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Abstract: The Mediterranean region is a climate change hotspot, especially concerning issues of
hydrological planning and urban water supply systems. In this context, the Jucar River Basin (Spain)
presents an increase of frequency, intensity and duration of extreme meteorological phenomena, such
as torrential rains, droughts or heat waves, which directly affect the quantity and quality of raw
water available for drinking. This paper aims to analyze the effects of climate change on the raw
water quality of the Jucar River Basin District, which mainly supplies the city of Valencia and its
metropolitan area, in order to adapt drinking water treatments to new conditions and opportunities.
For this purpose, we used observed data of water quality parameters from four stations and climate
drivers from seven Earth system models of the latest Coupled Model Intercomparison Project—Phase
6. To model water quality (turbidity and conductivity) in the past and future scenarios, this study
employs a backward stepwise regression taking into account daily values of mean temperature,
maximum temperature, total rainfall and minimum and maximum relative humidity. Results
showed that the model performance of the water quality simulation is more adequate for short
moving-average windows (about 2–7 days) for turbidity and longer windows (about 30–60 days)
for conductivity. Concerning the future scenarios, the most significant change was found in the
projected increase of conductivity for the station of the Júcar river, between 4 and 11% by 2100,
respectively, under the medium (SSP2–4.5) and pessimistic (SSP5–8.5) emission scenarios. The joint
use of these types of management and monitoring tools may help the managers in charge of carrying
out the different water treatments needed to apply a better plan to raw water and may help them
identify future threats and investment needs to adapt the urban water supply systems to the changing
conditions of raw water, such as turbidity or conductivity, as a consequence of climate change.
Keywords: urban water supply; climate change; resilience; water treatment; water quality
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1. Introduction
Traditionally, urban growth has been accompanied by the search for new water
resources to meet drinking water needs in new settlements. These additional volumes
could come from conventional resources (either by increasing the exploitation of surface

Water 2021, 13, 2424. https://doi.org/10.3390/w13172424

https://www.mdpi.com/journal/water

Water 2021, 13, 2424

2 of 17

and groundwater) or from unconventional resources (by resorting to water transfers from
other basins or the desalination of seawater). For this reason, it is necessary to promote
the use of integrated resources management and the use of decision making-tools and
simulation models, for a better management under uncertainty scenarios and more resilient
resources allocation [1–4].
Many regions in the world suffer from structural water stress and scarcity problems
when managing and allocating water resources. Regions such as those localized in the
Mediterranean area, such as the city of Valencia and its metropolitan area, can be considered
as an example of this situation [5–9].
Problems linked to water scarcity and droughts have been getting worse during the
last decades because of the effects of climate change, which have increased their magnitude
and frequency [10]. In Mediterranean regions, such as the Jucar River Basin District, where
the city of Valencia is located, the effects of climate change over water scarcity and the
reduction of water resources availability are definitely being exacerbated [11] and they
have been assessed in a range going from 8 to 28% of flow reduction by the end of the
century [12–14].
Moreover, numerous studies have also found an influence of climate on water quality [15–20], which is of great importance for ecosystems and societies, as many sectors
(e.g., human health, industry, water supply and sanitation, or tourism) depend on water
resources and their availability in good condition. However, the quality of surface and
groundwater has generally declined in recent decades as a consequence of the growth
of agricultural and industrial activities, coupled with changes in hydrological regimes
associated with climate change having important socio-economic impacts [21,22].
Water quality in freshwater systems is the result of a delicate and complex interaction
of climatic variability and hydrological, biogeochemical and anthropogenic influences
operating at different temporal and spatial scales [16]. It is therefore difficult to clearly
pinpoint the role of climate. Water pollution is directly related to human activities of urban,
industrial and agricultural origin (as well as land use changes). On the other hand, climate
change could lead to the degradation of surface water quality as an indirect consequence of
these activities, mainly through increased temperatures and changing precipitation patterns.
In association with heavy rainfall events, nutrient runoff from croplands is triggered and
increasingly warm temperatures accelerate the growth of bacteria and phytoplankton.
Floods and droughts also change water quality through direct dilution or concentration
effects of dissolved substances [15–17,21].
Taking into account the current and projected climate change scenarios, it is necessary
to incorporate information on climate-related risks and impacts into operational and strategic decision-making processes in order to reduce the deterioration of water quality [20,23].
This is a major effort, as it is necessary to assess specific climatic conditions and the extent
to which they are capable of modifying water quality, while taking into account land use
and management, population distribution and other factors [17]. Along this line, numerous
studies have confirmed that temperature and precipitation have important effects on water
quality (e.g., [19]) and are used as climate predictors with lag times, using their predictive
character. Even so, it should be considered that depending on the location and the river feature in question, the climatic influence may be changing, and may include other variables
in addition to those mentioned.
In general terms, significant modifications of local and global climate patterns are
projected at very different time scales, especially affecting temperature and rainfall, either
in terms of average values or in terms of the frequency, intensity or duration of extreme
events [24,25]. The impacts caused by these extreme phenomena directly affect water bodies
(both, surface water and groundwater) and as a consequence, the quantity and quality of
raw water available for drinking water [13,26,27]. Moreover, it should be highlighted that
the Mediterranean region is a hotspot for changes in the hydrological cycle, especially for
the winter rainfall regimes [28].
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For the Mediterranean region, some of the most consensual effects of climate change
on water resources are, on the one hand, a considerable decrease over water availability
and incomes, produced by reduction in precipitation patterns and changes in hydrological
temporal distribution and, on the other hand, a progressive rise of average temperatures
that increments the potential evapotranspiration [12,27]. These impacts also indirectly
affect water resources treatments, so in the case of necessary treatments carried out at
drinking water treatment plants (DWTPs), adjustments are needed to maintain water
quality standards and requirements. Therefore, the impact of some parameters, for instance,
water temperature, play an important role in these necessary modifications in water
treatment to ensure the process’ resilience [29].
Officially, the adaptation planning in Spain is supported by the Exchange of Information on Adaptation to the Climate Change (AdapteCCa) platform [30]. However, its
application scale is regional because the spatial resolution of the outputs is approximately
11 km × 11 km. Moreover, it does not currently consider the latest climate projections of
the Coupled Model Intercomparison Project—Phase 6 (CMIP6) but it is based on CMIP5
model outputs. Therefore, it is necessary to consider local climate scenarios by using
CMIP6 outputs.
For this purpose, the European project named Climate Risk Information for SupportIng ADAptation Planning and Operation—Phase II (CRISI-ADAPT-II) was co-designed to
analyze climate change effects in several pilot cases of the Mediterranean region. In the
case of the city of Valencia, CRISI-ADAPT-II was focused on climate change’s impact on
water quality. CRISI-ADAPTII developed local climate scenarios by using CMIP6 outputs
downscaled at a 1 km × 1 km resolution grid.
Using these scenarios, the main objective of this study is to analyze the impact of
climate change on water quality in the city of Valencia in order to increase the resilience of
urban supplies according to these impacts on water resources. Thus, the paper shows how
several parameters conditioning water quality, such as turbidity and conductivity, behave,
analyzing its evolution and providing probable future scenarios, by the use of statistical
decision-making tools, in order to improve the Valencia water supply system’s resilience
and better plan future actions and investments.
2. Application Scope
2.1. Study Area
The Júcar River Basin and Túria River Basin are two of the nine water exploitation
systems in the Júcar River Basin District, which is located in the eastern part of the Iberian
Peninsula, both flowing into the Mediterranean Sea. The Júcar River Basin is the preeminent
water exploitation system considering its size (22,186 km2 ) and the volume of water
resources (1244.8 hm3 /year). In second position, the Túria River Basin has a length of
6393 km2 and the volume of water resources rises to 401.4 hm3 /year.
Both rivers symbolize an example of a typical Mediterranean river [31], characterized
by mild winters and warm summers, with an average precipitation of 475.2 mm/year and
a potential evapotranspiration of 926.6 mm/year [32]. The mean temperatures are about
14 and 16.5 ◦ C, being the maximum degrees reached during the dry season (months of July
and August). Moreover, the phenomenon called “gota fría” (a cold front with intense and
short-term precipitations) may occur.
The supply system of the city of Valencia and its metropolitan area represents the
main urban water supply in the Júcar River Basin District, along with the Sagunto and
Albacete urban supplies. The Valencian case currently serves almost 1.5 million inhabitants,
in an area of intense economic activity, which requires reinforcing the reliability of both
supply and water quality.
The urban supply comes from two drinking water treatment plants (DWTP) located in
the municipalities of Manises (La Presa) and Picassent (El Realón), with nominal treatment
capacities of 3.4 and 3.0 m3 /s, respectively.
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to SSP5: fossil-fueled development), and the radiative forcing level in 2100 (from 1.9 to
8.5 W/m2 ) [34]. The CMIP6 models considered in this study are presented in Table A1 in
Appendix A, as well as the centers and countries in which they have been developed and
their spatial resolution. Both the ERA5-Land and CMIP6 climate databases were collected
from the Climate Data Store (CDS) provided by the Copernicus Climate Change Service
(C3S). The climate models were selected according to the availability of daily data for the
variables used: mean/maximum temperature, total precipitation and minimum/maximum
relative humidity.
3. Water Quality Modeling
The inertia of climatic predictors in relation to water quality was considered as a
hypothesis of this study. Thus, it aimed to relate variables associated with water quality,
such as turbidity and conductivity, measured at EMIVASA water monitoring stations
(Figure 2), with climatic variables from the ERA5-Land reanalysis in order to obtain future
projections of these variables of water quality. The observed databases contained daily
data for turbidity, both maximum and average, and conductivity at different points in the
province of Valencia, so the predictive climatic variables were considered on the same time
scale. As mentioned above, the climatic influence on water quality can be variable, so all
the climatic variables that may have some influence on it were considered: average daily
temperature, maximum daily temperature, total daily rainfall, minimum daily relative
humidity and maximum daily relative humidity.
In order to find the predictor variables and time anticipation with which to predict
the behavior of the different water quality parameters in the different databases, several
configurations of multiple linear fits were proposed. In particular, prediction models were
based on daily predictor series lagged and smoothed by 2 to 90-day moving averages with
predictive character. The method used for the selection of the most suitable predictor climate variables was the backward stepwise regression [35], a linear regression approach that
starts with a full model and at each step gradually removes variables from the regression
model to find a reduced model that best explains the data (Figure 3). To avoid overfitting,
these calculations were performed with detrended inputs by using the R programming
language [36]. The selection of the best model was performed according to the Akaike
information criterion (AIC) provided by the stepwise regression function [37,38].
Considering the results, the most appropriate models were selected for each water
quality variable in order to obtain future projections of these variables. Conductivity and
turbidity series obtained by the selected CMIP6 models (M) were corrected with ERA5-Land
outputs (E) according to Gaussian and log-Gaussian transfer functions, respectively, i.e.:
Mcorr = E−mean(E)sd(E)sd(M) + mean(E)
Mcorr = exp{log(E)−mean(log(E))sd(log(E))sd(log(M)) + mean(log(E))}
where the log is the Neperian logarithm, while the sd function symbolizes standard
deviation. Mcorr states the corrected model outputs, which reduce systematic errors of
the simulated water quality in terms of climatology (mean and standard deviation). In
this way, three future periods were considered: 2021–2050, 2046–2075 and 2071–2100 and
two future scenarios SSP2 4.5 (medium but generous scenario) and SSP5 8.5 (catastrophic
scenario); for each combination of these, the increase of the variables with respect to the
average conditions of the historical period 1981–2010 of the same model were obtained.
Subsequently, these increases were taken and added to the average conditions of the
historical period (1981–2010) for the ERA5-Land reanalysis. Thus, the corrected future
scenarios were finally obtained for each model and for each point of the ERA5-Land
(Figure 3). Once this was done, the corrected future series were used to simulate the future
conditions of turbidity and conductivity values, using the ERA5-Land point closest to each
specific observatory.
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nario); for each combination of these, the increase of the variables with respect to the avbased on daily predictor series smoothed by 2–90 day moving averages.
erage conditions of the historical period 1981–2010 of the same model were obtained. SubThe validity of the results is based on the p-values and Pearson correlation coefficient
sequently, these increases were taken and added to the average conditions of the historical
(R) obtained for each adjustment. While for turbidity values, better results are obtained
period (1981–2010) for the ERA5-Land reanalysis. Thus, the corrected future scenarios
using small period moving averages, for conductivity values there is a higher variability
were finally obtained for each model and for each point of the ERA5-Land (Figure 3). Once
(see Appendix A). This higher variability may be associated with the different locations
this was done, the corrected future series were used to simulate the future conditions of
of the observed conductivity databases used in the study. For the maximum and mean
turbidity and conductivity values, using the ERA5-Land point closest to each specific obturbidity inlet values, the low correlation values obtained are interpreted as a minor
servatory.
contribution to the variability of the series (variance explained by the model) compared
Statistical analysis of both model performance (training) and projection trends (reto other contributions of non-climatic origin (Figure 4). Despite this, the linear models
sults) was applied according to the analysis of variance (ANOVA) [39]. Particularly,
pshowed statistical significance, with the total p-value obtained being less than 10−6 in
value of linear model coefficients indicates whether or not one can reject or accept the
all
cases, implying that there was an influence of climate on this water quality variable.
hypothesis (in our case, that predictors are not meaningful for the model). As commonly
The
best
fits
weresets
obtained
thefor
2-day
and 7-day
average predictor”,
predictor series,
used,
this
paper
p-valuefor
< 0.05
a rejection
of themoving
“not meaningful
so it
respectively
(Table
A2).
is probably an excellent contribution of explained variance of the variable modeled.
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Regarding the conductivity values (see Table A3), it should be noted that these conductivity values came from different databases and they have been extracted at different
locations. It should also be taken into account that measured data series at the inlet point
of the La Presa DWTP facility may vary depending on the mixing of water from different
sources. In addition, it should be noted that all the observed series have missing data that
have been removed for analysis, so there was not a complete day-to-day continuity in the
series. Significantly higher linear-correlation values than for turbidity were obtained from
all the databases except for the upstream Túria river, which remained in the same order of
magnitude but with slightly higher values. This implied that the climatic contribution accounted for a larger proportion of the variability in the series than in the variable analyzed
above (Figure 5). All models showed statistical significance, with the total p-value obtained
being less than 10−11 in all cases, confirming that there is an influence of climate on water
quality. However, the relationship is not perfectly linear and it accounted for less than 34%
of the explained variability at best, therefore other contributions of non-climatic origin
must be considered. For the conductivity measured at El Realón, the best fit resulted from
the series of predictors smoothed by the 30-day moving average, although with 60-day
smoothing a practically equal value was obtained; for the conductivity measured in the
Júcar–Túria channel at the entrance to El Realón, the best fit also resulted from the 30-day
moving average; for the conductivity measured at the entrance to La Presa, the best fit
resulted from the 7-day moving average; finally, for the conductivity measured in the
Túria River upstream, the best fit resulted from the 60-day moving average. These fits
represented a higher percentage of the variability of the variable under similar statistical
significance values.
4.2. Climate-Based Water Quality Scenarios
The future projections obtained for the different water quality variables are shown in
Figures 6 and 7 for turbidity and conductivity, respectively, at the different observatories
analyzed. These figures correspond to the 5-year moving average of the annual averages
of the daily values obtained so that inter-annual variability and year-to-year variations do
not interfere in the observation of the future evolution of the values, thus being able to
distinguish more easily trends towards higher or lower values.
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Figure 4. Scatter plot of observed (NTU) versus simulated (NTU) values for the El Realón facility for (a) maximum inlet
turbidity with simulated series obtained using 2-day moving average smoothed predictors; and (b) mean inlet turbidity
with simulated series obtained using 7-day moving average smoothed predictors.
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Figure 5. Scatter plot of observed (μS/cm) versus simulated (μS/cm) conductivity values for (a) El Realón facility, (b) Júcar–
Túria channel, (c) La Presa facility and (d) upstream Túria River. In each case, simulated series were obtained using 30day, 30-day, 7-day and 60-day moving average smoothed predictors respectively.

4.2. Climate-Based Water Quality Scenarios
The future projections obtained for the different water quality variables are shown in
Figures 6 and 7 for turbidity and conductivity, respectively, at the different observatories
analyzed. These figures correspond to the 5-year moving average of the annual averages
of the daily values obtained so that inter-annual variability and year-to-year variations do
not interfere in the observation of the future evolution of the values, thus being able to
distinguish more easily trends towards higher or lower values.
In the simulations of turbidity values the CanESM5 model was not considered as it
did not properly simulate the interannual variability (<50%). Regarding the results obtained, two different behaviors are observed (Figure 6). On the one hand, in terms of the
50th quantile of the six CMIP6 models analyzed, the maximum inlet turbidity would experience a reduction of 0.3 NTU (21%) in the SSP2 4.5 scenario, and of 1.2 NTU (71%) in
the SSP5 8.5 scenario, both by the end of the 21st century (Figure 6a). On the other hand,
the mean inlet turbidity variable would experience an increase of 0.5 NTU (35.1%) in the
SSP2 4.5 scenario and an increase of 0.5 NTU (35.1%) in the SSP5 8.5 scenario, again both
by the end of the 21st century (Figure 6b). The limitations of the baseline models should
not be forgotten, as they have Pearson correlation coefficients of 0.2 and 0.19 (Table A2)
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this study. Conductivity at the El Realón facility would increase by 3.8 μS/cm (0.4%) in
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future behavior of these variables can be predicted with more certainty by considering
only climatic factors, especially in the first three cases. However, it would be ideal to consider again what other factors could have an influence, even if their contribution is smaller
than in the case of turbidity.
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All increments were calculated by comparing the 5-year moving average of the
annual averages of the daily values obtained at the end of the 21st century with the most
current historical value.

Figure 7. Graphics of 5-year moving average of the annual averages of the simulated conductivity daily values at (a) El Realón
facility, (b) Júcar–Túria canal, (c) La Presa facility and (d) upstream Túria river, all measured in µS/cm. The thicker black,
blue and red solid lines correspond to the 50th quantile of the values obtained for the different CMIP6 models in the historical
simulation and for the emission scenarios SSP2 4.5 and SSP5 8.5, respectively. In shading, the range of values between the 10th
and 90th quantiles are shown in grey, blue and red for the historical, SSP2 4.5 and SSP5 8.5 scenarios, respectively.

In the simulations of turbidity values the CanESM5 model was not considered as
it did not properly simulate the interannual variability (<50%). Regarding the results
obtained, two different behaviors are observed (Figure 6). On the one hand, in terms of
the 50th quantile of the six CMIP6 models analyzed, the maximum inlet turbidity would
experience a reduction of 0.3 NTU (21%) in the SSP2 4.5 scenario, and of 1.2 NTU (71%) in
the SSP5 8.5 scenario, both by the end of the 21st century (Figure 6a). On the other hand,
the mean inlet turbidity variable would experience an increase of 0.5 NTU (35.1%) in the
SSP2 4.5 scenario and an increase of 0.5 NTU (35.1%) in the SSP5 8.5 scenario, again both
by the end of the 21st century (Figure 6b). The limitations of the baseline models should
not be forgotten, as they have Pearson correlation coefficients of 0.2 and 0.19 (Table A2) for
each variable, respectively, (climatic conditions do not account for a large percentage of the
total variability). Even so, they do have considerable statistical significance. This result
would indicate that climatic influence on these variables occurs significantly, and would
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cause them to decrease and increase, respectively. However, in order to predict with more
certainty their future behavior, it would be necessary to consider what other factors might
influence them and in what way.
Concerning conductivity values, in terms of the 50th quantile of the seven CMIP6
models analyzed, an increasing trend would be expected at all the stations analyzed in this
study. Conductivity at the El Realón facility would increase by 3.8 µS/cm (0.4%) in the SSP2
4.5 scenario and 27.2 µS/cm (2.9%) in the SSP5 8.5 scenario by the end of the 21st century
(Figure 7a). In the Júcar–Túria canal it would increase by 4.6 µS/cm (0.5) in the SSP2
4.5 scenario and 32.1 µS/cm (3.4%) in the SSP5 8.5 scenario by the end of the 21st century
(Figure 7b). At the La Presa facility, it would increase by 15 µS/cm (1.5%) in the SSP2
4.5 scenario and 46.4 µS/cm (4.8%) in the SSP5 8.5 scenario by the end of the 21st century
(Figure 7c). Finally, in the upstream Túria river it would increase by 125.7 µS/cm (10.9%)
in the SSP2 4.5 scenario and 192.9 µS/cm (16.7%) in the SSP5 8.5 scenario by the end of the
21st century (Figure 7d). As for turbidity, the baseline models for conductivity have some
limitations. In this case, the Pearson correlation coefficients are higher: 0.58, 0.58, 0.57 and
0.28 (Table A2) for each variable, respectively, indicating that climatic conditions contribute
a higher percentage of the total variability than for the previous variable. Furthermore, all
models also have considerable statistical significance. Therefore, the future behavior of
these variables can be predicted with more certainty by considering only climatic factors,
especially in the first three cases. However, it would be ideal to consider again what
other factors could have an influence, even if their contribution is smaller than in the case
of turbidity.
All increments were calculated by comparing the 5-year moving average of the annual
averages of the daily values obtained at the end of the 21st century with the most current
historical value.
5. Discussion
Climate change’s impacts on productive processes and human activities are of high
interest, as they are associated with activities that produce essential services or resources,
subject to high climate-related vulnerabilities and risks. Particularly, this study is focused
on the effects of climate change on water quality, completing previous works about climaterelated impacts on water availability [1–9,13,24,32]. Such is the case of the drinking water
supply processes for human consumption, provided by the water operator, capturing,
treating and supplying drinking water to the city of Valencia and its metropolitan area
in Spain.
The information provided by these kind of geographic information systems with
forecast information for the values of the determining variables in the water cycle, according
to different scenarios, is an extremely useful tool which let water managers adapt and
anticipate future needs of quantity and quality, and therefore, the application of necessary
adaptation measures, thus improving the efficiency of processes and the resilience of
systems, such as in the case study selected.
It should be noted that the quality processes are directly and widely related to the
quantity values of the resource, since the measured concentrations of the different parameters that define the quality of the water ultimately depend on the dilution, defined by the
level of flows available. That is why one of the main evidenced and widely identified effects
of climate change, such as the reduction in available contributions due to the change in
hydrology [12], will mean lower flows, and therefore higher concentration values (turbidity,
conductivity, etc.), due to a lower dilution.
Results showed that turbidity quickly depends on daily mean temperature, total
rainfall and maximum relative humidity, with statistically significant linear coefficients
for moving-average windows ranging between 2 and 7 days. Moreover, the empirical
relationship shows nonlinear contributions that are can be viewed in Figure 5. On the other
hand, the predictive model for conductivity presented a slower response (with significant
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linear signal up to 30 or 60 days) and also incorporating maximum temperature and
minimum relative humidity, additional to the climate-dependency obtained for turbidity.
According to the future scenarios generated, the most significant change was found
in the projected increase of conductivity for the station of the Túria River. However,
this increment of conductivity has not been highlighted in the vicinity of the Júcar–Túria
channel stations which provide streams from the Júcar River. In this case, the water quality
simulation is positive but with a lower trend and does not reflect the expected similar
behavior among both river basins, possibly due to other contributions of non-climatic
origin that should be considered as river basin regulation. Note that this is a crucial
question in the Jucar River Basin District planning and management and specially for the
drinking water supply of Valencia and its metropolitan area where, currently three out of
four cubic meters of water have their origin in the Jucar River. Depending on the quality of
water resources this relation may vary in the future.
Furthermore, the main requirement for human consumption of water is to meet
the quality standards required by the applicable health regulations in each country or
region and its modifications (RD 140/2003), being currently under review and within
the approval process of the new one [40]. This is done through the analysis of certain
parameters or variables, whose concentration determines the quality of the water and the
physical-chemical processes necessary to apply for its treatment.
Compliance with quality requirements is increasingly influenced or affected by risk
episodes associated with extreme meteorological processes, such as floods and droughts,
since their appearance affects the values of the monitored quality parameters. The monitored parameters within this study, as previously shown, are conductivity, turbidity, which
could mean a limitation of the study’s scope (more uncertainty associated with the forecasts
and results), so there are more variables or parameters affecting water quality. This means
an opportunity of widening the future project’s scope, so climate change research involves
multiple activities, variables and parameters, and need the use of different methodologies,
and decision making and management tools, to tackle the overwhelming task [41].
On the other hand, it is worth noting that this study is focused on predicting an
average climate. The 5-year moving average of the annual averages of the daily values
obtained masks the extreme precipitation events that may occur, which should be analyzed
by further works on probability distributions and return periods. Currently, during these
episodes the turbidity and conductivity parameters tend to reach very high values and
that usually requires the implementation of specific measures in the DWTP, such as the
reduction of the treated flows or an increase in the addition of coagulants. As an example of
this, the currently existing water treatment at the La Presa DWTP (composed by coagulants,
flocculant, high I start-up and increase of oxidation at the head and start-up of wells)
managed to treat turbidity values over 85 NTU during the extreme events that occurred in
2020. Higher turbidity values can be treated but the microbiological risk increases. The
effluents go out from the plant with 0.1–0.15 NTU and in those moments of high turbidity,
we would extract filtered with 0.2–0.3 NTU, going below 0.5 NTU.
Regarding conductivity values, especially for the Túria River station with forecasted
conductivity values of 2000 µS/cm in the worst scenario around year 2100, RD140/2003
establishes a threshold for drinking water up to 2500 µS/cm but it would influence the
value (out of range +/−0.5) encrusting in the index of Langelier, which is also reflected
in this RD140/2003, so some additional treatment would be necessary in the case of this
scenario occurring, which probably would be associated with a low occurrence probability,
but it should be nevertheless considered in order to anticipate the adaptation strategy and
the system’s resilience.
In this scenario, it would mean a drought episode in which the flow would basically
be reduced to more than half compared to the existing one. In these situations, two options
are considered in order to reduce conductivity. On the one hand, through dilution effect by
mixing with water from the Júcar–Túria Channel, so the conductivity is somewhat lower,
of 960 µS/cm. That proportion of water coming from the Channel increases compared to
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the reduction of the river flow. On the other hand, the objective of salinity can be reached
through an adjustment in the membrane technology used in the filtration process.
Another example is presented when comparing with the adaptive measures carried
out during the last period of drought with important repercussions on the supply system
of Valencia and its metropolitan area that took place during the years 2005–2008. The main
effects were related to the scarcity of water to meet demands and the deterioration of water
quality. Thus, the main tasks were focused on improvements in water treatment to enhance
raw water quality and, in second place, on reducing water losses in the system. Regarding
quality aspects, the three main dangers affecting raw water quality were: (1) the increased
levels of salt and nutrients concentration in the Túria River, such as nitrates and organic
matter, related to suspended solids and turbidity; (2) the increase in pesticide levels in the
Túria river due to irrigation systems; and (3) new emerging hazards in the system, such as
some macrobiotics that could cause massive growth of algae, cyanobacteria and multiple
episodes of 2-MIB or excessive concentrations of protozoa.
During this period, within the adaptation measures in the DWTPs, a framework of
various structural and non-structural measures was created, with the aim of improving
raw water quality and drought management. The structural measures included: the
installation of a new granular activated carbon filtration stage in the La Presa DWTP, the
construction of new wells also in La Presa with UV disinfection equipment, the installation
of motorized activated carbon dosing in both plants for the retention of pesticides and
organic pollutants and the advanced oxidation facility in El Realón to tackle the diseases
caused by sapid substances.
This study has shown the usefulness of evaluating the expected consequences of
climate change on purification treatments in the most important supply of the Júcar River
Basin District. For future research, the results obtained here should be complemented with
future predictions of external events, helping to prevent and economically quantify the
dangerous changes to the climate. Possible improvements in further works are the incorporation of nonlinear factors within the turbidity model and the analysis of climate change and
of extreme event occurrence. This will be developed as a demonstration in the European
project WAtchfulness Tool for Evaluation of wateR Quality and Quantity (WATER-Q2).
6. Conclusions
The use of climate services means a decision-making and adaptation tool very useful
for water managers, in order to assess the resilience of water supply systems against
variations in the main variables and parameters determining the operation of their systems
or facilities.
Within this study, the use of climate information for water systems provided by CRISIADAPT-II tools is presented in order to assess the evolution of the main climate variables
influencing water quality for urban supply in the city of Valencia and its metropolitan
area. These tools offer the possibility to obtain the evolution or future behavior of several
variables such as temperature, turbidity, conductivity, etc., through results of the application
of different climate change forecasting scenarios. The application of this tool within this
study case may will be improved in the future, by increasing the number of variables
determining water quality, such as temperature or dissolved oxygen, and the amount of
data involved for a better models’ calibration.
Results showed that the modeled performance of the water quality simulation is more
adequate for short moving-average windows (about 2–7 days) for turbidity and longer
windows (about 30–60 days) for conductivity. With this method, future scenarios were
obtained to analyze the possible effects of climate change on water quality. The most
significant change was found in the projected increase of conductivity for the station of the
Júcar river, between 4 and 11% by 2100.
Research and development of climate services applied to water resources management
may respond to the need of quantifying these impacts on the availability of water resources,
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guaranteeing that the purification treatments are adequate to the new circumstances,
influenced by the effects of climate change.
Improving and adapting the quality and reliability of the results provided by the use
of these kinds of tools will let water managers make better fitted and planned investment
programs to improve the resilience of the water resources systems to better respond to the
impact of climate change. Thus, through the analysis of the evolution or the expected values
of variables such as temperature, turbidity and conductivity, joined with the resources
quantity’s forecasts, water managers will identify the necessary additional treatments
within a purification or treatment process, or the necessary catchment works, in order to
face water scarcity periods and the consequent quality problems.
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Appendix A
Table A1. Summary of basic information about CMIP6 models used in the study.
Earth System Model

Entity (Country)

Spatial Resolution
(Length × Lat, Degree)

ACCESS-CM2
ACCESS-ESM1-5
CanESM5
CNRM-ESM2-1
EC-EARTH3-Veg

Australian Community Climate and Earth System Simulator (ACCESS)
Australian Community Climate and Earth System Simulator (ACCESS)
Canadian Centre for Climate Modeling and Analysis (Canada)
Centre National de Recherches Meteorologiques (France)
EC-EARTH Consortium (UE)

1.87 × 1.25
1.87 × 1.25
2.81 × 2.79
1.4 × 1.4
1.25 × 1.00

MPI-ESM1-2-HR
MRI-ESM2-0

Max Planck Institute for Meteorology (Germany)
Meteorological Research Institute (Japan)

0.938 × 0.935
1.125 × 1.121

In this section, model configuration is shown concerning the fitting coefficients obtained from the stepwise regression and significance level for turbidity (Table A2) and
conductivity (Table A3) according to several moving averages.
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Table A2. Coefficients of the model fit of the turbidity values using the daily predictive series smoothed by a 2-, 7and 30-day moving average, indicating for each one the error interval in its last significant number at a 95% confidence
interval in brackets and its significance in the fitting model in square brackets according to the following classification:
*** for p-value < 0.001, ** p-value < 0.01, * p-value < 0.05, ◦ p-value < 0.1, - p-value ≥ 0.1. The correlation value between the
observed and simulated series for each fitting model is also presented. In all cases, the total p-value of the model is less
than 10−6 .
Predictor Fit Coefficient
Predictand

Maximum inlet
turbidity El Realón
DWTP

Average inlet
turbidity El Realón
DWTP

Daily Mean
Temperature

Daily Max t

◦

Daily Total
Rainfall

Daily
Minimum
Relative
Humidity

Daily
Maximum
Relative
Humidity

Intercept Fit
Coefficient

Pearson
Correlation
Coefficient (R)

ma 2

-

-

0.26(9)
[***]

-

0.03(2)
[**]

0(1)
[-]

0.20

ma 7

0.04(5)
[-]

-

0.4(1)
[***]

-

0.04(3)
[**]

−1(1)
[-]

0.19

ma 30

-

-

0.6(2)
[***]

-

-

1.1(4)
[***]

0.13

ma 2

0.02(2)
[◦ ]

-

0.12(5)
[***]

-

0.02(1)
[*]

0(1)
[-]

0.19

ma 7

0.03(2)
[*]

-

0.19(7)
[***]

-

0.02(1)
[*]

0(1)
[-]

0.19

ma 30

0.02(2)
[-]

-

0.3(1)
[***]

-

-

0.6(5)
(**)

0.12

Table A3. Coefficients of the model fit of the conductivity values using the daily predictive series smoothed by a 7-, 30and 60-day moving average, indicating for each one the error interval in its last significant number at a 95% confidence
interval in brackets and its significance in the fitting model in square brackets according to the following classification:
*** for p-value < 0.001, ** p-value < 0.01, * p-value < 0.05, ◦ p-value < 0.1, - p-value ≥ 0.1. The correlation value between the
observed and simulated series for each fitting model is also presented. In all cases, the total p-value of the model is less
than 10−6 .
Predictor Fit Coefficient (Significance Rating)
Daily Mean
Temperature

Daily
Maximum
Temperature

Daily Total
Rainfall

Daily
Minimum
Relative
Humidity

Daily
Maximum
Relative
Humidity

Intercept Fit
Coefficient
(Significance Rating)

R

ma 7

-

-

−2(1)
[*]

-

−3.0(4)
[***]

1080(20)
[***]

0.51

ma 30

−1.3(6)
[***]

-

−4(4)
[***]

-

−3.4(6)
[***]

1130(30)
[***]

0.58

ma 60

10(10)
[◦ ]

−10(10)
[*]

−19(5)
[***]

-

−4.2(8)
[***]

1260(90)
[***]

0.58

ma 7

8(6)
[**]

−9(6)
[**]

−3(2)
[**]

−4.4(9)
[***]

1.8(8)
[***]

1030(50)
[***]

0.52

ma 30

-

−1.4(5)
[***]

−15(4)
[***]

−3.6(6)
[***]

-

1140(30)
[***]

0.58

ma 60

−2.6(9)
[***]

-

−16(6)
[***]

−3(2)
[***]

−2(1)
[-]

1280(130)
[***]

0.55

ma 7

-

−0.8(8)
[*]

−12(4)
[***]

−4(1)
[***]

1.7(8)
[**]

1070(70)
[***]

0.57

ma 30

-

−3(1)
[***]

−36(9)
[***]

−4(2)
[***]

4(1)
[***]

960(120)
[***]

0.55

ma 60

-

−5(1)
[***]

−50(10)
[***]

−1(1)
[-]

-

1200(40)
[***]

0.50

ma 7

14(8)
[***]

−16(8)
[***]

−17(5)
[***]

−0.6(8)
[-]

-

1290(70)
[***]

0.27

ma 30

50(20)
[***]

−50(20)
[***]

−40(10)
[***]

−1(1)
[*]

-

1510(140)
[***]

0.25

ma 60

70(20)
[***]

−70(20)
[***]

−70(20)
[***]

-

-

1620(140)
[***]

0.28

Predictand

Conductivity
El Realón
DWTP

Conductivity
Júcar–Túria
channel

Conductivity
of La Presa
DWTP

Upstream
Túria river
conductivity
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