used several direct and derived metrics in the history matching, as summarised in 

Table 3. Direct metrics is defined here as a metric related to direct model outputs that do not require 

further post-processing (or in other words, raw output), while derived metrics are based on post-

processing of model outputs (such as head-differences). The use of different metrics was three-fold: 

attempt to improve history matching, reduce parameter and predictive uncertainty, and to understand 

how they respond to parameter changes and contribute to the reduction of uncertainty. 

Horizontal head differences between boreholes were added as observations, based on the Delaunay 

triangulations generated from the borehole locations, with quarterly snapshots generated for the period 

from 2000-2014. Seasonal head differences within each borehole were also included, in an attempt to 

inform the optimisation process of groundwater level differences between wet and dry seasons. 

Groundwater level estimates for 1970 discussed in Chapter 4 were included, together with the difference 

between these levels and the first record of each borehole, in an attempt to inform long-term changes. 

In addition, predictive metrics have been added in for the sensitivity analysis workflows in the form of 

“virtual observations” (i.e., fake observations at prescribed locations in space-time), for sensitivity 

analysis. Virtual monthly groundwater level observations have been added for all boreholes, covering the 

period from 1970 to 2010 to observe whether sensitivity to groundwater levels vary over time. Virtual 

observations for lake levels were also included, in addition to monthly net recharge rates and exchange 

fluxes between Lake Muir and adjacent aquifers. 
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Table 5-3 - System observation metrics used in history matching, and predictive metrics used in the UQ and SA workflows. 

Name Description 

Derived 
/ direct 

History 
matching / 
Sensitivity 

analysis 

Temporal 
coverage 

Number 
of sites 

Number of 
observations 

Heads 
Historical groundwater 
levels at monitoring 
boreholes 

Direct 
History 

matching 
1997-
2017 

103 17,735 

BWTF_Heads 
1970 Groundwater level 
estimates using the 
BWTF method  

Derived 
History 

matching 
1970 57 57 

HGrads 
Horizontal historical 
head differences 
between boreholes 

Derived 
History 

matching 
2000-
2014 

311 17,272 

BWTF_TGrads 

Head differences 
between 1970 BWTF 
estimates and first 
observation of each 
borehole 

Derived 
History 

matching 
1970-
2008 

57 57 

T_Grads 
Seasonal head 
differences in boreholes 

Derived 
History 

matching 
2000-
2018 

107 1,655 

Lake levels 
Historical Lake Muir 
levels 

Direct 
History 

matching 
1980-
2010 

1 58 

Historical 
heads 

Virtual monthly 
groundwater levels at 
monitoring bores 

Direct 
Sensitivity 

analysis 
1970-
2010 

103 49,543 

Historical 
lake levels 

Virtual monthly levels for 
Lake Muir 

Direct 
Sensitivity 

analysis 
1970-
2017 

1 576 

Net recharge 
Monthly net recharge 
rates for the entire 
model domain 

Direct 
Sensitivity 

analysis 
1970-
2017 

22 576 

Lake Muir / 
GW fluxes 

Exchange fluxes between 
Lake Muir and adjacent 
aquifers 

Direct 
Sensitivity 

analysis 
1970-
2017 

1 576 

1 – Number of quarterly time snapshots, 2 – Net recharge over the entire zones 8 (sedimentary aquifers) 

and 9 (weathered basement) 
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Figure 5.6 - Location of groundwater monitoring boreholes screened in the different hydrogeological units. 
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5.3 Data assimilation in conceptualisation 

5.3.1 Identifying rainfall decline trends in groundwater monitoring data 

Given the strong correlation between rainfall rates and groundwater levels, it was expected that 

drawdown trends associated to rainfall decline would be strongly present in the historical data, however, 

the identification of long-term drawdowns in the available monitoring data is very subtle and difficult to 

undertake. Reasons for that include the relatively short monitoring period (15-years against 40-50 years 

of rainfall decline) and also that the consistent rainfall decline for such a long period may lead the 

catchment towards a new equilibrium state, with groundwater levels “adapting” to the lower recharge 

regime. Lastly, the high seasonality observed in groundwater levels add short-term variations in 

monitoring records masking smaller long-term drawdown trends. 

Here, the EMD method have been applied to the groundwater time series from monitoring boreholes to 

isolate long-term drawdown terms from seasonal and higher frequency changes in groundwater levels. 

Groundwater time series from all monitoring boreholes were processed using the Python 

implementation of the EMD algorithm developed by Laszuk (2017). The original data and resulting IMF’s 

for monitoring boreholes MU22A, MU45S and MU65S are presented in Figure 5.7. The EMD results show 

long-term decline terms in the last IMF of all three boreholes (IMF_6 for MU22A, IMF_5 for boreholes 

MU45S and MU65S), while seasonal signals for the three boreholes are clearly identified in IMF’s 3, 1 and 

2, respectively. 

Another important aspect is that the magnitude of the long-term variations found by the EMD are much 

smaller than seasonal variations in the groundwater levels and higher-frequency IMF’s, demonstrating 

the ability of the method to identify subtle drawdown patterns in areas under high seasonality effects. 

5.3.2 Establishment of baseline groundwater levels and conceptual drawdown 
estimates 

The assessment of environmental impacts often involves the comparison of current and/or past 

hydrologic states against states prior to the impact development. The absence of baseline data in these 

situations makes the assessment of these impacts extremely challenging, both on conceptual and 

quantitative levels. 

In the MUNDRC, while groundwater monitoring data was available for a large number of boreholes 

spread across the catchment, the majority of groundwater level data was collected from the early 2000’s 

approximately 30 years from the beginning of the rainfall decline. From that perspective, besides subtle 

drawdown trends observed in the EMD analyses, the premise that rainfall decline promoted groundwater 

drawdown in the catchment was merely conceptual. 

Based on relationships between rainfall and groundwater responses, the Backwards Water Table 

Fluctuation (BWTF) method was developed. This technique enabled the reconstruction of groundwater 

levels in the MUNDRC prior to rainfall decline by running the calculations backwards in time and 

providing reverse hindcasts. Historical groundwater levels were estimated for each borehole in the 

catchment, utilising a starting head (equating to the latest observation of each monitoring time series), 

rainfall fraction applied to rainfall historical time series, specific yield and a constant outflow term. These 

parameters were calibrated against available data and ran backwards until 1970, prior to rainfall decline. 

The pre-rainfall decline hindcasts obtained from this method provided not only preliminary drawdown 

estimates across the catchment, but also estimates on net recharge rates. Furthermore, the estimated 

groundwater levels were incorporated in the forward numerical framework (as discussed in history 

matching metrics), therefore enabling the history matching to reach for reasonable groundwater levels 

pre-rainfall decline and provide more robust estimates for groundwater level changes since 1970. 
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Figure 5.7 - Historical groundwater levels and Intrinsic Mode Functions obtained from the EMD analysis for boreholes 

MU22A (left column), MU45S(centre) and MU65S (right column). 

 

5.4 Uncertainty quantification and the role of history-matching 

5.4.1 Reducing uncertainty 

The Iterative Ensemble Smoother implementation in PESTPP-IES have been utilised for history-matching 

aiming at (a) – reasonably represent historical behaviour of the catchment, (b) – reduce parameter 

uncertainty, (c) – provide an ensemble of conceptually feasible parameter sets that is a reasonable 

approximation of posterior parameter distributions and (d) – enable the quantification of uncertainty of 

the different metrics and predictions of interest. 

PESTPP-IES was used in conjunction with the numerical model described in the previous section and 

upgraded here with pilot-point parameterisation. An ensemble of 150 realisation was constructed based 

on conceptual information of the site, which included likely parameter values, upper and lower bounds, 

and conceptual estimates of spatial correlation. The prior ensemble included a base realisation, which 
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served as a parameter means for the remaining realisations. This realisation was based on the piecewise-

zone calibration presented in Chapter 3. 

Prior information was applied in the generation of the parameter sets through the definition of 

parameter means and boundaries as well as their spatial correlations. Upper and lower boundaries for 

aquifer parameter values were based on lithological descriptions and literature values (Reynolds and 

Marimuthu, 2007) of each of the aquifers. Parameter bounds for recharge outflow terms were set 0.7 to 

1.2 while values between 0.5-0.9 were assigned to rainfall fraction. The spatial correlation of parameters 

of the same type and group was defined using covariance matrices based on variograms defined for the 

area, under the assumption that spatial correlation is lost beyond the distance of 6 km.  

Figure 5.8 shows objective function values for each realisation of the ensemble, as well as their mean 

value, over PESTPP-IES iterations. It can be noted that the value from objective function is largely reduced 

throughout iterations, from the mean prior value of 484555 to 28936 at the end of iteration 6. The 

standard deviation of the objective function values also reduces throughout the iterations, from a prior 

value of 583308 to 641 at the end of optimisation. Furthermore, the total number of runs required for 

the entire procedure (prior plus 6 iterations) was 1842, which is about half the number of adjustable 

parameters and demonstrate the efficiency of the algorithm. Despite similar objective functions obtained 

at the end of the IES optimisation, the distribution of parameters from the different ensemble sets can be 

quite distinct, as illustrated by horizontal conductivity values in layer one displayed in Figure 5.9. 

To illustrate the reduction in uncertainty, simulated hydrographs from the prior and posterior ensemble 

were plotted against observed data and the results from the piecewise-constant zone calibration 

presented in Chapter 3 for selected monitoring locations and Lake Muir (Figure 5.10 and Figure 5.11). 

When compared to the prior realisations, the posterior realisations not only present a better fit with 

observed data, but also have a much narrower spread (therefore demonstrating the reduction of 

uncertainty). In relation to the piecewise-constant calibration, posterior runs also present a significant 

better fit, which is expected as the highly-parameterised form allow for heterogeneity within the 

parameter zones and adjust locally to each monitoring location. Lastly it can be observed that prior 

realisations are predominantly centred around the hydrographs from the piecewise-constant calibration 

run, which is expected as the parameters from this run were used as means for the generation of the 

prior ensemble set.  

The reduction of uncertainty can also be observed when comparing parameter distributions from prior 

and posterior ensembles (Figure 5.12). In this figure, most sensitive parameters to groundwater level 

observations from selected hydrographs have been selected for plotting of histogram with prior and 

posterior distributions. It can be observed that there is an overall reduction in the spread of parameter 

values, and these reductions are particularly pronounced in highly sensitive parameters, such as those 

related to groundwater recharge. Parameters with low sensitivity such as vertical anisotropy shows little 

to know reduction in parameter uncertainty. 
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Figure 5.8 - Parameter optimisation objective function values for all the ensemble sets throughout the IES iteration. 

 

Figure 5.9 - Calibrated horizontal conductivity values for layer 1 on selected posterior ensemble realisations. 

Base realisation Realisation 23

Realisation 89 Realisation 134
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Figure 5.10 - Simulated groundwater levels prior and post-calibration at selected locations. 
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Figure 5.11 - Simulated lake and groundwater levels prior and post-calibration at selected locations. 
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Figure 5.12 - Parameter histograms of prior (orange) and posterior (blue) distributions of most sensitive parameters to 

observations in selected monitoring boreholes. 
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5.4.2 Quantification of predictive uncertainty 

If the ensemble size utilised by the iterative ensemble smoother is of sufficient size (i.e., close to the 

dimension of the solution space), the execution of model runs using the posterior ensemble sets can be 

utilised collectively to define posterior probability distributions for predictions of interest. 

The results from the posterior ensemble sets obtained using PESTPP-IES were used to assess uncertainty 

of predicted groundwater levels and other metrics as illustrated in Figure 5.13 to Figure 5.16. 

Despite the large number of locations and metrics, some common uncertainty patterns can be observed 

across different model results. For instance, uncertainty of simulated groundwater levels shows an 

increase during the period from 1980 to 1988 in many borehole locations such as MU22A, MU52A, 

MU68S and PM03. For these boreholes the maximum simulated drawdown occurs in this period, which 

suggest the degree of uncertainty is related to the magnitude of stresses being imposed in the 

catchment. The distribution of mean and standard deviation of simulated groundwater levels presented 

in Figure 5.15 corroborate this hypothesis, with areas of larger standard deviation predominantly 

overlapping areas of larger mean drawdown. 

The uncertainty around groundwater levels is relatively small when considering the absolute 

groundwater levels, with 95% confidence intervals under ±1 m from mean levels for the majority of 

monitoring boreholes. Nevertheless, when looked in terms of drawdown, these uncertainties can equate 

to 50-100% of maximum simulated drawdown in some boreholes (MU38S, MU52A, MU65S). 

Uncertainty around the Lake Muir levels is relatively small, probably due to the fact the dominant fluxes 

in the lake are controlled by historical rainfall and evaporation time series (prescribed in the model) and 

only two parameters with corresponding multipliers, as relative contributions from groundwater into the 

lake inputs only account for approximately 30% (Figure 5.16). 

Uncertainty of mass balance quantities displayed in the same figure provide some important insights. It 

can be noted that uncertainty over cumulative groundwater storage changes increase progressively 

through the entire simulated period, where uncertainty around rates such as net recharge and 

groundwater contributions to lake inflow remain relatively stable. Uncertainties around the period of 

1970 to 1974 are slightly higher for net groundwater recharge, net balance for Lake Muir and relative 

contributions, as well as lake levels. These is the period where rainfall decline starts and it is possible that 

the sudden shift in rainfall rates produced larger stresses in the initial years and, consequently larger 

uncertainty. 
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Figure 5.13 - Simulated groundwater level ensemble percentiles at selected locations. 
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Figure 5.14 - Simulated lake and groundwater level ensemble percentiles at selected locations. 
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Figure 5.15 - Simulated ensemble drawdown mean and standard deviation for 1988, in relation to 1970 groundwater levels. 
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Figure 5.16 - Simulated ensemble percentiles for different water balance predictive metrics. 
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5.5 Sensitivity analysis 

We explored different sensitivity analysis techniques and their ability to contribute to the understanding 

of hydrologic processes occurring in the MUNDRC and terminal catchments in general. Local sensitivity 

analysis was employed to quantify point-source sensitivities (i.e., at a single location in parameter space) 

to understand spatial and temporal relationships and global sensitivity methods were used to provide 

more robust sensitivity estimates and investigate broader controls on history matching and predictions of 

interest. 

5.5.1 Improving understanding and conceptualisation 

A Jacobian matrix for the MUNDRC model has been generated for the parameter set with lowest 

residuals from the posterior ensemble obtained for the PESTPP-IES history matching work, using PEST-HP. 

The matrix was constructed considering all parameters (3,295) using a 3-point derivative approximation, 

in a total of 6591 model runs. Analysed inputs included observation and derived metrics used in the 

history-matching process, as well as virtual observations described in section 5.2.2. 

The comparison of groundwater level sensitivities to model parameters against the distance between 

monitoring point and pilot-point location is useful to establish distance-sensitivity relationships and 

estimate the “radius of influence” of certain parameters. Figure 5.17 shows plots of absolute sensitivity of 

groundwater levels in selected monitoring locations, where average sensitivity values for all groundwater 

levels in each location were calculated for all spatially distributed parameters (i.e., parameters from the 

pilot points). These plots show that in general, all parameters beyond 2-4 km from observation points 

show very low to no sensitivity, despite the maximum sensitivity of each parameter group (for example, 

recharge parameters show very high sensitivity for pilot points within 2-4 km, but the sensitivity is lost in 

parameters beyond that distance in the same way that storage parameters, which have much lower 

sensitivities). 

The distance-sensitivity plots also unravel relationships between maximum sensitivity on a parameter 

group basis, and their sensitivity noise, defined here as average groundwater level sensitivities to 

parameters located beyond the threshold distance. Ratios between maximum sensitivity and sensitivity 

noise are very high in parameter groups with high maximum sensitivity (such as Ev and Ra), but this ratio 

tends to degrade for parameter groups with low maximum sensitivity (for example, for groups Ss_3 and 

Sy_3 in monitoring borehole PM-03). 

The use of virtual observations over the entire period between 1970-2010 showed that groundwater 

level sensitivity varies considerably over the simulated period, as illustrated in Figure 5.18. The 

assessment of sensitivities over time shows that sensitivity to recharge parameters increase over time 

(particularly in monitoring bores located away from lakes and other surface water compartments), 

suggesting that changes in net recharge rates have a cumulative effect on groundwater levels. In 

monitoring sites near lakes, this cumulative behaviour is likely dampened by the model boundary 

conditions, as groundwater fluxes into these compartments adjust to the different recharge rates. 

It can be observed that the sensitivities have a large influence from the rainfall signal, as sensitivity peaks 

from different parameters and location often align in periods of high or very low rainfall (such as years 

2001 and 2006). This also demonstrates that sensitivity is influenced by the magnitude of hydrologic 

stress throughout the simulated period. Lastly the temporal behaviour of storage parameter sensitivities 

is largely cyclical over the entire simulated period. To investigate whether these oscillations were 

associated with the seasonality observed in the catchment, groundwater level sensitivities to the 

parameters displayed in Figure 5.18 were grouped monthly and displayed as box and whiskers plots in 

Figure 5.19 and Figure 5.20. These plots show that the groundwater level sensitivity is not only seasonal 

for storage parameters but, to a lesser degree, all other parameter types. High sensitivity peaks in these 
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plots are normally in April-May, at the end of dry season, and low peaks are observed in September-

October, at the end of wet season. This reflects not only the seasonality, but also suggest that the 

sensitivity is dependent on the state of the systems, with sensitivities varying largely from periods of 

water surplus (wet season) and water deficit. 

 

Figure 5.17 - Scatter plots of absolute sensitivity values versus distance to pilot point for selected monitoring locations. 
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Figure 5.18 - Parameter sensitivity over time for selected parameter and monitoring locations. 
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Figure 5.19 - Monthly-grouped absolute sensitivity values for vertical anisotropy, specific yield and specific storage at 

selected locations. 
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Figure 5.20 - Monthly-grouped absolute sensitivity values for rainfall fraction, outflow term and horizontal hydraulic 

conductivity at selected locations. 
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5.5.2 Parameter controls on predictions and calibration metrics 

Global sensitivity analysis has been undertaken using the Method of Morris (Morris, 1991) as 

implemented in PESTPP-SEN (Welter et al., 2013), with the objective of 1 – obtain aggregate sensitivities 

for the different parameter groups (type and zone), 2 – obtain insights from sensitivity variations across 

the MUNDRC area and the different history matching metrics and 3 – perform “sanity checks” on model 

behaviour and its effect on model outputs. 

Parameters from same type and zone (for example, specific yield pilot point values for the Quaternary 

sediments) were tied in the setup, meaning that they were varied simultaneously and by the same ratio 

during the GSA analysis. This facilitated the assessment of sensitivities on a parameter group basis and 

reduced the number of model runs required for the analysis. The terminology for parameter group name 

is similar to the parameter naming convention described in the previous sections, where the parameter 

type (Table 5-1) is followed by parameter zone identifier (Table 5-2). 

The mean of absolute sensitivity values was used for discussion here, defined as µ* in Campolongo et al. 

(2005). The same author suggest that this statistic may be a more robust representation of sensitivity, as 

sensitivity means obtained from the original Method of Morris can be diminished through cancellation of 

positive and negative values. Values for µ* for groundwater and lake levels are displayed in Figure 5.21 

and illustrate how the sensitivities of parameter groups vary over the model domain. 

It can be clearly noted that recharge related parameters (Ev and Ra) present significantly higher 

sensitivity values than the remaining parameter groups. The recharge parameters for the sedimentary 

aquifers (zone 8) are particularly high, probably because the larger recharge area of the sedimentary 

aquifers when compared to the Weathered Basement outcrops (zone 9). Nevertheless, the sensitivity for 

zone 9 recharge parameters increases in boreholes positioned in these areas, as observed in the borehole 

MU22. 

From the aquifer-related parameters, sensitivities for horizontal hydraulic conductivity in the Quaternary 

Sediments (Kh_1) are noticeably high, probably due to the fact that these unit exerts large control on the 

amount of groundwater being discharged on Lake Muir and adjacent lakes. Sensitivity for the Weathered 

Basement (Kh_4) can also be significant, particularly in areas where this unit is the dominant aquifer in 

terms of thickness. 

In terms of lake level observations, parameters associated with the lake water balance (Lk_evap and 

Lk_rain) present the highest sensitivities, followed by recharge and specific yield parameters, which also 

influence the amount of water discharged in Lake Muir. 

The use of aggregate sensitivities for different metrics is also helpful to understand how each of them 

contribute to the history matching process and how they respond to the model parameters (Figure 5.22 

Despite the dominance of recharge parameters (omitted from figure to facilitate visualisation), the 

different metrics show subtle and yet distinct sensitivity signatures. For instance, metrics related to 

temporal changes in groundwater levels (Groundwater level change since 1970 and seasonal head 

differences) are more sensitive to storage parameters, in particular specific yield (Sy). It can be noticed 

that the metrics associated with longer term temporal differences (groundwater level change since 1970) 

are noticeably more sensitive to specific yield than short-term metrics such as seasonal differences. 

Specific yield is also the most sensitive parameter for lake levels, besides recharge and lake parameters, 

and possibly relate to the buffering capacity of the aquifers in terms of providing groundwater discharge. 

Another interesting finding is that lake levels have low sensitivity to vertical anisotropy parameters, 

which conforms with the initial hypotheses presented in Chapter 3 which identified that the groundwater 

discharge on Lake Muir predominantly occurs through peripheral horizontal flows. The fact that the 

MUNDRC presents a low relief, low horizontal hydraulic gradients, and even lower vertical gradients also 

contribute for low sensitivity of vertical anisotropy to the other metrics. 
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Figure 5.21 - Absolute mean sensitivity for lake and groundwater levels at selected locations. 
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Figure 5.22 - Global absolute sensitivity values for different calibration and predictive metrics. 

 

5.5.3 Assessing the value of history-matching metrics and prioritising site 
investigation efforts with linear methods. 

Doherty and Hunt (2009) describe two statistics referred as Identifiability and Relative Parameter 

Uncertainty Variance Reduction (RUVR). These statistics can be obtained from the Jacobian Matrix of a 

calibrated parameter set for any adjustable parameter and vary between 0 and 1, where the value of 0 

means no reduction of uncertainty has been achieved through the history-matching process and the 

value of 1 indicates small parameter uncertainty in relation to the prior. 

These analyses can be obtained considering history-matching observations that exist or not, and when 

applying different settings for observations (through weighting) and parameters (by fixing them or not) 

they can provide useful insights on the value of different observation groups, aggregate value of raw and 

derived metrics, and also inform site investigation efforts. 

The several history-matching groups employed in the calibration of the MUNDRC model allowed a 

significant reduction in parameter uncertainties and also reasonable replication of past system 

behaviour. However, the contribution of the different metrics to reduction in the uncertainty of different 

parameter groups was not clear. To investigate that, different linear analysis runs were done considering 

the entire history-matching data set and different observation groups individually as displayed in Figure 

5.23, where values for identifiability and RUVR were averaged for the different parameter groups. 
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This results shows that (a) the sum of the values from individual observation groups is different from the 

values for the entire dataset, given the fact the these metrics are to some extent correlated in terms of 

sensitivity to parameters, (b) groundwater level observations shown overall the largest identifiability 

values as an individual group, (c) contributions from the derived metrics of horizontal and seasonal head 

differences to reduction of parameter uncertainty are most effective in the identification of storage 

parameters and (d) identifiability and RUVR values for lake values are predominantly controlled by lake 

observations, with subordinate contributions of groundwater levels. In the case of horizontal head 

differences, it also shows slightly higher values than the raw groundwater levels, showing that they have 

the same ability, if not more, of reducing parameter uncertainty. 

 

Figure 5.23 - Average identifiability and RUVR values considering the entire history matching data set and individual metrics 

for (a) - Recharge outflow term, (b) - Horizontal hydraulic conductivity, (c) - Recharge rainfall fraction, (d) - Specific storage, 

(e) – Specific yield, (f) – Vertical anisotropy, and (g) – Lake parameters. 

The derived metrics have been further explored to investigate the combined contribution to 

identifiability and RUVR values, by assessing different combinations of raw groundwater levels and 

derived metrics, as presented in Figure 5.24. While the results show that highest values are obtained 

when all the groundwater level metrics are combined, the biggest increase comes from the addition of 

horizontal head differences observations, although the seasonal head differences provide a significant 

increase in identifiability values for storage parameter and anisotropy. 

In order to inform further investigation efforts in the area, additional linear analysis runs were 

undertaken by fixing the different parameter groups to understand what the reductions in the 

uncertainty of the remaining parameters would be if the fixed parameters were known, summarised in 



 

164 
 

Figure 5.25. These results show clearly that largest benefits in terms of reducing parameter uncertainty 

would be from investigating recharge attributes (either infiltration rates, Ra, or evapotranspiration, Ev) as 

they would result in a minimum of 10% increase in identifiability values (with exception of lake 

parameters). The determination of unconfined storage (i.e., specific yield) would also be beneficial, as it 

controls the effective size of groundwater reservoir and the magnitude of head change associated with 

net recharge. 

 

 

 

Figure 5.24 -Average identifiability and RUPVR based exclusively on groundwater levels and combining the derived metrics 

for (a) - Recharge outflow term, (b) - Horizontal hydraulic conductivity, (c) - Recharge rainfall fraction, (d) - Specific storage, 

(e) – Specific yield, (f) – Vertical anisotropy, and (g) – Lake parameters. 
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Figure 5.25 – Relative identifiability and RUVR increase (%) obtained by fixing the following parameter groups: (a) – 

Recharge outflow, (b) - Horizontal hydraulic conductivity, (c) - Recharge rainfall fraction, (d) - Specific storage, (e) – Specific 

yield, (f) – Vertical anisotropy, and (g) – Lake parameters. 

 

5.6 Discussion 

5.6.1 The use of DA, UQ and SA techniques throughout the model development 

While the DA, UQ and SA techniques are mostly used as accessories in conventional modelling practice, 

they have proven pivotal to the development of the numerical model and evolution of conceptual 

understanding of the MUNDRC. Where in earlier stages of model development the definition of aquifer 

geometry, boundary conditions and coupling with the lake model were reasonably straightforward, the 

initial iterations of history matching and conceptualisation were hindered by the lack of baseline 

groundwater level data. At that stage, despite the clear reduction of rainfall volumes, groundwater and 

lake level declines could not be clearly demonstrated. 

The application of EMD on historical groundwater levels provided some evidence of longer-term 

drawdowns, by removing noised introduced by seasonal and higher-frequency variations, supporting the 

hypothesis that groundwater levels dropped as result of rainfall decline. While not employed in this 

study, the EMD’s ability to decompose time series in different frequencies could enable new derived 

metrics for history matching by comparing simulated and observed IMF’s, similar to the “data 

transformation methods” described in Bennett et al. (2013) and the “Metrics describing multi-scale 
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variability in model state” from Hipsey et al. (2020). These metrics potentially can contribute to history 

matching and robustness of models by highlighting aspects of model behaviour that are not clear in the 

original time domain. 

The high correlation between seasonality of groundwater levels and rainfall lead to attempts of 

establishing relationships between rainfall rates, net groundwater recharge and groundwater levels. 

These attempts culminated in the development of the BWTF, which provided coarse estimates on net 

recharge but, most importantly, provided hindcast estimates of groundwater levels in 1970, prior to 

rainfall decline. The baseline groundwater level estimates from the BWTF analysis allowed for: 1 – 

Reconstruction of groundwater levels prior to the rainfall decline (from a conceptual perspective), 2 – 

Inclusion of these estimates in the history matching process, 3 – Improvement of recharge 

implementation in the groundwater model by using a similar formulation and 4 – Simulation of the whole 

trajectory from pre-rainfall decline towards present day. 

Once the final model form was in place (1960-2018 simulated period with BWTF estimates in history 

matching, coupled lake model and improved recharge formulation), the history matching techniques 

assisted in reducing the uncertainty around aquifer parameters, which was particularly important since 

no aquifer test data was available. The piecewise-zone calibration presented in Chapter 3 provided 

reasonable average values for the entire catchment, and the highly-parameterised form presented in this 

paper allowed better representation of historical system behaviour, representation of heterogeneity 

within each of the hydrogeological units and implemented the foundation for the UQ workflows. 

The IES technique employed in history matching provided a quantitative assessment of parameter and 

predictive uncertainty constrained solely by conceptual expert-knowledge (i.e., prior) and allowed data 

assimilation in its more classic form, where prior model uncertainty has been reduced through the 

assimilation of site observations (i.e., history matching). 

This paper has presented the final results of sensitivity analysis; nevertheless, several iterations have 

been undertaken throughout the development of the model, many of which contributed to the final form 

of conceptual and numerical model. The investigation of distance-sensitivity relationships provided 

insights on the area of influence of each parameter and this information can be helpful in the use of 

localisation in iterative ensemble smoothers (Chen and Oliver, 2016). These relationships can also be 

used to prioritise site investigations, particularly if used in conjunction with linear uncertainty analysis. 

Transient and seasonal trends of groundwater level sensitivity identified in the model demonstrate the 

value of using virtual observations over the entire simulated periods, even when corresponding field 

measurements are not available. Although these sensitivities cannot be used in the history matching 

process, they were useful to establish relationships between seasonality, aquifer net balance state 

(surplus, deficit or neutral) and sensitivity. 

Global sensitivity undertaken on a parameter group basis underlined the importance of recharge 

(expressed as high sensitivity to recharge parameters) in the catchment dynamics. They also show how 

the different history matching and predictive metrics reacts to broad changes on parameter types. Lastly, 

the use of GSA enabled “sanity checks” and to verify whether the model presented unexpected 

behaviours. For example, given that the level at Lake Muir was unknown in 1970, the model was designed 

to minimise the effects from initial lake level on model results by adding a 10-year spin-up period (1960-

1970) prior to the simulation period of interest (1970-2018). The fact that the lake initial head showed 

the lowest sensitivity of all parameter groups demonstrate that the approach was efficient in that regard. 

In another example, it can be observed that in general sensitivities for specific storage are low, which is 

expected since the aquifers are largely unconfined. The only exception is the sensitivities for specific 

storage in the Weathered Basement (Ss_4), which is the lower most unit in the catchment and can locally 

present confined behaviour in areas underneath the sedimentary aquifers. Lastly, parameter sensitivities 

for zone 2 (Pallinup Formation) are particularly low in boreholes located in the southern part of the 
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catchment, which was expected as the occurrence of the Pallinup Formation is restricted to the northern 

parts of the MUNDRC. 

5.6.2 Distinct attributes of terminal catchments unveiled by these techniques 

The results from the DA, UQ and SA techniques corroborated several attributes of the MUNDRC that are 

distinct of low-relief terminal catchments and unveiled new attributes that were expected by early 

conceptualisation. 

The sensitivity analysis of the Jacobian matrix and GSA showed the dominance of recharge parameters in 

terms of sensitivity and confirm the high influence of the interplay between rainfall infiltration and 

evapotranspiration in groundwater levels and catchment dynamics. Regarding groundwater levels, the 

conceptualisation postulated that their response to rainfall events was rapid given the shallow 

groundwater table depths and relatively high hydraulic conductivity of sedimentary aquifers. The results 

from the BWTF and FEFLOW models are in agreement with this hypothesis, as a good fit between 

simulated and groundwater levels was obtained for absolute values and seasonal oscillations without the 

use of a delay term in the recharge formulations. Furthermore, cluster analysis also demonstrated the 

relationships between land use and groundwater recharge, as well as its influence in associated 

groundwater level signatures. 

The analysis of model results also led to some insights that were counter-intuitive and in disagreement 

with early conceptualisation. For instance, groundwater inflows into Lake Muir were expected to be 

higher during the dry season as the lake levels are at their lowers. Mass balance analysis of FEFLOW show 

that while that is true in terms of relative contributions, the highest groundwater discharge rates occur 

during the wet season, where highest recharge rates replenish the aquifers increasing hydraulic gradients 

and consequently discharge rates (Figure 5.26). In another example, it was expected that groundwater 

discharge would occur predominantly through the base of the lake (assuming density effects on 

groundwater head distribution were negligible). Mass balance results at the lake nodes suggest that 

fluxes from lake to the aquifers occur through the base of the lake, groundwater discharge into Lake Muir 

occurs predominantly along the perimeter of the lake (Chapter 3). Lastly, groundwater levels near surface 

water compartments are less sensitive to recharge and are to some extent regularised, in the sense that 

changes in recharge rates and groundwater level are compensated by adjusted flux rates between 

surface water bodies and adjacent aquifers. 

Another new concept unveiled by the SA was the transient sensitivity of groundwater levels with regards 

to time. While this concept seems straight forward after the analysis of results, the concept of transient 

sensitivities has not, to the authors’ knowledge, been demonstrated in literature. 

The discussion presented in Chapter 3 suggested that Lake Muir is more resilient to rainfall decline the 

originally thought. The UQ works presented in this paper corroborate that and sensitivity analysis hinted 

at underlying reasons for that. First hints for that were observed in the GSA results, where sensitivity to 

rainfall multiplier (Lk_rain) was in general higher than sensitivity to the evaporation multiplier (Lk_evap), 

this led to the conclusion while evaporation rates are directly related to the lake area, rainfall rates are 

less susceptible to that as rainwater infiltrates the dry portions of the lake and ultimately is discharged 

there. The direct relation between lake area and evaporation volumes can be translated to lake level and 

evaporation volumes, therefore decline in lake levels caused by rainfall decline (both as direct rainfall and 

groundwater discharge) incur reduced evaporation rates, dampening the net lake losses. This is a 

mechanism that can be extrapolated to all lakes with shallow and flat lake bathymetry, but less likely to 

occur in lakes with steeper lake beds, as reductions in lake area (and evaporation) due to decline in lake 

level will be somewhat smaller. 
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Figure 5.26 - Simulated net groundwater fluxes into Lake Muir (left) and relative groundwater contributions (right) for the 

period from 1970-2018 (all posterior ensemble realisations), showing that while relative contributions are higher during 

dry-seasons, the largest discharge volumes occur predominantly during the wet season. 

5.6.3 Computational costs and limitations of the different techniques 

The results presented in the previous sections demonstrate the value of DA, UQ and SA techniques in 

improving conceptual understanding and facilitating the quantification of impacts and catchment 

hydrologic processes. On the other, computation costs of each of these techniques may lead to a 

prioritization of efforts and cost/benefit assessment in resource-constrained study. Furthermore, the use 

of these techniques needs to be undertaken cognizant of their limitations and computational costs, some 

of which are discussed here. 

The use of the EMD method is computationally inexpensive and can be used in a batch fashion to process 

time series from multiple observation time series simultaneously, but the interpretation of the Intrinsic 

Mode Functions obtained from the EMD must be conducted with caution as they can be highly sensitive 

to the time series sampling frequency and potentially problematic when time series have irregular 

observation intervals. This can be noticed on the analysis for borehole MU22A (Figure 5.7) which has a 

higher monitoring frequency and display an additional high frequency IMF when compared to the time 

series from boreholes MU45S and MU65S. It is possible that this issue could be minimised by resampling 

at regular intervals using interpolation methods and, despite not being tested, the application of EMD on 

the regular time series generated by the BWTF method may prove to be a better option then the raw 

monitoring data. 

The IES method is an extremely powerful model that allows history matching of highly-parameterised 

model with a very small number of runs, compared to number of parameters, enabling DA and UQ of 

large models that would previously be too expensive in terms of computational effort. While the IES 

method has shown good history matching results with small ensemble sizes (in particularly if localisation 

is employed), questions remains whether these ensembles are sufficiently large to characterise the 

uncertainty, particularly in terms of probability distributions. A possible solution for that could potentially 

be to increase the ensemble size with parameter sets derived from the sampling of a posterior covariance 

matrix created based on the original ensemble parameter values. This procedure would continue to 

require a small number of runs for the history matching process and provide a larger ensemble size for 

UQ. Furthermore, the application of ensemble methods in groundwater modelling is relatively new and 

more testing and use of this tool is required for definition of optimised settings such as ensemble size, 

localisation matrices and so forth. 

The DA and UQ applied in the MUNDRC model resulted in simulated groundwater and lake levels with 

relatively small uncertainty. It is important to emphasise, however, that the rainfall time series for the 

simulated period were actual values from historical records and “hard-wired” in the model lake and 

recharge components. Given that there is a strong relationship between groundwater level, sensitivity 
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and rainfall rates/events (as seen in the transient sensitivity plots), groundwater predictions in the future 

should account for uncertainty of rainfall time series inputs, and these can potentially promote larger 

predictive uncertainty. 

The use of GSA allowed for the investigation of broad sensitivity different model metrics to entire 

parameter groups with a reasonably small number of runs. Nevertheless, the use of these techniques in 

highly-parameterised models on a parameter basis will likely require a prohibitable high number of runs. 

In those cases, the analysis of Jacobian sensitivity matrices (despite its point-source form) may be more 

appropriate from a cost/benefit point of view. 

5.7 Conclusions 

The research presented in this paper illustrates the use of DA, UQ and SA in the study of terminal 

catchments, their value in the identification of particularities of hydrologic behaviour in these settings 

and provide a blueprint for assessment of impacts associated to long-term rainfall decline in terminal 

catchments. On a conceptual level, main drivers of the groundwater and surface-groundwater 

interactions have been identified and corroborated by sensitivity analysis results. In terms of 

quantification and prediction, the developed numerical model coupling approaches and data assimilation 

tools used in the study provide a framework to estimate environmental impacts considering inherent 

hydrogeological and hydrological uncertainty, as well as the ability of monitoring data to constrain it. 

From a broader perspective, practicalities and lessons learned from the application of these techniques 

are lacking in literature, which is predominantly focused on theory and development of new techniques, 

and the paper also contributes to that regard. 

Although several techniques have been explored in this study, it by no means exhaust the number of 

techniques available in the literature. Notable examples include the time-series analysis using transfer 

function noise modelling (Collenteur et al., 2019), evolutionary algorithms (Maier et al., 2014), time series 

clustering methods (Aghabozorgi et al., 2015) and ensemble machine learning techniques (Zounemat-

Kermani et al., 2021). 

This study has also shown that much can be gained through feedback loops the application of these 

techniques (in particular SA) and conceptualisation, as opposed to conventional use of UQ and SA at the 

end of model development. The conceptual model of MUNDRC have evolved substantially from its early 

inception through the multiple sensitivity analysis rounds until the final conceptual and numerical model 

form was achieved. Counter-intuitive findings from this process such as higher groundwater inflows to 

Lake Muir during the wet season, dominance of vertical dynamics of recharge and evapotranspiration 

over horizontal flows and potential surface runoff flows into the lake challenged the assumptions from 

initial conceptualisation and resulted in a more robust final model form which conforms to expert-

knowledge and was able to replicate historical system behaviour. 

The DA, UQ and SA techniques applied in the MUNDRC were undertaken with open-source software 

freely available on web which facilitated the model development significantly. Nevertheless, the 

implementation these techniques still remains an onerous task, particularly with regards to post-

processing workflows. The adoption of these techniques in the broader modelling community will 

depend much on the development of tools to streamline these workflows and availability of educational 

resources, and initiatives such as the Groundwater Modelling Decision Support Initiative (GMDSI, 

https://gmdsi.org) are making a big impact in that direction. 
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6 Discussion and conclusions 

6.1 Highlights of the research 

The research undertaken on MUNDRC has quantified surface and groundwater flow-related impacts from 

rainfall decline on Lake Muir and adjacent aquifers, including establishing hydrologic change trajectories 

over a period of five decades. In doing so, it has revealed a number of insights and attributes of low-relief 

terminal catchments and yielded new techniques to facilitate conceptualisation and enable quantification 

of the dominant flow mechanisms. Furthermore, results obtained from DA, UQ and SA analyses 

demonstrated the value of these techniques for catchments where large data gaps and sparse monitoring 

data becomes a barrier to more detailed investigations. 

Perhaps one of the most intriguing findings was that Lake Muir and aquifers portions within the flat plains 

are significantly more resilient than initially thought. The ability of wetlands to reduce evaporation losses 

during periods of groundwater and/or lake level decline dampens the local negative net water balances 

resulting from rainfall decline and reduced groundwater input. The large changes in lake area resulting 

from lake level change in these nearly flat lake bed geometries play a big role in the resilience, and these 

attributes are not expected to occur in other lakes with steeper bathymetry. 

The numerical framework developed for the MUNDRC allowed the encapsulation of dominant flow 

mechanisms in the catchment, simulation of dynamic lake-groundwater interactions and resolution of 

feedback loops between them. The lake-groundwater model coupling approach developed during this 

research has been successfully applied in other vastly different lake settings such as simulation of pit 

lakes and long-term cumulative impact from multiple mine voids in coal basins. This approach also 

facilitated the coupling of FEFLOW with more sophisticated lake modelling codes such as the General 

Lake Model or GLM (Hipsey et al., 2019). 

Like many studies on endorheic basins in literature, the data gaps posed considerable challenges for 

conceptualisation and quantification efforts. Of those, the lack of groundwater levels prior to the onset of 

rainfall decline was the most critical, without those data inferences of total drawdown since the onset of 

rainfall decline would only be based on then relatively recent groundwater monitoring data, hence were 

for the most part speculative. The BWTF method developed during research helped to address this data 

gap given its ability of providing hindcasts backwards in time and estimates of groundwater levels in the 

1970’s. In addition, the BWTF based formulation applied in the numerical framework was critical to 

define the rainfall-recharge relationships and largely improved the simulation of system behaviour 

(particularly in terms of seasonal fluctuation) compared to previous attempts. 

Remaining data deficiencies and their implication in quantitative efforts were successfully addressed with 

application of DA and UQ techniques. These techniques assessed the inherent hydrological and 

hydrogeological uncertainty, including the ability of the limited available data sets to constrain it. 

Furthermore, the use of SA techniques contributed significantly to the conceptualisation and 

understanding of this and similar systems. While these techniques are typically employed at the end of 

modelling cycles (Barnett et al., 2012), it has been observed that iterative loops between concept, 

modelling and DA/UQ/SA can be largely beneficial to the development of robust conceptualisation and 

quantification. Lastly, there is a large gap in the literature with respect to application, practicalities and 

lessons learned from successful (or otherwise) use of these techniques, despite the large volume of 

publications focused on theorical issues and software development. It is hoped that the findings from this 

study contributes to reducing that literature gap, while provide a blueprint for application of these 

techniques, not only for terminal catchments but other integrated surface-groundwater environmental 

settings. 
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6.2 Challenges, contributions to adaptive management and future research 
directions 

Despite the fact that DA/UQ/SA techniques can be extremely valuable in hydrological studies, as 

demonstrated here, its adoption by the wider hydrological community is relatively small. As a result, 

software infrastructure to facilitate the use of these techniques is still lacking, making implementation 

and processing tasks onerous. 

In addition to the large efforts from users to setup and developed tailored workflows to enable their 

application, DA/UQ/SA techniques require an incredible amount of computing resources. For instance, 

the generation of the jacobian matrix presented in Chapter 5 took over 33,000 core hours, and even a 

ground breaking technique such as the Iterative Ensemble Smoother required over 4,000 core hours for 

the MUNDRC model using an ensemble size of 150. Although computer resources are becoming 

increasingly more accessible (either through faster processors, supercomputing or cloud computing), 

finding the right balance between available resources, model simplicity and ability to simulate 

mechanisms to which predictions of interest are sensitive remains a significant challenge. 

While data gaps from salinity and chemistry were significantly larger than hydrogeological, the modelling 

of these processes could be treated in the same way with the utilisation of DA and UQ techniques. The 

main challenge in that approach however is the computational costs. Tests conducted in earlier modelling 

stages have shown that developing a model mesh with enough refinement to allow for solute transport 

and density-driven mechanisms would increase running times by a factor between 5 and 20 considering 

the same simulation period. For that reason, modelling efforts focused on flow and water balance 

aspects of the catchment. 

Given the predictive uncertainty for the simulated period (1970-2018) was constrained by the fact that 

rainfall was known, the simulation of future impacts incorporating the uncertainty around rainfall rates is 

not only challenging, but an area that requires further investigation. As pointed by Maier et al. (2016), the 

identification of “best-guess” future conditions may not be appropriate given the uncertainty future due 

to changes in climate and other factors. The same authors instead suggest the utilisation of multiple 

scenarios (similar to the ensemble parameter sets developed in the MUNDRC model) and metrics that 

measure robustness to changes in future conditions. 

In terms of adaptive management, it seems that changes in net groundwater recharge caused by rainfall 

reduction could be compensated with management of land use, given that different recharge signatures 

were observed across different vegetation types (based on cluster analyses). Such measures have already 

been investigated (Clarke et al., 1999) and implemented (Maesepp, 2021) in some catchments in 

Western Australia with the objective of reducing recharge but could be applied to achieve the opposite. 

Nevertheless, the implementation of such measures is likely to yield results in medium to long-term. With 

that in mind, management efforts based on land use changes will require detailed rainfall forecasts and 

associated uncertainty, enabling the adoption of optimisation under uncertainty techniques as presented 

and discussed in Sahinidis (2004). Lastly, frequent institutional changes in the government and regulatory 

departments impose another layer of complexity in the implementation of long-term plans. 

While the increased knowledge of flow dynamics in these catchments may facilitate the mitigation of 

impacts in groundwater levels and recharge rates from a purely flow perspective, the management of 

impacts associated with the surface and groundwater chemistry (i.e., secondary salinity and acidification) 

will be required on a much smaller scale (as opposed to catchment-wide studies). Furthermore, it will 

require an improved and more refined understanding of endorheic basins in two new frontiers. One of 

them is geochemistry, focusing on better conceptualisation of salt accumulation processes as well as 

acidification controls such as sulphide distribution in the soils and potential buffering minerals. The 

second area of research should focus on better understanding the unsaturated zone, especially in areas 
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where groundwater levels are deeper. The amount of salt stored in the unsaturated zone is not known to 

the degree of detail required for local management. In addition, salt mobilisation mechanisms between 

saturated zone, unsaturated zone and surface water require refinement in terms of process 

understanding and scale of occurrence. 

The use of linear uncertainty analysis methods and simple sensitivity assessments were quite informative 

in providing a sense for the “radius of sensitivity” and the value of additional data in the reduction of 

parameter (and consequently predictive) uncertainty. In a time where budgets and research funds in 

these areas are under increased pressure, the need to extract the maximum information from available 

data and prioritise data acquisition become ever more important. In these circumstances, the application 

of these techniques prior to field investigations (as sensitivities can be obtained even in the absence of 

real data) can be extremely valuable in the rationalisation and prioritisation of field programmes. 

The ability of models capable of running back in time and provide reverse hindcasts of hydrological states 

such as the BWTF has proven incredibly useful to elucidate “hydrologic history” of catchments and 

understand hydrological change trajectories for periods in the absence of data. The search and 

development of deterministic methods capable of running backwards in time while abiding to the laws of 

thermodynamics, could lead to a radical improvement in the understanding and impact assessment of 

ungauged catchments. 
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