
 

 

European Water 49: 3-18, 2015. 
© 2015 E.W. Publications  

Development and testing of the MWBMT toolbox to predict runoff 
response at the poorly gauged catchment of Mornos, Greece 

I. G. Pechlivanidis1*, S. Anastasiadis2 and D. F. Lekkas2  
1 Swedish Meteorological and Hydrological Institute (SMHI), 601 76, Norrköping, Sweden 
2 Department of Statistics and Actuarial-Financial Mathematics, University of Aegean, 83200 Samos, Greece 
* e-mail: ilias.pechlivanidis@smhi.se 

Abstract: Prediction of runoff response in ungauged catchments has been one of the key issues in water science. Despite the 
considerable effort, the hydrologic community has devoted over the past decade, there is still need to develop robust 
frameworks capable of representing the dynamic behaviours of catchment processes (e.g. streamflow). Runoff 
prediction has been particularly challenging in the poorly gauged or usually ungauged Greek catchments, whereas 
predictions are subject to significant uncertainty due to erroneous and/or limited available data. The Athens Water 
Supply and Sewerage Company (EYDAP SA) has funded a project to measure, and simulate the hydrological fluxes 
(e.g. rainfall, snowfall, streamflow, evaporation) of the 560 km2 Mornos catchment, Greece, that supplies the 
metropolitan area of Athens with fresh water. In this study, we present the Mornos Water Balance Model Toolbox 
(MWBMT) recently developed to simulate the hydrological processes in the catchment. Moreover, we try to upgrade 
the model performance by assimilating information provided by EYDAP SA (i.e. monthly runoff contribution and 
water level at the reservoir). The rainfall-runoff model structures are based on the Soil Conservation Service Curve 
Number (SCS-CN) method, whereas topographical, geological and land use information is used to complement 
parameter identification. In addition, a simple water balance equation is used to estimate the change in the reservoir’s 
storage. The analysis is based on daily data from the available 15-month period to drive the original SCS-CN model 
aiming to support the reservoir’s water management. Finally, we present the sources of error/uncertainty causing poor 
model performance over different time periods and point towards ways for improvement. 
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1. INTRODUCTION  

In the previous and current decade, the hydrological community has devoted substantial attention 
on ungauged and poorly gauged catchments, since streamflow prediction at these systems is highly 
uncertain yet it represents the majority of practical applications (Blöschl et al., 2013; Pechlivanidis 
et al., 2011). Several initiatives (i.e. the Prediction in Ungauged Basins, Model Parameter 
Estimation Experiment) focused on, among others, imprecisely observed data, inaccuracies in 
catchment characteristics, imperfect model structures and parameter values, and uncertainty in 
model predictions (Duan et al., 2006; Sivapalan et al., 2003). As a result, several methods have been 
developed to characterise the effects of heterogeneity, improve process understanding and provide 
access to new data resources, with the goal to describe the water processes everywhere (Hrachowitz 
et al., 2013). However, most of the investigations were conducted at only one or a limited number 
of catchments, hence limiting the potential to generalise the underlying hydrological hypotheses 
under different hydro-climatic gradients (Montanari et al., 2013). 

Current methods to predict runoff generation in ungauged catchments are based on statistical 
regionalisation approaches that relate flow properties or model parameters to physical and hydro-
climatic descriptors of a catchment (Parajka et al., 2013; Pechlivanidis et al., 2010; Wagener and 
Wheater, 2006). Other methods aim to constrain the parameter space by estimating the dependence 
of response indices (statistical properties of discharge) using physical characteristics (Bulygina et 
al., 2011, 2009) or by improving the understanding of system behaviour via either introducing 
additional data (i.e. remote sensing, tracers, quality etc.) (McDonnell et al., 2010; McMillan et al., 
2012; Michaelides and Chappell, 2009; Samaniego et al., 2011) and/or expert knowledge (Beven 
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and Westerberg, 2011; Clark et al., 2011; Fenicia et al., 2008; Gao et al., 2014; Seibert and 
McDonnell, 2002). These methods have been successfully tested in well gauged catchment areas 
around the world, characterised by the availability of long periods of data; however, their potential 
has drawn little attention when limited physical and data information is available. Empirical models 
based on the unit hydrograph theory have also been used to predict the catchment response (Melenti 
et al., 2011; Shadeed and Almasri, 2010). The simplicity of such models has allowed them to be 
applied relatively easily to ungauged catchments (Elhakeem and Papanicolaou, 2009; Khakbaz et 
al., 2012; Michel et al., 2005). 

One of the methods that have been widely used for the estimation of direct runoff from storm 
rainfall is the Soil Conservation Service Curve Number (SCS-CN) method (US SCS, 1972). SCS-
CN requires no or limited calibration since model parameters are related to topographic, soil and 
land use properties (Jain et al., 2006; Mishra and Singh, 1999; Soulis and Valiantzas, 2012). Due to 
the low input data requirements, the method has been incorporated in many widely used 
hydrological models (e.g. SWAT, AGNPS, EPIC and HEC-HMS). Baltas et al. (2007) states the 
advantages of the SCS-CN method: i) simplicity, ii) stability, iii) predictability, iv) reliance on only 
few parameters, and v) responsiveness to major runoff-producing catchment properties (soil type, 
land use, surface condition, and antecedent conditions). These SCS-CN rainfall-runoff models have 
therefore a great potential in Greek catchments since discharge records are not always available 
and/or the period of record is often short for precise estimation of highly parameterised models 
(Soulis and Dercas, 2007). On the other hand, Soulis et al. (2009) state the weak points of the 
method: i) the impact of rainfall intensity and its temporal distribution is not considered, ii) the 
effects of spatial scale are not addressed, iii) high sensitivity to changes in values of its sole 
parameter, CN, and iv) the effect of antecedent moisture conditions is not clearly addressed. 

This study is inspired by a recent project funded by the Athens Water Supply and Sewerage 
Company (EYDAP SA) to measure and simulate hydrological fluxes (e.g. rainfall, snowfall, 
streamflow, evaporation) in the 560 km2 Mornos catchment, Greece, which supplies the 
metropolitan area of Athens with fresh water. In this paper, we present and apply our recently 
developed rainfall-runoff toolbox (Mornos Water Balance Model Toolbox - MWBMT) which is 
based on the SCS-CN method to simulate the hydrological response of the poorly gauged Mornos 
catchment and further estimate the water budget in the natural reservoir. Section 2 introduces the 
study area and data used. The development of the rainfall-runoff model is introduced in Section 3. 
Section 4 presents the results and discussion, and finally Section 5 states the conclusions. 

2. STUDY AREA AND DATA 

The 560 km2 catchment of Mornos is located in the western part of Central Greece and belongs 
to the county of Fokida (Fig. 1). The catchment (most downstream point is the dam location) has an 
average altitude of 1082 m (altitude varies between 443 and 2489 m). The average annual rainfall 
and streamflow are 950 mm (snow occurs at higher elevation which is unknown) and 235 million 
m3, respectively. The reservoir can store water up to about 780 million m3. Areas at high elevation 
receive snow during winter (snow accumulation) and dispose this amount of water in early spring 
(snow melting). The two main tributaries of the area are: the 267 km2 upper Mornos and the 95 km2 
Kokkinos subcatchments. 

In December 2011, the National Observatory of Athens (NOA) installed four weather stations, 
two snowgauges and two water level gauges (at Kokkinos and Lefkaditis) over the catchment. Data 
from a third water level gauge at an upstream point of Mornos river operated by the Athens Water 
Supply and Sewerage Company (Upper Mornos) have also been collected and integrated in the 
dataset (Fig. 1). The water level gauges measure the water depth at the Kokkinos and Mornos 
subcatchments, whereas the Upper Mornos water level gauge measures water depth at an upstream 
location to the one NOA installed (Fig. 2). The weather stations measure several meteorological 
variables (rainfall, humidity, pressure, temperature etc.) at a ten minutes temporal resolution; 
however, for our objectives, we have aggregated the data at daily time steps. In here, we aim to 
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explore the potential of the rainfall-runoff model structure and do not focus on the most 
“appropriate” representation of the climatic variables. Therefore, in this investigation, the arithmetic 
average method was used to estimate the mean areal precipitation and temperature. As expected, 
several challenges have to be dealt with prior to any hydrologic analysis (i.e. erroneous series, 
gauge malfunctioning, noise, uncertain rating curves; see Fig. 2). Here, noise is observed during the 
instability of the water levels during normal operations, whilst errors are observed in the abrupt, 
rapid or unexpected fluctuations (usually of unrealistic range) in the data (Fig. 2). Gauge was 
malfunctioning when the data rapidly changed and remained in a significantly different range 
compared to the expected range of values. In this case, a manual reset/adjustment was required. 
Although some poor quality data had to be corrected (i.e. correction of water level based on 
temperature), it is important that every source of error/uncertainty is taken into consideration when 
analysing the results. 

 
Figure 1. The catchment of Mornos, Greece. 

A 30x30 m2 Digital Elevation Model (DEM; source was ASTER GDEM) was used to identify 
the areas that contribute to the locations of our flowgauges. Land use data were downloaded from 
the CORINE Land Cover 2000 database. The land use categories include permanent crops, forest, 
shrubs and the water bodies (reservoir and rivers) (Fig. 3a). A hydrogeological map of a 1:50000 
scale was also used to define hydrological soil groups, depending on soil texture and permeability 
(Fig. 3b). 

 

Figure 2. (a) Mean areal rainfall and water levels (10 min) at Kokkinos, Upper Mornos and Lefkaditis stations during 
15/12/2011 - 28/02/2013, and (b) generated rating curves. The rating curves were generated based on measured water 

levels and discharge during five field visits. 
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Figure 3. The land use types (a) and hydrogeological characteristics (b) of the Mornos catchment, Greece. 

3. MATERIAL AND METHODS 

3.1 The semi-distributed Mornos Water Balance Model Toolbox 

The MWBMT has been primarily developed to estimate continuous streamflow at (ungauged or 
poorly gauged) points along the river system in the Mornos catchment. However, it is important to 
note that the toolbox was not developed to replace existing hydrological models, but rather to 
complement, since MWBMT is parsimonious and allows quick setups and evaluations of semi-
distributed SCS-CN models. Currently, three SCS-CN based models of various sophistication and 
complexity are available: the original SCS-CN method (US SCS, 1972), the simplified SAHU 
model (Sahu et al., 2010), and the Mishra-Singh model (Mishra and Singh, 2004). For this 
application, the catchment has been delineated (driven by topography) into a network of 61 subunits 
and the model is applied (as a lumped structure) to each subunit; hence modelled outputs can be 
extracted at 61 locations in the Mornos catchment. Routing of surface runoff to the catchment outlet 
is also calculated. Topologically, MWBMT simulates streamflow for the uppermost stream subunits 
first and accumulates the flow down the channel network. The hydrological processes and 
meteorologically forcing data are considered homogeneous within each subunit. Then the degree of 
spatial distribution is represented mainly through the number of subunits. Fig. 4 shows the 
architecture of the toolbox. The toolbox consists of a number of scripts developed in Matlab 
programming language (MATLAB version 7.10.0. Natick, Massachusetts: The MathWorks Inc., 
2010) that allow the user to set up the model for a selected region. Generally, the scripts can be used 
to prepare the input data files (i.e. estimate snow accumulation/melting and potential 
evapotranspiration), identify model parameters and evaluate model performance. In addition, the 
toolbox offers scripts for data analysis and visualisation, and parameter sensitivity analysis. Scripts 
of the model components, required input data/time-series and generated output variables, are 
presented in Appendix A. 
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Figure 4. General structure of the MWBMT. 

3.2 Determining curve number (CN) 

Prior to simulation, the SCS-CN method requires estimation of the curve number (CN) parameter 
that characterizes the soil permeability and land use. The curve number is used to determine how 
much rainfall, within a storm event, infiltrates into soil or aquifer and how rainfall becomes surface 
runoff; hence it is valid only on a daily time step. Curve numbers depend on landuse, soil 
characteristics and antecedent moisture conditions. CN values vary from 0 to 100; a high CN means 
high runoff and low infiltration (usually observed in urban areas), whereas a low CN means low 
runoff and high infiltration (dry soil). Information from land use, hydrologic soil group, and 
antecedent soil moisture conditions is needed to estimate CNs (Mishra et al., 2003; Patil et al., 
2008). Table 1 presents the database for the estimation of CN. 

A methodology has been developed for application in continuous time hydrological modelling 
allowing the temporal variation of CN. A CN value for ‘normal’ soil moisture conditions (CN2) can 
be a priori calculated from land use and soil information and further adjusted in the calibration 
process. Since runoff and infiltration characteristics on a soil plot depend on antecedent moisture 
conditions, CN is adjusted to a lower value CN1 under dry conditions and a higher value CN3 under 
wet conditions given by (Soulis and Valiantzas, 2012): 

!"! = !"!
(!.!!"!!.!"##$∙!"!)

!!!!!!!!!!!!!!!!"! = !"!
(!.!"#$!!.!!"#∙!"!)

 (1) 

The curve number is then interpolated between CN1 and CN3 using: 

!"! = !"! − !"! ∙ !!!!!!"#$ + !"! (2) 

where SS is a state variable representing unsaturated zone soil storage (cm) at time t and Smax is the 
maximum allowable unsaturated soil storage which is computed from the catchment storage 
capacity equation using Smax = (1000/CN1 - 10) x 25.4. The term SSt/Smax is the unsaturated zone 
soil moisture content at time t. 
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Table 1. CN values used for rainfall-runoff modelling (as derived from Chow et al., 1988). 

 

3.3 The SCS-CN model 

The original SCS-CN method was used in this study. Daily runoff time series for each subunit is 
computed by the formula: 

!"! = (!! − !!)!/(!! + ! − !!)   for Pt > λ · S (3) 

!"! = 0   for Pt ≤ λ · S (4) 

where S is the potential maximum retention (function of CN), Ia is the initial abstraction 
representing losses due to interception, infiltration and surface storage, all of which occur before 
runoff begins and taken as a function of S (Ia = λ · S, commonly λ is set equal to 0.2; however, in 
this study λ was calibrated), ERt is the depth of runoff or excess rainfall in mm at time step t and Pt 
is the rainfall height in mm at time step t. In the mountainous parts of the catchment where snow 
accumulation and snowmelt are important processes, we replace P with effective precipitation 
described as the sum of rainfall and snowmelt. 

 
Snow accumulation / melting component: Snow accumulation and melt is based entirely on 

average daily temperature. When average daily temperature Tt is below 0oC, any precipitation 
falling on that day is added to the snow pack, rather than routed through the rainfall-runoff portion 
of the model.  

!"#$! =
!"#$!!! + !!!!!!!!!!!!!!!"!!! ≤ 0!!
!"#$!!! − !"!!!!!!!!!!!!!"ℎ!"#$%!  (5) 
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and !"! = !"#$% ∙ !!, with the condition that Snow is non-negative and where Ps represents water 
melted from the snow pack (cm), T is mean daily temperature (oC), and Msnow is a calibrated 
model parameter (mm oC-1 day-1). 

 
Routing: After computing surface runoff using the SCS-CN method, which represents the rainfall 

excess amount corresponding to effective precipitation, routing takes place to transform surface 
runoff to direct runoff that is produced at the outlet of the subunit. This is carried out using a single 
linear reservoir method, given by: 

!! = !!!"! + !!!!!!! + !!!!!! 

!! = !! = (1/!)/(2 + 1/!)             !! = (2 − 1/!)/(2 + 1/!) (6) 

where qt is the direct runoff at time t, K represents the single linear reservoir storage coefficient 
(day-1) and is assumed as a function of time of concentration. It is worth noting that in this model 
formulation, the mass remains conserved during the routing process.  

 
Baseflow: The baseflow (qb) is assumed to be a fraction (bf) of F as below: 

!!!!!"#$ = !! ∙ !! (7) 

where F is the cumulative infiltration (F = P - Ia - ER), and NLAG is the baseflow lag parameter 
(days). The above equation represents the baseflow routed to the outlet of the subunit using lag and 
route method. The total daily discharge is the sum of q and qb. 

 
Evapotranspiration: The Romanenko’s empirical equation, a temperature-based method, is used 

to estimate potential evapotranspiration, PET (Oudin et al., 2005a, 2005b). Actual 
evapotranspiration, ET (mm), is further estimated using PET and is calculated by: 

!"! = !!!!!
!"#$ ∙ !"#! (8) 

where SSt/Smax is the unsaturated zone soil moisture content. ET is reduced based on soil dryness 
and mitigates the tendency for the subsurface to dry completely during long periods without 
precipitation. This could be conceptualised as a process such as plants wilting, thus reducing 
transpiration during an extended dry period. 

3.4 Water budget model 

In our application, a simple water budget model related to the degree of physical representation 
of fluxes is set. The model conceptualised for the reservoir of Mornos takes the following form: 

!!,! + !"#! + !"#$%&'! − !"! − !! − !"#$! − !!"#$%&!'! = !!"#$%&'  (9) 

where PL is the rainfall that falls directly into the lake, Qin is the streamflow that contributes to the 
reservoir, Qevinos is the water volume imported from Evinos’ connecting tunnel, GW is the 
groundwater loss, E is the evaporation from the reservoir, Qout is the discharge distributed to the 
city of Athens, Qoverflow is the discharge due to overflowing water, and ΔStorage is the change in 
the water storage of the reservoir. Most of these components can be estimated using measured and 
simulated data. Qin is estimated in a daily step according to the SCS-CN rainfall-runoff model. 
Discharge from the Evinos River (Qevinos) and water level data have been provided by EYDAP 
SA. A relationship between water level and storage volume allows calculation of !!"#$%&'. E is 
estimated from the evaporation pan installed next to the dam. The amount of water distributed to the 
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city of Athens is measured; hence Qout data are available. Groundwater losses are practically 
difficult to be measured, and thus they are estimated given that the other terms of the equation are 
known. 

3.5 Model identification 

The lack of adequate and informative discharge data (see Fig. 2) limits our potential to 
parameterise the model using traditional calibration methods based, for instance, on daily flow 
observations. However, EYDAP SA has been empirically estimating monthly runoff volumes, 
which are used to assess model adequacy (Dec 2011 for model warm up and Jan 2012 - Feb 2013 
for evaluation; although their empiric estimation is also uncertain, these values were used as 
reference). In total, 100000 Monte Carlo simulations are generated to investigate the parameter 
space; six parameters (CN, K, bf, NLAG, λ, Msnow; see Table 2) are calibrated and homogeneously 
distributed over the model domain. It is therefore more precise to state that, in here, the model is 
applied in a semi-lumped approach; although flow from each subunit is routed downstream, the 
spatially distributed forcing data are aggregated over the entire basin, while the optimal parameter 
set is applied to all the subunits in the semi-distributed structure of the model in order to simulate 
the streamflow. The initial soil moisture conditions were not calibrated, since the simulations start 
in December, hence the soil is assumed saturated. It is important to note that although CN is 
traditionally estimated from databases (see Table 1 or tables in Miliani et al. (2011)), in here, CN 
was considered in the calibration in order to highlight the sensitivity of the results to this parameter. 
The absolute bias in the monthly runoff volume (MonVol) was used to evaluate the model (however 
note that the user can calculate more objective functions, including the Nash-Sutcliffe Efficiency, 
Root Mean Square Error, Absolute Bias, and the Kling-Gupta Efficiency) given by: 

MonVol = abs[ (Qsimi −Qobsii=1

N
∑ )]  (10) 

where Qsim is the simulated monthly runoff volume, Qobs is the monthly runoff volume provided 
by EYDAP SA, n is the length of the time series (Jan 2012 – Feb 2013; 14 values). Higher the 
MonVol, poorer is the model performance and vice versa. MonVol has the advantages of having the 
same units as the variable.  
 

Table 2. Model parameters, their range and optimum values, and model performance measure. 

 

 
In here, we do not focus on capturing the daily dynamics of flow and hence base the parameter 

calibration on time-sensitive metrics, e.g. Nash-Sutcliffe efficiency. Such diagnostic metrics are 
generally subject to the length and on the information to noise ratio of the available data 
(Pechlivanidis et al., 2014). Yet we highlight the presence of uncertainty/error in the data (see 
Section 2) and also the short length of time series. We therefore expect that evaluation at a coarser 
time step (i.e. monthly) could result into a more pragmatic parameter range and a model capable of 
representing the seasonality in the flow regime.  

Parameter Unit Min Max Optimum
CN ! 60 95 89
K day!1 0.5 3 1.35
bf ! 0.01 0.99 0.15
NLAG day 0 5 5
λ ! 0.01 0.99 0.36
Msnow mm.oC!1.day!1 0.7 9 8.2
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4. RESULTS AND DISCUSSION 

4.1 Model ability to simulate streamflow characteristics 

To investigate the adequacy of the model structure, daily streamflow is simulated based on the 
best model parameter set selected using the MonVol measure, and compared to the observed flow 
records calculated using the rating curves in Fig. 2b. Fig. 5 presents an example of parameter 
identifiability and model’s potential to describe the streamflow signal in the Upper Mornos station. 
Out of the six model parameters only two (λ and CN) were identifiable using the MonVol objective 
function. The optimum parameter values are presented in Table 2. Fig. 5a presents the dotty plots 
for λ which is highly identified in the 0.15-0.5 range, probably because the existence of pervious 
areas leads to high initial abstraction ratio. Any λ value outside the 0.15-0.5 range would 
consistently lead to much poorer model performance. This is an interesting result indicating that the 
commonly pre-determined assumption of 0.2 is not always correct. CN is also identifiable in the 
range of 85-91, which contradicts its a priori estimated range of 75-80 based on Table 1 (using 
Hydrologic Soil Group B). This highlights the need to develop new databases for the estimation of 
CN (see Miliani et al., 2011). In addition, it is noted that although the other parameters were not 
sensitive to MonVol, few parameters (i.e. NLAG) show some sensitivity to other performance 
measures (i.e. the Nash-Sutcliffe efficiency); NLAG is a lag parameter affecting the baseflow 
routing and further the temporal dynamics of the hydrograph, whilst consequently affects the Nash-
Sutcliffe value due to the latters sensitivity to timing and peak flow. Note that thorough analysis is 
beyond this paper’s objectives. 

 

 

Figure 5. (a) Parameter identification and (b) simulated daily flow in the Upper Mornos station. 

As expected, the model is not fully able to represent all characteristics of the hydrological signal, 
i.e. medium flows (Fig. 5b). Despite the existence of erroneous data (defined by their rapid and 
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unexpected fluctuations of unrealistic range), the model cannot adequately represent the recession 
in the first winter period (Dec 2011 – Feb 2012). This could be due to wrong parameterisation and 
assumption of the antecedent conditions or even because the simple SCS-CN model hypothesis is 
not adequate enough to represent such flow signatures. However, it is important to note that the 
model response shows sensitivity to the rainfall signal; a number of runoff events occur when 
rainfall events take place, whereas the rising limb can be matched well by the model (see Fig. 6). 
This is a positive sign given the limited calibration of the model and the highly uncertain observed 
data; note that the MonVol value achieved is <100 hm3 for the 14-month period. Actual 
evapotranspiration varies according to potential evapotranspiration and water availability, whereas 
CN and S vary according to the precipitation and evapotranspiration amounts (Fig. 6). 

 

Figure 6. Temporal distribution of hydro-climatic fluxes. 

4.2 Model ability to simulate monthly patterns 

We next investigate the potential of the model to simulate the monthly pattern of runoff volume. 
Fig. 7 presents the monthly distribution of simulated runoff and empirically calculated runoff from 
EYDAP SA. Both runoff distributions follow the distribution of monthly rainfall, whereas a very 
good agreement is achieved between the estimated and observed runoff for the winter and summer 
seasons. However, during the spring (Mar – May) season, the model significantly underestimates 
the runoff contribution. Data from EYDAP SA show that runoff is generated without significant 
rainfall events; hence, the contribution could be from snow melting. This result points towards the 
need for a more accurate representation of temperature’s spatial distribution; and hence a more 
accurate estimation of the snow melting contribution. 

Finally, we assess the rainfall-runoff model results from an end-users viewpoint analysing the 
change of water storage in the reservoir in the year 2012 using the water balance model component 
of the toolbox (Fig. 8). Once again a very good agreement is observed between the EYDAP SA and 
SCS-CN data during the winter and summer seasons (average relative difference is less than 7%). 
The difference in change of storage between SCS-CN and EYDAP data during spring is again due 
to the model’s inability to adequately represent the snow melting processes. 
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Figure 7. Total monthly runoff and rainfall distribution for the period Jan 2012 – Feb 2013. 

 

Figure 8. Estimated change of reservoir’s water storage using the water budget equation. 

4.3 Limitations of this study 

It is important to note the various limitations in this modelling experiment. The reliability of the 
input data used to drive the rainfall-runoff models has been questionable. During data acquisition, 
several technical problems had to be overcome (i.e., gauge malfunctioning due to calibration setups) 
which could introduce error/disinformation in the modelling investigation (Beven and Westerberg, 
2011). Climatological and hydrological data were measured in the field during the project’s period, 
consequently limiting the availability of long time series for model identification. Furthermore, 
uncertainty in the input data (i.e. precipitation, rating curves etc.) and its propagation in rainfall-
runoff modelling has been highlighted in previous investigations (see among others, Kavetski et al., 
2006; McMillan et al., 2010). In here, we also highlight the potential impact of input uncertainty on 
our results. 

Use of additional discharge observations that provide information both in space (representing 
different system behaviours) and time (increasing data length), and/or use of additional hydro-
climatic variables (e.g. evapotranspiration, snow covered area), could provide information to 
enhance our process understanding (Döll et al., 2008). We further highlight that significant gains 
can made by making simple improvements to input data. Future research should involve analysis on 
the spatial representation of the forcing climatological data. Current results show that this is critical 
for improving understanding of the snow accumulation/melting processes in the high elevated 
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regions of the catchment; hence leading to improvement of the model performance during spring 
periods. The available information from snow gauges has not been introduced in this modeling 
exercise. Future efforts will focus on assimilating the snow information in the model, potentially 
leading to a better performance. It is finally expected that the models’ performance can be increased 
from a finer spatial representation of the existing subunits (Lobligeois et al., 2014).  

Although the MWBMT toolbox allows testing three different SCS-CN based rainfall-runoff 
models in a basin, in here, we did not proceed in such detailed inter-comparison (in order to 
demonstrate the potential of this toolbox, simulated results from the three models can be found in 
Appendix B). However, we note that a model inter-comparison can be insightful and enhance the 
validity of the results. 

5. CONCLUSIONS 

The MWBMT toolbox presented here allows application of semi-distributed rainfall-runoff 
models based on the SCS-CN method. In this study, we investigated the potential of the SCS-CN 
method when no (or limited) data information is available and when several sources of 
error/uncertainty reduce the precision of observed records. Application of the model in the poorly 
gauged catchment of Mornos showed adequate representation of the monthly flow patterns with the 
exclusion of snow melting periods. In addition, in this study we illustrate the uncertainty in the 
generation of rating curves which is further propagated in the discharge data; a source of 
uncertainty which must be highly considered when evaluating hydrological models. Specifically for 
the Mornos catchment, an interesting approach would have been to condition the model 
identification using both water level records from the reservoir and observed monthly runoff 
volumes. This is left for future work. Finally, we note that model improvements could be achieved 
by spatially distributing precipitation and temperature; hence allowing a better understanding and 
representation of the snow accumulation/melting processes. 
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APPENDIX A: DESCRIPTION OF THE RAINFALL-RUNOFF MODEL TOOLBOX 

The Matlab files created are separated into three classes based on their application: Input 
preparation, model identification and evaluation, and sensitivity analysis and visualisation (see 
Table A1). All necessary information and data are stored in a structure array. One can imagine a 
structure array as a combination of post boxes. Each individual box can be addressed by its name. 

The structure array is basically split into two parts: the first part containing all input data and 
information (Table A2), and the second containing the output of the calculations (Table A3). The 
first and second part can be viewed by typing structure.input and structure.output in the Matlab 
command window respectively. 
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Table A1. Description of the Matlab scripts for the Mornos Water Balance Model Toolbox. 

Class Matlab files Description 
Input preparation Mornos_PET Estimation of the potential evapotranspiration based on 

temperature 
 Mornos_Snow Snow modelling using the temperature-index melting method 

Model identification 
and evaluation 

Mornos_Exe Script controlling the SCS-CN and water balance script in a semi-
distributed manner. The parameters and input data are introduced 
for each subunit 

 Mornos_SCSCN Rainfall-runoff modelling using the SCS CN-based methods (i.e. 
SCS-CN, SAHU and Mishra-Singh). The temporal variability of 
CN varies between CNI (dry antecedent moisture conditions) and 
CNIII (wet antecedent moisture conditions), and continuously 
changes in every time step based on the degree of saturation of the 
catchment 

 Mornos_OptCrit The criteria to evaluate the performance of the selected SCS-CN 
model. The criteria are: Nash-Sutcliffe Efficiency (NSE), Root 
Mean Square Error (RMSE), Absolute Bias (Abias), Kling-Gupta 
Efficiency (KGE), log transformed NSE (LNSE) 

 Mornos_WB Estimation of the water balance in the reservoir of Mornos based 
on:  
P +Qin +Qevinos + GW - ET - Qout = DStorage 

Sensitivity analysis and 
evaluation 

Mornos_Identifiability Run parameter sensitivity analysis and identify the optimum 
parameter set for an objective function (NSE, RMSE, ABias, 
KGE, LogNSE) 

 Mornos_Plots Visualisation of the simulated variables of the SCS-CN code 
 
 

Table A2. Input variables required in the MWBMT toolbox ([ ] is numerical input, ‘ ’ is character input). 

Fieldname Type Unit Content 
Area [ ] km2 Catchment area  
Cum_Area [ ]  km2 Cumulative catchment area 
Slope [ ]  % Catchment average slope 
Rlength [ ] m River length 
ROrder [ ]  - River order 
Tc [ ] d Time of concentration 
FDir [ ]  - ID numbers of upstream areas 
Cal_Val ‘ ’ - Calibration - simulation model 
MCsample [ ]  - Number of samples for Monte Carlo 
Flow_ID [ ]  - ID numbers of gauged catchments 
Flow_ID_Names ‘ ’ - Names of gauged catchments 
Rain [ ]  mm/d Rainfall 
Month [ ]  - Month of each time step 
PET [ ] mm/d Potential evapotranspiration 
Temp [ ]  oC Temperature 
SWE [ ]  mm/d Snow water equivalent 
Runoff_Obs [ ] m3/s Streamflow series for gauged catchments 
BFlow [ ]  m3/s Baseflow 
WL_reservoir [ ] m Water level in the reservoir 
Qout [ ] m3/d Water outflowing the reservoir 
Qoverflow [ ] m3/d Water overflowing from the reservoir 
Qevinos [ ] m3/d Water contribution per day from Evinos river 
Model [ ]  - Rainfall-runoff SCS-CN model type 
Model_names ‘ ’ - Names of SCS-CN model types 
pars [ ]  - Model parameter values 
Snow_mode [ ]  - Snow accumulation-melting mode 
OF_names ‘ ’ - Names of objective functions 
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Table A3. Output variables available in the MWBMT toolbox ([ ] is numerical input, ‘ ’ is character input). 

Fieldname Type Unit Content 
Runoff_Sim [ ] m3/s Simulated streamflow  
Q_Sim [ ] mm/d Simulated streamflow 
ER [ ]  mm/d Effective rainfall 
ET [ ]  mm/d Actual evapotranspiration 
CN [ ] - Curve number 
S [ ]  mm Soil moisture 
C [ ] - Runoff coefficient 
ModelEvaluation [ ]  - Parameters + objective function values 
Prec [ ]  mm/d Precipitation (rainfall + snow) 
Dstorage [ ] m Daily deviation in water storage 
GW [ ] m3 Contribution / losses due to groundwater 
WL_reservoir_sim [ ] m Water level in reservoir without GW effects 

APPENDIX B: SUPPLEMENTARY RAINFALL-RUNOFF MODELLING RESULTS  

In here, we present the simulated flow in the Upper Mornos station using all three available SCS-
CN based models. As expected, although the basic structure of the three models is similar, their 
corresponding flow response can differ. However, current results are limited to diagnostically guide 
us towards a robust structure, yet they allow us to improve the understanding of the flow response 
in the basin. Analysis of parameter sensitivity in the three models is subject to future research. 

 

Figure B1. Simulated daily flow using the three SCS-CN based rainfall-runoff models in the Upper Mornos station. 
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