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Abstract: Large-scale hydrological modeling is an emerging approach in river hydrology, especially in
regions with limited available data. This research focuses on evaluating the performance of two well-
known large-scale hydrological models, namely E-HYPE and LISFLOOD, for the five transboundary
rivers of Greece. For this purpose, discharge time series at the rivers” outlets from both models
are compared with observed datasets wherever possible. The comparison is conducted using well-
established statistical measures, namely, coefficient of determination, Percent Bias, Nash-Sutcliffe
Efficiency, Root-Mean-Square Error, and Kling-Gupta Efficiency. Subsequently, the hydrological mod-
els’ time series are bias corrected through scaling factor, linear regression, delta change, and quantile
mapping methods, respectively. The outputs are then re-evaluated against observations using the
same statistical measures. The results demonstrate that neither of the large-scale hydrological models
consistently outperformed the other, as one model performed better in some of the basins while the
other excelled in the remaining cases. The bias-correction process identifies linear regression and
quantile mapping as the most suitable methods for the case study basins. Additionally, the research
assesses the influence of upstream waters on the rivers’ water budget. The research highlights the
significance of large-scale models in transboundary hydrology, presents a methodological approach
for their applicability in any river basin on a global scale, and underscores the usefulness of the
outputs in cooperative management of international waters.

Keywords: large-scale hydrological modeling; E-HYPE; LISFLOOD; river hydrology; bias correction;
transboundary basins; Greece

1. Introduction

Despite numerous international water agreements, treaties, and joint cooperation
protocols (more than 688) aiming to shed light on cooperation issues and prevent uncon-
trolled disputes [1], recent history reveals grey areas among riparian states concerning
the management of their shared waters. The Nile transboundary river basin serves as a
characteristic example of the water conflict situation among Ethiopia, Sudan, and Egypt.
However, the water conflicts are non-violent components of the political conflict regarding
the management of the Nile River’s water [2], since international frameworks and research
on water conflict and cooperation, aimed at mitigating and adapting to water problems,
have played a crucial role in recent decades in smoothing out tensions and preventing
violent conflicts [3]. Nonetheless, the risk of conflict remains and will potentially increase
as the population grows, water use intensifies, and climate change is un unmet reality [4].
Coordinated and cooperative management of international rivers can be secured when
it is based on solid ground derived using knowledge of the hydrosystem’s data and be-
havior [3,5], as clearly mentioned in the United Nation Economic Commission for Europe
convention on the protection and use of transboundary watercourses and international
lakes [6].

According to the latest data, there are currently 286 international river basins globally
shared by 151 countries [7]. At the European scale, there are 72 designated transboundary
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basins, with Greece sharing the waters of five rivers with neighboring countries. The
water governance of the countries that further belong to the European Union (EU) is strictly
controlled by the well-known Water Framework Directive (WFD) and implemented through
the River Basin Management Plans (RBMPs) [8]. The outputs of these strategic documents
are based on water-related data and information, and expressed through environmental
and water balance indexes. However, WFD’s primary aim is water quality rather than
quantity issues, resulting in limited knowledge about the available river runoffs in several
EU Member States. For instance, in Greece, the transboundary rivers and their tributaries
are not regularly monitored, making them either completely or partially ungauged [9].
Moreover, and despite the emergence of spatiotemporal coverage from remote sensing
water-related products, their validation and ground truth rely on observations [10,11].
The limitation on discharge observations could thus compromise the precision of the
RBMPs’ outputs and pose an obstacle to sustainable and coordinated management of the
transboundary waters.

The use of large-scale hydrological models (LSMs) is an emerging advancement in
Earth system modeling and climate impact assessment [12], since they address water man-
agement challenges, such as global water security, by expanding the scope of modeling
from the catchment scale to continental and global domains [13]. Initially designed for
flood predictions and early warning systems across large geographical areas [14], LSMs
have seen their utility expand to include long-term simulations across diverse environ-
ments when provided with relevant long-term input time series [9]. LSMs, much like
traditional catchment-scale models, rely on a variety of input parameters, such as topo-
graphic characteristics, meteorological variables, and land uses, which are sourced from
global datasets [15]. Moreover, the computational capabilities of modern computers enable
the simultaneous modeling of various spatiotemporal resolutions representing multiple
river basins [16,17]. However, unlike catchment models, LSMs are typically only partially
calibrated due to the limited availability of gauges compared to the vast number of catch-
ments that need to be simulated. Therefore, these models are based on efficient parameter
regionalization, which involves transferring well-defined model parameterization to basins
lacking gauge stations but with similar characteristics [18], while their validation primarily
relies on flow signatures [19]. In the context of international rivers, LSMs prove particularly
valuable, as the lack of knowledge about neighboring riparian waters, coupled with limited
communication channels [20], poses a significant challenge to hydrological simulations at
transboundary watershed scales.

Bias correction of meteorological and hydrometric datasets is crucial in hydrology
because of input uncertainty, such as measurement errors, model uncertainty, and para-
metric uncertainty [21,22]. Nowadays, bias correction has become a compulsory process
when integrating hydrological models with climate change datasets, which inherently
contain biases from systematic and random errors derived by the climate models [23].
Pierce et al. [24] applied four bias-correction methods, including quantile mapping, to daily
maximum temperature and precipitation data from 21 Global Climate Models (GCMs) to
assess their impact on the GCMs’ climate change signal. Ghimire et al. [25] tested eight
bias-correction methods, ranging from simple to complex, to improve hydrological sim-
ulation at multiple timescales. The authors concluded that linear scaling and parametric
and nonparametric empirical quantile mapping methods produced highly satisfactory
hydrological performance. Shrestha et al. [26] demonstrated that, in their case study basin
and with the utilized Regional Climate Models (RCMs), simplified bias-correction methods,
such as linear scaling, can perform as effectively as more advanced ones such as quantile
mapping. However, little evidence exists on the optimal bias-correction method since it
depends on the examined variable, the case study area physiography and extent, and the
quality and quantity of the available data [27].

This research focuses on transboundary river basins that lack extensive spatiotemporal
monitoring information, and its objectives are threefold. Firstly, it aims to assess the appli-
cability of two well-known large-scale hydrological models (LSMs) to the transboundary
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river basins of Greece. Secondly, this research seeks to validate which model can more
accurately represent the discharge status of these rivers. Finally, it aims to demonstrate
the dependence of the downstream basins on upstream waters, an issue that has not been
quantified in detail before in the case study basins. To achieve these goals, LSM data
representing the rivers’ discharges at the basins” outlet and on the political borders of the
riparian states are initially compared with available observations. The LSMs’ data series are
then bias corrected and the synthetic time series are re-evaluated in comparison to observed
data. The methodology underscores the applicability of LSMs in transboundary rivers to
produce reliable discharge time series. It can be applied to any international basin and
the outputs can support the development of reliable approaches focused on cooperative
policies and decision frameworks, particularly in the era of climate change.

2. Materials and Methods
2.1. Case Study Basins

The case study area consists of the transboundary basins of Greece. Since Greece is
located at the southern tip of the Balkan Peninsula (Figure 1), it serves as the natural conduit
for the drainage into the North Aegean Sea from four rivers, each with its headwaters
originating in upstream neighboring countries. At the same time, Greece is the source
of an additional transboundary river, transcending national borders and draining into
the North Ionian Sea. In a westward progression, Greece is the downstream country of
the Maritsa/Evros/Meri¢, Mesta/Nestos, Struma/Strymonas, and Vardar/Axios river
basins, while it is the upstream country in the Vjosa/Aoos river basin case (Figure 1).
Politically, more than 30 groundwater bodies are also identified that are shared with the
same countries [28].
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Figure 1. Geographical illustration of the transboundary rivers shared between Greece and other
riparian states.

The largest basin both in terms of areal coverage and population is the Maritsa/Evros/
Meric basin, with an extent of 53,475 km? and more than 2 billion inhabitants (Table 1),
followed by the Vardar/Axios basin, which covers 22,250 km? and is populated by 1.77 mil-
lion people. On the other hand, the Mesta/Nestos basin is the smallest basin, with an
area of 5619 km? and approximately 0.176 million people. In terms of river discharge and
based on the literature data, the Maritsa/Evros/Merig river has the highest outlet flow at
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267.0 m3 /s, while the Vardar/Axios river follows with 204.0 m3/s. Detailed river outlet
data are provided in Section 3.1 for easier comparison with LSM-derived data.

Table 1. Characteristics of the transboundary river basins of Greece.

. . Countries in .y 2 Area (%) per Mean River Length
River Basin Basin Population Area (km?) Country Elevation (m) (km)
Bulgaria 2,037,865 35,230 65.9 579 310
Maritsa/Evros/Merig Greece 144,285 3685 6.9 175 208
Turkey N/A 14,560 27.2 600 2831
Basin’s total 2,182,150 53,475 100% 471 801
Bulgaria 130,583 2785 49.6 1225 125
Mesta/Nestos Greece 45,082 2834 50.4 606 130
Basin’s total 175,665 5619 100% 916 255
Bulgaria 416,133 8545 489 900 290
Struma/Strymonas 2 Greece 384,151 7282 41.7 863 110
North Macedonia 124,079 1648 9.4 863 81
Basin’s total 924,363 17,475 100% 875 481
dar/ Axios 3 North Macedonia 1,462,366 19,737 88.7 1124 302
Vardar/Axios Greece 210,138 2513 11.3 180 87
Basin’s total 1,772,504 22,250 100% 652 389
Viosa/Aocos Greece 20,127 2154 33.0 885 70
) Albania 239,349 4365 67.0 800 190
Basin’s total 259,473 6519 100% 843 260

Note(s): ! The Evros River forms the national border between Greece and Turkey. In the table, the river length is
attributed to Greece, while the length of the river in Turkey refers to the larger tributary. > A small part (<2%) of
the transboundary basin belongs to Serbia; nevertheless, this part is not included in the table. > A small part (<3%)
of the basin belongs to Serbia and Kosovo; nevertheless, this part is not attributed in the table. 4 The population
data are from Eurostat’s data of 2021, found at https:/ /ec.europa.eu/eurostat/web/gisco/geodata/reference-
data/administrative-units-statistical-units /lau (accessed on 16 January 2024). Data for Turkey are not included in
the Eurostat’s repository.

From the five riparian countries of the case study basins (Table 1), only Greece and
Bulgaria are EU Member States, meaning that only these two countries have a common
water-related policy. Historically, as clearly stated in the 2nd Assessment of Transboundary
Rivers, Lakes and Groundwaters [29], there were problems among the riparian countries
regarding the quality (degraded water inflows) and quantity (excess water volumes) of
these international waters. However, recent advancements, such as the creation of a Joint
Expert Working Group between Bulgaria and Greece working on issues of the common
development of RBMPs [30], the official solution of North Macedonia’s naming dispute
with Greece [5], and the accession process of Albania and North Macedonia to the EU,
which signifies, amongst other factors, the compliance of their national legislation with the
WED, have started casting light on the water-related disputes.

2.2. Large-Scale Hydrological Models and Data Sources

In this research, we used the simulation outputs of two well-established large-scale
hydrological models (LSMs) at the European scale, namely the E-HYPE and the LISFLOOD
models. E-HYPE [31] is the European version of the HYdrological Predictions for the
Environment (HYPE) distributed hydrological model developed at the Swedish Meteoro-
logical and Hydrological Institute [32]. The model divides the 8.8 million km? of Europe
into 35,408 catchments, and all the data necessary for setting up the model, such as the
hydrographic network of each watershed, land uses, and soil types, derived from vali-
dated open data sources [33]. Similarly, the daily mean precipitation and temperature
required for the forcing of the model are from the open access WFDEI (WATCH Forcing
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Data—ERA-Interim) dataset, i.e., an enhanced version of the ERA-Interim data [34]. The
model outputs consist of historic daily river discharges at the outlets of the designated
catchments covering a time period of 30 years, i.e., January 1981 to December 2010. The
calibration of E-HYPE is based on numerous discharge stations, while independent stations
are used for its validation [33]. The literature review demonstrates that the E-HYPE model
has been reviewed and validated at various spatiotemporal scales [9,35,36].

Regarding the LISFLOOD model, it was initially launched as the hydrological model of
the European Flood Alert System (EFAS), i.e., an integrated system for medium-range flood
forecasting at the European scale, developed by the European Commission Joint Research
Centre (JRC) [37]. LISFLOOD is actually a hybrid model that combines both conceptual and
physical rainfall-runoff components, coupled with a routing module in the river channel [38].
Thus, it is currently being routinely used for river basin hydrology, and assessment of river
regulation effects, climate, and land use changes [39]. Operationalized on a squared 5 x 5 km
grid, LISFLOOD employs spatially distributed input parameters and variables derived from
European databases, such as the JRC MARS and the EU-FLOOD-GIS databases [40]. Static
inputs, such as topography, soil type, land use, channel geometry, and river network, are
also sourced from global databases, with soil properties, for instance, obtained from the
European Soil Geographical Database. The model calibration is based on 693 stations, while
the Standard Particle Swarm 2011 (SPSO-2011) algorithm was used to define the optimum
parameters during the calibration phase [37]. The model has produced daily discharge data
spanning from January 1992 to December 2022. Its effectiveness in simulating river basin
dynamics has been demonstrated by numerous researchers (e.g., [41-44]).

The delineation of the transboundary basins into upstream and downstream waters is
based on the political borders between riparian states. In the case of E-HYPE, the model’s
catchments align with the border lines; therefore, water drained in these specific catchments
represents upstream discharges. The LISFLOOD model, on the other hand, is a spatial
distributed model with a 5 x 5 km grid. Thus, the grid cell representing the river’s course
at national boundaries corresponds to the waters entering the downstream country. The
runoff data sources used for the validation of the applicability of the large-scale hydrology
models in the case study transboundary basins are derived from (i) the 1st revision of the
RBMPs of the River Basin Districts of Epirus (EL05), Central Macedonia (EL10), Eastern
Macedonia (EL11), and Thrace (EL12) (e.g., [45,46]), which contain the official hydrolog-
ical data of Greece; (ii) the 2nd Second Assessment of Transboundary Rivers, Lakes and
Groundwaters [29], which contains interannual averaged river discharge figures in both
parts of a transboundary basin; and (iii) the Global Runoff Data Centre (GRDC) [47], which
is an international hydrological data and information repository under the auspices of the
World Meteorological Organization, with its data being used by numerous scholars [48,49].
All the aforementioned data are publicly available on the internet, with their sources given
in the “Data availability statement” section. Lastly, the analysis of the LSMs data spans
from January 1992 to December 2010, representing the common time period shared by
LISFLOOD and E-HYPE.

2.3. Bias Correction and Output Validation

The bias correction of the LSMs” outputs vs. the observation was conducted with the
use of four methods, namely, scaling factor, linear regression, delta change, and quantile
mapping. All the bias-correction calculations were employed with the use of the Python
programming language. The scaling factor (SF) method aims to perfectly match the long-
term monthly mean of simulated values with those of observed values [50]. Actually, the
method calculates a scaling factor for multiplying the data that need to be corrected. The
scaling factor is the ratio of the standard deviation of the observed data to the standard
deviation of the simulated data and is expressed through the following equation:

Qsc = Sf-Qs, )
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Sf _ Oobser. , )
Osimul.
where Qpc represents the bias-corrected discharges, Sf is the scaling factor, oypse,. and ojy,.
represent the standard deviation of the observed and simulated data, respectively, and Qg
represents the simulated discharges.
In the linear regression (LR) method, the relationship between the observed and
simulated data is formulated through a linear regression model [51]:

Qs = a+pQo, 3)

where Qo represents the observed data, a is the intercept, and f is the slope. Then, the
method calculates the optimal values of intercept and slope parameters that best fit the
relationship between the independent and the dependent variable, and calculates the
bias-corrected time series Qpc.

The delta change (DC) method, also known as the scaling factor or scaling coefficient
method, uses a function for delta change multiplicative correction, and in our case the
function is expressed as [52]:

Qpc = QS'dezmchangw 4)

Observed_changes )
Simulated_changes /”
where Observed_changes and Simulated_changes represent the difference between consecutive

observed and simulated values, respectively.

Quantile mapping (QM) is a statistical method used for adjusting the cumulative
distribution function (CDF) of a model’s output to match that of observed data [53]. The
main idea is to correct biases and discrepancies in the simulated data by aligning their
quantiles with those of the observed data. In our case, after shorting the data, we calculate
the quantiles for both datasets, dividing them into intervals of equal probability. Then,
a mapping function (linear interpolation) is employed to map simulated quantiles to
observed quantiles and the simulated data are adjusted accordingly. It can briefly be
summarized through the following mathematical function [54]:

where delta g, is the ratio between observed and simulated data (deltayq,ge =

x0 = Fy ' (Fu(xm)), )

where x the observed variable, x;, is the modeled variable, F," 1 is the CDF of x,, and F,,
is the inverse CDF corresponding to xo.

Finally, to assess the performance of the LSMs’ outputs in the case study basins, we
performed goodness-of-fit quality checks, i.e., comparisons between the simulated outputs
(before and after the bias correction) and the measured data (whenever and wherever it
was feasible). To do so, the coefficient of determination (R?), the Percent Bias (PBIAS),
Nash-Sutcliffe Efficiency (NSE) coefficient, Root-Mean-Square Error (RMSE), and the Kling—
Gupta Efficiency (KGE) statistical measures were adopted. The specific statistical measures
are routinely used in hydrology (e.g., [55,56]).

3. Results
3.1. Upstream Waters” Contribution to Total Discharges

Initially, to identify the dependance of the downstream country to the upstream waters
per basin, and as attributed by the large-scale models, we compared the upstream waters
discharged at the political borders of the riparian states with the total river discharges
at the outlets of the transboundary basins. In the Vjosa/Aoos river basin, the LISFOOD
model shows that 63.04% of the waters come from the upstream basin (Figure 2(al)), while
the E-HYPE model shows a relatively smaller percentage of 27.21% of incoming waters
(Figure 2(a2)).
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Figure 2. Combined diagrams for demonstrating the contribution of the upstream parts of a basin
(grey columns) to the total river discharges of the transboundary basins. The blue curves and the
figures (al—el) correspond to the LISFLOOD simulations, and the green curves and figures (a2—e2)
correspond to the E-HYPE model for the period 1992-2010.

For the Vardar/Axios river, LISFLOOD indicates a significant dependance of 92.84%
on upstream waters (Figure 2(b1)). This dependency is of a similar magnitude to the
95.77% dependence on upstream waters depicted by the E-HYPE model (Figure 2(b2)).
In the Struma/Strymonas basin, LISFLOOD shows that 49.97% of the water comes from
upstream (Figure 2(c1)), while this percentage equals 76.52% in the case of the E-HYPE
model (Figure 2(c2)). For the Mesta/Nestos basin, the simulated inflows to the downstream
basin equal 77.95% and 55.86% for LIFLOOD (Figure 2(d1)) and E-HYPE (Figure 2(d2)),
respectively. Finally, in the Maritsa/Evros/Meri¢ basin, the LISFLOOD and E-HYPE
models do not converge, indicating that approximately 42.53% and 70.91% of the total river
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discharges originate from the upstream parts of the basin, respectively (Figure 2(el,e2),
respectively).

In terms of absolute figures for the period 1992-2010, as presented in Table 2, LIS-
FLOOD significantly overestimates the runoff of the Vardar/ Axios basin (201.44 m3/s vs.
132.71 m3/s respectively), while it underestimates the Vjosa/Aoos runoff (129.85 m®/s
vs. 204.10 m3/s respectively). It exhibits a similar order of magnitude to the literature
sources regarding the Struma/Strymonas basin (around 100.0 m3/s), while in all other
cases it underestimates the interannual averaged discharges at the basins’ outlet. As far
the E-HYPE model is concerned, Table 2 depicts that the model’s simulated outflows also
significantly underestimate the Vjosa/Aoos runoff (135.48 m3/s vs. 204.10 m3/s, respec-
tively), and slightly overestimate the Vardar/Axios runoff (167.68 m3/svs. 132.71 m3/s,
respectively). In all other basins, the model consistently undervalues the discharges, with
the larger variation, i.e., approximately 50% less than the recorded values, occurring in
the Maritsa/Evros/Merig basin. It should be clearly mentioned that the runoff from the
RBMPs and literature sources are cited figures that do not specify the period they concern.
However, the author decided to present these figures since they mainly originate from the
River Basin Management Plans and UNECE’s 2nd Assessment Report, demonstrating an
order of magnitude of the transboundary river discharges. In the following sections, the
observed discharges used in the analysis come from publicly available databases where
information about the station’s location, observation timestep, and time series duration
are available.

Table 2. Averaged interannual discharges from the utilized LSMs (period 1992-2010) and literature
sources, at both the basins’” borders and outlets.

LISFLOOD Model E-HYPE Model RBMPs and Literature
Runoff Percentage Runoff Percentage Runoff Percentage
(m3/s) (%) (m3/s) (%) (m3/s) (%)
Vjosa/Aoos bor ! 81.85 63.04 36.87 27.21 34.47 16.90
out 2 129.85 135.48 204.10
Vardar/ Axios bor 187.02 92.84 160.59 95.77 107.34 80.88
out 201.44 167.68 132.71
Struma/Strymonas bor 55.7 49.97 51.75 76.52 65.16 65.19
out 111.46 67.63 99.95
Mesta/Nestos bor 22.08 77.95 19.41 55.86 27.20 54.36
out 28.33 34.75 50.04
Maritsa/Evros/Merig bor 81.85 42.53 103.72 70.92 224.60 84.12
out 192.45 146.24 267.00

Note(s): ! Corresponds to the runoff at the political borders of the riparian. 2 Corresponds to the runoff at the
transboundary basins’ outlet.

3.2. Basins’ Climatology and Transboundary Rivers Discharges per LSM

In terms of the regional climatology per basin and based on the ERA5 Land dataset [57],
the areas of the basins in proximity to the Mediterranean Sea exhibit a more arid climate
compared to the relatively sub-continental climate of the upper basins, as also shown by
other scholars [58]. Specifically, as depicted in Figure 3, temperatures in all the downstream
parts of the basins (red-colored boxplots) are higher than those in the upstream parts (black-
colored boxplots). The larger differences are observed in the basins shared between Bulgaria
and Greece, ranging between 3.52 and 4.12 °C, as the waters of these basins originate in
the Rhodope mountains, which constitute the highest reliefs in the Balkans. The smaller
temperature differences of approximately 1.1 °C are observed between the upper and lower
part of the Vjosa/Aoos basin. Regarding precipitation, significant differences in rainfall are
evident between the upper (black-colored boxplots) and lower parts (red-colored boxplots)
of all the case study basins. The most pronounced differences are observed in the Mesta and
Maritza basins, which receive interannual rainfall of approximately 795 mm and 755 mm,
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Figure 3. Boxplot diagrams illustrating the interannual temperature (left-hand plots) and rainfall
(right-hand plots) comparisons between the upper (red-colored plots) and lower (black-colored plots)
parts of the five transboundary case study basins for the period 1992-2010.

As for the LSMs’ simulated runoffs, disparities between the outputs of the two models
are initially evident, particularly in the Struma/Strymonas and Mesta/Nestos basins.
Figure 4 illustrates these differences, depicting the averaged interannual discharges in
the form of boxplots, where the mean (the x sign within the boxes), median, lower and
upper quartiles, and outliers are displayed. Specifically, the maximum runoff of the
Struma/Strymonas River is 181.59 m3/s for the LISFLOOD model (depicted by blue
boxplots in Figure 4) and 112.26 m3/s for the E-HYPE model (depicted by green boxplots
in Figure 4), indicating an approximately 50% difference in favor of the former. Similar
disparities are also observed in the case of monthly mean runoffs where LISFLOOD’s and
E-HYPE’s discharges are 178.43 m®/s and 259.72 m3/s, respectively. In addition to the
maximum values, LISFLOOD demonstrates an average interannual runoff of 111.46 m3/s,
nearly twice the value of E-HYPE's average of 67.05 m>/s. Notably, the lower whisker of
LISFLOOD's discharges is approximately equivalent to the E-HYPE’s the 3rd quartile (Qs),
underscoring the magnitude of differences between the two models” outputs.

@ LISFLOOD simulations
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Figure 4. Simulated averaged interannual discharges’ characteristics derived by the LISFOOD and
E-HYPE models for the time period 1992-2010 at the outlets of the transboundary rivers in Greece.
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The main difference in the performance of the LSMs within the Vardar/Axios river
basin primarily lies in the occurrence of maximum values, with a difference of approxi-
mately 35.5 m>/s in favor of the LISFLOOD model. Despite the relatively small difference
in median values of the two LSMs, which are 199.68 m3/s and 157.45 m3 /s for LISFLOOD
and E-HYPE, respectively, this difference is amplified in the case of the third quartile (Qs).
In this regard, the upper limit of the Q3 values for LISFLOOD and E-HYPE are 263.89 m3/s
and 209.31 m3/s, respectively. Nonetheless, both LSMs consistently project minimum
average discharges of approximately 80.0 m3/s.

As for the Vjosa/Aoos basin, both LSMs present similar mean (approximately
4+130.0 m3/s) and median values (approximately +125.0 m3/s). Moreover, both models
estimate that the maximum river discharges range between 230.0 m3/s and 244.0 m3/s,
which are represented as outliers in the boxplot shown in Figure 4. In terms of minimum
values, LISFLOOD simulations indicate that the interannual minimum runoff equals
85.9 m3/s, in comparison to 69.2 m?3 /s of the E-HYPE model.

Regarding the Mesta/Nestos basin, which has the smallest outflows of all five trans-
boundary basins, LISFLOOD-simulated discharges range from 5.3 m3/s to 68.7 m3/s,
while E-HYPE simulations range from 16.1 m>/s to 47.5 m3/s. The water volume ranges
become even narrower when focusing on the values packed between the first (Q;) and
third quartiles (Q3), as clearly depicted in Figure 4.

Lastly, given the vast extent of the Maritsa/Evros/Merig basin, both LSMs exhibit
similar performance indices, with the LISFLOOD model showing slightly overestimated
discharges compared to E-HYPE. Specifically, LISFLOOD’s maximum and minimum inter-
annual discharges are 357.3 m3/s and 84.8 m3/s, respectively (upper and lower whiskers),
while E-HYPE’s maximum and minimum discharges are 315.8 m3/s and 42.9 m3/s, re-
spectively, as indicated by the upper and lower whiskers of the corresponding boxplots in
Figure 4. On the other hand, the performed analysis at monthly time scale (not shown here)
reveals that LISFLOOD’s maximum discharge of 918.8 m3/s is almost half of E-HYPE’s
16749 m3/s.

3.3. Bias-Corrected LSM Outflows and Comparison to Measurements

The implemented methodology for bias correction of the LSMs outputs was fully
applied only to the Vardar/Axios and Mesta/Nestos basins, where measured discharges
were available for the same time period with the LSMs. For the Struma/Strymonas and the
Maritsa/Evros/Merig basins, the available data are compared only with E-HYPE’s outflows
because the observation datasets had a relatively short (60 months) mutual temporal
coverage. As for the Vjosa/Aoos basin, no published runoff time series were identified;
thus, we conducted an intercorrelation analysis between the two LSMs to investigate their
performance.

3.3.1. Vardar/Axios Basin

Starting with the Vardar/Axios basin, the common dataset spans from January 1992 to
December 2010 (number of samples: n = 228), with observed discharges spatially measured
just a few kilometers upstream (location: Gevgelija City, latitude: 41.147598, longitude:
22.523647) of the borders, and practically corresponding to the discharges of the North
Macedonian part of the basin. Regarding the LISFLOOD model, the comparison of the
observed and simulated runoff, depicted as the “Raw simulations” blue plotted points in
Figure 5, illustrates a relatively good correlation between the two time series. The numerical
representation of this correlation, as well as those generated after applying bias-correction
techniques, is provided in Table 3, where the statistical measures indicate satisfactory initial
values, for instance R? = 0.349. The scale factor (SF) bias-correction technique as depicted
by the relevant plot and the associated statistics significantly improves the correlation of the
two time series (e.g., NSE = 0.111 instead of the initial negative value, and KGE=-0.657). The
linear regression plot in Figure 5 corresponds to the linear regression (LR) bias-correction
method and, while the R? value is as expected at 1.0, other indices remain above 0.4, for
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example, NSE = 0.423 and KGE = 0.403. Similarly, both the delta change (DC) and quantile
mapping (QM) techniques improve the relationship between the two datasets, with all
statistical measures being accepted (in both cases NSE > 0.34 and KGE > 0.57). It should
be noted that single basin model streamflow simulations are considered satisfactory when
NSE > 0.50 and PBIAS = £25%, as clearly mentioned by Moriasi et al. [59]. However, for
multi-basin calibration and validation, i.e., the case of LSMs, these thresholds are slightly
lower, as highlighted in the Section 4, since the models’ performance is based on the overall
output of these statistical indicators.
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Figure 5. Comparison of observed runoff with simulations of LISFLOOD (blue plotted points) and
E-HYPE (green plotted points) for the Vardar/Axios basin. Raw simulation plots (first column of

plots) show the data before their bias correction, while subsequent columns display bias-corrected

data per method. The orange curve represents the linear feet, and the black curve denotes the
1:1 slope.

Table 3. Performance of bias-correction methods in the case of the Vardar/Axios river’s LISFLOOD-
simulated runoff expressed through statistical measures.

Statistic Measures LISFLOOD Raw Data SF LR DC oM
R? 0.349 0.349 1.000 0.349 0.342

NSE —0.657 0.111 0.423 0.274 0.183
PBIAS 54.678 20.068 54.678 3.295 —0.355

KGE 0.259 0.544 0.403 0.566 0.584
RMSE (m3/s) 118.176 86.537 69.707 78.202 82.992

It should be noted that the coefficient of determination (R?) of the SF and DC methods
equals the one obtained when comparing measured and raw discharges. This occurs
because the bias-corrected time series produced by these two methods maintain a linear
relationship with the initial LSM simulations, as expressed by Equations (1) and (4), respec-
tively. Therefore, in all the relevant tables, the R? value among these specific methods will
be equal to that of the raw data.

For the E-HYPE model, the statistical comparison between observed and simulated
data reveals a significant correlation between the two datasets, with R? and KGE being
larger than 0.5, as presented in Table 4. Despite the low initial NSE value of 0.268, all
statistical indexes improve after the bias-correction process. In the SF method, NSE increases
to 0.497, PBIAS is halved, KGE reaches 0.719, and RMSE falls to 41.412 m3/s. Similarly,
high correlation indexes are observed in the LR and DC methods, with NSE values of 0.797
and 0.548 respectively, while KGE exceeds 0.6 in both methods. Satisfactory results are also

achieved with the QM method, where RZ, NSE, and KGE are all above 0.55 in every case,
and PBIAS is very close to zero.
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Table 4. Performance of bias-correction methods in the case of the Vardar/Axios river’s E-HYPE-
simulated runoff expressed through statistical measures.

Statistic Measures E-HYPE Raw Data SF LR DC oM
R2 0.595 0.595 1.000 0.595 0.594
NSE 0.268 0.497 0.797 0.548 0.551
PBIAS 33.028 16.409 33.028 —16.068 —0.503
KGE 0.574 0.719 0.649 0.605 0.769
RMSE (m3/s) 78.532 65.139 41.412 61.717 61.496

3.3.2. Mesta/Nestos Basin

The comparison of the monthly averaged LISFLOOD discharges with observed data re-
ceived just a few kilometers downstream the Greek-Bulgarian border (location: Thissavros
dam latitude: 41.382363, longitude: 24.080333) for the period November 1997-December
2010 (n = 158) demonstrates an initially good correlation between the two time series,
as shown in the upper left scatter plot of Figure 6. As observed in the specific figure,
LISFLOOD's minimum runoff is approximately 14.5 m3/s and is repeated frequently (nu-
merous points at the same level of the y-axis), meaning that the model has a low-flow
threshold that cannot be surpassed. On the other hand, one-third of the recorded flows
vary from 2.19 m3/s to 14.5 m3/s, indicating the inability of the model to assess the basin’s
low discharges. This minimum threshold affects the performance of the implemented
bias-correction techniques, as is clearly apparent in the remainder of the blue plotted
points. Only the QM and LR methods seems to overcome this shortcoming, where the
bias-corrected time series are much better correlated with the records (e.g., KGE > 0.4 in
both cases). The statistical measures of the specific plots, as presented in Table 5, confirm
the average correlation, as R? equals 0.35 and both NSE and KGE range between 0.21 and
0.6 in all cases.
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Figure 6. Comparison of observed runoff with the simulations of LISFLOOD (blue plotted points)
and E-HYPE's (green plotted points) for the Mesta/Nestos basin. The first column of plots shows the
data before their bias correction, while subsequent columns display bias-corrected data. The orange
curve represents the linear feet, and the black curve denotes the 1:1 slope.

Table 5. Performance of bias-correction methods in the case of the Mesta/Nestos river’s LISFLOOD-
simulated runoff expressed through statistical measures.

Statistic Measures LISFLOOD Raw Data SF LR DC oM
R? 0.353 0.353 1.000 0.353 0.357

NSE 0.301 0.138 0.664 0.250 0.203
PBIAS —12.499 16.723 —12.499 —23.436 —0.201

KGE 0.507 0.561 0.431 0.418 0.597

RMSE (m3/s) 18.654 20.711 12.924 19.311 19.907
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On the other hand, E-HYPE’s raw outputs demonstrate a satisfactory correlation with
the observed discharges, as depicted by the first plot with green points of Figure 6. This
correlation is further increased when some of the bias-correction methods are implemented.
For the QM method, the initial R? of 0.473 increases to 0.501, accompanied by an increase in
KGE from 0.604 to 0.708, as shown in Table 6. In the LR method, the produced time series
have an increased NSE indicator reaching 0.772, the KGE is 0.574, and the RMSE falls to
10.938 m3/s. The SF method yields outputs with statistical measures close to those of the
raw data, while the DC method fails to produce acceptable statistical indicators.

Table 6. Performance of bias-correction methods in the case of the Vardar/Axios river’s E-HYPE-
simulated runoff expressed through statistical measures.

Statistic Measures E-HYPE Raw Data SF LR DC oM
R2 0.473 0.473 1.000 0.473 0.501
NSE 0.308 0.312 0.772 —2.311 0.420
PBIAS —23.653 —18.679 —23.653 68.611 —0.099
KGE 0.604 0.636 0.574 —0.312 0.708
RMSE (m3/s) 19.051 18.992 10.938 41.665 17.444

3.3.3. Struma/Strymonas Basin

The monitored discharges for the Struma/Strymonas basin are available for the period
January 1981-December 1986 (n = 72) and they originate from a Bulgarian station (location:
Marino Pole, latitude: 41.41666, longitude: 23.35) just upstream of the political borders
of the riparian states. Hence, the available datasets’ time coverage only allows statistical
analysis of E-HYPE’s simulated discharges, as LISHFLOOD data are only available from
January 1992. As illustrated in Figure 7, the comparison between the model’s raw output
with the observed flows demonstrates a strong performance, with R? and KGE indexes
exceeding 0.61. Additionally, NSE equals 0.472 and RMSE is 28.951 m3/s (Table 7). The SF
and DC bias-correction methods result in a slight improvement in the correlation indexes,
with NSE values of 0.475 and 0.476 respectively. However, the comparison indexes remain
very similar to the initial ones. The QM method outperforms the previous two methods,
with all indexes falling within the range of increased correlated datasets, i.e., R? =0.629,
NSE = 0.589, KGE=-0.793, and PBIAS is almost equal to zero. The LR method yields the best
bias-correction results, with an NSE of 0.965, a KGE of 0.852, and an RMSE of 7.448 m3/s
(Table 7). These values demonstrate the LR method’s capability of producing bias-corrected
discharges that are highly correlated with the observation records. However, it is worth
noting that the relatively short temporal coverage of the measurements and their age
necessitates the further evaluation of the produced linear regression’s slope and intercept
factors in recent years.

Scaling Factor Linear Regression Delta Change Quantile Mapping
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Figure 7. Comparison of observed runoff with E-HYPE's raw and bias-corrected simulations for the
Struma/Strymonas basin. The orange curve represents the linear feet, and the black curve denotes
the 1:1 slope.
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Table 7. Performance of bias-correction methods in the case of the Struma/Strymonas river’s E-
HYPE-simulated runoff expressed through statistical measures.

Statistic Measures E-HYPE Raw Data SF LR DC oM
R2 0.619 0.619 1.000 0.619 0.629
NSE 0.472 0.475 0.965 0.476 0.589
PBIAS —10.381 —21.153 —10.381 —23.046 —0.151
KGE 0.726 0.700 0.852 0.685 0.793
RMSE (m3/s) 28.951 28.887 7.448 29.126 25.567

3.3.4. Maritsa/Evros/Meri¢ Basin

Similar to the Struma/Strymonas basin, the available observations of the Maritsa/Evros/
Merig river basin date to the period January 1981-December 1986, comprising n = 72 monthly
samples. Therefore, the conducted analysis focuses on the E-HYPE model. However, it
is important to note that the monitoring station is situated in the Maritsa part of the
basin (location: Svilengrad village, latitude: 41.766666, longitude: 26.2000), just above the
Greek-Bulgarian border. As a result, the data obtained from this station do not include the
runoff of the Tundja, Arda, and Ergene river basins, which are the larger tributaries of this
transboundary river.

The correlation between observations and E-HYPE’s simulations, as depicted in
Figure 8, is impressively good. The trend curve closely follows and parallels the 1:1 slope
of the axes, as indicated by the orange and black curves in Figure 8. Furthermore, the
bias-correction techniques maintain the same visual performance, apart from the case of
the delta change method.
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Figure 8. Comparison of observed runoff with E-HYPE’s raw and bias-corrected simulations for the
Maritsa/Evros/Merig basin. The orange curve represents the linear feet, and the black curve denotes
the 1:1 slope.

In terms of absolute figures, the outputs between the observed and unbiased dis-
charges, as indicated by R? = 0.714 (see Table 8), and the other statistical measures, such as
a fair NSE (= 0.444), a quite high KGE (= 0.602), and a RMSE of 54.499 m3/s (considering
that the maximum flow of the river is 377.89 m?/s), denote a relatively good correlation in
the time series. The comparison of outputs between the observed and the produced LR and
OM modified discharges revealed that these two methods generate the less biased time
series. LR demonstrates a strong correlation, with all indices exceeding 0.6 (NSE = 0.737
and KGE = 0.616), as shown in Table 8. On the other hand, the QM method produces
time series that are even more correlated, with all statistical measures surpassing 0.74
(R2 =0.749, NSE = 0.761, and KGE = 0.856). Moreover, both LR and QM yield RMSE values
(RMSE = 36.097 m®/s and RMSE = 35.816 m®/s) that are considered good since they are
less than half of the measured standard deviation [60]. Nevertheless, due to the limited
duration and aging of the measurements, it is crucial to reassess the linear regression’s
slope and intercept factors in recent years for the specific river basin.
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Table 8. Performance of bias-correction methods in the case of the Struma/Strymonas river’s E-
HYPE-simulated runoff expressed through statistical measures.

Statistic Measures E-HYPE Raw Data SF LR DC oM
R2 0.714 0.714 1.000 0.714 0.749

NSE 0.444 0.438 0.737 —1.396 0.741
PBIAS —36.689 —37.449 —36.689 37.964 0.983

KGE 0.602 0.595 0.616 —-0.273 0.856
RMSE (m3/s) 52.499 52.791 36.097 109.005 35.816

3.3.5. Vjosa/Aoos Basin

Due to the lack of monitored discharges in the Vjosa/Aoos basin, a qualitative com-
parison of the two LSMs datasets was conducted during the common period of data,
spanning from January 1992 to December 2010 (n = 228), as illustrated in Figure 9. While
both models capture the seasonal discharge variability similarly, a notable difference is
detected in LISFLOOD outputs, which exhibit a low-flow threshold, i.e., the minimum
value of the river runoff does not drop below approximately 25.0 m>/s. Overall, it can
be observed that the specific model outputs feature lower peaks and less pronounced
fluctuations compared to those of E-HYPE. Furthermore, it is important to note that the
figures cited in the literature regarding the rivers’ runoff, as outlined in Table 2, can only
be examined quantitatively. This is because the time period for which these average flows
were generated is unspecified; they may thus correspond to wet or dry periods, potentially
resulting in overestimated or underestimated river discharges, respectively. Regardless of
the case, the literature indicates that the average Vjosa/Aoos river’s outlet flow into the
Ionian Sea is 204.10 m?/s, approximately 34% larger than the 129.85 m3/s and 135.48 m3/s
estimated by the LISFLOOD and E-HYPE models, respectively.
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Figure 9. LSMs’ simulated discharges at the outlet of the Vjosa/Aoos river for the period January
1992-December 2010.

Overall, in Table 9, we present the statistical numerical outputs of the observed time
series, including minimum and maximum values (excluding outliers), first and third quan-
tiles, and median and mean discharges. Additionally, the table includes the initial (raw)
simulations of LISFLOOD and E-HYPE models, as well as the bias-corrected simulated time
series generated using the LR and QM methods, which have demonstrated superior applica-
bility in the case study basins. In all basins, LR and QM methods contribute to convergence
of the median and mean simulated values to the observational data. In the Vardar/Axios
basin, for instance, the median and mean LISFLOOD-simulated values of 199.68 m3/s
and 201.44 m3/s, respectively, are adjusted to 117.64 m3/s and 121.01 m?/s, respectively,
which closely approximate the observed values, with a difference of 4-1.5 m3/s. It should
be noted that the time series presented in Table 9 do not correspond to the same period.
As mentioned earlier, the statistics for the Struma/Strymonas and Maritsa/Evros/Merig
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basins derive from a six-year period of data, whereas the statistics for the other two basins
derive from data spanning a period more than double in length. Finally, the Vjosa/Aoos
basin is not included in the table due to the lack of observations, which impeded the bias
correction of the LSM’s simulated runoff.

Table 9. Statistical measures of observed discharges (Obs.), LISFLOOD’s and E-HYPE’s raw simula-
tions (Raw), and linear regression (LR) and quantile mapping (QM) bias-corrected time series for the
transboundary basins of Greece based on the available time series of data. All data are expressed

inm3/s.
Basin Model Min 1 Q1 Median Q3 Max 2 Mean
Obs. 51.72 92.39 117.64 147.26 165.63 121.01
Raw 76.49 160.26 199.68 250.54 330.36 201.44
. LISFLOOD LR 134.44 165.39 184.61 207.15 221.13 187.17
Vardar/Axios QM 45.06 90.09 116.04 151.52 215.61 120.58
Raw 85.72 125.38 157.45 200.52 295.77 167.68
E-HYPE LR 70.02 93.97 113.88 141.67 201.68 121.01
QM 59.07 86.75 110.18 148.75 239.10 122.73
Obs. 10.22 22.97 29.97 39.26 51.06 30.64
Raw 5.26 16.25 22.32 4231 68.71 28.33
LISFLOOD LR 17.39 23.07 26.18 30.32 35.58 26.48
Mesta/Nestos oM 7.54 15.10 30.86 40.44 59.72 29.28
Raw 16.07 29.52 35.44 41.00 47.55 34.75
E-HYPE LR 10.25 18.48 23.01 29.01 36.63 23.44
oM 21.66 26.71 30.48 33.61 42.33 30.46
Obs. 53.23 54.90 60.22 66.73 78.27 59.10
ot /st Raw 22.66 54.67 68.53 84.00 112.46 67.63
rama/sstrymonas E-HYPE LR 47.71 49.21 53.97 59.78 70.11 52.97
QM 48.53 56.71 60.29 62.42 66.32 59.01
Obs. 141.62 90.33 80.69 121.22 65.70 66.72
Maritsa/Evros/ Raw 4293 93.85 148.95 192.51 315.88 146.24
Meric E-HYPE LR 100.15 56.29 48.05 82.71 35.22 36.10
QM 113.40 98.46 82.03 124.57 71.36 82.03

Note(s): ! Minimum value without considering the outliers. 2 Maximum value without considering the outliers.

4. Discussion

Within the present study, we assess the applicability of two large-scale hydrology
models (LSMs), namely the LISFLOOD and E-HYPE models, in accurately representing
water volumes, focusing on the five transboundary river basins of Greece. The literature
indicates that only a very limited number of scholars have utilized and validated the
performance of these models in Greece and in its international waters. For instance,
Skoulikaris and Piliouras [9], and Skoulikaris [36], evaluated E-HYPE's performance solely
for the Vardar/Axios river basin, while Mentzafou et al. [61] used the specific model’s
simulated discharges as those that occur in seven national rivers, but without any validation.
Notably, although LISFLOOD outputs form part of the EU Climate Data Store produced by
the European Flood Awareness System (EFWS) as part of the Copernicus Programme [62],
the model has yet to be utilized and evaluated in Greece. At the same time, to the best of
the author’s knowledge, none of the specific LSMs have been utilized by the riparian states
sharing their waters with Greece. Hence, we consider our approach novel in (i) using two
LSMs in the transboundary river basins of Greece, which cover a large area of the Balkan
Peninsula, (ii) validating the performance of these LSMs for selective case studies, and thus
proposing solutions for situations of data scarcity or in ungauged basins, (iii) demonstrating,
for the first time with the use of long-term discharge datasets, the dependance of the
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downstream parts of the basins to the upstream waters, and (iv) advocating for the use of
LSMs as tools for integrated management of international waters.

The data analysis demonstrated, as anticipated, varying performance among the
selected LSMs (see Figure 4). However, in most case study basins, the simulated interannual
mean and median flows align between the two models. Notably, there were cases, such
as in the Struma/Strymonas river basin, where significant disparities, such as more than
50% difference in averaged discharges, were observed between the outputs. Additionally,
it was found that, in certain basins, the LISFLOOD model employs a low-flow threshold,
resulting in inadequate attribution of minimum flows. This finding aligns with the research
conducted by Gudmundsson et al. [12], where the assessment of nine LSMs, forced by
the same meteorological variables, against observed runoff from 426 small catchments in
Europe, demonstrates that while LSMs generally capture the interannual variability of
mean flow well, differences in model performance become more pronounced for low-flow
percentiles. Additionally, Donnelly et al. [31] highlight that models’ outputs are improved
with increasing catchment size due to the lesser impact of water regulation strategies
on hydrosystem behavior compared to the frequent runoff peaks observed in smaller
catchments.

Focusing on the two LSMs, although they are well-established and validated models,
as clearly indicated in the Section 2, e.g., [9,35,41,42], none of the Greek national or inter-
national basin gauges, along with their relative gauges, have been utilized for validation
during their development phase. Specifically, that of LISFLOOD uses only a station (out of
the 693 utilized stations) in the upper part of the Struma basin for its validation [62], while
E-HYPE validation does not include sub-Danubian basins [31]. In this regard, the research
validates the two LSMs in the river basins of Southeastern Europe, demonstrating their
potential to successfully simulate river discharges. The data analysis reveals that, in the
Vardar/Axios basin, R?, NSE, and KGE are 0.349, —0.657, and 0.259 for LISFLOOD, and
0.595, 0.268, and 0.574 for E-HYPE (see Tables 3 and 4). For the Mesta/Nestos basin, the
goodness-of-fit measures indicate that R2, NSE, and KGE are 0.353, 0.301, and 0.507 for
LISFLOOD, and 0.473, 0.308, and 0.604 for E-HYPE (see Tables 5 and 6). The outputs of
the E-HYPE model in both of the aforementioned case study basins coincide with those
produced by the model during its development phase, as reported by Donnelly et al. [31].
It is indicated that, for all E-HYPE's validation stations across Europe, two-thirds had NSE
greater than zero, and one-third of the stations had values greater than 0.4, which aligns
with our research findings. Additionally, Donnelly et al. [31] demonstrate that 85% of
all validation stations across Europe had KGE greater than zero, with 52% having values
greater than 0.5, a pattern consistent with the outputs of our current research. Regarding
the LISFLOOD model, the model’s validation output demonstrates that 16% (97 out of
594 validation stations) had a negative NSE, while 78% (461 out of 594 stations) had NSE
values greater than 0.2 [62], which is consistent with the findings of the current research.
Finally, in the case of the Struma/Strymonas and Maritsa/Evros/Merig basins, the absence
of current observational data necessitated an examination solely of E-HYPE's capability to
represent river runoff. In both cases, the outputs (R? = 0.619, NSE = 0.472, and KGE = 0.726
for the Struma/Strymonas basin, and R? = 0.714, NSE = 0.444, and KGE = 0.602 for the
Maritsa/Evros/Merig basin) reveal E-HYPE’s ability to accurately simulate the river dis-
charges. However, it is essential to re-evaluate the specific model using more recent data
and longer time series, since small data samples increase the likelihood of observational
errors, potentially resulting in biased outcomes during model evaluation [12].

In the bias-correction process, the methods utilized are commonly employed in sur-
face hydrology and mathematical models” evaluation (e.g., [50]). Bias-correction meth-
ods resulted in an overall increase in the statistical indexes, indicating the correlation
between observed and bias-corrected data. The relatively straightforward linear regres-
sion (LR) method, for instance, performed very well in the case of the Vardar/Axios and
Mesta/Nestos basins. Specifically, the initial NSE values of —0.657 and 0.301 for LISFLOOD
(see Tables 3 and 5) became 0.423 and 0.797, respectively, while in the case of the E-HYPE
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model, NSE increased from 0.268 and 0.308 for the Vardar/Axios and Mesta/Nestos basins
to 0.664 and 0.772, respectively (see Tables 4 and 6). The same method also performed
very well in the case of the Struma/Strymonas and Maritsa/Evros/Merig basins, where
NSE and KGE values for both LSMs were greater than 0.73 and 0.61, respectively (see
Tables 7 and 8). The quantile mapping (QM) method also had a positive impact on in-
creasing the statistical measures, and in some cases, outperformed other methods. In the
case of the LISFLOOD model, for example, KGE is constantly greater than 0.58, and in the
case of the E-HYPE model, KGE is greater than 0.7, which is the best indicator among the
bias-correction methods. Moreover, QM resulted in PBIAS values very close to zero (<£1.0
for all cases) indicating the excellence performance of the method. Finally, the scaling factor
(SF) and delta change (DC) methods provided less satisfactory outputs, concluding that LR
and QM bias-correction techniques are efficient in decreasing the LSMs’ runoff biases in
the case study basins.

An important output of the research is the quantification of the dependence of the
downstream parts of the case study transboundary basins on the available upstream
water resources. This analysis is also considered an innovative aspect of the study, as the
literature review revealed a lack of gauge stations, an issue which aligns with the research
of Skoulikaris and Pilirouas [9] at the national borders of transboundary basins, as well
as a lack of documented figures (see Table 2) about the upstream inflows. Regarding the
contribution of the upper parts of the basins, in the case of the Vjosa/Aoos river basin,
LISFLOOD and E-HYPE attribute 63.04% and 27.2% of the basins’ waters to upstream
sources, respectively. Considering only 33% of the basin’s area belongs to Greece, it can
be said that LISFLOOD partially overestimates the water inflow into Albania. In the
Vardar/Axios basin, both LSMs demonstrate that the inflows from North Macedonia
correspond to more than 92% of the total inflows, establishing the significant dependence
of the downstream water uses on upstream waters. As for the Struma/Strymonas and
Mesta/Nestos basins, which are almost equally shared between Bulgaria and Greece, both
LSMs coincide that approximately 50% to 75% of the waters originate from upstream
sources. This result, particularly in the case of the Mesta/Nestos basin, is validated in
the literature [30]. As far the Maritsa/Evros/Meri¢ basin is concerned, the LISFLOOD
and E-HYPE models show that 42.53% and 70.9% of the basin waters, respectively, are
coming from upstream sources. These figures are relatively small, particularly in the case
of LISFLOOD, considering that Greece accounts for only 6.9% of the basin’s extent and
is primarily comprised of plain areas. However, it should be noted that not all major
tributaries of the river are connected in the upstream waters, and thus are not considered
by the two models as upstream waters.

To sum up, the research promotes a methodology for producing realistic outputs
regarding the water discharges of transboundary basins, which can further be used to
trigger indexes demonstrating cooperative and conflictive interactions, such as those of
the International Water Event Database (IWED) [63]. Moreover, the outputs can lay the
foundation for cooperative water management and the development of a framework
for addressing scarcity and dependency, as proposed by Munia et al. [64]. De Stefano
et al. [65] provide a thorough analysis on the transboundary basins that are more likely
to experience hydro-political tensions over the coming years due to construction of large
hydraulic projects, such as dams within the river course. Hence, the analysis of large-scale
construction impacts on transboundary water resources is considered the advancement of
the current research. Moreover, De Stefano et al. [66] investigated the institutional resilience
to water variability in transboundary basins due to climate change; thus, the investigation
of transboundary water bodies’ vulnerability to climate change is also a thematic proposed
to be further investigated. In terms of the research limitations, LSMs provide daily or mean
simulated discharges rather than extremes [12]; thus, the proposed methodology cannot be
followed in the case of extremal analysis.
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5. Conclusions

Accurate data and effective data exchange are fundamental for ensuring equitable
and sustainable management of transboundary waters. This significance is underscored by
Article 6 of the Convention on the Protection and Use of Transboundary Watercourses and
International Lakes [6], as well as Article 8 of the Draft Articles on the Law of Transboundary
Aquifers [67]. Furthermore, the EU, through its Water Framework Directive, recognizes
information sharing as a cornerstone of integrated water resources management at national
and transboundary scales [68].

This research, in the absence of monitoring data, investigated the way LISFLOOD
and E-HYPE large-scale hydrological models (LSMs) can represent the river discharges
of the transboundary river basin of Greece. The E-HYPE model slightly outperformed
the LISFLOOD model in most of the case study basins; however, more recent data are
required to establish a more secure consideration. Overall, the outputs demonstrate that
both models provide reliable outputs that are further ameliorated after correcting for bias.
Among the methods used for creating unbiased time series, linear regression and quantile
mapping produced outputs of high accuracy. The research is considered a methodological
roadmap that can be implemented in basins where limited data are available, as well as in
transboundary basins where the often-political environmental policies and frameworks
between the riparian states do not facilitate the integrated modeling of the water resources.

This research, conducted in the absence of ample monitoring data, investigates how
LISFLOOD and E-HYPE large-scale hydrological models (LSMs) represent the river dis-
charges of the transboundary river basin of Greece. The E-HYPE model slightly outper-
forms the LISFLOOD model in most of the case study basins; however, more recent data are
required to establish a more secure conclusion. Overall, the outputs demonstrate that both
models provide reliable results, which are further improved after bias correction. Among
the methods used for creating unbiased time series, linear regression and quantile mapping
produced highly accurate outputs. The research serves as a methodological roadmap that
can be implemented in basins with limited data availability, as well as in transboundary
basins where political and environmental policies and frameworks between riparian states
often do not facilitate the integrated modeling of water resources.
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