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Abstract 
This study aims to assess the internal variability in flow and water quality predictions at a Mediterranean karstic watershed for the first 
time. To achieve this, we use a modified version of the deterministic Soil Water Assessment Tool (SWAT) which incorporates a model to 
account for the flow originating from the karstic springs (Karst-SWAT). Three emission scenarios (Representative Concentration Pathways 
RCP2.6, RCP4.5, RCP8.5) of the CSC-REMO Regional Climate Model (of the MPI-ESM-LR-r1 driving Global Climate Model of the 
EURO-CORDEX climate model ensemble) are used. The input rainfall time series are stochastically modeled using the Long Ashton 
Research Station Weather Generator (LARS-WG). Monte Carlo simulations for the 2019-2098 time period are used as input to the Karst-
SWAT model to assess the uncertainty of the model flow, as well as nitrate and sediment transport. Results suggest that the inherent 
uncertainty (expressed as 5–95 percentile range divided by the mean) in the rainfall emission scenarios (15%), is propagated through the 
SWAT model, leading to higher uncertainty for the flow estimates (22.3%), the exported nitrate mass (17%), and the exported sediment 
mass (38.3%). The incorporation of internal variability assessment of emission scenarios for the estimation of the response of karstic basins 
to climate change is of utmost importance, since it overwhelms climate change signals in flow and exported nitrate mass until 2060. 
Although the internal variability of sediment export is significantly high, climate change models always indicate a stable or increasing trend 
compared to the reference period.  
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1. Introduction 
Climate change impacts on water supply have received a lot of attention but relatively little is known about the respective changes in water 
quality, especially in the Mediterranean region, regarding sediment transport and erosion [1-6] or nitrate concentrations [7,8]. Even fewer 
studies have dealt with the ways that climate change affects water quality of karstic aquifers [9]. Both the quality and availability of water 
resources in the Mediterranean region are expected to change significantly according to the Intergovernmental Panel on Climate Change 
(IPCC) Synthesis Report [10]. Due to the projected changes in air temperature and rainfall, river flows are expected to be affected and the 
mobility and dilution of contaminants will also be influenced, but the relationships are not straightforward to capture.  
Recent research has also revealed that the water management community has neglected and in many cases underestimated the uncertainties 
in climate change scenarios, in particular, uncertainties associated with internal climate system variability and hydrologic modelling. The 
inherent uncertainty that exists in the input time series can significantly affect model outputs and our confidence in the results. In this 
context, very few studies have addressed the internal variability problem over the Mediterranean region, where observational data 
foreshadow a substantial change towards higher temperatures and lower precipitation rates, and lower flows accordingly, and much less 
over regions with karstic formations.  

The Koiliaris Critical Zone Observatory, which represents severely degraded soils due to heavy agricultural impacts such as 
grazing, over many centuries, represents Mediterranean soils under imminent threat of desertification due to climate change. It is located 
in the island of Crete, and is characterized by an uneven spatial and temporal rainfall distribution, which in combination with the intensive 
agricultural activity and the expansion of tourism, have made it a drought-prone region. The river basin has a composite flow system: 
karstic springs which supply permanent flows throughout the year and surface intermittent runoff. Karstic areas and their water bodies will 
play a major role in water management as they relate to water availability for potable water and agriculture (i.e. food security issues). The 
majority of the sediment amount in the river during flash floods originates from a highly degraded watershed drained by an intermittent 
tributary. Nitrate concentrations observed suggest a significant impact of livestock grazing on the karstic groundwater and on surface water 
quality.  

The aim of this study is to assess the predictions and stochastic uncertainty of climate change in the flow, nitrate and suspended 
sediment predictions at the Koiliaris Critical Zone Observatory. We achieve this by using a modified version of the deterministic Soil Water 
Assessment Tool (SWAT) which incorporates a karstic model (Karst-SWAT), in combination with a stochastic rainfall generator (Long 
Ashton Research Station Weather Generator or LARS-WG), which is run under both current and future climate conditions, to generate 
rainfall time series with the same statistical characteristics as the original (observed and forecasted). The generated time series are used as 
input in the karst-SWAT model, for the simulation of flow, nitrate and sediment concentration at the Koiliaris River Basin, in order to 
explore the inherent uncertainty in present and future predictions. 
 

2. Materials and methods 
2.1 Case study and Data 
The Koiliaris River basin is a Critical Zone Observatory that represents severely degraded soils due to heavy agricultural impact such as 
grazing, over many centuries. It is situated in Crete, Greece, 15 km east of the city of Chania. The catchment area is about 130 km2.The 
karstic formations in the basin, which correspond to the Plattenkalk limestones of Fig. 1, in combination with a fault that extends from the 
northeast to the southwest, direct water from an extended karstic watershed area towards Stylos springs (Fig.1) [11,12], thus supplying the 
permanent flow of the Koiliaris river. The overall recharge area of the springs, extends outside the watershed boundaries (Nikolaidis et al., 
2013) to the southeast of the watershed boundary, over an area of about 80 km2 (Fig.1).  
In addition to the permanent Stylos spring discharge, there is also a temporary tributary called Keramianos, a temporary spring called 
Anavreti, and two episodic tributaries (upstream of Anavreti, Fig.1), which combine together to compose the Koiliaris river flow system. 
The total flow at the basin exit is estimated at about 180 hm3/year, 80% of which is contributed by the karstic flow originating at Stylos 
springs, while the contribution of the surface runoff (mainly Keramianos and Anavreti tributaries) to the total river flow is 20% [3]. The 
Keramianos tributary drains a small sub-catchment that generates surface runoff due to the schist geologic formation of the area. 
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Keramianos stream flows along a karstic gorge (Diktamos gorge) and then over an alluvial plain before joining the Koiliaris river (Fig.1). 
Schist formations are quite friable and in combination with the steep slopes and the adaptation of intensive agricultural practices that are 
common in the area of Keramianos sub-basin, the top soil becomes extremely brittle and easily erodible. More specifically, due to the 
abandonment of traditional agricultural practices over the years, tractors now enter and plow the terraces, leading occasionally to their 
collapse, and exacerbating the erodibility of the soils. In addition, overgrazing leaves the top soil unprotected and vulnerable to surface 
runoff. Thus, Keramianos is the main tributary responsible for the bulk of the sediment transport in Koiliaris River. On the other hand, 
waters derived from the karstic springs, have a relatively constant – low – concentration [3].  

 
Fig.1 Map of Koiliaris River Basin (Crete, Greece) showing precipitation and temperature measurement stations and the modeled extended 
karstic area 
 

The agricultural land consists of olive groves, citrus groves, vines and vegetables (32.1%) grown with conventional practices such 
as tilling, irrigation and use of fertilizers. Intensively grazed scrubland/pasture by livestock covers large areas (67.3%) of the watershed at 
high altitudes and forest (0.6%). The number of animals grazing in the watershed and its extended karst is about 123,987 sheep and goats 
in 2001. With a grazing area of 16,875 ha, the grazing intensity is 6.8 animals/ha. According to the country’s statistics, fertilizer 
consumption was 405,000 ton/year in 2002. Intensive cultivation and livestock grazing have deteriorated significantly soil quality and land 
fertility. Soils are thin, poorly developed, following the lithology of the area [12]. 

Τhe data used as input to the SWAT model are provided by five meteorological stations, two of which are located within the 
watershed boundaries. These stations (at Samonas and Psichro Pigadi, see Fig. 1) are managed by the “Laboratory of Hydrochemical 
Engineering and Remediation of Soil” of the Technical University of Crete and record data every 5 minutes. The remaining three 
precipitation stations at Askifou, Kalives and Mouri are managed by the Region of Crete and are located outside the basin. Data from a 
telemetric station located near the exit of the basin towards the sea and two hydrometric stations along the Keramianos river bed, recording 
water level data every 10 minutes, are used to calibrate the SWAT model. In addition to the telemetric data, monthly field campaigns are 
conducted for both surface and ground water quality measurements (nitrate concentration among others, 2004-2010 interrupted time-series). 
Further details on the monitoring network and data analysis can be found in Moraetis et al. [11]. 
Grab samples for the determination of suspended sediment concentration were collected from the Koiliaris River at the hydrometric station 
H1 (Agios Georgios), on a monthly basis from 2011 to 2014. In addition, samples were also collected after every intense precipitation event 
in-between December 2013 and February 2014 at the station H3 which is located upstream of the gorge and corresponds to the Keramianos 
sub-basin.  

Data from the meteorological stations are available for the 1974-2018 period (45 years). However, there are periods of missing data 
for all 5 stations, which are infilled using the normal ratio methodology (as suggested by [13]) and utilizing monthly correlations between 
these stations or stations outside the watershed. According to the method, the estimate of the unknown rainfall value is given by: ܲ ൌ
ே
ேಲ

ܲ, where PX and PA are the daily rainfall values of the missing data station and the station with the available rainfall data respectively, 

and NX and NA are the normal annual rainfall of the missing data station and the station with the available daily data. 
 



 

4 
 

2.2 Overview of the methodology 
The aim of the methodology presented in this study is to assess the impact of internal variability (or stochastic uncertainty) of rainfall input 
on the flow, nitrate and sediment quantities transferred by the river to the basin exit of a karstic Mediterranean watershed. The input time 
series consist of the rainfall time series at Mouri station for the reference period (1974-2018) as well as the projected time series for the 
same station, based on three Representative Concentration Pathways (RCPs), i.e. RCP2.6, RCP4.5, and RCP8.5 of the CSC-REMO [14] 
Regional Climate Model(section 2.5). The input time series from the RCPs are imported in the LARS-WG, and an ensemble of thirty time 
series is generated for every initial time series. The generated time series are then used as input in the Karst-SWAT model. The model 
outcomes are surface runoff (provided by the classic SWAT model), spring flow (provided by the Karst-SWAT) model, nitrate 
concentration and sediment concentration at the basin exit (combination of classic SWAT and Karst-SWAT). The total flow of the basin is 
considered as the sum of the spring and karst flows. The sediment and nitrate mass are estimated by multiplying the daily concentration 
values at the basin exit with the corresponding flow values. The methodology is schematically illustrated in Fig.2 and the stochastic rainfall 
generator (LARS-WG) and the Karst-SWAT model are described in the sub-sections 2.3 and 2.4. 
 

 
Fig.2 Schematic representation of the methodology followed to assess internal variability for the reference period and the uncertainty of 
Koiliaris river flow (total flow, sediment and nitrate export) due to climate change projections. 
 

2.3 Rainfall Simulation 
The LARS weather generator (LARS-WG) is a single-site stochastic weather generator which simulates rainfall under present and future 
climate conditions [15-17].  LARS-WG is chosen in order to overcome the limitations of the Markov chain model of precipitation 
occurrence [18-20]. The latter considers two precipitation states, wet (non-zero rainfall) and dry (zero rainfall), and transitions based only 
on the conditions of the preceding day. This is not always sufficient to correctly simulate the maximum dry spell length which is crucial 
for realistic assessment of water resources in semi-arid regions. LARS-WG has performed well compared to other weather generators by 
means of reproducing the statistical characteristics of observed rainfall [21]. The rainfall simulation technique followed by the latest version 
of the LARS-WG is described in detail in [15]. The LARS-WG utilizes  semi-empirical  distributions for  the  lengths  of  wet  and  dry  
day time series and for the intensity of daily  precipitation. Precipitation occurrence WG is modelled as a sequence of alternating wet and 
dry series. The length of each series is chosen randomly from the wet/dry semi-empirical distribution for the month in which the series 
begins. The precipitation intensity for wet days is generated from the semi-empirical distribution of rainfall intensity on wet days for the 
particular month. The intensity value generated for each wet day is independent of the length of the wet series or the amount of precipitation 
on previous days.  

LARS-WG is applied for the time-series of the Mouri station, which has the shortest period (one year) of missing data. Although 
located just outside the karstic watershed, Mouri is representative for the permanent springs flow and is the single station which is well 
correlated with the remaining 4 stations (Psichro, Samonas, Kalives and Askifou). Since LARS-WG cannot produce correlated time series 
at multiple locations, the remaining stations are “simulated” based on Mouri using the normal ratio methodology described in section 2.1. 
Thus, correlated time series are generated for the remaining four stations. The calibrated SWAT model was run using the Mouri-based 
rainfall time series. The results show that the fit between the predicted and observed flow values is satisfactory (see Fig.3 and section 2.4), 
which supports the selection of Mouri station as model input.  

The effect of temperature input uncertainty on flow is also tested in the same manner as in [22]. Temperature data were available 
from two stations, Psichro Pigadi and Samonas, with data of daily minimum and maximum temperature available for the 1974-2018 period.  
The Box-Jenkins methodology [23] is used to simulate the time series of minimum and maximum temperature at both stations 
(Supplementary Material, Figures S1, S2). Thirty temperature realizations were simulated for each climate scenario while the precipitation 
input of the original time series was kept constant for each simulation. Results suggest the variability of flow, nitrate and sediment exported 
masses resulting from temperature uncertainty is less than 5%. Hence, the studied variables are not sensitive to temperature variations. 
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Therefore, for the purpose of assessing the effect of input uncertainties on the hydrological and water quality outcome, precipitation is 
considered as the meteorological key factor and temperature is not further considered.  
 

2.4 The Karst-SWAT model 
The SWAT model (Soil and Water Assessment Tool) is a well-known and widely used deterministic, watershed to river basin-scale, 
hydrological model, which operates on a daily time step. SWAT can assess the quality and quantity of surface and ground water and predict 
the environmental impacts of land use, land management practices, and climate change [24, 25]. In the model, the watershed is divided into 
smaller sub-basins in order to separate the tributaries; these are further divided into hydrologic response units (HRUs) which constitute 
unique combinations of soil type, land use and slope value within the watershed. 

For the purpose of simulating the karstic springs flow, we use the methodology developed in [11] to define the spatial extent of 
the karst area, based on fault analysis and other available data and observations, and its volume by means of mass balance modeling. The 
SWAT model uses the precipitation as input and simulates the surface hydrologic processes (snow accumulation and melt, surface runoff, 
infiltration to shallow groundwater and evapotranspiration) over the karst area. The surface water is then directed to the subsurface. Deep 
groundwater flow in the karstic area, which feeds the spring flow, is aggregated on a daily step and provides the input to a two-part reservoir 
karst model [12]. The karst model parameters are calibrated, and the resulting flow time series is used as point source input at the spring 
location. The mass balance equations for the two-part reservoir model are solved analytically for a daily input time step [12, 26]. In this 
setup, a nitrate-N mass balance was included assuming that nitrate is conservative in the karst [12].Given that the volume of the two 
reservoirs reflect the daily volume corresponding to the discharging water from the spring and does not account for the permanent volume 
of the karst below the spring level, a deep karst factor was introduced in the model equation of the lower reservoir to account for the extra 
dilution of the incoming chemical loads and in this way provide an estimate of the total volume of the karst (equal to 4.5). As far as the 
sediment transport is concerned, sediment yield from surface erosion is estimated for each HRU with the Modified Universal Soil Loss 
Equation (MUSLE). Thus, sediment yield is determined by the surface runoff volume, the peak runoff rate, the soil erodibility, the type of 
land use management and the support practices that are being followed, the slope and the coarse fragment of the soil (Williams, 1975). 
Sediment routing in the channel consists of two processes operating simultaneously, deposition and degradation. The aforementioned two 
processes are computed with a simplified version of Bagnold stream power equation. The sediment mass balance of the karst is calculated 
in a similar manner as the nitrate — N mass balance presented by [12] (see also Supplementary Material Equations). Manual calibration 
(trial-and-error method) was conducted by adjusting the erosion and sediment routing parameters that could not be obtained directly from 
available data. The sampling station H1 is located just downstream of the cross-section where the Keramianos tributary merges with the 
main river, the latter being fed by the karstic springs. Thus, the sediment and nitrate concentration at the sampling point is assumed to be 
equal to 
 

ௗܥ ൌ
ொೖೌೝೞ∗ೖೌೝೞାொೞೠೝ∗ೞೠೝ

ொೖೌೝೞାொೞೠೝ
 (1) 

 
where Qkarst and Ckarst is the flow and concentration (nitrate or suspended sediment) from the karstic springs, Qsurf is the surface flow from 
tributaries (mainly Keramianos) and Csurf is the concentration of the surface flow. The determination of Qkarst is possible through the Karst-
SWAT model. Eqs. (S10), (S11) (Supplementary Material) were used for the determination of Ckarst, while Qsurf and Csurf are provided from 
the calibrated SWAT model. The sediment or nitrate concentration from the modified SWAT model given by Eq. (1) is expected to match 
the corresponding observed values at station H1. 

The karst-SWAT model for the Koiliaris river basin has been calibrated using the 5 precipitation and 2 temperature stations. 
Details on the karst-SWAT model and the calibration for Koiliaris River Basin along with the exact equations used, can be found in 
Nikolaidis et al. [12] (flow and nitrates simulation) and Nerantzaki et al. [3] (sediment simulation). The methodology used for model 
calibration follows a three-step approach. First the hydrologic parameters of the sub-basins contributing to Keramianos tributary surface 
runoff are calibrated. Then, the transmission losses through the gorge are adjusted; finally, the Stylos spring flow is calibrated by first 
calibrating the SWAT hydrologic processes and then the karst model parameters of the extended karst. The agreement between the 
calibrated model for the reference period 2004-2013 (using the original rainfall time series at Mouri, and rainfall at the other four stations 
based on Mouri, see section 2.3) and the observed daily flow at the basin’s exit is shown in Fig.3. The statistical indices suggested by 
Moriasi et al. [27], namely the Nash-Sutcliffe Efficiency (NSE) which is the residual variance (“noise”) compared to the measured data 
variance (“information”), the Percent Bias (PBias) which is the  deviation  of  data  being  evaluated expressed as a percentage, and the 
standard deviation ratio (RSR), which is equal to the root mean square error (RMSE) divided by the standard deviation of the observations, 
were calculated leading to: NSE=0.62, PBias=0.91 and RSR=0.62 for the daily values, and NSE=0.70, PBias=0.91 and RSR=0.55 for the 
monthly values. A simulation is considered adequate if NSE > 0.5, |PBias|< 0.25 and RSR < 0.7. The NSE and the RSR indices are the 
same as the initial model calibration (using the true values of all 5 stations) for the daily values and slightly worse for monthly values. The 
PBias index, though, is significantly improved compared to the initial calibration for both daily and monthly values (PBIAS equal to -
22.3%). 
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Fig.3 Validation of karst-SWAT model output (daily flow) using rainfall input from Mouri and four other stations, with the observed daily 
flow at the basin’s exit. 

 
The model output for nitrate and sediment concentration at the basin exit is presented in Fig.4 (again, the graphs are a result of the 

model which uses the original rainfall time series at Mouri, and rainfall at the other four stations based on Mouri). A simulation is considered 
adequate for water quality simulations if NSE > 0.5, |PBias|< 70% and RSR < 0.7. The nitrate simulation yielded NSE equal to 0.6, PBias 
45.8 % and RSR 0.65. As far as the simulation of sediments is concerned, for the 2011–2014 period, the NSE is 0.97, the PBias is 53.0 % 
and RSR is 0.16 for the daily records. The indices are improved compared to the original calibration [3]. The mean daily concentration is 
estimated at 0.81 mg/L for nitrates and 28.9 mg/L for suspended sediments.  

 
Fig.4 Validation of karst-SWAT model output [(a) nitrate concentrations (b) sediment concentrations], using rainfall input from Mouri and 
four other stations, with observed data at the basin’s exit. 

 

2.5 Climate Change Scenarios 
A sub-set of simulations is selected from the recent high resolution (12.5 km) climate model ensemble, the EURO-CORDEX (EUR-11) 
[28]. The Global Climate Models (GCMs) simulations of the EURO-CORDEX have been conducted within the Coupled Model 
Intercomparison Project Phase 5 (CMIP5) representing various scenarios of greenhouse gas emission pathways. The regional simulations 
downscale the global climate projections of CMIP5 [29] and the RCPs [30, 31]. EURO-CORDEX scenario simulations use the RCPs 
defined for the Fifth Assessment Report of the IPCC [30]. Among the driving realization of the ensemble’s GCMs, the MPI-ESM-LR 
(GCM member r1i1p1) is selected, with the Regional Climate Model CSC-REMO. The selection of REMO is based on the performance 
of the model, which, for temperature, is best in the European, Mediterranean and North American domain, and precipitation shows highest 
skill scores for the Mediterranean, African and West Asian regions [14]. The latter is run for a range of Representative Concentration 
Pathways (RCPs), i.e. RCP2.6, RCP4.5, and RCP8.5 [30, 32]. 

The RCM simulated temperature and precipitation data (for each emission pathway) are adjusted for biases against a thirty-year 
period between 1980 and 2009 that served as reference for the correction. The quantile mapping methodology known as multi-segment 
statistical bias correction (MSBC) is used [33]. The bias correction of the RCM data is performed using point observations, hence the 
correction procedure also serves for the parameter downscaling.  

The rainfall data for both reference (1974-2018) and projected period (2019-2098) for the selected models are analyzed. The future 
period is divided into two separate sub-periods corresponding to the years 2019-2058 and 2059-2098. This division was applied for two 
reasons: (1) the intensity of the precipitation and the duration of wet and dry periods changes significantly after 2060 and (2) at least 40 
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years of observed data are required to reliably calibrate the LARS-WG generator. Eventually, there is one time series for the reference 
period, and six time series referring to the projected time period (2019-2098), two per RCP, which are used as input for the LARS-WG. 
 

2.6 Monte Carlo Simulations and methods for results analysis  
The six time series derived from the emission scenarios along with the reference period time series, are stochastically modeled using the 
LARS-WG. In order to select the optimum number of Monte Carlo simulations, we experiment with different numbers (10, 15, 30, 60, 90, 
120, 170, and 220) of rainfall realizations and at the same time we check if the range of values of the simulated monthly time series contains 
at least 95% of the values of the original time series [34]. The respective percentage for each number of realizations is given respectively 
by 85.6%, 88.8%, 95%, 97.7%, 97.9%, 98.1%, 99.1%, and 99.4%. To reduce the overall computational time, the smallest number of 
realizations meeting the 95% inclusion criterion, i.e., 30 realizations, is used in the analysis (as in [22]) 

The reference period rainfall is also simulated by the LARS-WG, generating 30 realizations which are run by the SWAT model to 
determine the reference period variability of total flow and nitrate and sediment concentration. The means of the 30 realizations (plus the 
original downscaled time series) of every variable, scenario and time window, are tested under the Kolmogorov-Smirnov test combined 
with the bootstrap methodology [35, 36] at the 5% significance level to assess whether the samples can be approached by normal 
distributions, in order to better portray the results (see section 3.1).  

3. Results 
3.1 Rainfall and flow results analysis 
For each scenario and time window, the mean and standard deviation of the observed and simulated monthly values are compared. Although 
the model succeeds in portraying the monthly means, in some cases the standard deviation of the rainy months is underestimated by the 
simulations. A methodology to overcome this underestimation of the variance was developed in [22]. A linear transformation is therefore 
applied to those time series that are not adequately simulated by the LARS generator. This methodology eventually generates corrected 
time series with the same properties (mean and variance) as the original sample (see [22] for the detailed description and Supplementary 
Material equations). 

The time series of the total flow generated from the SWAT model are produced as described in section 2.3 for each sub-period 
(i.e. 2019-2058 and 2059-2098). The results for rainfall and flow can be found in [22] and here the annual time-series are graphically 
depicted in Fig.5. The flow estimate was converted from cubic meters per second into equivalent runoff depth per year with reference to 
the area of 211.8 km2, which includes the main basin and the extended karstic area. An analysis regarding the uncertainty in monthly rainfall 
and flow has been carried out [22], according to which the rainfall uncertainty of the rainy months (October, November, December, January, 
February, March) is lower than the uncertainty of the drier ones (April, May, June, July, August, September), since the monthly values of 
dry months can range from zero rainfall to large monthly values.. This rainfall uncertainty is translated to ranges from 19.7 to 123.9 mm 
for the wet months and from 0.6 to 35.5 mm for the dry months. It is also noteworthy, that the uncertainty of flow is generally lower than 
the uncertainty of rainfall for the months January, February, March, April, May, June, July and August, but increases and exceeds the 
rainfall uncertainty values for the rest of the months (September, October, November and December). This is due to the way that the rainfall 
is distributed inside each month under consideration. Firstly, during the summer months (June, July and August), which have monthly 
rainfall values equal or close to zero, the flow is constantly low with no significant variations. Then, if the daily rainfall in the following 
months (mainly September and October, which have intermediate monthly rainfall values), takes place during successive days within the 
month, then the respective flow values increase compared to the low summer flows, and if the daily rainfall is dispersed in the month, then 
the impact on the flow is minimal, due to the dry conditions which preceded it (the low rainfall amounts are mostly absorbed by the soil, 
without forming significant flow). Thus, there is high variability in flow for the months following the summer season, until the wetter 
months take over, and the intra-monthly flow stabilizes. The flow uncertainty is translated to ranges from 6.8 to 93.1 mm for the wet months 
and from 0.5 to 29.4 mm for the dry months. For the months of September, October, November and December, the high percentages of 
uncertainty are translated to flow ranges from 1.17 mm to 93.1 mm. 

The means of the 30 realizations (plus the original time series) of each scenario and time window, for total flow, are tested under 
the Kolmogorov-Smirnov (KS) test combined with the bootstrap method [35, 36]at the 5% significance level. A “P” value of bootstrap KS 
test bigger than 0.05 means that the distribution passes the goodness‐of‐fit test at 5% significance level. According to the test, the hypothesis 
that the samples come from normal distributions can be accepted for all the time series tested. Therefore, for each scenario, the estimation 
of the 95% range is possible, by adding and subtracting 2 standard deviations on the mean of the realizations. The mean and range for each 
of the three scenarios, RCP2.6, RCP4.5 and RCP8.5 for the two projected 40-year periods and for the reference period can be summarized 
in Table 1. The internal variability of the reference period is in the 752.7-930.9 mm/year range (159.4-197.2 hm3/year). This range overlaps 
with the RCP8.5 scenario for the 2019-2058 window (721.4-873 mm/year), indicating that RCP8.5 does not predict significant flow 
decrease for this period. More specifically, the RCP8.5 scenario predicts a mean decrease of -5.3 % with a range of -14.3% to +3.7 %, 
compared to the reference period. The RCP4.5 scenario predicts a mean -16.7% decrease ranging from -27.0 % to -6.3% and the RCP2.6 
scenario predicts an increase of 32.1% with a range of 19.7% to 44.4%. After 2059, the respective changes are as follows: decrease from -
47.5% to -33.0% (RCP8.5 scenario), decrease from -27.6% to -10.1% (RCP4.5 scenario), and increase ranging between 24.6% and 61.1% 
(RCP2.6 scenario). 
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Fig.5 Total exit flow predictions for each climate change scenario: (a) RCP2.6, (b) RCP4.5 and (c) RCP8.5 for the time period 2019 to 
2098. The original time series (based on the climate scenario rainfall forecasts) is shown by the solid line. The 90% confidence interval 
(CI) of the predicted flow values (based on the simulated realizations) is shown by the dashed (5% percentile) and dotted (95% percentile) 
lines 
 
Table 1. The mean and the 95% range for rainfall and total flow based on the simulation of rainfall according to the three climate change 
scenarios. 

 

3.2 Sediment and Nitrate mass results analysis 
The sediment and nitrate mass are estimated by multiplying the daily concentration values at the basin exit with the corresponding flow 
values. The daily values are transformed to monthly and annual values for further analysis. The annual time series of the present and 
projected time series for the variables of sediment and nitrate export along with the 95% Confidence Interval range of the iterations is 
presented in Fig.6.  

The means of the 30 realizations (plus the original time series) of each scenario and time window, for sediment and nitrate mass, 
are again tested under the Kolmogorov-Smirnov (KS) test combined with the bootstrap method [35, 36] at the 5% significance level and 
hypothesis that the samples come from normal distributions can be accepted for all the time series tested. The mean and range for each of 
the three scenarios, RCP2.6, RCP4.5 and RCP8.5 for the two projected 40-year periods and for the reference period can be summarized in 
Table 2 and the distributions are presented in Fig.7. 
When comparing Figures 5 and 6 (nitrate simulation), it is obvious that the nitrate mass follows the patterns of flow, as the nitrogen transfer 
is relatively proportional to runoff. The sediment amount, on the other hand, although follows the trends defined by precipitation and flow, 
has a more random behavior. 

The quantification of the uncertainty of the average 40-year nitrate and sediment mass export can be assessed as a ratio of the 5–
95 percentile range by the respective annual mean over the 40-year period. Thus, for the 2019-2058 period, the uncertainty of the average 
40-year nitrate mass at the exit of the river basin is 14.9%, 16.1% and 15.3% for RCP2.6, RCP4.5 and RCP8.5 respectively. These 
percentages change to 18.7%, 19.6% and 17.1% during the 2059-2098 period. The uncertainty of the total sediment is higher, as for the 
2019-2058 period the uncertainty is 25.9%, 44.9% and 30.7% (RCP2.6, RCP4.5 and RCP8.5 respectively) and for the 2059-2098 the 
uncertainty of each RCP is 34.9%, 50.4% and 42.9%. The ranges of uncertainty for flow and nitrate mass are similar (17-20%), however, 
this percentage is significantly higher for the case of sediment mass, due to the complexity of the erosion process: sediment erosion and 
transport is affected by a greater number of factors, such as the duration of dry periods which make sediment more erodible and thus easily 
transferred during the subsequent wet period. 
 

variable 
1974-2018 2019-2058 2059-2098 

reference per. RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 
rainfall 1120.6 ± 78.4 1426.9 ± 99.2 1008.8 ± 84.3 1107.3 ± 71.9 1507.9 ± 135.9 999.8 ± 72.9 829.8 ± 69.3 

total flow 
(mm/year) 

841.8 ± 89.1 1111.9 ± 104.0 701.5 ± 87.0 797.2 ± 75.8 1202.4 ± 153.5 682.9 ± 73.6 503.2 ± 61.2 
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Fig.6 Annual sediment and nitrate export mass predictions for each climate change scenario: (a) RCP2.6, (b) RCP4.5 and (c) RCP8.5 for 
the time period 2019 to 2098. The original time series (based on the climate scenario rainfall forecasts) is shown by the solid line. The 90% 
CI of the predicted flow values (based on the simulated realizations) is shown by the dashed (5% percentile) and dotted (95% percentile) 
lines 
 
Table 2. Mean and 95% reference range for total sediment and nitrate mass according to the iterations of the three climate change scenarios 
for the present-reference period and for the two future periods 

 

Fig.7 Probability density functions of the exported nitrate mass and sediment mass (based on 30 realizations and the original time series 
for the respective climate change scenario) for the (a) 2019-2058 and (b) 2059-2098 period, plotted for the RCP2.6, RCP4.5 and RCP8.5 
scenario 

variable 
1974-2018 2019-2058 2059-2098 

reference per. RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 
Sediment 
mass (t) 

10645.7 ± 5909.9 
29919.1 ±  
10562.2 

9885.7 ±  
6017.1 

15540.9 ± 
6439.4 

39998.4 ±  
18211.4 

15397.8 ± 
11197.2 

10656.5 ± 
6091.1 

Nitrate 
mass (t) 

141.5± 35.4 228.6 ± 47.7 130.4 ± 32.3 159.8 ± 31.6 169.6 ± 40.1 97.2 ± 27.6 82.5 ± 18.6 
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Exported sediment mass is expected to increase for all climate change scenarios and both future periods with the exception of the 
RCP4.5 scenario and the 2019-2058 period and RCP8.5 scenario and the 2059-2098 period, during which the sediment mass is not expected 
to change significantly compared to the reference period. Nitrate mass follows the pattern of flow and fluctuates with it.  
The range of the of the mean monthly sediment and nitrate mass values (95% confidence interval) of the 30 realizations (plus the original 
time series) is computed and divided by the average of the mean for each month (the result is expressed as a percentage). Results are shown 
in Fig.8. The monthly uncertainty of nitrate mass again complies with the monthly uncertainty of flow [22]. This nitrate mass export 
uncertainty is translated to ranges from 2.1 to 21.9 t for the wet months and from 0.1 to 13.5 mm for the dry months. Uncertainty in monthly 
sediment mass export is lower during the wet months of January, February, November and December and the dry month of July. During 
these months the rainfall and flow are stabilized and so is the erosion process. The uncertainty reaches the highest values during September 
and October, following the uncertainty in flow predictions (section 3.1), and occasionally during the months before summer (May, June), 
when the rainfall uncertainty is becoming significant. The range of these uncertainties in terms of mass is 0.6 to 12662 t.  

 
Fig.8 Graphical representation of the mean monthly sediment and nitrate values (solid lines - left y axis) and the % uncertainty expressed 
as the 95% range divided by the average variable values (dotted lines - right y axis), as estimated by the 30 realizations (plus the original 
time series) of precipitation and simulated flow using the SWAT model. 

4. Discussion and Conclusions 
This study focuses on assessing the role of uncertainties on the flow and water quality estimates in a karstic Mediterranean watershed with 
semi-arid climate. In particular, we concentrate on the uncertainties stemming from the Karst-SWAT input rainfall time series, based on 
future climate change projections. We derive estimates of the total watershed flow, exported nitrate and sediment mass, as well as a range 
of probable values that encompass the impact of uncertainty. The study aims to provide information on the mean and internal variability or 
stochastic uncertainty of specific RCPs for two non-overlapping periods in the future (2019-2058 and 2059-2098). We are not concerned 
with the selection of the optimal climate change model, but rather with assessing the uncertainty of the hydrologic model outcomes, given 
typical climate change model time series, nor do we deal with the uncertainty stemming from hydrologic model selection. Our model, also, 
does not take account for the presence of potential trends in the precipitation time series. However, as we are interested in simulating the 
average statistical features of the 40-year periods and not the temporal evolution, it is not necessary to explicitly model the trend function. 
The quantification of model parameter uncertainty was not dealt in this study, as Nikolaidis et al. [12] have already conducted a sensitivity 
and uncertainty analysis due to model parameters on the specific model setup, using the @RISK software by PALISADE, after the karst 
model parameters were calibrated. By running 1000 Monte Carlo simulations, they calculated that the uncertainty (95% confidence level) 
of the simulation results (karstic flow) due to karstic model parameters ranged from 0.2% to 5.8% on the monthly average discharge. This 
percentage is negligible compared to the monthly uncertainty stemming from internal variability (24.5% to 200%). The uncertainty (95% 
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confidence level) of the simulation results of nitrate concentrations due to the four hydrologic parameters and one chemical parameter was 
also very low and on average 0.12% of the monthly average nitrate concentration.  

The study reveals that the internal variability (or stochastic uncertainty) inherent in precipitation time series predicted by climate 
change time scenarios is propagated to estimates of flow, sediment and nitrates, to a greater extend compared to model parameter 
uncertainty. The mean annual internal variability of the emission scenarios, for the future 40-year periods is on average 15.3 % for rainfall, 
22.3 % for total flow, 17% for the exported nitrate mass, and 38.3% for the exported sediment mass. These values correspond to the ratio 
of the 5–95 percentile range divided by the respective annual mean over the 40-year period. The results do not vary significantly between 
the emission scenarios. The rainfall uncertainty range is always lower compared to the uncertainty range of total flow; on average the 
uncertainty range of total flow is 30% higher than that of rainfall. Also, the uncertainty range of nitrate mass is 30% lower than that of the 
total flow (approximates rainfall), and the two uncertainties are linearly related. 

The results regarding the comparison of the distributions of the 40-year means for all scenarios, point out that 2019-2058 will be 
a transition period, during which the outcomes of different climate scenarios overlap due to the domination of internal variability, and the 
changes in flow (and nitrates) are not as significant as the ones forecasted after 2060, when the choice of the emission scenario becomes 
more important. Northrop and Chandler [37] also came to a similar conclusion using Bayesian analysis on models obtained from phase 3 
of the Coupled Model Intercomparison Project (CMIP3). During this transition period, important decisions should be taken regarding the 
water management of the area, in response to the climate trends that will be observed. The projected impact of climate change at the 
Koiliaris River, and the island of Crete in general, changes significantly as a function of the emission scenario realized (a statement also 
supported by Joseph et al. [38]), and ranges from significant flow increases (RCP2.6) to significant decreases in runoff.  
The study revealed that the inherent (or stochastic) uncertainty which exists in climate change time series of precipitation, is propagated to 
a large extend on the total flow and the sediment and nitrate export of the basin. It is not possible to conduct a uniform conclusion regarding 
flow from multiple RCMs but it is highly important that their stochastic uncertainty is taken under consideration when planning for water 
resources adaptation and mitigation measures, in order to alleviate climate change impacts, as the uncertainty range may reveal possible 
deficits that were not otherwise taken into account. Finally, it is noteworthy, that sediment transport is expected to increase, regardless of 
the trend of flow and the high uncertainty of the variable, due to the fact that drought makes soils more susceptible to erosion, therefore 
measures for the limitation of poor agricultural practices and the protection of the vulnerable areas should be taken promptly. 

The methodology presented in this paper combines the advantages of stochastic climate change scenarios with those of a fully 
integrated hydrologic model. The integration of surface and subsurface flow in the same model provides more realistic simulations of water 
cycle and improved representation of groundwater recharge, which is important for impact assessment on groundwater resources. This is 
the first time, to our knowledge, that an assessment of internal variability is applied to a karstic Mediterranean watershed. The Koiliaris 
River Basin can represent a benchmark for comparative studies in other similar regions of the globe. 
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