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Abstract

The projected impact of climate change on groundwater recharge is a challenge in
hydrogeological research because substantial doubts still remain, particularly in arid and semi-
arid zones. We present a methodology to generate future groundwater recharge scenarios using
available information about regional climate change projections developed in European Projects.
It involves an analysis of Regional Climate Model (RCM) simulations and a proposal for
ensemble models to assess the impacts of climate change. Future rainfall and temperature series
are generated by modifying the mean and standard deviation of the historical series in accordance
with estimates of their change provoked by climate change. Future recharge series will be
obtained by simulating these new series within a continuous balance model of the aquifer. The
proposed method is applied to the Serral-Salinas Aquifer, located in a semi-arid zone of SE
Spain. The results show important differences depending on the RCM used. Differences are also
observed between the series generated by imposing only the changes in means or also in standard

deviations. An increase in rainfall variability, as expected under future scenarios, could increase



recharge rates for a given mean rainfall because the number of extreme events increases., For
some RCMs, the simulations predict total recharge increases over the historical values, even
though climate change would produce a reduction in the mean rainfall and an increased mean
temperature A method based on a multi-objective analysis is proposed to provide ensemble
predictions which give more value to the information obtained from the best calibrated models.
The ensemble of predictions estimates a reduction in mean annual recharge of 14% for the
scenario A2 and 58% for the scenario A1B. Lower values of future recharge are obtained if only

the change in the mean is imposed.
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semi-arid regions

1. INTRODUCTION

Nowadays, despite some uncertainties, there is certain consensus that the planet is
undergoing a cycle of climate change in which Man's activities are the main driving force. The
most recent IPCC report does not talk of certainty, but rather that there is a 90% probability that
this is so (IPCC, 2007). The most recent studies on climate change project significant declines in
water resources in Mediterranean catchments, producing significant environmental, economic
and social impacts (Iglesias et al., 2007). However, despite recent developments in climate
modelling, as global circulation models and techniques of dynamic and statistical rescaling
(Fowler et al., 2007), the following statement continues to be valid, even twenty years after it was
first made: “scenarios are not meant to be predictions of future climate; rather they are meant to
be internally consistent pictures of a plausible future climate, a basis for other workers to evaluate
the possible impacts of climatic change on Man and society” (Wigley et al., 1986, cited by
Dragoni and Sukhija, 2008).

Although a large number of much research studies has been aimed at developing methods
to analyse downscaling scenarios for climatic variables to smaller cells, less attention has been
paid to downscaling for examining the impacts of climate change on water resources systems in
terms of runoff or groundwater recharge (Fowler et al., 2007b; Cayan et al., 2008; Pulido-

Velazquez et al., 2011). Most climate change studies have focused on the impacts on surface



water resources (Lautenbach et al., 2009; Bell et al., 2007). In the majority of these studies, future
inflows are generated on a monthly scale by altering the natural historical series in accordance
with a plausible monthly variation for the future, deduced from climate model simulations in the
study area. In most cases, the historic inflow series are scaled by multiplying them by a response
ratio (e.g., Zhu et al., 2005). This modifies the mean according to the change in mean deduced
from climate models in that zone. In contrast, Hernandez-Barrios (2007) used monthly response
ratios to alter natural rainfall and temperature series, modifying their mean in accordance with
climate model predictions, and, then, introducing the results into a calibrated rainfall-runoff
model of the basin to obtain the future inflows. In some systems, however, climate change could
significantly modify not only the mean, but also the standard deviation of streamflow, and this
change in variability could have an influence on future management problems and their possible
solutions. Pulido-Velazquez et al. (2011) developed a procedure to generate future inflow series
which consists of altering historic series by incorporating not only the change in mean, but also
the change in standard deviation deduced from climate model simulations. Other authors
(Bouraoui,et al. (1999) and Candela et al. (2009), etc) have employed local whether generator to
define future scenarios for a water resources system taking into account the change in mean and
standard deviation in rainfall and temperature. They need to calibrate a stochastic daily rainfall
model and a stochastic daily temperature model. The future series are obtained by perturbation of
the parameters of the stochastic models in accordance with the relative change in monthly mean
and standard deviation deduced from a General Circulation Model (GCM).

Although IPCC (Parry et al.,, 2007) and FAO (2008) were recently highlighting the
paucity of research into groundwater resources and climate change, the number of research
papers dealing with the sensitivity of groundwater systems to climate change has grown fast in
recent years, as shown in recent review papers such as Green et al. (2011), presenting scientific
issues and methods for global change assessment on groundwater, Treidel et al.(2012), where a
number of case studies from Unesco-GRAPHIC programme are presented, or Klove et al. (2013),
which examines climate change effects on groundwater and dependent ecosystem, future threats
and research gaps. The predicted changes in temperature and rainfall can have significant impacts
on aquifer recharge (Jyrkama and Sykesa, 2007) and lead to marked variations in hydraulic
heads. This could affect the availability of water resources, modify the relationships between

surface and groundwater bodies, affect pumping costs and even induce aquifer pollution. Green et



al. (2011) reviewed studies on the impact of climate change on groundwater recharge, concluding
that “climate change and variability will likely impact on numerous recharge rates and
mechanisms" (Vaccaro, 1992; Green et al., 2007; Kundzewicz et al., 2007; Aguilera and Murillo,
2009). Many climate-change studies have predicted decreases in aquifer recharge (Merritt et al.,
2006; Herrera-Pantoja and Hiscock, 2008), whilst others predict an increase in aquifer recharge
under certain conditions and during certain periods (Yusoff et al., 2002, Green et al. 2007,
Jyrkama and Sykes, 2007; Kovalevskii (2007); Doll, 2009; Gurdak and Roe, 2010).”

In this paper we propose a methodology for analysing the impacts of climate change on
aquifer recharge using climate change scenarios developed in the framework of the European
projects PRUDENCE (2004) and ENSEMBLES (2009). The aim of the present work was to
study the sensitivity of results when not only the change in mean rainfall and temperature are
incorporated, but also the frequency of rainfall events is considered. It is of special interest in
semi-arid regions where rainfall is expected to become more variable. Aquifer recharge rates
would be expected to rise in semi-arid areas, while greater variability in humid regions would
decrease aquifer recharge rates as more water is lost to runoff (WRF, 2009). The method includes
a simple downscaling technique that allows this analysis to be performed (Pulido-Velazquez et
al., 2011). The methodology has been applied using different time scales in the Serral-Salinas
aquifer. It has allowed deductions to be made about the requirements that the rainfall and
temperature series should satisfy in order that the proposed downscaling technique can be
implemented. The study also includes an analysis of potential hydrological impacts of climate
change on the aquifer system under two emission scenarios (A2 and A1B).

The paper is structured as follows: Section 2 considers the methodology and techniques
employed. Section 3 is an overview of the case study and the recharge model. In section 4, the
methodology is applied to the case study and the results and discussion are outlined. Section 5
describes the limitations of the methodology. Finally, section 6 summarises the main conclusions

and the expected future improvements.

2. METHOD

A method for assessing the impacts of climate change on groundwater recharge in an aquifer
system based on available historical climate series together with data on the effects of climate

change in the area (area information superimposed on RCM simulations) is proposed (Figure 1).



It includes the next steps: (1) analysis and comparative assessment of regional climate models
(RCMs) projections according to their ability to reproduce historical climatology in the system,
and proposal for creating an ensemble of models; (2) generation of precipitation and temperature
time series spatially disaggregated for the system using the proposed downscaling technique on
an appropriate spatio-temporal scale for the subsequent assessment of impacts; (3) assessment of
the impact of climate change on aquifer recharge by simulating the new climate conditions in a
calibrated continuous balance model. We attempt to evaluate the sensitivity of recharge to the
incorporation not only of the change in the intensity of the climate series but also in the frequency

of extreme events.
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Figure 1. Scheme of methodology

2.1 Analysis of RCMs and proposal for ensemble models.

The ability of RCMs to reproduce the historic climate of the study area has been assessed. We
have used information of the EU projects PRUDENCE [2004] and ENSEMBLES [2009], data
publicly available on the project websites: http://prudence.dmi.dk/ and http://ensembles-
eu.metoffice.com/. Both sites allow the "control series" to be downloaded for simulations

produced by various regional climate models over the period 1961-1990 for the study area. In



order to evaluate the goodness of the calibrations obtained with each RCM, key statistics are
compared for the mean year on a monthly basis for both, the control series derived from the RCM
and the historical series over the same period (1961 -1990). The comparison was carried out
using variation in means and standard deviations, since we will use the expected changes in these
statistics for the generation of future time series (see section 2.2). To facilitate this analysis, both
the historical series (downloaded from http://badc.nerc.ac.uk/data/cru/; see Haylock et al., (2008)
for a detailed description of this historical series) and the control series for the study area were
downloaded onto the same universal grid proposed by the Climate Research Unit (CRU) grid,
with a spatial resolution of 50x50 km.

The goodness-of-fit obtained using each RCM for the mean and standard deviation of P
and T was assessed by an indicator (Id), which is defined as the sum (for the twelve months of
the mean year) of the absolute value of the relative distance between the statistics derived from
the historical and control time series (Eq. 1).

Idi = ildl(\/nsm) 5

n,m=1

Hist

I(:Il(vnsm):Z:[(VnSm)|J _(Vnsm)iIst ]/(Vnsm)j (1)

Where ;=subindex employed for a specific RCM (RCM;); V, = rainfall variable; V, =

temperature variable S, = mean monthly value; S, =monthly standard deviation; ;=months for

a mean year.

On the basis of the values taken by these four Id indicators for each RCM, corresponding
to mean and standard deviation of both the precipitation and temperature series, we undertook a
multi-objective analysis for each RCM to identify which models were "inferior" in terms of
goodness-of-fit to the observed time series (dominated solutions, using terminology of
multiobjective analysis) and which models fall outside of the threshold limits. Eliminating these
“dominated” models, the remaining models are used to define a new global index (Ib') which is
the sum of the Ip indices for each model. This indicator allows a ranking of RCMs to be
established based on the calibrations obtained, so that ensemble of predictions can be proposed,

which gives more weight to the series generated from the best calibrated RCMs, which, a priori,



should inspire more confidence in their predictive power. Thus, the index Ib' can be rescaled
defining the index Ib*, whereby the sum of the values obtained for all the models corresponding
to the same emission scenario is equal to 1. The values complementary to the index Ib*, (1-Ib*)
rescaled to 1 (index Ib) will be used as the weight applied to the series obtained with each model
to create an ensemble of predictions, so that the better calibrated models (the models that fit
better to the historical series) have greater influence. These "ensembles" coalesce and consolidate
the results of individual projections so allowing more robust projections that are more
representative than those based on a single model (AEMET, 2009). The weights of members of
an ensemble are an active research topic and there is not yet sufficient consensus on its practical
application (Lopez et al., 2009, Christensen and Lettenmaier, 2007). In fact, in most operational
implementations for probabilistic forecasting, both in the short and medium term, all the

members of the ensemble are considered equiprobable (AEMET, 2009).

2.2 Generation of future climate series and downscaling technique proposed

The aim is to generate future time series for precipitation and temperature in the system in order
to assess how the change not only on the mean but also on the variance of the precipitation and
temperature series impact on the resulting groundwater recharge. We aimed to achieve this based
on available information on climate scenarios generated in Europe using regional climate models
(RCMs) in the PRUDENCE and ENSEMBLES projects. For different RCMs, monthly and daily
precipitation and temperature series were downloaded for the control scenario (defined for the 30
year period [1961-1990] of historical situations) and for various climate change scenarios (future
series simulated under certain climatic conditions). Future scenarios correspond to the results
derived for a specific horizon based on RCMs simulations under different emission scenarios.
The spatial resolution of the series used varies from 22*22 km to 50*50 km depending on the
regional model. This spatial resolution may be too coarse to study the climatic and hydrological
impacts on an aquifer system. Logically, when studying the impacts and adaptation strategies in
an aquifer system, the historical hydrological situation has to be characterised by the level of
spatial detail appropriate for the particular case and the data available. The climatology of the
system is also reproduced with greater spatial detail and greater spatial accuracy with the

completed historical series, to build a simulation model or system management model (hereafter



referred to as the "original climatic series") which uses information directly extracted from the
RCMs control scenarios.

In order to analyse the effect of climate change on a system, we propose to apply a “delta-
change” approach to the “original climate series” by modifying the mean and standard deviation
according to the RCMs simulations for the study zone. In this way, the RCMs results will be used
only for estimating the relative change expected for the zone for each of the climate variables,
avoiding the use of the absolute value they provide. To do this, an analogue procedure developed
in Pulido-Velazquez et al. (2011) is proposed to correct series of historical inflows:

1) Aggregation of the original rainfall and temperature series of the system to define single
global series y*! (O), where X varies from 0 to X-1 (X being the number of years in the series)
and | varies from 1 to 12, representing the 12 months of the year. Thus, the product X- j
represents the number of months in the series. (O) is employed to indicate that we refer to the

original (natural) series.

2) Identification of the cell of the RCM grid where the system is located to obtain the monthly
mean (p') and standard deviation (o) values of the RCM series y* (S) , where s can adopt
one of two values, 1 for a control scenario and 2 for a future scenario.

3) Normalization of the control and future series y*’ (S) using p’ (s) and o (S) The

normalized series will be:

i ()= [y6)-n6)) o' (5) @)

4) Change in the mean and the standard deviation, respectively, will be given by:

) =l @)= O (1) and Ao = |01 (2)- 0" (1)) o 1) (3)

5) The single global series modified to take into account the effect of climate change (yx'j(C),

where (C) is employed to indicate that we refer to the climate change streamflow series) will

be:
yI(€)=5'(C)-y¥'(0)+w(C) )



where o'(C)= 01(0)-(1+A0'j ) and 4'(C)=u'(0)- (1+A,uj ), being(O) employed to
indicate that we refer to the original series.

The procedure has already been applied to a case study in Spain to alter the monthly time

series of historical inflows at catchment scale. However, its application in aquifers for generating

future daily series has not been explored. The current research study analyses the applicability of

this methodology for generating series of daily precipitation and temperature.

2.3  Evaluation of the impact of climate change on groundwater recharge

The impacts of climate change on groundwater recharge in the aquifer system will be
quantified by simulating the new precipitation and temperature series corresponding to future
scenarios using a continuous balance model that has been previously calibrated for the aquifer
(Molina et al., 2009, 2011 and 2013).

Regarding the spatial detail of recharge models, these can be classified as either lumped
parameter models or distributed models. The lumped models use few parameters to simulate the
behaviour of the system as a whole. These models do not allow the spatial variability of the
climate and hydrological variables to be represented, nor the physical behaviour of the system
(spatial variability of parameters relating climatic and hydrological variables). Similarly, in order
to assess the spatial variability of the effects of climate change and the impacts on aquifer

recharge, the use of a distributed recharge models is required.

3. CASE STUDY AND RECHARGE MODEL

The present study is focused on one of five most highly ranked depleted aquifers of the
World (the Altiplano of Murcia, Spain; Werner et al, 2013), specifically on the Serral-Salinas
aquifer, located between the Murcia and Alicante provinces (Figure 2). The region experiences a
mild Mediterranean climate. In general, current demand greatly exceeds available supplies, and
water is an issue of paramount importance. From a hydrologic standpoint, the area has no
permanent surface water bodies, the only available water is that obtained from exploitation of
aquifers, and the region has not formed part of any of the large hydraulic projects that have been
carried out in SE Spain like Tajo-Segura water transfer. The impacts of pumping from the Serral-

Salinas aquifer extend to the regional scale, well beyond the boundaries of the aquifer area



(Molina and Garcia-Aroéstegui, 2006, 2007). Responsibilities for the monitoring of the aquifer are

shared between the Jucar and Segura River Basin authorities.

Figure 2. Location map of the study area

The historical overexploitation of the Serral-Salinas aquifer has severely affected its
hydraulic behaviour. Mean renewable groudwater resources in the aquifer are estimated to be
about five million of cubic meters per year, derived exclusively from the infiltration of rainfall
onto permeable outcrops (Molina et al., 2009). Pumped abstraction can only be estimated
indirectly, as very few boreholes are equipped with volumetric control meters. The volume and
rate of water abstraction is estimated from bibliographic records and from field surveys on the
main water users. The average rate of exploitation over the last 10 years amounts to some 18
million of cubic meters (Mm3) per year. Consequently, the water balance calculated is clearly
negative, which is evidenced as a notable consumption of water reserves (—13 Mm3 per year and
a current accumulated drawdown exceeding 350 Mm®). In some parts, groundwater heads have
fallen by up to 200 m over a period of 30 years, with a depletion rate over 10 m/year in some
sectors of the aquifers. Recently, measures have been taken to alleviate the water problems of the
region aimed to alleviate the imbalance of aquifer water budgets. Among others, stands out the
import of domestic water through Tajo-Segura transfer to supply the main cities (Jumilla and
Yecla), with an urban demand of about six million of cubic meters per year. Only Jumilla has
finally asked for its inclusion on the Mancomunidad de los Canales del Taibilla (MCT). Another
important intervention is the consideration of replacing groundwater extraction rights by water
rights from desalination. However, the possibility of returning the aquifers to their original
condition have yet to be considered, let alone any time scale or estimation of the costs and

benefits involved.



A lumped recharge model (Molina et al., 2009, 2011, 2013) was calibrated using the
Visual-Balan tool (Samper et al. 1999, 2005). This is a hydrological model, developed by the
University of La Corufia (Spain), which solves the water balance equations in the soil, the
unsaturated zone and the aquifer. It requires only a small number of parameters, all of which can
be estimated with reasonable accuracy, or easily measured. The model incorporates user-friendly
interfaces to input data and post-process results. Taking into account that recharge is a non-linear
process and that the results are very sensitive to the time-scale used, this model has the advantage
that it can operate on a daily scale. It evaluates hydrological components in a sequential way and
allows computation of daily groundwater levels, as well as groundwater discharge rates. The
model is calibrated by minimizing the differences between the measured and simulated heads and
stream-aquifer interaction flows. Visual-Balan takes irrigation sources and return flows into
account. It also considers snowfall precipitation, snowmelt and runoff. Visual-Balan has been
successfully applied in many Spanish and South American case studies (Samper et al., 2007;
Jimenez et al., 2010; Candela et al, 2012, among others) in a similar way to this investigation. In
the present case study, daily precipitation and temperature data were introduced into the model
after completing a time series analysis using data from neighbouring meteorological stations and
for the considered RCM. The main soil parameters were: root zone thickness (0.5 m), total
porosity (8%), wilting point (3%), field capacity (7%), vertical hydraulic conductivity (0.08
m/day) and Useful Water Reserve (UWR) rate (20 mm). The main parameters for the vadose
zone were: depletion coefficient for subsurface flow 0.006 (1/day); vertical hydraulic
conductivity (1000 (mm/day); depletion coefficient for aquifer recharge 0.6931 (1/day). Initial
moisture was zero (0 mm). Finally, the main parameters of the saturated zone were: depletion
coefficient: 0.0035 (1/day); storage coefficient: 0.02; aquifer initial head: 475 (m); aquifer
discharge head: 475 (m). We have assumed that the parameters representing the hydrologic cycle
for recharge are stationary (i.e., they will not change in the future). The water-table-fluctuation
method was used to estimate aquifer recharge. Calibration of the model was performed by
comparing the observed and simulated groundwater heads at a similar, neighbouring aquifer (EI
Cantal). This assumption was made because this aquifer remains unexploited and consequently,

under a natural regime, the piezometric level variations are due solely to inflows of natural



recharge. The calibrated model was used to obtain a daily future recharge series from data series

of future precipitation and temperature obtained by perturbing the historical series.

4. ASSESSMENT OF CLIMATE CHANGE IMPACT ON THE SERRAL-SALINAS AQUIFER

4.1 Analysis of RCM projections and models ensembling

We extracted information for the study area from a number of different RCM simulations of A1B
(using the MPIMET GCM and 7 RCMs included in the ENSEMBLES project, 2009) and A2
emission scenarios (using the HadAM3H GCM and 7 RCMs included in the PRUDENCE
project, 2004). To simulate future scenarios using these RCMs, they must first be calibrated to
reproduce the statistics on which it is intended to assess the impact of climate change. The
goodness of calibration of the RCM projections is assessed by studying their predictions of first-
and second-order historical statistics for precipitation, P, and temperature, T, time series. The
information corresponding to the control series of each model was compared to the historical
series (downloaded from http://badc.nerc.ac.uk/data/cru/) for the period 1961-1990.

The historical data series and control simulations are available at a spatial scale of tens of
kms. In order to generate P and T time series as input to an aggregated rainfall-runoff model,
single series for the historical and control scenarios of each model were used as representative for
the system. The historical and control data for each RCM were obtained by weighting the values
associated with each cell according to the surface area of the aquifer located within it. The Figure
3 shows the outline of the aquifer and the cells of the CRU that were used to download the
historical scenario, together with the weights assigned to each cell according to the percentage of

the surface area of aquifer located within it.
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Figura 3. Outline of the Serral Salinas Aquifer, cells of the CRU grid and percentage surface

area of the aquifer located in each cell (weights for generating the aggregated series).

Since we are interested in reproducing the changes for an average year for the key monthly
statistics (for later use in generating future series), the analysis of the calibrations will focus on
these variables. Figure 4 shows the monthly means and standard deviations obtained from the

control scenario and the historical series.
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Figure 4. Monthly mean and standard deviation of the historical and control series (rainfall and

temperature) for a mean year in the period 1961-1990. PRUDENCE RCMs.
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Figure 5. Monthly mean and standard deviation of the historical and control series (rainfall and

temperature) for a mean year in the period 1961-1990. ENSEMBLE RCMs

Figures 4 and 5 show how the models were able to reproduce reasonably well the T and P
statistics on a monthly basis, with the exception of METNOp model, the MPIPp model
(downloaded from PRUDENCE, 2004), and the ITCPe and CNRMe models (downloaded from
ENSEMBLES, 2009). Average temperatures are reproduced with minor differences from the
historical series, except for METNOp. Differences in standard deviations for temperature series
are somewhat greater, but otherwise they captured the annual evolution reasonably well,except
the already mentioned METNOp. Greater differences between the control scenario (for each
RCM) and the historic series were observed for average rainfall. Most of the RCMs estimated the
statistics of the precipitation time series reasonably well but not the PRUDENCE METNOp or
MPIP models, nor the ENSEMBLE CNRMe and ITCPe models, which also showed major
differences in the standard deviations.

As proposed in section 2.1, the methodology for synthesising the goodness of fit obtained

involved the calculation of the Id index defined as the sum (over the twelve months of an average



year) of the absolute value of the relative difference between the statistics of the time series and

the control scenario. Table 1 shows the results summarising the goodness-of-fit of each RCM on

a monthly scale derived from the results in Figures 4 and 5 and on a daily scale, for which the

standard deviation is obviously different from the monthly one.

RCMs for the A1B scenario (ENSEMBLES MODELS)

daily series

monthly series

Rainfall Temperature Rainfall Temperature
Id (Ax) |Id(Ao)| Id(Ax) |Id(Ac) | Id (Ax) | Id (Ac) |Id (Ax) | Id (Ao)

CNRMe (*) (*¥%) 7.93 5.79 1.93 1.56 7.93 8.09 1.93 2.77
DMlIe 6.84 4.76 0.78 1.21 6.84 3.41 0.78 1.74
KNMlIe 1.71 5.71 1.25 2.15 1.71 3.75 1.25 3.35
SMHIe 3.96 3.22 222 3.30 3.96 3.96 2.22 2.12
SMHIe 25 3.96 3.22 222 3.30 3.96 3.96 2.22 2.12
MPIe 3.52 4.34 0.82 1.07 3.52 591 0.82 2.25
ITCPe (*) (*%) 12.05 4.43 0.84 2.86 12.05 12.57 0.84 3.21

RCMs for the A2 scenario (PRUDENCE MODELS)

daily series monthly series
Rainfall Temperature Rainfall Temperature
Id (Ax) |Id(Ao)| Id(Ax) |Id(Ac) | Id (Ax) | Id (Ac) |Id (Ax) | Id (Ao)

MPIp (*) 4.23 5.45 0.73 22.19 4.23 4.82 0.73 1.92
UCMp (*) (*%) 4.56 8.79 0.66 13.01 4.56 4.70 0.66 3.74
DMlIp 3.10 4.36 0.62 2.56 3.10 2.60 0.62 4.66
ETHp 5.71 4.08 1.33 15.42 5.71 3.19 1.33 1.38
KNMIp (*) 3.21 4.68 0.79 16.00 3.21 5.16 0.79 1.91
METNOp (*)
(**) 9.06 13.05 3.71 3.01 9.06 15.96 3.48 8.32
SMHIp 4.76 3.53 1.09 20.98 4.76 2.83 1.09 3.67

Table 1. Indices (Id) representative of the distance between the means and standard deviations of

historical and control scenarios. Note: the eliminated models (those yielding the poorest

calibration for the daily (*) and monthly (**) series) are highlighted.

Subsequently, we conducted a multi-objective analysis to compare all models to each

other in order to eliminate those that calibrated worst. For the ENSEMBLES models on a daily
scale the ITCPe and CNRMe were eliminated as being "inferior" to the MPle and DMle,




respectively. In the case of the monthly scale, these two were also eliminated as being "inferior"
to DMIe. In the case of the PRUDENCE models, MPIp, UCMp, KNMIp and METNOp, were
"inferior" to DMIp on a daily scale, while on a monthly scale, METNOp and UCMp were
removed as being "inferior" to ITCPp and MPIp, respectively.

Having eliminated the inferior projections, the final selection was used to calculate the
global index (Ib’) by summing the four Ip indices for each model (mean and standard deviation
for both precipitation and temperature). This index was rescaled and redefining as index Ib*, in
which the sum of the values obtained for all models for a given emission scenario is equal to 1.
This was done both for the PRUDENCE models used to simulate emission scenarios A2, and the
ENSEMBLES models used for the A1B scenarios. The complementary values of the index Ib*,
(1-Ib*) rescaled to 1 (index Ib) was then used as the weight to apply to the series obtained with
each model create an ensemble of predictions in which the better calibrated models have a greater
influence, i.e., the models producing simulations closest to the historical series. Table 2 presents

the Ib indices for each model selected.

RCMs for the A1B scenario (ENSEMBLES MODELS)
Ib (daily series) | Ib (monthly series )

CNRMe - -
DMle 0.21 0.21
KNMle 0.20 0.20
SMHIe 0.19 0.19
SMHIe 25 0.19 0.19
MPle 0.21 0.21

ITCPe - -
>'Ib 1.00 1.00

RCMs for the A2 scenario (PRUDENCE MODELS)
Ib (daily series) | Ib (monthly series )

MPIp - 0.20
UCMp - -
DMIp 0.34 0.21
ETHp 0.33 0.19
KNMIp - 0.20
METNOp - -
SMHIp 0.33 0.20

>1b 1.00 1.00




Table 2. Ib indices representative of the distance between the means and standard deviations of
the historical time series and the control scenario. Note: values from the eliminate models are not

given.

Although the ensemble of models allows a more condensed way of presenting the
expected impacts on hydrological recharge as a result of climate change, the analysis of the
impacts on recharge was not limited to considering only the aggregated projection. The
predictions made with each of the RCMs considered were also evaluated, allowing a more
complete analysis of the variability and the range of values encompassed by the climate change

predictions.

4.2 Downscaling and generation of future long-term (2071-2100) series for P and T

Information regarding the various RCM simulations allows the expected changes in the
mean and standard deviation to be determined for the period 2071-2100 compared to the period
1961-1990. These results, obtained under two emission scenarios (A1B and A2) were used to
alter the precipitation and temperature series by applying the procedure outlined in section 2.1.
Future series were generated on a daily scale by altering daily series available for the case study
area using the variations in mean and standard deviation expected for the study area. Two
alternatives were considered for altering the original historical series: (A) on a daily scale, by
correcting the time series according to variations in daily means and standard deviations for the
average year, and (B) on a monthly scale, by correcting the monthly time series according to
monthly variations in mean and standard deviation in the average year and then distributing them

according to the daily distribution pattern observed in the historical series.

A) SERIES OBTAINED WORKING ON A DAILY SCALE

The changes in the mean and standard deviation obtained on a daily scale in an average
year based on the differences between the future and control series were used to alter historical
series of precipitation and temperature using the proposed methodology. Figure 6 shows the
series of future precipitation obtained by applying this methodology for A2 and future

temperature series obtained for A2 and A1B scenarios.



As appreciated from Figure 6, the generated precipitation series includes negative values
that arise due to altering a historical series that contains many zeros. The zeros are a feature of
daily precipitation data in arid or semiarid climates. Figure 6 shows only the future series for the
A2 scenario, but the same problem was obtained for the A1B scenario as well. For the final series
to make physical sense, the negative values could be converted into zeros but, logically, this
transformation would mean that the changes in mean and standard deviation that we want to
impose on the original series would not be preserved; consequently, the precipitation series
generated in this way would not represent the impacts of climate change according to the RCMs.

Due to the large number of negative values contained in the transformed series (see Fig.
6), the modification produced in the mean by eliminating them would be significant. In this case,
it would be more appropriate to apply the conventional method of using response ratios for a
direct correction of the historical rainfall, since this would at least preserve the changes in the
means deduced with the RCMs (Zhu et al., 2005). For this reason, working with daily series of
rainfall was dropped. However, in the case of temperature, it is feasible to alter the daily time
series by incorporating the change in mean and standard deviation accurately. All the models
predict the same pattern of temperatures, except the DMIp model. In the latter case, neither could

the control series reproduce the pattern of statistics observed for the historical series.
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Figure 6. Future series of P (scenario A2) and T (scenarios A2 and A1B) obtained using daily

scale data.



B) SERIES OBTAINED WORKING ON A MONTHLY SCALE

Due to the problems encountered in altering the precipitation series when working on a
daily scale, it was decided to investigate the possibility of modifying the time series according to
the variations in mean and standard deviation obtained for the average year on a monthly basis
from the control and future series. The daily scale future series could be generated from the
monthly series by redistributing the monthly values in accordance with the daily distribution
pattern observed in the historical series (the "original climate series" that will be altered to
generate the future series). Figure 7 for the A2 emissions scenario and Figure 8 for the A1B
emissions scenario show the values for the twelve months of the average year for the future
precipitation series generated using our method (labelled "Future Series" in the figures) and
monthly response ratios (labelled “Factor Series” in the figures) to translate historical series in
the system to future series under Climate change conditions. The results show that, by applying
the rescaling methodology to monthly precipitation time series the problem of negative values on
the daily scale does not occur because the change in the imposed mean is maintained. The means
of the "Future Series" and "Factor Series” coincide, although the standard deviations do not. In
this case, the methodology pursued produces an adequate representation of the change in the

mean, while at the same time incorporating the change in monthly scale standard deviations.
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(from PRUDENCE models)

® —Historieal series - MPTp fate=factor series
~UCMp futne=Eictor series ~+DMIp fature=factor series
- ETHp fumsf=factorserie: = SMHIp future=factor series
- KNMIp f-r*'ungmmm METNOp future=factor series
f;
40

Mean rainfall
(mm/month)

Monthly standard deviation of the future rainfall series for A2 scenario
(from PRUDENCE models) A

Standard deviation
(mm/month)

——Historical series 140 163 274 216 203 352 116 191 408 373 276 236
—=—MFlp fi 128 249 232 328 327 432 82 133 845 36.7 231 3717
~#=MPIp factor series 105 247 243 302 251 351 | 80 142 584 | 281 204 304
——UCMp future senies 68 122 190 342 70 309 77 174 311 419 198 163
—+—UCMp factor senes 65 19 213 239 75 29.1 82 165 423 353 185 171

—=—DMIp future series 251 213 146 276 452 527 313 29.1 648 263 280 381
DMIp factor series 23 255 351 414 411 444 | 288 238 460 | 224 276 366 |
ETHp future series 114 116 168 17.0 47 226 114 17.1 39.7 242 219 210
ETip factor series 84 9.7 150 139 44 123 | 110 151 343 | A5 193 181

~8-SMHIp future series 115 180 118 139 145 391 | 129 94 204 | 446 211 289

=~ SMHIp factor series 96 134 101 07 17.0 458 131 82 215 357 23 247

~»—KNMIp future senes 121 116 50 | 18 T4 141 | 245 240 325 | 254 230 »2 |

=#=F20MIp factor sertes 95 101 229 22 96 163 25 219 345 252 201 250
METNOp future series| 158 165 222 157 217 504 | 143 21.0 334 | 384 262 305

——METNOp factorseries| 14.0 141 19.7 149 164 42.1 138 210 413 387 275 270

Figure 7. Mean and standard deviation of future precipitation series for the average year obtained

from working at a monthly scale, for the A2 emissions scenario (PRUDENCE projections).



Monthly mean of the future rainfall series for A1B scenario
(from ENSEMBLES models)

EO ~+Historical series =MPIe future=factor series

" -~DMIe future=factor series -=SMHIe future=factor series

* -=ITCPe future=factor series KNMIe future=factor series
£ CNRMe future=factor series — SMHTe 25 future=factor series

Mean rainfall
mm/montk
&

&

g 1

Jan Feb Mar Apr May Jun Jul Ago Sep Oct Nov Dec

Monthly standard deviation of the future rainfall series for A1B scenario

3 (from ENSEMBLES models)

£ 160

EZ 140

38 1o

EE %0

ZE 60

8 40

@ 20

0
—=—Historical series 140 163 274 216 203 352 116 19.1 408 373 276 236
——MPle fomre series 106 | 82 267 75 376 | 181 | 155 | 202 | 793 | 287 | 236 | 231
—-MPTe factor series 99 52 72 | 51 262 | 156 | 144 | 207 | 656 | 278 | 175 | 187
~=~DMIe future series 27 58 358 716 33 13 01 17 142 143 307 147
DMIe factor series 1.7 37 209 40 20 67 01 13 33 125 220 114
=~ SMHIe future series 57 72 216 158 920 221 87 228 458 26.5 26.7 89
=#—SMHIe factor series 79 9.0 180 94 81 181 97 245 474 252 201 11.0
—ITCPs foture series 3| 19 | s 13 75 144 | 52 63 | 265 | 190 | 138 | 122
——TTCPs factor series 26 57| 139 10 52 05 43 51 | 180 | 187 | 98 93
~~EKNMle future series 40 34 38 52 55 04 00 1122 1548 276 241 54
~#~KNMle factor series 38 26 25 30 37 03 00 1100 1302 216 16.0 45
CNRMe fumeseries 47 | 46 40 08 31 5.1 49 55 14 190 | 99 | 144
——CNRMe factorserics | 3.4 3l 28 06 20 37 41 43 81 140 | 90 12
—SMHIe 25 fotureseries 98 | 80 | 152 | 49 | 183 | 197 | 64 | 129 | 355 | 132 | 133 | 115
SMEIe 25 factorseries. 85 74 | 103 | 29 134 | 163 67 | 164 | 350 | 140 | 100 | 99

Figure 8. Mean and standard deviation of future precipitation series for the average year obtained

from working at a monthly scale, for the A1B emissions scenario (ENSEMBLES projections).

Finally, we calculated the key statistics for the precipitation and temperature series
obtained for the A2 (Figure 9) and A1B (Figure 10) scenarios, based on the so-called ensemble of
predictions weighting their information according to goodness of calibration using the “Ib”
indices of table 2. The ensemble of RCMs predicts an increase in average temperature of 4.5°C in
the A2 scenario, and 4°C in the A1B scenario. However, there are significant differences in the
predictions of the changes in historical precipitation: the A1B ensembled scenario predicts a
reduction in mean annual precipitation of 114.4 mm, whereas the A2 ensembled scenario

reduces the mean annual precipitation in 22 mm.
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Figure 9. Mean and standard deviation of future precipitation and temperature series obtained by

the ensemble of RCMs, for scenario A2 (PRUDENCE).
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Figure 10. Mean and standard deviation of future precipitation and temperature series obtained

by the ensemble of RCMs, for scenario A1B (ENSEMBLES).



4.3 Impact of climate change on future recharge scenarios

To predict aquifer recharge for the period 2071-2100, the newly generated precipitation
and temperature series were used as input in the aggregated rainfall-runoff model described in
section 3. The calibrated model was used to produce a daily recharge (Figure 11 for scenario A2

and Figure 12 for scenario A1B).
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Figure 11. Mean of future recharge series obtained from the various RCMs, for scenario A2

(PRUDENCE).



Monthly mean of the future recharge series for A1B scenario (from ENSEMBLES models)
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Figure 12. Mean of future recharge series obtained from the various RCMs, for scenario A1B

(ENSEMBLES).

The results show significant variability between the RCMs employed. Most models
predict a reduction in recharge, both for A1B and A2 scenarios. This reduction is clearly seen in
Table 3, which includes mean precipitation, temperature and recharge for the historical and
predicted time series using the two methodologies to generate future scenarios. Significant
increases in recharge are predicted only by one of these RCMs, the DMIp model in the A2
scenario. It is important to note that the results are sensitive to the method used to generate the
series.

There were differences between the recharge deduced from the RCMs by altering the
historical precipitation and temperature series when only a change in mean was imposed ("Future
Series") compared to imposing changes in both the mean and standard deviation ("Factor
Series"). In the latter case, by imposing the increased variability expected in the future, there
would be a greater number of significant events and therefore an increase in the number of
recharge events due to in more occasions the precipitation exceeds the threshold required for

generating recharge. Accordingly, when only the change in mean is imposed, the recharge under



climate change is underestimated by comparison. For example, the average recharge obtained
with the MPIp model when only the means of the climate series are corrected would be less even
than the historical; in contrast, by incorporating the changes in both the mean and the standard
deviation, the predicted recharges exceeded the historical. These results show important
uncertainties related with the approach for the recharge process and the future projections, which
will be described in the next sections (limitations).

For some projections (e.g., the METNOp model), even when the projected average
precipitation is less than the historic, the incorporation of the change in the variability of the
climate times series produces a recharge that is slightly higher than the historical. This example
shows how, in semiarid regions, even if climate change produced a reduction in rainfall, aquifer
recharge could be maintained or even increased in some cases because of the greater number of

extreme events derived from an increased variance of the time series.

Historical series Future series Factor series
PRUDENCE models
MPIp model Mean rainfall (mm/year) 2783 290.6 290.6
Mean temperature (°C) 1591 19.88 19.88
Mean recharge (mm/year) 70.3 779 67.3
UCMp model Mean rainfall (mm/year) 278.3 220.7 220.7
Mean temperature (°C) 15.91 20.15 20.15
Mean recharge (mm/year) 703 425 40.3
DMIp model Mean rainfall (mm/year) 2783 3782 3782
Mean temperature (°C) 15.91 21.08 21.08
Mean recharge (mm/year) 70.3 1022 100.2
ETHp model Mean rainfall (mm/year) 2783 1737 1737
Mean temperature (°C) 15.91 21.03 21.03
Mean recharge (mm/year) 70.3 27.3 21.8
KNMIp model Mean rainfall (mm/year) 2783 189.6 189.6
Mean temperature (°C) 15.91 19.98 19.98
Mean recharge (mm/year) 703 40.5 357
METNOp model Mean rainfall (mm/year) 278.3 268.2 268.2
Mean temperature (°C) 1591 18.05 18.05
Mean recharge (mm/year) 703 71.3 67.1
Modelo SMHIp Mean rainfall (mm/year) 278.3 238.8 238.8
Mean temperature (°C) 15.91 22.26 2226
Mean recharge (mm/year) 703 50.5 46
ENSEMBLES models
MPIle model Mean rainfall (mm/year) 278.3 213.6 213.6
Mean temperature (°C) 15.91 1947 19.47
Mean recharge (mm/year) 70.3 445 35.1
SMHIe model Mean rainfall (mm/year) 2783 131.8 049
Mean temperature (°C) 1591 19.61 19.61
Mean recharge (mm/year) 70.3 28 249
DMIe model Mean rainfall (mm/year) 278.3 90.2 0.25
Mean temperature (°C) 1591 18.99 18.99
Mean recharge (mm/year) 70.3 20.1 10.7
KNMIe model Mean rainfall (mm/year) 2783 2039 0.56
Mean temperature (°C) 1591 20.16 20.16
Mean recharge (mm/year) 703 46.5 42.8
ITCPe model Mean rainfall (mm/year) 2783 139.6 139.6
Mean temperature (°C) 15.91 21.79 21.79
Mean recharge (mm/year) 70.3 9.6 4.8
CNRMe model Mean rainfall (mm/year) 2783 874 874
Mean temperature (°C) 15.91 24.11 24.11
Mean recharge (mm/year) 70.3 32 2.7
SMHIe 25 model Mean rainfall (mm/year) 2783 154.7 0.36
Mean temperature (°C) 1591 20.94 20.94

Mean recharge (mm/year) 70.3 9.9 8.2




Table 3. Mean precipitation, temperature and recharge for the historical series and for various

future scenarios estimated from the RCMs. Serral Salinas Aquifer.

Finally, key statistics of the recharge series are shown for the proposed RCM ensemble
(Figure 13, scenario A2; and Figure 14, scenario A1B). In the A2 scenario the model ensemble
predicts a mean annual drop in aquifer recharge of 9.9 mm, or -14% as compared with the
historical recharge.

In the A1B scenario, a significantly greater reduction in mean annual recharge is expected
-40.6 mm, which represents a drop of 57.7% compared to the historical. In both scenarios, the
rainfall series obtained by altering both the mean and standard deviation of the historical series
result in a higher mean annual recharge than if only the change in the mean is imposed. In this
way, by incorporating the higher standard deviation expected in future rainfall scenarios, a
greater number of extreme events occur and this feature explains the higher recharge obtained
with the proposed methodology, in spite of using the same mean rainfall values. If the expected
change in standard deviation of precipitation were not taken into account, this would result in a
decrease in recharge in the A2 scenario by 21.8% (compared to the 14% obtained when the
expected change in standard deviation is imposed). In the AIB scenario, exclusion of the
projected change in standard deviation leads to a 65.8% reduction in average recharge with
respect to the historic (compared to a 57.7% reduction when the change in standard deviation is
imposed). Therefore, in this case, we can see how omitting any consideration of the greater
number and intensity of extreme events leads to overestimating the reduction in future recharge

to the aquifer.
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Figura 13. Mean and standard deviation of future recharge series obtained by the ensemble of

RCMs for scenario A2 (PRUDENCE).
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Figure 14. Mean and standard deviation of future recharge series obtained by the ensemble of

RCMs for scenario A1B (ENSEMBLES).

5. LIMITATIONS

With respect to the methodology tested here, certain limitations have been identified in
the evaluation of impacts of climate change, such as:

(1)The use of an aggregated continuous water balance model for evaluating recharge from
precipitation and the temperature series does not allow the spatial distribution of the predicted
recharge to be assessed, nor does it incorporate any spatial variability in the effects of climate
change in different parts of the aquifer. This is in contrast to regional climate models defined

on grids with a spatial resolution of tens of kilometers.

(2)The future scenarios are generated from historical series using a procedure that alters the
monthly mean and standard deviation according to the change predicted for these variables in
the study area. The downscaling method was developed under the assumption that, while the
RCM does not provide sufficiently accurate approximations of the absolute value of
hydrological variables in a system, they do provide a good approximation for evaluating the
relative variation by climate change in the key statistics. We have not incorporated the
expected changes in higher-order statistics, only mean and standard deviation, because we also
understand the limitations of the future climate projections in order to get further insight on

those statistics.

(3)The method is not applicable for modifying time series of variables that cannot physically take

negative values and/or with a large number of zeros, for example, rainfall on a daily scale. In



such cases, the modified series contains many negative numbers and if these are replaced by
zeros, the changes in mean and standard deviation imposed a priori are not preserved.
Although the objective is to obtain precipitation and temperature series that can then be used
as input to a rainfall-runoff model on a daily scale, the problem of negative and zeros led us to
modify the time series according to the variations in mean and standard deviation for the
average year, but on a monthly basis, i.e., using the monthly control and future series. By
doing this, the future series not only incorporates the changes to the mean, but also the
changes to the standard deviation on a monthly scale. The future series on a daily scale could
be generated from the monthly one by redistributing the monthly values in accordance with
the daily distribution pattern observed in the historic series, but it has not been possible to

incorporate the modification provoked by climate change in the daily variability).

Finally, it should be mentioned that there is still substantial uncertainty regarding the impacts of
climate change on mean precipitation from general circulation models (GCMs). However, there
is much greater consensus regarding the extremes of precipitation and temperature, which are
projected to become more intense as the global hydrological system itself becomes more extreme
(Taylor et al, 2013). Longer droughts may be interspersed with more frequent and intense rainfall
events. The dominant source of uncertainty lies in the climate projections derived from GCMs,
which typically translate the same emission scenarios into very different climate scenarios,
particularly with respect to precipitation. In addition, the Mediterranean area presents different

exposures to the rain-bearing maritime winds, since it is a closed basin (Romero et al, 1998).

6. SUMMARY AND CONCLUSIONS

We have proposed a method to assess the effect of climate change on groundwater,based
on generating climate projections and assessing their impacts on groundwater recharge by
simulating the new climate series with a previously calibrated water balance model of the aquifer.

Future climate scenarios were generated based on available historical climate series for
the system and from information on the expected climate change impacts in the area, extracted
from RCM simulations done as part of European climate change projects. We performed a
critical analysis of the available RCMs to assess their ability to reproduce historical climate. The

selected models were used to generate future rainfall and temperature series by modifying the



mean and standard deviation of the historical series in accordance with the predictions of the
increase or decrease expected due to by climate change, which are derived from the differences
between the future and control series provided by RCMs. The corresponding future groundwater
recharge series were generated by simulating the new rainfall and temperature series using a
lumped rainfall-runoff model.

The approach was applied to evaluate future recharge (2071-2100) in the Serral-Salinas
aquifer under two emission scenarios [A2, A1B]. This case study allowed us to draw the
following conclusions about the applicability of the proposed rescaling technique to different
variables and time scales: The methodology cannot be applied when altering series of variables
that cannot take negative values or which contain a large number of zeros (for example, daily
rainfall series). In these cases, the altered series would include many negative values and, if
replaced by zeros, the change in mean and standard deviation would not be preserved. In the
remaining cases, the methodology works properly, allowing more information to be incorporated
than by using a simple average change imposed by the classical method of directly multiplying
the time series by a certain factor.

The results indicate significant differences in the recharge predicted for a given scenario
depending on the RCM used. We also observe significant differences when generating rainfall
and temperature series when both mean and standard deviation are altered, compared to changes
only in the mean. Significant differences are observed between these climatic series generated by
imposing only the change in the mean (with respect to the historical), as compared to the series
generated when the change in standard deviation is also incorporated. An increase in rainfall
variability (as expected under future climate change scenarios) could increase recharge rates for a
given mean rainfall because the number of extreme events predicted increases. Furthermore,
some RCMs predict increases with respect to the historical recharge to the aquifer, even though
climate change would produce a reduction in the mean rainfall and an increased mean
temperature.

A multi-objective analysis was applied to derive ensemble predictions that confer greater
value to the information obtained from the best calibrated models (better approximations of their
control time series to the historical records). For the period 2071-2100, this ensemble of
predictions estimated a reduction in mean annual recharge (with respect to the historical period

1961-1990) of 14.0% (9.9 mm) for scenario A2 and of 57.7% (40.6 mm) for scenario A1B.



Lower recharge values were obtained by imposing only the changes in the mean (reductions of

21.8% for scenario A2; and 65.8% in scenario A1B).
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