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Abstract 14 

The estimation of recharge through groundwater model calibration is hampered by the non-15 

uniqueness of recharge and aquifer parameter values. It has been shown recently that the 16 

estimability of spatially distributed recharge through calibration of steady-state models for 17 

practical situations (i.e., real-world, field-scale aquifer settings) is limited by the need for 18 

excessive amounts of hydraulic-parameter and groundwater-level data. However, the extent 19 

to which temporal recharge variability can be informed through transient model calibration, 20 

which requires the additional consideration of storage parameters, is presently unknown for 21 

practical situations. In this study, time-varying recharge estimates, inferred through 22 

calibration of a field-scale highly parameterised groundwater model, are systematically 23 

investigated subject to changes in (1) the degree to which hydraulic parameters including 24 

hydraulic conductivity (K) and specific yield (Sy) are constrained, (2) the number of water-25 

level calibration targets, and (3) the temporal resolution on which recharge is estimated. The 26 

analysis involves the use of a synthetic reality (a reference model) based on a groundwater 27 

model of Uley South Basin, South Australia. Identifiability statistics are used to evaluate the 28 

ability of recharge and hydraulic parameters to be estimated uniquely. Results show that 29 

reasonable estimates of monthly recharge (<30% recharge root-mean-squared error) require a 30 

considerable amount of transient water-level data, and that the spatial distribution of K is 31 

known. Joint estimation of recharge, Sy and K, however, precludes reasonable inference of 32 

recharge and hydraulic parameter values. The outcomes of this study suggests that the 33 

estimation of temporal recharge variability through calibration may be impractical for real-34 

world settings. 35 

 36 

Keywords: Transient recharge; Groundwater model; Calibration; Inverse modelling; Non-37 

uniqueness. 38 



1. Introduction 39 

 40 

Effective groundwater management strategies often require reliable estimates of recharge and 41 

its variability in time and space. However, recharge is widely regarded as one of the most 42 

difficult water balance components to quantify given that it cannot be measured directly, and 43 

hence, must be inferred typically from the application of multiple methods (Scanlon et al., 44 

2002). An increasingly popular recharge estimation method is the application of a numerical 45 

groundwater model within an inverse modelling framework (e.g., Essaid et al., 2003; 46 

Hashemi et al., 2013). This approach involves the inference of recharge through calibration or 47 

history matching (i.e., minimising the discrepancy between field measurements and 48 

corresponding model-generated outputs). 49 

 50 

The estimation of recharge through groundwater model calibration is hampered by the non-51 

uniqueness between estimated values of recharge and aquifer hydraulic properties (Sanford, 52 

2002). Non-uniqueness arises from the limited information content within field 53 

measurements and the correlation between model parameters (Carrera and Neuman, 1986). 54 

Recently, Erdal and Cirpka (2016) applied the Ensemble Kalman filter (Evensen, 1994) to 55 

jointly estimate spatially distributed recharge and hydraulic conductivity (K) on the basis of 56 

head observations for a highly simplified synthetic aquifer. They showed that accurate values 57 

of recharge and K can be estimated simultaneously providing that a sufficient degree of prior 58 

information is available (i.e., the geostatistics of the true (initial ensemble) recharge- and K-59 

fields are well-known). Knowling and Werner (2016) extended the work of Erdal and Cirpka 60 

(2016) by jointly estimating recharge and hydraulic parameters (i.e., K) for a more realistic 61 

test case (i.e., a synthetic reality based on a highly parameterised steady-state groundwater 62 

model of a real-world field site) for the purpose of evaluating the estimability of recharge and 63 



its spatial distribution for practical situations. The results of their study indicate that the 64 

estimation of steady-state recharge through field-scale model calibration requires unrealistic 65 

amounts of hydraulic parameter (K) information and groundwater level data. This suggests 66 

that previous steady-state groundwater modelling investigations that attempt to infer regional-67 

scale, spatially variable recharge through model calibration likely produce non-unique and 68 

potentially erroneous estimates. 69 

 70 

The investigations of Erdal and Cirpka (2016) and Knowling and Werner (2016) did not 71 

examine the extent to which the temporal variability of recharge can be informed, in the face 72 

of non-uniqueness, through groundwater model calibration. While transient groundwater 73 

models capture considerably more observations than steady-state models, thereby reducing 74 

non-uniqueness, transient model calibration requires the additional consideration of storage 75 

parameters, such as specific yield (Sy). 76 

 77 

A small number of studies have inferred time-varying recharge through transient model 78 

calibration. For example, Lubczynski and Gurwin (2005) estimated recharge variability in 79 

their calibration of a transient groundwater model of the Sardon catchment (Spain). Their 80 

recharge estimates were obtained using a “trial and error” approach (i.e., model performance 81 

was evaluated with respect to incremental adjustments in recharge values), and were subject 82 

to fixed storativity and K distributions from preceding automated calibration of the model in 83 

which recharge was fixed. Liu et al. (2008) estimated time-varying recharge from their 84 

calibration of a transient groundwater model of the North China Plain. Their recharge rates 85 

were estimated simultaneously with K and boundary conductance, but were subject to a fixed 86 

Sy value. Dickinson et al. (2004) inferred the time-variability of mountain-front recharge to 87 

idealised representations of alluvial basins within the south-western United States from long-88 



term groundwater levels by inverting a one-dimensional analytical model developed by 89 

Townley (1995). The effect of parameter non-uniqueness on temporal recharge estimability 90 

has not been evaluated in previous studies. Therefore, the extent to which the temporal 91 

variability of recharge can be informed through groundwater model calibration, in particular 92 

for complex field-scale aquifer settings, is presently unknown. 93 

 94 

The objective of the current study is to address this knowledge gap, and extend the work of 95 

Knowling and Werner (2016) by evaluating the ability of groundwater model calibration to 96 

inform the temporal variability of recharge for practical, regional-scale situations. This is 97 

undertaken using a systematic, quasi-hypothetical inverse modelling approach involving a 98 

field-scale, highly parameterised groundwater model of Uley South Basin (USB), South 99 

Australia. Here, we adopt the most common approach to groundwater model calibration, i.e., 100 

the application of gradient optimisation methods (e.g., Poeter and Hill, 1999; Doherty, 2016), 101 

such that the findings offer guidance to groundwater modelling practitioners. The USB is 102 

selected as a case study because of the availability of extensive observation datasets, which 103 

provide a comprehensive depiction of the spatial and temporal trends in groundwater 104 

behaviour. These formed the basis for an existing highly parameterised groundwater model 105 

by Knowling et al. (2015), and the estimation of spatially and temporally variable recharge 106 

rates using field-based methods and one-dimensional unsaturated zone modelling (Ordens et 107 

al., 2012; Ordens, 2014). 108 

 109 

2. Theoretical background 110 

 111 

Transient two-dimensional flow within an unconfined heterogeneous aquifer is given by the 112 

Boussinesq equation (Boussinesq, 1904): 113 
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 115 

where x and y [L] are Cartesian coordinates, h [L] is the hydraulic head, b [L] is the saturated 116 

aquifer thickness (which varies with h), W [L/T] is the volumetric source/sink term per unit 117 

area expressing the combined effects of groundwater recharge, pumping, etc. (positive values 118 

indicate inflow), Kx and Ky [L/T] are the hydraulic conductivities in the x and y directions, 119 

respectively, and t [T] is time. 120 

 121 

Groundwater flow modelling codes solve equation (1) in a piecewise manner using numerical 122 

methods such as finite-difference or finite-element approximations (e.g., Harbaugh et al., 123 

2000; Diersch, 2005). The computation of h at the node scale is a function of the ratios W/K 124 

and W/Sy. Therefore, a unique estimate of recharge (or K or Sy) is not attainable based on 125 

observations of h alone; only recharge-to-K and recharge-to-Sy ratios may be determined in 126 

the absence of additional information regarding K, Sy, recharge and/or groundwater fluxes. 127 

Temporal groundwater-level fluctuations are governed primarily by recharge, discharge (e.g., 128 

pumping) and Sy in climate-driven aquifers (e.g., Maréchal et al., 2006; Ordens et al., 2012; 129 

Zhou et al., 2014). Non-uniqueness at the scale of the model domain is complicated by 130 

aspects such as the spatial patterns in aquifer parameters, flow directions, boundary 131 

conditions, etc., and hence, is more challenging to characterise for practical situations in 132 

which observation-data scarcity is a limiting factor. The current study focuses on the 133 

estimability of transient recharge in the face of non-uniqueness, i.e., uncertainty in Sy and K, 134 

for practical situations. 135 

 136 



3. Methodology 137 

 138 

3.1. Study area (Uley South Basin, South Australia) 139 

 140 

The USB (~129 km
2
) is a coastal, topographically enclosed groundwater basin located in the 141 

southern Eyre Peninsula, South Australia (34º76' S, 135º56' E). The climate of the region is 142 

characterised by winter-dominant rainfall (May-October), and hot, dry summer months 143 

(November-April) (Harrington et al., 2006). Average annual rainfall and pan evaporation 144 

rates are 560 and 1547 mm/y, respectively (Bureau of Meteorology, 2010). Groundwater 145 

supplies are obtained from an unconfined Quaternary sand and limestone aquifer (QL), which 146 

overlies a discontinuous Tertiary aquitard and a semi-confined Tertiary aquifer comprised of 147 

silty and clayey sand (TS) (Zulfic et al., 2007). Despite evidence of preferential pathways 148 

through surface calcrete, the QL aquifer exhibits diffuse flow behaviour (Werner, 2014). 149 

Groundwater abstraction from the QL aquifer constitutes the primary freshwater resource for 150 

the Eyre Peninsula region (Werner et al., 2011). 151 

 152 

3.2. Groundwater model 153 

 154 

The groundwater model of USB developed by Knowling et al. (2015) constitutes the 155 

“reference model” that is used as a basis for analysing the inverse modelling results of the 156 

current study. MODFLOW (Harbaugh et al., 2000) is used to simulate groundwater flow 157 

within USB spanning the period January 2003 to December 2012. Table 1 lists the main 158 

features of the reference USB model. Figure 1 provides a schematic of the reference model 159 

and its parameter distributions that are pertinent to the current study, i.e., the hydraulic 160 

properties of the QL aquifer. The parameter distributions of the underlying TS aquifer (i.e., 161 



specific storage, K) are not estimated in this study as a means of reducing computation times 162 

associated with the parameter estimation process, and are set based on the calibration results 163 

of Knowling et al. (2015). 164 

 165 

Table 1. Summary of reference model characteristics (adapted from Knowling and Werner 166 

(2016)). 167 

Model characteristic Description 

Layer(s) type Unconfined upper layer (QL aquifer), convertible 

confined/unconfined lower layer (TS aquifer). Intervening aquitard 

simulated implicitly (Chiang and Kinzelbach, 1998). 

Spatial discretisation 100 m × 100 m model-grid cells (Figure 1a). 

Temporal discretisation Monthly stress periods; 18 time steps per stress period. 

Sy (QL aquifer) Estimated through calibration (Figure 1b), constrained by field data 

and literature values. 

Specific storage (Ss) 

(TS aquifer) 

Estimated through calibration, constrained by field data and 

literature values. 

K (QL and TS aquifers) Estimated through calibration (QL K; Figure 1c), constrained by 

field data and literature values. Vertical K assumed 0.1 times 

horizontal K. 

Ocean boundary Constant-head boundary with density corrections (Morgan et al., 

2012). 

Interaction with 

adjacent basins 

General-head boundaries (GHB; Harbaugh et al., 2000). GHB 

conductances (C) estimated through calibration, constrained by K 

and aquifer thickness information. 

Spatially and 

temporally variable 

recharge 

Applied to uppermost active layer. Spatial and temporal recharge 

variability based on the modelling of Ordens (2014) (Figure 2). 

Spatial distribution is held constant-in-time. Spatially and 

temporally averaged recharge rate is 78 mm/y. 

Evapotranspiration 

(ET) 

ET package (Harbaugh et al., 2000) simulates shallow groundwater 

ET (unsaturated zone ET accounted for in the recharge rates of 

Ordens (2014)). 

Groundwater pumping Individual pumping-well rates based on metered data and 

extrapolation (where metered data are unavailable) (Werner et al., 

2011). 



 168 

 169 

Figure 1. Reference model characteristics (adapted from Knowling and Werner (2016)): (a) 170 

grid, boundary conditions (“CHB” denotes constant-head boundary, and “GHB” denotes 171 

general-head boundary), pumping well and pilot point locations; (b) Sy of the QL aquifer; and 172 

(c) log(K) of the QL aquifer.173 

   



 174 

The spatial variability of Sy and K is achieved using pilot points (de Marsily et al., 1984), 175 

distributed in a regular grid configuration (Figure 1a). An isotropic exponential variogram (of 176 

Sy and log(K)), with a range of 1200 m and a nugget of zero, produces cell-by-cell Sy (Figure 177 

1b) and K (Figure 1c) variability. A single boundary conductance (C) value (=195 m
2
/d in the 178 

reference model) is used for the QL GHB boundary reach. 179 

 180 

The spatial distribution of recharge, obtained from temporally averaged rates of Ordens 181 

(2014) over the period 2003–2012, is fixed in a relative sense in the reference transient model 182 

(Figure 2a), such that the ratio of recharge values in neighbouring cells remains unchanged. 183 

That is, while spatial patterns of recharge produced by Ordens (2014) vary in time, only 184 

transient variability is modified in the current study, and spatial variability is fixed, at least in 185 

relative terms. Temporal recharge variability is achieved by scaling the time-averaged 186 

recharge distribution such that the total recharge to USB is equivalent to monthly totals 187 

obtained by Ordens (2014), for the period 2003–2012 (Figure 2b). Fixing the relative spatial 188 

distribution of recharge in the reference case in this way allows for a significantly reduced 189 

computational burden during calibration, but nonetheless allows for analyses of the 190 

estimability of temporal recharge signals.191 



 192 

 193 

Figure 2. (a) Spatially distributed recharge rates (averaged over the period 2003–2012), and 194 

(b) time series of monthly recharge (and rainfall) rates applied to the reference model. 195 

 196 

3.3. Model calibration 197 

 198 

Model parameters are estimated using PEST (Doherty, 2016). To reduce computation times, 199 

BeoPEST (Schreüder, 2009), a version of PEST that allows model-run parallelisation, is 200 

used. PEST adopts the Gauss-Marquardt-Levenberg method to minimise a least-squares 201 

objective function Φ. For parameter estimation problems that employ Tikhonov 202 

regularisation, Φ is given by: 203 

 )()()()( tt
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 205 

where p is a vector of model parameter values, h is a vector of field observations, X is a 206 

matrix containing sensitivities of model outputs (for which there are corresponding 207 

observations h) with respect to p, d is a vector of Tikhonov regularisation “observations”, 208 

which represent preferred parameter values and/or relationships, Z is a matrix containing 209 

sensitivities of model-generated counterparts to regularisation observations d with respect to 210 

(a) (b) 



p, µ is a regularisation weight factor, and Qm and Qr are diagonal matrices containing the 211 

squares of weights assigned to measurement and regularisation observations, respectively. 212 

 213 

The degree to which the inverse problem is regularised is controlled using a user-specified 214 

“target measurement objective function” Φm
l
 (Fienen et al., 2009). The regularised inverse 215 

problem is solved via minimisation of Φr under the constraint that Φm≤Φm
l
. The reader is 216 

directed to Doherty and Skahill (2006), Doherty and Hunt (2010) and references cited therein 217 

for a detailed description of pertinent calibration methodologies. 218 

 219 

Sensitivities of model outputs with respect to parameter values (comprising the X and Z 220 

matrices) are computed using central finite differences with a 1% perturbation of parameter 221 

values, following James et al. (2009). The maximum parameter value upgrade factor used is 222 

0.2. The specification of Φm
l
 is dependent on initial inverse modelling results. The reader is 223 

referred to Knowling and Werner (2016) for a more detailed description of the optimisation 224 

variables adopted. 225 

 226 

3.4. Parameter identifiability 227 

 228 

Parameters are evaluated in terms of their identifiability (i.e., their ability to be estimated 229 

uniquely through the process of calibration). The identifiability of parameter i, di, is given by 230 

(Doherty and Hunt, 2009): 231 

 
iiid ,][R  (3) 232 

 233 

where R is a matrix that describes the relationship between estimated and real-world 234 

parameter values (commonly referred to as the “resolution matrix”) in the absence of 235 



significant measurement uncertainty (Moore and Doherty, 2006; Paradis et al., 2015), and the 236 

subscript i,i designates the ith diagonal element. The construction of R is dependent on the 237 

regularisation technique employed; see Doherty (2016) for different regularisation-specific R 238 

formulations. For problems involving Tikhonov regularisation, R is given by (Doherty, 239 

2016): 240 

 XQXIZXQXR mm
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 242 

where λ is the Marquardt lambda parameter and I is the identity matrix. The value of di can 243 

vary between zero and one, which respectively indicate that the parameter under investigation 244 

is entirely unidentifiable and entirely identifiable. A di value of one does not mean that its 245 

estimated value will be free from error due to measurement uncertainty. Statistics such as 246 

parameter error variance (Moore and Doherty, 2005) are nevertheless not reported in the 247 

current study because measurement uncertainty is assumed negligible. 248 

 249 

3.5. Inverse modelling cases 250 

 251 

The inverse modelling methodology can be subdivided into the following phases (Table 2): 252 

(1) the estimation of time-varying recharge subject to fixed hydraulic parameter (Sy, K and C) 253 

values from the reference model (“Case 1”), (2) the joint estimation of time-varying recharge 254 

and spatially distributed Sy (“Case 2”), and (3) the joint estimation of time-varying recharge 255 

and the spatial distribution of Sy and K, and C (“Case 3”). Case 1 represents a best-case 256 

scenario in terms of recharge estimability given that all other parameter values are “known”. 257 

Despite the use of error-free hydraulic parameter distributions within Cases 1 and 2, which 258 

constitutes an unrealistic situation in practice, these cases provide a framework for 259 



demonstrative and comparative purposes. The potential for parameter compensation is 260 

explored in Cases 2 and 3 (i.e., whereby correlated parameters are largely unconstrained). 261 

 262 

Table 2. Inverse modelling cases. 263 

ID Recharge Sy K, C 

Case 1 Estimated Fixed as per 

reference model 

Fixed as per 

reference model 

Case 2 Estimated Estimated Fixed as per 

reference model 

Case 3 Estimated Estimated Estimated 

 264 

The calibration dataset for inverse modelling cases involving the estimation of recharge and 265 

Sy (Cases 2 and 3) comprises deviation-from-the-mean reference-model heads taken at pilot 266 

point locations within the upper layer, except at places where QL sediments are entirely 267 

unsaturated, resulting in a total of 94 sampling locations. Temporal head differences are used 268 

such that the inference of time-varying recharge and aquifer storage parameters is enhanced 269 

(Hill and Tiedeman, 2007; Ackerman et al., 2010). All head-difference targets are assigned 270 

uniform weights. For cases involving the estimation of recharge, Sy, K and C (Case 3), an 271 

average reference-model head at each of the 94 pilot point locations is added to the 272 

calibration dataset given that the estimation of K and C parameters require time-averaged 273 

groundwater levels. Each average head target is assigned an equal weight, which is 100 times 274 

that of head-difference targets. 275 

 276 

The number of head-difference targets is varied to examine the effect of the information 277 

content of the calibration dataset on estimated parameter values. The following numbers of 278 

head-difference targets are considered: (1) 11,280 (head-difference target at each sampling 279 

time, i.e., one every month; herein referred to as “calibration dataset A”), (2) 4980 280 

(approximately half of the sampling times; “calibration dataset B”), and (3) 1222 281 



(approximately one-tenth of the sampling times; “calibration dataset C”). Figure 3 illustrates 282 

the reference-model head sampling intervals. 283 

 284 

 285 

Figure 3. The three different reference-model head target sampling intervals considered. 286 

 287 

Table 3 lists the constraints on parameter values in the form of both upper and lower bounds, 288 

and initial values. Constraints on hydraulic parameters are equivalent to those of the reference 289 

model. Hydraulic parameters are log-transformed within the calibration. 290 

 291 

Table 3. Model parameterisation of inverse modelling cases. 292 

Model 

parameters 

Parameterisation method  

(number of parameters) 

Bounds Initial 

values 

Recharge [mm/y] Varies from case-to-case 

(Table 3) 

0–300 78 

Sy [-] Pilot points (127) 0–0.41 0.2 

K [m/d] Pilot points (125) 1–10
4
 100 

C [m
2
/d] Single value 0.18–1800 18 

 293 

A temporally uniform recharge rate of 78 mm/y (equal to the spatially and temporally 294 

averaged value of the reference-model recharge; Section 3.2) is prescribed prior to 295 

calibration. This means that deviations from the initial time-averaged value of recharge by 296 

calibration provide insight into the degree to which measurements inform the temporal 297 

recharge signal. The spatial distribution of recharge is equal to that of the reference model 298 

(Section 3.2). 299 

 300 



The temporal variability of recharge is parameterised in a number of ways, as listed in Table 301 

4. Recharge is estimated on both a monthly (i.e., an adjustable recharge parameter is assigned 302 

to all 120 months within the ten-year simulation period; referred to as “R120” herein) and 303 

yearly basis (i.e., an adjustable recharge parameter is assigned to every year within the 304 

simulation period; “R10”). Recharge is also estimated on a combined monthly-yearly basis 305 

(i.e., an adjustable recharge parameter is assigned to each of the twelve months January-306 

December and to each year within the simulation period; “R22”). A variant of both the R120 307 

and R22 parameterisations is considered to ensure that a reasonable degree of month-to-month 308 

recharge variability is obtained, giving rise to two additional cases “R120U” and “R22U”, 309 

respectively. This is achieved by imposing Tikhonov regularisation in the form of preferred 310 

parameter uniformity (described below). 311 

 312 

Table 4. Temporal recharge parameterisation schemes. 313 

 Temporal recharge parameterisation 

ID Description No. of recharge 

parameters 

Preferred 

uniformity? 

R120 Monthly recharge parameters 120 No 

R22 Combined monthly-yearly recharge 

parameters 

22 No 

R10 Yearly recharge parameters 10 No 

R120U Equivalent to R120, except with preferred 

recharge uniformity constraints applied 

120 Yes 

R22U Equivalent to R22, except with preferred 

recharge uniformity constraints applied 

22 Yes 

 314 

Preferred uniformity of recharge rates between subsequent months is used as a means of 315 

achieving reasonableness of calibrated recharge values. This represents a mode of imparting 316 

expert knowledge regarding temporal recharge variability (e.g., recharge rates in July are 317 

more likely to be equal to those in June and August than they are in May and September, 318 

March and November, etc.), without the need for “hard” data pertaining to relative monthly 319 

recharge rates. Where preferred-uniformity is employed, the Φm
l
 is set on a case-by-case basis 320 



such that the variability of calibrated recharge in-time appears to be reasonable, while also 321 

ensuring that adequate head matches are obtained. 322 

 323 

4. Results 324 

 325 

4.1. Case 1 326 

 327 

The degree of head misfit is considered to be low for all calibrations (root-mean-squared-328 

error (RMSE) values <0.03 m). Head-RMSE (RMSEh) values range between 0.007 and 0.027 329 

m. For cases involving preferred uniformity (R120U and R22U), Φm is within reasonable 330 

proximity to Φm
l
 (78% to 101%). Larger RMSEh values are apparent where fewer recharge 331 

parameters are estimated through calibration (e.g., RMSEh values of 0.013, 0.018 and 0.023 332 

m are obtained, on average, for R120, R22 and R10, respectively), which is appropriate given the 333 

well-known relationship between the number of adjustable parameter employed and the 334 

degree of fit attainable, except for cases adopting preferred recharge uniformity on the basis 335 

of datasets B (RMSEh is 0.021 and 0.017 m for R120U and R22U) and C (RMSEh is 0.027 and 336 

0.024 m for R120U and R22U). The smaller RMSEh values for R22U compared to R120U occur 337 

because the increase in RMSEh arising from the imposition of preferred uniformity is 338 

significantly greater for cases employing a large number of parameters where relatively few 339 

water-level data are available (RMSEh is 64% higher for R120U relative to R120, compared to 340 

9% higher for R22U relative to R22, averaged across datasets B and C). Larger RMSEh values 341 

are also apparent where datasets containing fewer water-level targets are used (RMSEh is, on 342 

average, 0.0166, 0.0168 and 0.0242 m on the basis of dataset A, B and C, respectively). 343 

 344 



Figure 4 shows time series of calibrated recharge values for Case 1, and reference-model 345 

recharge (R'). With a decreasing number of water-level targets (Figure 4, (a) to (c)), the 346 

general agreement between calibrated recharge and R' is reduced, as expected. This is 347 

evidenced by an RMSE in recharge (RMSER) of 28, 35 and 48 mm/y, on average, for 348 

calibrations employing datasets A, B and C, respectively. 349 

  350 



 351 

 352 

 353 

Figure 4. Time series of calibrated recharge values using datasets (a) A (11,280 water-level 354 

targets), (b) B (4980 targets), and (c) C (1222 targets), compared to that of R', for Case 1. 355 

Note the different y-axis scale of (c). 356 

 357 

The influence of the number of water-level targets on RMSEh and RMSER is illustrated by 358 

Figure 5a. RMSEh and RMSER values obtained on the basis of dataset C (shown in green) 359 

are, on average, located towards the top (i.e., higher RMSER) and to the right (i.e., higher 360 

RMSEh) of Figure 5a, whereas RMSEh and RMSER values for dataset A (shown in blue) are, 361 



on average, located towards the bottom (i.e., lower RMSER) and left (i.e., lower RMSEh) of 362 

Figure 5a. Relatively accurate estimates of recharge are obtained during periods in which 363 

water-level targets are present (e.g., on average, RMSER is 35 mm/y for times at which water-364 

levels are present, compared to 52 mm/y for times at which no water-levels are present, 365 

where calibration dataset C is employed; Figure 4c). 366 

 367 

 368 

Figure 5. Scatterplots (and regression lines-of-best-fit) of RMSER versus RMSEh values, 369 

grouped according to (a) the different calibration datasets (A, B and C) and (b) the use or 370 

non-use of preferred recharge uniformity, for Case 1. 371 

 372 

The following observations can be made from calibrated recharge values where dataset A is 373 

used (Figure 4a). The most distinct features of the R' time series are best represented by 374 

calibrated R120 values (e.g., R' peaks during 2009 and 2010 are captured by only R120). 375 

However, the R120 time series displays non-physical temporal recharge variability, in the 376 

oscillating behaviour most evident in 2003, 2004 and 2011. The preferred temporal recharge 377 

uniformity that was imposed in the R120U calibration removes these oscillations, but 378 

subsequently results in underestimation of peak values in the R time series. The RMSER for 379 

R120U (22 mm/y) is therefore only slightly smaller than that for R120 (24 mm/y). The R22 time 380 

series also suffers from recharge-value oscillation (displaying smaller amplitudes, but greater 381 

frequencies relative to R120), and fails to represent the timing of R' events (e.g., there is an 382 

(a) (b) 



offset in the peaks of the R22 time series, that sometimes precedes or lags R'). However, the 383 

average-annual and average-monthly variability of R' is generally well-represented by R22 384 

(RMSER values of 5 and 18 mm/y, respectively). Preferred uniformity produces a smoother 385 

time series (R22U versus R22) and thereby eliminates the artificial oscillations, but in doing do 386 

creates a weaker match to the original values (RMSER for R22U is 31 mm/y, compared to 27 387 

mm/y for R22). While calibrated R10 values provide a reasonable match to average annual R' 388 

values (RMSER of 6 mm/y), the R10 time series is simply unable to match the dynamics of the 389 

R' time series (RMSER of 37 mm/y over the whole time-series). 390 

 391 

Collectively, these results indicate that smaller RMSER values are obtained where a larger 392 

number of adjustable parameters are employed, as expected, due to the relationship between 393 

the degrees of freedom within the calibration and the level of model head fit attainable, the 394 

latter of which is related to recharge error for Case 1, given that Sy and K are known (i.e., 395 

recharge is the only unknown). This is illustrated by the positive correlation between RMSEh 396 

and RMSER values for dataset A (shown in blue), with a regression line-of-best-fit coefficient 397 

of determination (r
2
) value of 0.39 (Figure 5a). The general inverse relation between the 398 

RMSE, in terms of both head and recharge, and the number of parameters is also illustrated in 399 

Figure 5a. Data points pertaining to cases with few parameters are generally located toward 400 

the upper-right of Figure 5a, whereas cases employing a relatively large number of 401 

parameters are generally located toward the bottom-left (see marker labels for case 402 

descriptors). 403 

 404 

Where dataset B is used for calibration (Figure 4b), recharge-error trends between different 405 

parameterisations are similar to those identified on the basis of dataset A, notwithstanding the 406 

generally larger errors obtained where fewer water-level targets are used. In particular, the 407 



RMSER value for R120 (40 mm/y) is smaller than that of R22 (44 mm/y), and the RMSER value 408 

for R120U (25 mm/y) is smaller than that of R22U (29 mm/y), which further highlights the 409 

relationship between the RMSER and the number of adjustable parameters employed. 410 

However, the RMSER for R10 (39 mm/y) is smaller than that of both R120 and R22, despite the 411 

higher RMSEh obtained for R10, due to the non-physical oscillation in recharge shown by R120 412 

and R22. This is illustrated by Figure 5a, which shows that the RMSEh versus RMSER 413 

regression line for dataset B displays a negative correlation with an r
2
 value of 0.36 (shown in 414 

red). 415 

 416 

Where dataset C is used (Figure 4c), the relationship between RMSER and the number of 417 

parameters is also apparent for cases adopting preferred uniformity, i.e., RMSER for R120U (27 418 

mm/y) is smaller than that for R22U (34 mm/y); however, this relationship is not apparent for 419 

cases without preferred uniformity on the basis of dataset C, as evidenced by the RMSER for 420 

R120 (77 mm/y) exceeding that of R22 (62 mm/y), which exceeds that of R10 (39 mm/y). This 421 

is illustrated by the RMSEh versus RMSER regression line for dataset C, which displays a 422 

correlation with a negative slope ten times larger than that on the basis of dataset B, and an r
2
 423 

value of 0.58 (shown in green; Figure 5a). Noteworthy is that the differences in RMSER for 424 

R10 is relatively small across the different datasets (37, 37 and 39 mm/y for datasets A, B and 425 

C, respectively), which highlights that models with fewer parameters have lower data-426 

requirement needs. 427 

 428 

The benefit of preferred uniformity in terms of recharge estimation is significantly larger for 429 

datasets B and C compared to dataset A, as illustrated by changes in RMSER values (positive 430 

values indicate reduction in RMSER afforded by preferred uniformity), for R120U versus R120, 431 

of 15, 50, and 2 mm/y, and, for R22U versus R22, 14, 28, and -4 mm/y (this negative value 432 



indicates that preferred uniformity does not improve the match of R22 to R' on the basis of 433 

dataset A) for datasets B, C and A, respectively. This is because of the inadequate number of 434 

water-level targets within datasets B and C to constrain recharge, which, without preferred 435 

uniformity, results in oscillatory values. Conversely, where an adequate number of water-436 

levels are used for calibration, the preferred uniformity is of less or no benefit to the 437 

estimation of recharge. The increase in RMSER for R22U, compared to R22, on the basis of 438 

dataset A occurs because the imposition of preferred uniformity counteracts the expression of 439 

information within water-level targets. The influence of preferred uniformity on RMSEh and 440 

RMSER values is shown in Figure 5b. Relative to the cases without preferred uniformity 441 

(shown in blue), the cases that employ preferred uniformity (shown in red) are clustered 442 

toward the lower-right part of Figure 5b (i.e., preferred uniformity generally produces lower 443 

RMSER values and higher RMSEh values). 444 

 445 

Figure 6 shows the identifiability of recharge parameters for R120U, R22U and R10. The 446 

identifiability of monthly recharge parameters (R120U) varies between 0.02 and 1.0 (Figure 447 

6a). Of the 120 recharge parameters, 34 are considered to be identifiable (as indicated by 448 

identifiability values >0.8) on the basis of dataset A, whereas only 12 and 11 are considered 449 

identifiable on the basis of datasets B and C, respectively. The identifiability of average-450 

monthly and yearly recharge parameters (R22U) is equal to 1.0, regardless of the dataset 451 

adopted (Figure 6b). The identifiability of yearly recharge parameters (R10) is equal to 1.0 452 

where datasets A and B are used, and varies between 0.45 and 1.0 where dataset C is used 453 

(Figure 6c). Clearly, recharge parameters that represent larger time scales (R22U and R10) 454 

generally display higher identifiability. This is because the amount of information within the 455 

calibration dataset pertaining to each recharge parameter is larger in a relative sense as the 456 

temporal parameterisation resolution is reduced. Identifiability values are also shown to be 457 



inversely related to R' variability, to a decreasing degree with fewer water-level targets. This 458 

is illustrated by the R120U identifiability-versus- R' scatterplots, which display regression-line 459 

r
2
 values of 0.23, 0.17 and 0.02 where datasets A, B and C are used, respectively (Figure 6d). 460 



 461 

 462 

 463 

Figure 6. Identifiability of recharge parameters on the basis of datasets A, B and C for (a) 464 

R120U, (b) R22U and (c) R10, and (d) scatterplot (and regression lines-of-best-fit) of R120U-465 

identifiability versus R', for Case 1. The regression lines display r
2
 values of 0.23, 0.17 and 466 

0.02 for datasets A, B and C, respectively. 467 

 468 

4.2. Case 2 469 

 470 

Only the recharge parameterisations that include preferred uniformity (R120U and R22U) are 471 

evaluated in the following given that they generally display superior performance in Case 1 472 

(in terms of recharge-estimate accuracy) relative to those that do not employ preferred 473 

uniformity (R120, R22 and R10). Additionally, the benefit afforded by preferred uniformity in 474 

terms of recharge estimation (i.e., avoidance of oscillatory values) is expected to be larger 475 

where hydraulic parameters are being estimated simultaneously (Cases 2 and 3). 476 

 477 

(a) 

(b) (c) (d) 



The degree of head misfit is considered to be low for all Case 2 calibrations (RMSEh values 478 

<0.03 m). RMSEh values range between 0.013 and 0.027 m. In a similar manner to the results 479 

of Case 1, larger RMSEh values are apparent where fewer recharge parameters are estimated, 480 

as expected, on the basis of dataset A, but not on the basis of datasets B and C. This is 481 

because the increase in RMSEh values due to the use of preferred uniformity is significantly 482 

greater where a large number of parameters are being estimated on the basis of relatively few 483 

water-level targets. Larger RMSEh values are also apparent where fewer water-levels are 484 

used (RMSEh is, on average, 0.016, 0.021 and 0.027 m for datasets A, B and C, respectively). 485 

The RMSEh values obtained for four cases (R120, dataset A; R22U, dataset A; R120U, dataset B; 486 

R120U, dataset C) are below or equal to those of Case 1. The RMSEh values of the two 487 

remaining cases (R22U, dataset B and R22U, dataset C) for Case 2 (0.021 and 0.026 m) are 488 

larger than those of Case 1 (0.017 and 0.024 m). 489 

 490 

Figure 7a-c compares the time series of calibrated recharge values for Case 2 to R'. Similar to 491 

the results obtained for Case 1, the agreement between calibrated recharge and R' values 492 

generally diminishes with a decreasing number of water-level targets (Figure 7, (a) to (c)). 493 

This is evidenced by RMSER values of 25, 27 and 40 mm/y, on average, where datasets A, B 494 

and C are used, respectively. The variability-in-time of recharge estimate accuracy is related 495 

to the water-level sampling interval, in agreement with the results of Case 1. 496 



 497 

 498 

 499 
Figure 7. Time series of calibrated recharge values using datasets (a) A, (b) B, and (c) C, compared to that of R', and Sy error distributions with 500 

dataset A for (d) R120U and (e) R22U, dataset B for (f) R120U and (g) R22U, and dataset C for (h) R120U and (i) R22U, for Case 2. 501 

(d) (e) 

(f) (g) 

(h) (i) 



The superior performance of R120U relative to R22U on the basis of datasets A and B is 502 

consistent with the results of Case 1 (Figure 7a and b). That is, R120U yields lower RMSER 503 

values (24 and 26 mm/y) compared to those of R22U (26 and 27 mm/y) for datasets A and B, 504 

respectively, due to the greater ability of R120U to capture the variability in R'. However, in 505 

contrast to the results of Case 1 is the lesser performance of R120U compared to R22U for 506 

dataset C, as evidenced by the RMSER value for R120U (41 mm/y) exceeding that of R22U (38 507 

mm/y) (Figure 7c). This is because of the failure of R120U to accurately reproduce the 508 

variability of R' (due to the sparse water-level sampling of dataset C), despite that R22U values 509 

do not display monthly variability, and that only annual recharge variability is well-510 

represented (RMSER of 10 mm/y) (due to both the sparse water-level record of dataset C and 511 

the use of preferred uniformity). 512 

 513 

The match between R120U and R' for Case 2 is weaker than that of Case 1 where datasets A, B 514 

and C are used (RMSER values of 24 mm/y (dataset A), 26 mm/y (dataset B) and 41 mm/y 515 

(dataset C) for Case 2, compared to 22 mm/y (dataset A), 25 mm/y (dataset B) and 27 mm/y 516 

(dataset C) for Case 1). The match between R22U and R' for Case 2 is also weaker than that of 517 

Case 1 on the basis of dataset C (RMSER is 38 mm/y for Case 2 compared to 34 mm/y for 518 

Case 1). Larger RMSER values for Case 2 are a result of the compensatory roles assumed by 519 

Sy parameters. That is, spurious Sy values are obtained in offsetting errors in calibrated 520 

recharge values to maintain an equivalent level of model-head fit. For example, the 521 

variability in R120U is less than that of R' for dataset A (e.g., the standard deviation of R120U 522 

values is 22 mm/y, compared to that of R' of 42 mm/y), and to compensate for this, calibrated 523 

Sy values are, on average, lower than those of the reference model (average Sy error of -0.07), 524 

as illustrated by the dominance of negative values in Figure 7d (shown in green). For other 525 

cases (i.e., where R22U is estimated on the basis of datasets A and B), the match between 526 



calibrated recharge and R' values for Case 2 is stronger than that of Case 1, as evidenced by 527 

RMSER values of 26 mm/y (dataset A) and 27 mm/y (dataset B) for Case 2, and 31 mm/y 528 

(dataset A) and 29 mm/y (dataset B) for Case 1. This occurs because of the inclusion of 529 

preferred Sy-homogeneity constraints into the regularisation objective function for Case 2, 530 

which reduces the extent to which recharge uniformity constraints are imposed relative to 531 

Case 1, thereby allowing for enhanced representation of R' peaks and troughs in Case 2 (e.g., 532 

the standard deviation of R22U values for Case 2 (28 mm/y) exceeds that for Case 1 (25 533 

mm/y)). 534 

 535 

The spatially averaged errors in calibrated Sy values, similar to those of recharge values, are 536 

larger with a diminishing number of water-level targets (e.g., Sy-RMSE values of, on average, 537 

0.089, 0.098 and 0.107 where datasets A, B and C are used, respectively; Figure 7d-i). 538 

Calibrated RMSER and Sy-RMSE values display a reasonable correlation, as evidenced by the 539 

RMSER-to-Sy-RMSE regression line r
2
 of 0.39. This is a consequence of non-uniqueness, 540 

whereby the attainment of a sufficient level of model head fit through the process of 541 

calibration requires that only the ratio of recharge and Sy be sufficiently accurate (i.e., heads 542 

can be matched with recharge and Sy values that are proportionately correct, but individually 543 

in error). 544 

 545 

Figure 8 shows the identifiability of recharge and Sy parameters for Case 2. Only eight and 546 

four of the R120U parameters are considered identifiable (>0.8) on the basis of datasets A and 547 

B, respectively, whereas none are considered identifiable on the basis of C (Figure 8a). Of the 548 

R22U parameters, 22, 20 and 9 are considered identifiable where datasets A, B and C are used, 549 

respectively (Figure 8b). The annual recharge parameters within R22U display higher 550 

identifiabilities than monthly parameters, highlighting that parameters which represent larger 551 



time scales display larger identifiability. Recharge identifiability values of Case 2 are, on 552 

average, less than those of Case 1 (0.54 and 0.42, respectively), due to the simultaneous 553 

estimation of Sy on the basis of the same datasets. The identifiability of spatially distributed Sy 554 

parameters (from R120U and R22U calibrations) varies between zero and 0.95, zero and 0.83, 555 

and zero and 0.05 for the calibrations employing dataset A, B, and C, respectively (Figure 556 

8(c) and (d)). A total of just three, one and zero of the Sy parameters are considered 557 

identifiable on the basis of dataset A, B and C, respectively. 558 

 559 

 560 

 561 

 562 

Figure 8. Identifiability of recharge for (a) R120U and (b) R22U, and Sy parameters for (c) R120U 563 

and (d) R22U on the basis of datasets A, B, and C, for Case 2. 564 

 565 

4.3. Case 3 566 

 567 

The degree of head misfit is considered to be sufficiently low only for the case where R120U 568 

and dataset A are used for Case 3. A Φm value of 42 m
2
 is obtained for this case, which is 569 

(c) 

(d) 

(a) (b) 



made up of temporal head-difference misfits (12 m
2
), and time-averaged water-level misfits 570 

(30 m
2
). The corresponding head-difference and average water-level RMSEh values are 0.033 571 

and 0.006 m, respectively. This head-difference RMSEh is considerably larger than those on 572 

the basis of R120U and dataset A for Case 1 (0.019 m) and Case 2 (0.013 m), as a result of the 573 

inclusion of time-averaged water-levels in the calibration dataset. Much larger misfits are 574 

obtained for the other cases (head-difference RMSEh values range from 0.094 to 0.222 m). A 575 

number of different relative weights between average-head and head-difference targets were 576 

trialled (e.g., 1, 5, 10, 50) in an attempt to achieve a better match to head differences, but 577 

were ultimately unsuccessful. We therefore evaluate only the results of the aforementioned 578 

case herein. 579 

 580 

Figure 9a shows the R120U time series on the basis of dataset A for Case 3 and R'. The match 581 

between R120U and R' for Case 3 is significantly weaker than those of Cases 1 and 2 (that 582 

employ R120U and dataset A). This is evidenced by a recharge-RMSE value of 37 mm/y for 583 

Case 3, compared to those obtained for Case 1 (22 mm/y) and Case 2 (24 mm/y). This 584 

highlights the compensatory roles assumed by hydraulic parameters in offsetting errors in 585 

recharge, similar to the results of Case 2. A larger degree of compensation is apparent in Case 586 

3 relative to Case 2, as evidenced by the underestimation of spatially averaged K (-404 m/d; 587 

Figure 9c), the average (in time) recharge error of -15 mm/y, the underestimation of spatially 588 

averaged Sy (-0.044; Figure 9b), and the R120U-variability standard deviation of 24 mm/y 589 

below that of R'. 590 



 591 

Figure 9. (a) Time series of R120U recharge, compared to that of R', (b) Sy error distribution, and (c) K error distribution, where R120U and dataset 592 

A are used for Case 3. 593 

(a) (b) (c) 



Figure 10 shows the identifiability of recharge and hydraulic parameters for Case 3. Eight 594 

R120U parameters are deemed identifiable (Figure 10a), compared to none of the Sy parameters 595 

(note a maximum value of 0.79 is obtained; Figure 10b), and 79 of the K parameters (Figure 596 

10c). An identifiability value of 0.84 is obtained for the C parameter. The identifiability of 597 

R120U parameters for Case 3 is generally smaller than those for Cases 1 and 2 (on the basis of 598 

dataset A), as evidenced by the average recharge identifiability of 0.49 for Case 3, compared 599 

to 0.63 and 0.55 of Case 1 and 2, respectively. This is expected, given that recharge is jointly 600 

estimated with both Sy and K (and C) in Case 3. Sy-identifiability values are, on average, 601 

approximately equal (0.07) for Cases 2 and 3. The spatial variability in identifiability values 602 

of Sy and K is related primarily to the QL aquifer geometry, i.e., highest Sy-identifiabilities are 603 

located in close proximity to model boundaries, whereas high K-identifiability values are 604 

located across the basin, except in proximity to unsaturated regions of QL sediments. 605 

 606 

 607 

 608 

 609 

(a) 

(b) 

(c) 



Figure 10. Identifiability of (a) R120U-recharge, (b) Sy, and (c) K parameters on the basis of 610 

dataset A for Case 3. 611 

 612 

5. Discussion 613 

 614 

A significant correlation is evident between the level of model fit (i.e., head-RMSE) and the 615 

accuracy of recharge estimates among cases where recharge and Sy are estimated jointly, as 616 

evidenced by an r
2
 value of 0.78 for a regression line representing head-RMSE versus 617 

recharge-RMSE. Such a correlation is expected only for cases where hydraulic parameters 618 

are known (i.e., where recharge is the only unknown), as demonstrated by the head-RMSE 619 

versus recharge-RMSE regression-line for Case 1, displaying a moderate r
2
 value of 0.39 620 

(where dataset A is used) (Figure 5). The head-RMSE to recharge-RMSE correlation (for 621 

Case 2) suggests that the level of model fit obtained via calibration is related to the accuracy 622 

of parameter estimates, which is in contrast to previous studies that show that the level of 623 

model fit (especially those where the calibration dataset is comprised of heads only) is not a 624 

proxy for accurate parameter estimates (e.g., McKenna et al., 2003; Pool et al., 2015). This 625 

indicates that the constraints imposed through use of preferred-Sy homogeneity and preferred 626 

recharge uniformity are adequate in guiding the calibration process toward reference-model 627 

parameter values. Correlation between head and recharge errors is not expected for other 628 

cases where different parameter types are being estimated jointly and where regularisation 629 

constraints are less informed. 630 

 631 

The temporal variability of recharge is shown to be, in practical terms, of limited estimability 632 

through calibration (>22% recharge-RMSE), even for cases where all spatially distributed 633 

hydraulic parameters are known and where monthly transient water-level data are available 634 



for calibration (which can be considered as “best-case” scenarios) (RMSE values of 36% on 635 

average; Figure 4a). The estimability of recharge is, as expected, lower still where spatially 636 

variable Sy values are simultaneously estimated (>24% recharge-RMSE). Larger recharge-637 

RMSE values for joint recharge-and-Sy estimations exemplify the compensatory roles 638 

assumed by Sy parameters (e.g., where calibrated recharge variability in time is 639 

underestimated, calibrated Sy values are lower than those of the reference model, on average; 640 

Figure 7d). This is supported by the lower recharge identifiability values obtained for the 641 

joint estimations (19% of recharge parameters are considered identifiable for joint 642 

estimations, compared to 29% of recharge parameters for recharge-only estimations). These 643 

results have important implications for model-based groundwater management decision-644 

making. For example, they highlight the need for management decisions to be made on the 645 

basis of a suite of models that collectively account for the uncertainty associated with model 646 

parameters, rather than a single, minimum error variance parameter set (e.g., Tonkin and 647 

Doherty, 2009; Doherty, 2015), which, as shown here, is likely to exhibit erroneous 648 

parameter values due to non-uniqueness, even where extensive observation datasets and 649 

unrealistic levels of parameter knowledge are present. 650 

 651 

The amount of transient water-level data used for calibration in some of the cases (e.g., 120 652 

consecutive monthly targets) is at the upper limit of what can be considered reasonable from 653 

a practical perspective (e.g., monthly water-level measurements spanning >10 years have 654 

been reported by Ahmadi and Sedghamiz (2007), Shamsudduha et al. (2009), Mack et al. 655 

(2013), Cao et al. (2013)). However, assumptions of known hydraulic parameter distributions 656 

(K for Case 2, and Sy and K for Case 3) constitute less realistic scenarios. The requirement for 657 

well-constrained parameter distributions, as evident from the results of the current study, 658 

poses a significant challenge. For example, the estimation of spatially distributed K through 659 



calibration of, e.g., steady-state groundwater models for the purpose of subsequently 660 

estimating recharge through calibration of transient models is limited by the need for the 661 

spatial distribution of recharge to be sufficiently constrained. This highlights the importance 662 

of alternative (e.g., field-based) means to estimate spatial K and Sy distributions. 663 

 664 

Both the application of low-resolution (e.g., annual) recharge parameters and preferred 665 

recharge uniformity constraints constitute lumping mechanisms, and are therefore both of 666 

benefit to the estimation of recharge where a relatively small amount of water-level data is 667 

available. This is because of the greater number of water-level observations on which time-668 

varying recharge estimates are based (e.g., high identifiability values for annual recharge 669 

parameters; Figure 5). In particular, the preferred uniformity constraint appears to have the 670 

effect of bridging the gap between sparse (in time) water-levels (while also avoiding 671 

oscillatory values; Figure 4). Conversely, both of these mechanisms are generally of 672 

detriment to recharge estimation where a relatively large amount of water-level data is 673 

available and where Sy and K are known. This is because of the reduced extent to which 674 

information contained within the water-level dataset can be expressed due to the insufficient 675 

flexibility within these parameterisation schemes. In general terms, these results are 676 

consistent with previous studies that demonstrate the lower data-requirement needs of models 677 

with simpler parameterisation schemes (e.g., Jakeman and Hornberger, 1993; Hill, 2006). 678 

 679 

The insufficient level of head fit obtained for five of the six cases where K is jointly 680 

estimated along with recharge and Sy highlights that the inclusion of time-averaged water-681 

level targets extends significantly the calibration objective function, and the challenges facing 682 

the process of parameter estimation where excessive parameter correlation exists more 683 

generally (e.g., Doherty, 2015). Nevertheless, for the case where a sufficient head fit is 684 



obtained (involving all water-level data and preferred uniformity), the estimability of time-685 

varying recharge via the joint estimation of recharge, Sy and K is significantly reduced 686 

relative to cases where K, and Sy and K, are known (recharge-RMSE value is 68% and 54% 687 

larger, respectively; Figure 9). This is in accordance with the larger degree of parameter 688 

compensation apparent for Case 3 (e.g., the underestimation of both K (-404 m/d) and Sy (-689 

0.044) in conjunction with the underestimation of time-averaged recharge (-15 mm/y) and 690 

recharge variability in time). 691 

 692 

The extent to which time-varying recharge can be reliably estimated with respect to the 693 

factors discussed above is also expected to be dependent on initial recharge and hydraulic 694 

parameter values, following the results of Knowling and Werner (2016). The importance of 695 

initial parameter values within traditional groundwater model calibration problems, i.e., in 696 

constraining the gradient-based optimisation problem where multiple objective function 697 

minima are present (e.g., Hill and Tiedeman, 2007), has been demonstrated by many studies 698 

(e.g., Bravo et al., 2002; Bahremand and De Smedt, 2008; Kannan et al., 2008). 699 

 700 

The analysis of parameter identifiability provides a means to investigate the level of non-701 

uniqueness, and its ramifications in terms of parameter estimability, without the need to 702 

evaluate parameter values directly. While identifiability values indicate the degree to which 703 

the calibration process can reduce the potential for wrongness in estimates of recharge, the 704 

identifiability values presented in the present study can also be considered a proxy for post-705 

calibration parameter uncertainty given the assumption of negligible measurement error due 706 

to the synthetic modelling approach adopted (e.g., Moore and Doherty, 2005). The moderate 707 

inverse correlation between recharge identifiability and reference-model recharge where 708 

hydraulic parameters are known (in particular where a sufficient amount of data is used for 709 



calibration; Figure 6d) indicates that large recharge events are relatively difficult to identify 710 

through calibration, as differentiated from small events, where groundwater-level responses 711 

are less dynamic, allowing for better identification of recharge. 712 

 713 

A limitation of the present study is that the spatial variability of recharge (of both the 714 

reference model and the models undergoing calibration) is fixed in time. This assumption is 715 

considered to be necessary here given that the evaluation of estimated recharge variability in 716 

both time and space would require an impractical amount of computational time. For 717 

example, the estimation of 125 pilot-point recharge parameters, at each of the 120 monthly 718 

stress periods considered in the current study, would alone require 15,000 model runs per 719 

optimisation iteration (using two-point derivatives). This number of model runs per iteration 720 

is approximately 40 times larger than that of Case 3, which already required a large 721 

computational time (approximately five days in total, using eight Intel i7-2600 CPUs running 722 

at 3.40 GHz, with a 64-bit operating system and 16.0 GB RAM). While the assumption of a 723 

constant spatial distribution of recharge in time does not hold in practice, it nonetheless 724 

allows for the estimability of the time component of recharge to be evaluated. Future work 725 

considering both spatially and temporally variable recharge estimation would benefit from 726 

the use of additional computationally efficient optimisation methodologies (e.g., Tonkin and 727 

Doherty, 2005). 728 

 729 

The use of a synthetic reference model allows for the calibration process to be evaluated in 730 

terms of its ability to inform parameters with respect to error. However, estimated parameter 731 

values cannot be assessed in terms of error in practice; instead, parameter values must be 732 

evaluated in terms of whether or not they can be considered reasonable on the basis of field 733 

data (e.g., Langevin and Zygnerski, 2013; Knowling et al., 2015). Such assessments are 734 



complicated by the need to consider, e.g., the scale-dependency of hydraulic properties (e.g., 735 

Sánchez-Vila et al., 2006). 736 

 737 

The findings of this study are likely to be somewhat dependent on the unique characteristics 738 

of the USB reference model (e.g., the lack of surface water-groundwater interaction). The 739 

application of similar analyses to field sites located in, e.g., temperate climates where surface 740 

water and groundwater are often hydraulically connected, may indicate that the degree to 741 

which recharge can be informed is enhanced given the availability of stream discharge data 742 

(Sanford, 2002; Hunt et al., 2006). The investigation of recharge estimability for other field 743 

sites is warranted in order to extend the present findings to a wider range of situations, in 744 

particular where groundwater flux measurements are readily available. 745 

 746 

6. Conclusions 747 

 748 

The current study extends the steady-state investigation of Knowling and Werner (2016) by 749 

evaluating the extent to which time-varying recharge can be informed through calibration of 750 

field-scale transient groundwater models. The methodology adopted involves the use of a 751 

series of highly parameterised inverse modelling experiments that contain (1) varying degrees 752 

of hydraulic parameter (Sy, K) constraints, (2) different numbers of water-level calibration 753 

targets, and (3) different temporal recharge parameterisation schemes. The analysis involves 754 

the use of a synthetic reality (i.e., a reference model), based on a transient groundwater model 755 

of USB. 756 

 757 

Results show that reasonable estimates of recharge variability in time (<30% recharge-758 

RMSE) are shown to require, for the field-scale groundwater model applied, a large amount 759 



of transient water-level calibration data, and that the spatial distribution of K is known. Even 760 

for cases representing a “best-case” scenario whereby a large amount of water-level data is 761 

available and the spatial distribution of both Sy and K are known, estimates of time-varying 762 

recharge are of only moderate quality (>22% recharge-RMSE). The extent to which 763 

temporally variable recharge can be determined is significantly diminished where recharge, 764 

Sy and K are jointly estimated. The use of larger time scale recharge parameters and preferred 765 

recharge uniformity are shown to be of potential benefit to recharge estimation where water-766 

level data are lacking. 767 

 768 

This study exemplifies the potential ramifications of non-uniqueness in terms of recharge 769 

estimability, and offers insight into scenarios under which recharge can/cannot be reliably 770 

informed for practical real-world situations, thereby offering guidance to groundwater 771 

modelling practitioners. This study, in combination with Knowling and Werner (2016), 772 

suggests that the estimation of recharge through model calibration may be impractical for 773 

real-world settings, due to the requirement for excessive amounts of both water-level data, 774 

distributed in both space (for the purpose of informing spatially distributed recharge, K and 775 

Sy) and time (for the purpose of informing time-varying recharge and Sy), and hydraulic 776 

parameter data. The findings presented here extend upon the preliminary benchmark of 777 

Knowling and Werner (2016) for evaluating the extent to which field-scale groundwater 778 

model calibration can inform recharge subject to practical data-availability limitations. 779 
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