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Abstract

Hydrologic models are instrumental in understanding the behavior of the Nile River Basin
(NRB), yet their effectiveness is often limited by the basin’s complex hydrology and sparse
observational records. This study applies a basin-scale hydrological modeling approach
to simulate near-natural, pre-reservoir flow conditions in the NRB, while incorporating
lake and wetland submodels. The basin was discretized into 34 sub-watersheds with an
outlet at Aswan. The conceptual GR4] rainfall-runoff model was implemented within
the Raven modeling framework, chosen for its parsimony and suitability for data-limited
conditions. Multi-objective calibration used discharge data from the Global Runoff Data
Centre (GRDC), supplemented by digitized historical records to improve spatial and
temporal coverage. A stepwise calibration strategy was applied at 18 sites, focusing on
pre-reservoir periods to capture natural flow dynamics. The calibrated model reproduces
observed discharges with high skill. At the Aswan outlet, Nash-Sutcliffe Efficiency (NSE)
values were 0.87 (calibration) and 0.80 (validation), with percent bias (PBIAS) values of
6.1% and 5.0%, respectively. Model performance was strongest in the Blue Nile, White
Nile headwaters, and the Nile main stem. The model also successfully simulated the
hydrological step-change observed in Lake Victoria during the 1960s, underscoring its
robustness in simulating regional hydroclimate disruptions. This calibrated model enables
reconstruction of historical Nile discharge and simulation of past hydrologic disturbances,
including those driven by major volcanic eruptions over the past millennia.

Keywords: Nile River Basin; hydrological modeling; GR4]J; model calibration

1. Introduction

The transboundary Nile River is of immense importance due to its vital role in sus-
taining the livelihoods of more than 300 million people across the basin [1]. As one of the
longest rivers in the world, the Nile River and its tributaries pass through eleven countries
(Egypt, Sudan, South Sudan, Ethiopia, Uganda, Kenya, Tanzania, Rwanda, Burundi, Demo-
cratic Republic of Congo, and Eritrea), providing a critical water resource for agriculture,
hydroelectric power generation, drinking water, and maintaining biodiversity [2]. The
fertile Nile Delta and floodplain in Egypt supports extensive agricultural activities, which
are the backbone of Egypt’s economy and food security [3,4].

Historically, the Nile has been a cradle of civilization, fostering the growth of ancient
cultures, religious beliefs and practices, agricultural advancement, and continues to be
a cultural and economic cornerstone for the region [5,6]. For example, prior to the con-
struction of the Low Aswan Dam, agricultural activities in Egypt relied on the summer
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floods of the Nile [6,7]. Higher flood peaks allowed for more irrigated land, thereby boost-
ing agriculture-based revenues. Conversely, lower floods were associated with negative
societal responses, including revolts and societal unrest [5,6,8]. Such fluctuations in the
Nile’s behavior are linked to changes in global hydroclimate, which result from the natural
climate variability coupled with the complex hydrology of the Nile River Basin (NRB).

Precipitation in the NRB is largely driven by the InterTropical Convergence Zone
(ITCZ) and other global teleconnections (e.g., the El Nifio-Southern Oscillation, North
Atlantic Oscillation, and Indian Ocean Dipole) [9-11]. The ITCZ is a low-pressure zone
in the tropical latitudes where trade winds from both hemispheres converge, resulting in
heavy precipitation and thunderstorms [12]. ITCZ migration influences both the timing and
magnitude of precipitation patterns and plays a particularly important role in determining
the seasonal flow variations in the Blue Nile [13]. Because the source of the Blue Nile
is positioned farther north (~10° N) than the White Nile source (5° S to 5° N), these
two primary watersheds are impacted by the ITCZ in distinct ways [14]. During the
boreal summer months, when the northern hemisphere is warming, the ITCZ migrates
northwards, leading to heavy precipitation over the Blue Nile region [15]. In response,
added precipitation increases flow in the Blue Nile, creating a single, large seasonal pulse
that travels downstream to impact water levels in the main Nile. Unlike the single wet
season of the Blue Nile, the ITCZ crosses the White Nile region twice per year during its
oscillatory movement between hemispheres and is responsible for two rainy seasons: one
long (March-May) and one short (October—-December) [16].

The NRB'’s hydrological regimes have been extensively studied using hydrological
and statistical techniques to better understand its response to climate variability [14,17,18].
However, much of the basin is located in Sub-Saharan Africa, a hydrological data-scarce
region. A lack of data limits the ability of data-driven models to robustly reproduce
hydrological variables of interest. This issue is even more pronounced when examining
periods prior to the rise of earth observation products (such as remote sensing) in the late
1970s and early 1980s. For, example, the Global Runoff Data Centre (GRDC) database
contains 113 gauges within the Nile Basin, 54 of which were available prior to 1965, when
many large dams in the NRB were constructed. Only 13 of these gauges have at least
30 years of data and none are available at a daily time step. Moreover, most gauges with
long records are located along the Blue Nile and Nile main stem, while relatively few are
located in the headwaters.

Calibrating hydrologic models of the NRB has been challenging due to the scarcity
of data, extensive flow regulation by large reservoirs, and the added influence of climate
change. Because of these challenges, global gridded hydrologic models have struggled to
represent several features of the NRB. Such models often fail to capture the complexity of
lakes and wetlands [19], which play a crucial role in regulating the hydrological behavior
of the White Nile. For example, large scale hydrologic models generally do not account for
the Sudd’s seasonal flooding of wetlands, which removes approximately 50% of White Nile
flow [20-22]. Regionally focused models can accommodate these features, but most have
focused on decision-making around modern reservoirs, rather than the effects of climate
disruptions on the pre-reservoir natural river.

Hydrological modeling of the NRB has predominantly examined rainfall-runoff dy-
namics and flow variability [23-25], most often focusing on the Blue Nile flood pulse [26,27].
The Blue Nile has received greater attention due to its importance for water management
decisions and better available flow data than other Nile sub-catchments. Models applied in
the Blue Nile include SWAT, VIC, HBV, IHACRES, and GR4J [27,28]. Notably, the simple
conceptual model GR4J outperformed the physically based SWAT model across four small
sub-watersheds in the upper Blue Nile [29]), partially informing our selection of GR4] for
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this study. In the White Nile, representing the effect of lakes and wetland flooding on travel
time and losses is of greater importance than in the Blue Nile and remains a recognized
modeling challenge [30,31].

Extensive human intervention in the Nile, in the form of large reservoirs and agricul-
tural withdrawals, further complicates NRB hydrologic modeling. As such, most recent
modeling efforts have focused on modern conditions to improve water resources decision
making [32-35], avoiding the problem of near-natural modeling. These studies typically
rely on post-1950 flow observations [23], which have embedded signals of climate change
and human intervention. This limits existing models’ ability to represent pre-regulation hy-
drology and natural flow response to climate variability. Global-scale models that attempt
to capture such variability tend to omit the downstream Nile due to data scarcity and the
difficulty in simulating lake and wetland processes [36]. Consequently, a gap remains in
modeling the entire NRB under near-natural conditions, prior to major reservoir opera-
tions but including critical lake and wetland dynamics, for the purpose of reconstructing
pre-regulation historical hydrology.

Our goal, therefore, is to provide a well-calibrated hydrologic model of the entire
Nile River Basin under near-natural conditions. To reflect near-natural conditions, we use
recovered observations to extend the historical discharge records during calibration and val-
idation. A simple lumped rainfall-runoff hydrologic model, GR4] by Perrin et al. [37], was
chosen to complement the relative scarcity of data in the NRB region. By explicitly incorpo-
rating lakes and wetlands routing, processes that are often neglected in grid-based global
hydrological models [36], our modeling framework captures the delayed hydrological re-
sponse along the White Nile driven by the major lakes and the Sudd wetland [31,38,39]. We
argue that the resulting model serves as a critical tool for reconstructing past hydrological
responses to climate events, for example, through offering a more detailed simulation of
hydrologic disruptions due to historical volcanic eruptions [7]. The model can also be
used to estimate historical discharge at locations across the NRB where records are not
available and for benchmarking studies to disentangle the impact of reservoir operations
and irrigation withdrawals from the natural flow of the Nile. This study demonstrates how
we (1) utilized recovered data to calibrate a near-natural rainfall-runoff model for the Nile,
(2) employed a stepwise calibration at multiple locations across the NRB, and (3) assessed
model sensitivity to hydroclimatic variability during the historical period.

2. Materials and Methods
2.1. Nile River Basin

The Nile Basin comprises four major watersheds, namely the Blue Nile, White Nile,
Atbara, and main Nile (Figure 1). The Blue Nile and the White Nile are the two main
tributaries of the Nile River, contributing approximately 85% of the total annual flow
and meeting in Khartoum, Sudan [40]. The Atbara River joins approximately 300 km
downstream of Khartoum and contributes the remainder of flow to the Main Nile. The
Blue Nile originates in the Ethiopian highlands and is responsible for the Nile River’s high
flows [33,41,42]. The Ethiopian highlands receive a higher annual precipitation of about
1300 mm, occurring primarily during the rainy season, occurring from June to September
and known as Kiremt (Figure 1c). On the northern side of the highlands, water flows into
the Atbara River, which contributes about 15% of the Nile flow [40]. The western portion
of the Blue Nile basin, covering Sudan and Egypt, is on the edge of the Sahara desert and
receives annual precipitation of less than 200 mm [14].
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Figure 1. (a) Spatial discretization of the NRB into 34 Hydrologic Response Units (HRUs); (b) long-
term annual mean precipitation; and (c) long-term mean monthly precipitation. The outlet of the basin
is located at Aswan, Egypt (a). Watershed numbers in (a) refer to unique ids in the hydrologic model.

The White Nile region, comprising Lake Victoria and Lake Albert, receives approxi-
mately 1100 mm of annual precipitation, largely distributed into two wet seasons (Figure 1c).
The White Nile provides a steady baseflow for the Nile River, primarily due to the influence
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of a series of East African Great Lakes and the Sudd wetland in South Sudan [21,30,38].
These water bodies modulate the flow hydrograph of the White Nile, resulting in high tem-
poral autocorrelation within the region’s hydrological system [39,43]. The Sudd wetland
in South Sudan is the source of major water losses in the White Nile. When water levels
rise in the Sudd wetland, the wetland’s size increases, and only half of the incoming water
flows out. Due to its tropical location, the wetland receives abundant sunlight year-round,
leading to high rates of water evaporation [30].

2.2. Data

The datasets used to calibrate and run the NRB model are presented in Table 1. Climate
drivers (precipitation, daily minimum temperature, and daily maximum temperature)
were used for simulation purposes, while discharge and lake-level data were used for
calibration targets. Historical climate data were based on the GSWP3 (Global Soil Wetness
Project Phase 3) dataset [44], a daily, high-resolution, global meteorological dataset used
for hydrological and climate studies [45]. GSWDP3 is one of the key datasets used in the
second phase of the Inter-Sectoral Impact Assessment Model Intercomparison Project
(ISIMIP2a) providing historical climate and land surface conditions essential for driving
impact models and facilitating intercomparison studies [46]. GSWP3 provides daily bias-
corrected meteorological data spanning from 1901 to 2010. This provides sufficient early
20th century coverage to capture much of the headwaters prior to major dam regulation in
the latter part of the century.

Discharge data used for model calibration and validation were extracted from the
GRDC database and from a series of published records, titled the Nile River Basin [47]. The
GRDC database comprises archives of river discharge data across the globe, facilitating the
international exchange of hydrological data. The Nile River Basin [47] hydrological dataset
was collected and published by the Egyptian Ministry of Public Works in the early to
mid-20th century to enhance the understanding of the Nile River and aid in water resources
planning and management [48]. This dataset extends the time period available through the
GRDC and includes several gauges not otherwise available. Its supporting documentation
also provides a rich source of information for the early 20th century NRB on the climate,
water sources and sinks, and the role of lakes and wetlands/swamps.

Table 1. Datasets used to run and calibrate the Nile Basin Model.

Data

Source Format Resolution Reference

Climate Drivers for Simulation

Minimum temperature

Maximum temperature GSWP3 Gridded OD;:)I}; 0.5° Dirmeyer et al. [44]
Precipitation ' '
Hydrology Observations for Calibration

GRDC http://grdc.bafg.de/
Discharge Gauged Monthly (Accessed on 9 March 2023)

HURST

Hurst et al. [47]

Digitized Vanderkelen et al. [49]

Lake stages Da%iti Gauged Monthly Yasuda et al. [50]

Schwatke et al. [51]

2.3. GR4J Hydrologic Model in Raven

The NRB hydrological model was developed using emulation of the GR4] within the
RAVEN hydrological framework v3.5 [52]. RAVEN was designed to allow emulation of
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other hydrological models while also including modules to capture the routing through
river networks, lakes, and wetlands. The GR4J] model [37] was selected for its simplicity,
requiring relatively few parameters and minimal input data, while still effectively simu-
lating hydrological processes, which makes it ideal for application in data-scarce regions
such as the NRB. The GR4J rainfall-runoff model uses four parameters to simulate various
hydrological processes (Figure 2). These four parameters are the production store (X1),
groundwater exchange capacity (X2), routing capacity (X3), and lag or routing time (X4).
The X1 and X2 parameters are responsible for mass balance in the model, controlling soil
moisture capacity and groundwater exchange, respectively. The X3 and X4 parameters
primarily influence the shape of the hydrograph and baseflow recession [37]. The required
climate drivers to run the GR4] model are daily precipitation and potential evapotranspi-
ration. Potential evapotranspiration was estimated from daily minimum and maximum
temperature using the approach of Hargreaves and Samani [53]. Outputs from GR4] are
discharge, evapotranspiration, and rate of groundwater exchange. GR4J was found to excel
in reproducing watersheds” hydrological behavior across a range of climates, including
tropical humid regions of west Africa, which are climatologically similar to the White Nile
headwaters [54-59].

ﬂ Interception

Production , ]
store

Oy 0
Routing X“I LY F(x,) F(x,)
store RI o «

Qr Qd

Figure 2. Schematic structure of the GR4] rainfall-runoff model, reproduced from Perrin et al. [37].
P and E represent precipitation and potential evapotranspiration, respectively, with the subscripts
n and s representing net and storage. S represents the production store with capacity X;, while
R is the routing store, analogous to baseflow reservoir, with capacity X3. Perc is percolation from
the production store, while Pr is the routing precipitation, separated into slow (Qg) and fast (Q;)
routed components. Unit hydrographs UH1 and UH2 are applied to the slow and fast components to
generate Qg and Qy, slow and fast routed components respectively. Slow runoff is routed through
the routing store R, after which groundwater exchange, F(x;), is applied to both slow and fast runoff,
represented as Qr, nonlinear routing outflow, and Qd, direct flow. Q represents the total simulated
discharge. X; — X4 are the model fitting parameters representing the production storage capacity
(X1), groundwater exchange (X»), routing store capacity (X3), and unit hydrograph time base (Xy4).

2.4. Nile Model Setup

The NRB was spatially discretized into 34 Hydrologic Response Units (HRUs)
(Figure 1). An HRU is defined as a lumped spatial unit with homogeneous properties, here
defined solely based on sub-watershed area and relatively homogenous climate inputs.
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These basins were initially based on the Hydrosheds dataset [60] at the level 5 scale, with
customized adjustments to accommodate gauge locations or splitting heterogeneous HRUs.
The discretized NRB consists of twenty-nine land HRUs and five lake HRUs (Figure 1).
Precipitation and temperature inputs from GSWP3 were spatially averaged over each HRU.
While model simulations were performed at a daily timestep, all calibration was conducted
based on goodness of fit at a monthly timestep. This approach was chosen to effectively
capture the impact of climate variation on the seasonal minimum and maximum flows. In
total, calibration was performed at 18 locations across the NRB.

All calibration of land and lake HRUs was conducted from upstream to downstream in
a stepwise process. Once an HRU or set of HRUs was successfully calibrated, its parameters
were fixed before continuing downstream to calibrate the next HRU(s). For land-based
HRUs, we calibrated each of the GR4] model’s four parameters (X1-X4). The feasible
parameter ranges were set as follows: X1: 0.1-3 m, X2: —20-10 mm/day, X3: 0-1000 mm,
and X4: 1-20 days. The parameter ranges are relatively broader than those proposed by
Perrin et al. [37] to reflect the larger spatial resolution of the HRUs and the wide variation
in climate, soils, and topography across the NRB model.

Water HRUs were used to represent large lakes and are modeled within the Raven
framework as storage volume with a broad-crested weir outlet. Five water HRUs were
included in the model to represent major lakes within the Nile River Basin. Four of these—
Lake Victoria, Lake Kyoga, Lake Edward, and Lake Albert—are located in the White Nile
basin, while Lake Tana is located in the Blue Nile basin. No major modern reservoirs were
incorporated into the model; calibration and validation were based on data from periods
prior to the construction of large-scale reservoirs that significantly altered the natural flow.
While earlier dams such as the Low Aswan and Sennar did exist in early 1900s, their
impacts on the overall Nile flow dynamics were limited. Given the scale of the Nile Basin,
it should be noted that small lakes were ignored, though their impacts might be substantial
at a local scale.

In Raven, water HRUs are defined by a lake’s surface area and depth, in addition to
the broad-crested weir outlet properties, including the crest height, width, and weir coeffi-
cient [52]. In addition to inflows from upstream HRUs and outflow from the weir outlet,
lakes also consider evaporative losses from the lake surface and groundwater fluxes. Losses
to evaporation are based on potential evapotranspiration (PET) input but are corrected
via a PET correction coefficient since lakes experience open-water evaporation. Lake-
groundwater fluxes are modulated by reference height and seepage rate. The reference
height represents typical groundwater levels, such that when the lake water level rises
above it, the lake loses water to the groundwater system, and when it falls below, the lake
gains water from groundwater. This bidirectional exchange between lake and groundwater
is controlled by the seepage coefficient.

The Sudd wetland is modeled differently from lakes. The Sudd wetland is crucial to
understanding Nile hydrology, as half of its inflow is typically lost to evapotranspiration
and percolation into groundwater storages [22,38,61,62], greatly impacting the volume
and timing of flow through the White Nile. The Sudd wetland has extensive vegetation
cover in the flat plains of South Sudan and experiences high exposure to solar radiation
year-round, which drives significant water loss. To simulate the hydrological processes
of the Sudd wetland, we assume a hypothetical offline reservoir, modified to simulate
inflow from the White Nile overflowing its banks and filling the wetland. Instead of
connecting the upstream HRU to the Sudd, we implement a water diversion algorithm
wherein water only enters the Sudd wetland when it is above a certain flow threshold (N)
(Figure 3). When incoming flow is above the threshold, a fixed percentage (x) of the surplus
(M-N) diverts into the Sudd. The Sudd, in turn, discharges back into the Jebel watershed
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downstream, following the same setup as a lake HRU, with outflow controlled by a weir
control structure. Therefore, the Sudd requires the same parameters as a lake HRU, with
additional parameters for overflow threshold (N) and percentage (x) of the surplus flow to
divert into the Sudd during the flood stage. This approach approximates seasonal wetland
behavior, greatly increasing surface area and water loss via evaporation during the flooded
wet season and increasing storage time water held in areas adjacent to the main channel.

Mongalla
M
(m3/s)
M<N:0 M<N:M
M > N : x(M-N) M>N:N+ (1-x)(M-N)
Sudd > Jebel

|

Figure 3. Theoretical framework for simulating the Sudd wetland, where M represents the flow
leaving Mongalla watershed located upstream of Sudd, N is the minimum direct flow to the Jebel
watershed, and x indicates the percentage of surplus flow diverted to Sudd.

2.5. Multi-Objective Calibration

The Shuffled Complex Evolution (SCE-UA) technique [63] was used to calibrate the
model. SCE was chosen because of its satisfactory parameter optimization in hydrological
studies [63-65]. SCE-UA combines random shuffling and evolutionary techniques to
optimize the parameter space and effectively minimize the difference between model
simulation and observations [63]. We employed an SCE-UA algorithm from the SoilHyP
package [66] written in R. Four objective functions were considered at each calibration
location (Table 2). We divided the data into 80%, used for calibration, and 20% used for
validation to avoid model overfitting. The optimal parameter set for each calibration run
was chosen by ranking the performance of each parameter set on each objective function
and then applying equal weighting to determine the best set. A multi-objective calibration
focusing on a range of objectives should provide a balanced model with skill focusing on
bias (MAE), skill with an emphasis on high flows (RMSE), tracking low flows (rNSE), and
overall skill and timing (NSE).

2.6. Time Series Analysis

To further evaluate our model performance beyond traditional goodness-of-fit metrics,
we applied Innovative Trend Analysis (ITA) [67] and Rescaled Adjusted Partial Sums
(RAPS) [68] to both the observed and simulated discharge series. ITA consists of dividing
the time series into two equal, chronologically ordered sub-periods and plotting the sorted
values from the earlier portion against those from the later portion. This enables visual
identification of monotonic trends, nonlinear behavior, and temporal asymmetry without
the distributional assumptions inherent in conventional trend tests [67]. In general, if data
appears above the 1:1 line, the data is increasing in the later period of the record, and
vice versa. RAPS (Equation (1)) computes cumulative deviations of time series from their
long-term mean, rescaled by the standard deviation, thereby highlighting persistent wet
or dry anomalies, periodicities, and structural similarities or discrepancies between the
observed and simulated discharge time series [68]. These time series analyses are essential
in the context of the NRB because they compare model simulations to observations from a
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longer temporal perspective, showing the models” ability to respond to multi-year droughts
or pluvials realistically. For consistency, the calibration period was used as reference period
for comparing the observed and simulated discharge series.

' -
RAPS(t) = 71‘:1(:" —%) (1)
where x; represents the value of the time series at time i, ¥ is the long-term mean of the
series, s represents the standard deviation of the series, and ¢ is a time index from time 1 to
N. ITA was performed using the full time series at a monthly scale at three key locations:
the outflow of the White Nile at Khartoum, the outflow of the Blue Nile at Khartoum, and
the furthest downstream main Nile gauge at Aswan. We performed RAPS analysis for each
month, but focus on the most relevant wet season for each gauge, which is June-August

(JJA) for the Blue and main stem Nile and March-May (MAM) for the White Nile.

Table 2. Goodness of fit criteria used for calibration and validation. S;: simulated discharge;
O;: observed discharge; O;;: mean of the observed discharge.

Function Full Name Formula
N
MAE Mean Absolute Error 3 L ISi— O
i=1
N
RMSE Root Mean Square Error % Y (S — O,-)2
i=1
. . _ Ih(si-0y?
NSE Nash-Sutcliffe Efficiency 1 YN (0—Om)?
(552
i=1 O:
rNSE Relative Nash—-Sutcliffe Efficiency 1-— : 5
N O; — Op
i T

2.7. Climate Sensitivity

To test the sensitivity of flow at the model’s outlet to climate disruptions in its head-
waters, we simulated discharge at Aswan, varying scaled temperature and precipitation
for the Blue and White Nile watersheds, independently. For example, we ran a simulation
using historical temperature and precipitation across the White Nile, while maintaining
historical temperatures across the Blue Nile, but increasing historical precipitation by
5%. Temperature and precipitation were varied independently, with temperature changes
ranging from —5° to 5° C and precipitation changes ranging from —15 to 15%. Handling
precipitation and temperature sensitivity allows a more detailed view on their impacts but
does not capture the combined effect of temperature and precipitation, as these variables
have a covariance.

3. Results
3.1. Calibration and Validation

Because our primary goal was to accurately capture the combined signal at the furthest
downstream gauge, we focus on flow at Aswan, in Egypt. In addition to NSE and rNSE, we
employ PBIAS (Percent Bias) and R? (Coefficient of Determination) as scaled performance
metrics to assess relative model performance across the NRB. The calibrated model showed
satisfactory performance at Aswan, reproducing observed discharge, with a slight overesti-
mate of the most extreme monthly floods magnitudes (Figure 4). The NSE and PBIAS skills
based on monthly means were 0.87 (0.80) and 6.1% (5.0%) during calibration (validation),
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respectively. The negligible worsening in the validation step, indicated by slightly lower
NSE and slightly higher PBIAS, confirms the model is not overfit. An extended spin-up
period, 1901-1915 shown as gray shaded area, was necessary to allow lakes in the White
Nile to stabilize. At this location, the period between 1915 and 1965 was used for calibration
and validation to avoid the dramatic change in flow after the Aswan High Dam (AHD)
construction in the 1960s, shown as a vertical dashed line (Figure 4). Simulated time series
after AHD construction suggest an estimate of the natural Nile flow in the absence of
modern dams. We assume negligible storage effects from the relatively small Aswan low
dam, completed in 1902 and raised twice around 1912 and 1933 [69,70].

(b)

—, 15,0001 | — 15,000

[ — Observed » ko3l B

o | — Simulated o Py

£, 10,000+ £, 10,0001 »?

(0] ho) ) .

9 Q oo ®

& 5000+ l I 50009 _ SN,

O

: 1 E .

D O L T T I T U) 0 L T T R l_c)89 T

1900 1950 2000 0 5000 10,000 15,000

Date Observed [m*/ s]

Figure 4. (a) Time series of monthly discharge at the Aswan for observed (red) and simulated
(black). The shaded area represents the model spin-up period (1901-1915); the dashed red line in
1965 shows the construction of Aswan High Dam and its impact on the natural flow of the Nile
River. At this outlet, calibration and validation were performed during the near-natural period
between 1915 and 1964, showing good agreement. (b) Scatter plot for observed vs. simulated
discharge between 1915 and 1964. NSE and PBIAS were 0.87 (0.80) and 6.1% (5.0%) during calibration
(validation), respectively.

In addition to good model performance at the basin outlet, modeling skill was also
good across the NRB’s sub-watersheds (Figures 5-7). NSE during the calibration period
ranges from 0.62 to 0.87, indicating acceptable performance for hydrologic modeling.
Similarly, model evaluation using PBIAS during the calibration period yielded satisfactory
results, falling within £10% for all sub-watersheds except those in the Atbara region. The
best model skill was found in the Blue Nile, the headwaters of the White Nile, and the
main stem of the Nile downstream of the junction between the Blue and White branches
(Figures 5 and 6).

Two areas of lesser performance are located in the Atbara and Sobat sub-watersheds.
The calibrated model consistently underestimates the observed discharge from the Atbara
watershed by approximately 13% (Figures 5b and 6), but still largely captures the hydro-
graph, as measured by a lower, but still acceptable, NSE of 0.7 during calibration and
0.61 during validation at the Atbara outlet (Figure 6a). Reduced model skill may stem from
the use of a single gauge at the Atbara outlet, located several kilometers downstream of the
critical headwater regions, for model calibration and validation.

There are no major decreases across the four tested objectives between the calibration
and validation time periods, suggesting overfitting and equifinality is not a major issue in
the model (Figure 6). Biases in the Sobat are likely due to the presence of wetlands, similarly
to the nearby Sudd. However, these upstream discrepancies from the Sobat watershed
were negligible when measured at Malakal, located just downstream of the Sudd and the
Sobat (Figure 7). The rule used for simulating the Sudd wetland was therefore deemed
successful and the Sobat adequately modeled given the available data.
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Figure 5. Model skill measured by (a) Nash-Sutcliffe Efficiency (NSE) and (b) Percent Bias (PBIAS)
for each sub-watershed.
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Figure 6. Model performance for the major watersheds. Boxplots in each panel summarize results
for the White Nile (gray), Blue Nile (blue), and the Nile main stem (green) during calibration and
validation. The Atbara basin is shown as a single line because only one gauge is available at the
Atbara Mouth. Panels present: (a) NSE, (b) R2, (c) rNSE, and (d) PBIAS. rNSE was not computed
for the Atbara basin because dry-season flows are typically zero or near zero, causing the rNSE
denominator to collapse and resulting in non-finite values.
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Figure 7. Comparison between observed and simulated discharge at different locations across the
basin. Watershed colors and numbers are identical to Figure 1 and represent the White Nile, Blue
Nile, Atbara, and main Nile.

3.2. Time Series Analysis: Observed vs. Simulated Discharge

The ITA results show that simulated discharge captured the overall trend structure
of the observed series at all three key sites, as indicated by observed (red) and simulated
(black) points plotting near to one another (Figure 8a). Model simulations capture the
negligible observed trend at Aswan and the Blue Nile, as indicated by points clustering
around the 1:1 line. The model also accurately simulates a wetting trend in the White
Nile flow segments, with most points lying above the 1:1 line, particularly for medium
and high flows. This indicates that the 1948-1978 period was systematically wetter than
1916-1947 in the White Nile, consistent with the step change in Lake Victoria levels [49] and
post-1960 step change in RAPS analysis (Figure 8b). RAPS analysis (Figure 8b), computed
from seasonal means, JJA for Aswan and the Blue Nile, and MAM for the White Nile,
provides a complementary perspective on the structural changes highlighted by the ITA.
The time series show broad consistency between observations (red) and simulations (black)
with respect to multi-decadal shifts between wet (ridge) and dry (trough) periods. The
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Blue and main Nile show more inter-decadal variation than a long-term trend, agreeing
with ITA, with good agreement on min and max timing. For the Blue Nile, the model
underestimates the wet anomaly around 1930 and exaggerates the dryness that follows,
while still retaining the general temporal pattern. The White Nile shows exceptional
agreement between observation and simulation with both indicating a prolonged decline
in cumulative anomalies until approximately 1960, followed by a sharp and sustained
increase. This behavior indicates a climatological shift from a multi-decadal dry phase to a
wetter regime after 1960 [49]. The abrupt change in equatorial lake outflows during the
1960s likely dominates the long-term mean. Overall, the close agreement between observed
and simulated diagnostics demonstrates that the model not only reproduces daily and
monthly discharge magnitudes but also captures the underlying temporal structure of
variability, reinforcing confidence in its ability to reconstruct pre-regulation hydrology and
responses to multi-year climate anomalies.
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Figure 8. Time series diagnostics of observed (red) and simulated (black) Nile discharge using ITA
(a) and RAPS (b). The dashed line in the ITA represents the 1:1 reference line, against which deviations
indicate differences in trend magnitude and direction between two halves of the time series.

3.3. Climate and Parameter Sensitivity Analyses

Sensitivity testing of the Blue and White Nile indicated that variation in climate
forcings in either watershed significantly affects the main Nile (Figure 9). As expected,
precipitation and temperature impact Nile flow in opposite directions: increases in precipita-
tion leads to higher flow, while increases in temperature lead to reduced flow. Downstream
flow is more sensitive to climate disruptions in the White Nile than the Blue Nile. For
instance, for the same level of temperature perturbation, the impact of the White Nile is
almost double that of the Blue Nile. An increase in mean temperature of 2° C in the White
Nile during the last century would have decreased the annual flow at Aswan by 11.5%,
whereas a similar increase in the Blue Nile would have decreased flow at Aswan by 6.6%.
A consistent 7.5% increase in White Nile precipitation, approximately equivalent to the step
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change difference between precipitation in the 1960s and 1970s [71], would have increased
flow at Aswan by 25%. A similar precipitation increase across the Blue Nile would have
increased annual flow by 14%.
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Figure 9. Sensitivity of the Nile River to distinct changes in climate drivers across the Blue Nile
(upper panels) and White Nile (lower panels) watersheds. Panels (a,c) illustrate sensitivity to changes
in precipitation for the Blue Nile and White Nile, respectively, while panels (b,d) show sensitivity to
changes in temperature for the Blue Nile and White Nile. Discharge is presented in percent change at
Aswan relative to the baseline.

In part, this sensitivity to the White Nile could be due to the Blue Nile’s strong
seasonality, where more than 80% of the precipitation falls in a period of four months,
as opposed to the White Nile’s perennial nature, which is a result of major lakes and the
Sudd wetland sustaining its flow even during periods of low rainfall. This distinction is
evident in Figure 9b where the Nile River’s discharge appears to be minimally affected
by temperature variability in the Blue Nile considering the same level of temperature
variability in the White Nile (Figure 9d) results in remarkable changes in mean annual flow.
Additionally, the high hydrological persistence in the White Nile system may amplify the
impacts, because perturbations are distributed linearly throughout the simulation runs.

Parameter sensitivity was assessed using a method proposed by Ranatunga et al. [72].
Their approach involves changing one parameter at time within a specified range and
measuring the relative sensitivity to the baseline model by utilizing Normalized Root
Mean Square Error (NRMSE) as a sensitivity metric. The NRMSE is calculated by nor-
malizing the RMSE (Table 2) by the range of discharge values from the baseline model,
(Qpase,max — Qpys e, ,)- Within the Nile model, parameters for headwater watersheds were
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relatively more sensitive than those for downstream watersheds. The most sensitive param-
eter was X2, which controls groundwater exchange, while the least sensitive parameter was
X4, mainly due to the large spatial scale. The X1 and X3 parameters exhibited contrasting
patterns across the White Nile and Blue Nile watersheds. In the White Nile, both parameters
had relatively larger values, suggesting greater sensitivity to lower parameter ranges. In the
Blue Nile, however, X1 and X3 had lower values, indicating increased sensitivity towards
higher parameter values. In summary, the sensitivity of GR4] parameters is inherently
influenced by other factors such as watershed characteristics, including spatial scale, timing
and magnitude of precipitation, as well as dominant hydrological processes [73].

4. Discussion
4.1. Model Calibration and Uncertainty

The resultant NRB model successfully captures observed historical discharge across
a large and diverse watershed with a wide range of climate zones. Similar models have
primarily focused on subsets of the Nile within a single climate zone [27,74,75]. Other full
Nile models have employed regional and /or General Circulation Model (GCM) outputs
to study Nile response under various climate scenarios [18,23,70,76] and other aspects of
water resources in the NRB [24,77].

The choice of the GR4]J as a base model was made to match the model simplicity to the
relatively sparsely available data. We show that the GR4] model adequately and efficiently
reproduces observed discharge across the NRB, during both calibration and validation
phases. Research has shown that simple models can be effective at simulating hydrological
processes and state variables, even in data scarce regions [55,75,78]. A further rationale
for use of the GR4] model is to drive the model with simple climate inputs, to understand
sensitivity across major watersheds. This choice limits the output to understanding runoff
changes, not internal changes in physical water stores, a drawback shared by most of
conceptual models [79,80].

Incorporating wetlands into hydrologic models can improve streamflow simulation
by capturing storage dynamics that would otherwise be misrepresented [30,81]. Here we
leverage a common conceptual representation of the fill-and-spill mechanism [52,82,83], in
which wetlands are simulated as storages that fill once threshold conditions are exceeded,
temporarily retain water, and then release it gradually back to the main channel or lose
it to evapotranspiration. However, wetland hydrology is inherently complex, varies by
wetland type or connection, and remains difficult to represent in large-scale hydrologic
models. For example, many wetland systems are made of many small depressions, often
conceptualized in models as a network of interconnected retention basins, where hydrologic
response is influenced by interconnectivity and physical characteristics like wetland size
and depth [81,83]. Such wetland models could not be considered for the Sudd, which
experiences a bidirectional exchange of flow away from and back into the Nile system
depending on seasonal hydrologic conditions [47]. By using a fill-and-spill model, with
calibrated thresholds, our wetland modeling approach reproduces these dynamics by
simulating delayed wetland responses and losses while simplifying fine-scale interactions,
as shown by the improvement in model performance at White Nile at Malakal relative to
model performance upstream Sobat and Mongalla watersheds (Figure 7).

Two specific regions of poor performance were Sobat and Atbara, primarily due to
the huge differential in rainfall distribution and insufficient data coverage across both
watersheds. For instance, even though Sobat is located in the White Nile basin, most of its
headwaters originate in the Baro region of the southeastern Ethiopian highlands, which
experiences high season rainfall. This runoff is then routed through a complex network of
rivers and wetlands exhibiting similar hydrological conditions as the Sudd wetland [32,35].
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According to Abdelkader et al. [32], evapotranspiration losses within the Sobat wetlands
are in fact responsible for up to 80% of the discharge reduction in the region. Unlike the
Sudd, there was no adequate gauge data to allow a detailed wetland model of the Sobat.

In the case of Atbara, the majority of discharge is generated in the Northwestern
region of the Ethiopian highlands, whereas a larger portion of the downstream watershed
is located in the arid region of the Sahara Desert. El-Sayed El-Mahdy et al. [74] reported
that the Khashm El-Girba Dam, built in 1964, drains approximately 44% of the total
Atbara area and discharges an annual volume of 11.18 Billion Cubic Meters (BCM), with a
coefficient of variation of 43%. Our model simulations showed a good agreement at this
location, simulating an annual discharge of 11.03 BCM and a coefficient of variation of
46%. This result suggests that the model performs best in the headwater regions of Atbara
watershed but fails to adequately represent the portion of the watershed that extends the
Sahara Desert.

Another potential source of uncertainty was the GSWP3 climate input data. One
area of input uncertainty is over Lake Victoria, where the estimated long-term mean an-
nual precipitation from GWSP3 is approximately 951 mm. This is significantly lower
than 1200-1800 mm range reported previously [49,84-86]. Direct precipitation over Lake
Victoria is responsible for up to 80% of the total lake inflow [49,87]. Because of the rela-
tive magnitude of direct rainfall, Dumont [84] argues that the lake is the primary source
of the Nile, rather than its upstream tributaries in the mountain ranges of Rwanda or
the Rwenzori mountains. The GSWP3 dataset also has a noted discontinuity around the
1978/1979 boundary [45,88]. The discontinuity is attributed to a change in the source
of observational datasets used in the development of the GSWP3 dataset. Before 1979,
precipitation and temperature were primarily reconstructed using ground-based observa-
tions and reanalyses. After 1979, the dataset transitioned to using remotely sensed data,
which was intended to improve spatial coverage and reduce bias in the construction of
climate forcings.

4.2. Capturing Regional Disruptions

The primary goal of the model was to create a hydrologic model that could capture
major disruptions of the near-natural Nile flow due to climate anomalies like drought years
or multi-year shifts. The Blue Nile and White Nile watersheds experience unique climate
drivers due to their distinct seasonal patterns [14]. Here, we used scaled temperature
and precipitation in the Blue and White Nile watersheds to simulate relative sensitivity
to the NRB’s annual flow. We showed that disruption in any major watershed leads to
important changes in downstream flow, mainly in Sudan and Egypt which heavily rely on
the hydroclimatic conditions in the NRB’s headwater regions.

An example from the historical record is the climatic shift that produced an abrupt
increase in Lake Victoria levels during the 1960s (Figure 10). This period experienced
exceptionally high rainfall that marked a persistent increase in lake levels, a pattern also
observed in other equatorial lakes [49]. This signal is only apparent in the White Nile
as opposed to the entire basin and was possibly driven by global teleconnections [9,87].
The calibrated model effectively simulates the lake’s temporal variability throughout
the calibration/validation period (1915-1975), successfully capturing this decadal shift
in the hydrological regime over Lake Victoria (Figure 10). The NSE and PBIAS were
estimated to be 0.87 and —3.9% during calibration and 0.85 and —3.8% during validation,
respectively. The departure between observed and simulated discharge in the late quarter of
the 20th century is attributed to discontinuity issues in the GSWP3 dataset after 1978 [45,88].
Errors during the extended spin-up period (gray shaded area) are due to the longer time
needed for larger lakes like Lake Victoria and Lake Albert to stabilize. The ability of
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the calibrated model to successfully capture such a dramatic hydrologic change further
supports the model’s use in simulating hydroclimate disruptions, extreme events, or multi-
year regime changes.
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Figure 10. Lake Victoria: simulating regional disruption in the 1960s. Observed (red), simulated
(black) and model spin-up period (shaded area).

5. Conclusions

The primary purpose of this study was to (1) develop a simple hydrologic model
for the NRB, (2) calibrate and validate this model under near-natural conditions, and
(3) use the model to understand the impacts on river discharge associated with distinct
climate anomalies for the major watersheds of the NRB. The basin was discretized into
34 watersheds and forced using the GSWP3 climate dataset. Discharge and lake levels
data for model calibration and validation were retrieved from GRDC, digitization of Hurst
etal. [47] flow dataset available as typewritten tables, and by digitization of other published
outputs focused on specific regions of the basin. Digitization of these “recovered records”
made calibration of the model possible, particularly in the White Nile, where the availability
of observational data in the early 20th century was scarce.

The calibrated hydrological model adequately reproduces observed discharge at
multiple locations across the NRB. High skill scores were found in the Blue Nile, headwaters
of the White Nile, and the Nile main stem, while the Atbara and Sobat sub-watersheds had
lower, but still acceptable skill scores. The simple conceptual model of the Sudd wetland
also effectively simulated this complex region that is critical for accurate water balance in
the White Nile and commonly overlooked in gridded hydrological models. Additionally,
the calibrated model successfully captured the effect of climate disruptions in the NRB's
major watersheds (e.g., the effect of temperature and precipitation; sudden step change in
Lake Victoria discharge and levels in the 1960s).

While this study provides valuable insights on the near-natural conditions for the
NRB, it is essential to recognize certain limitations that may affect the interpretation of
the results. Watersheds with limited hydrological data—such as the Atbara and Sobat
rivers—showed lower model performance compared to well-gauged watersheds like in the
Blue Nile and Nile main stem. Furthermore, poor representation of GSWP3 precipitation
over Lake Victoria suggests a potential bias in inputs that could lead to overcompensation
from upstream watersheds and/or groundwater contributions.
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While acknowledging these potential limitations, the calibrated model still provides
an exceptionally good baseline model from which users can evaluate the effects of the ITCZ,
climate change, and extreme events on the natural flow of the Nile River, without the effect
of major reservoirs. The model accurately captures the behavior of the numerous White
Nile lakes and the challenging water balance around the Sudd wetland, areas that are
common pitfalls for global or continental-scale hydrologic models. Additionally, the model
could be used to reconstruct historical discharges in the NRB, in locations and periods
without good gauge data, and provide a baseline for comparison with the modern Nile,
modified by larger reservoirs. Finally, our approach to incorporating a simple conceptual
wetland into a larger hydrologic model could be expanded to other similar systems subject
to seasonal river flooding into adjacent floodplain wetland systems.
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