WATER RESOURCES RESEARCH, VOL. 50, 386–408, doi:10.1002/2013WR014194, 2014

Comparison of prognostic and diagnostic surface flux modeling
approaches over the Nile River basin
M. Tugrul Yilmaz,1,2 Martha C. Anderson,1 Ben Zaitchik,3 Chris R. Hain,4 Wade T. Crow,1 Mutlu Ozdogan,5
Jong Ahn Chun,6 and Jason Evans7
Received 30 May 2013; revised 26 November 2013; accepted 11 December 2013; published 17 January 2014.

[1] Regional evapotranspiration (ET) can be estimated using diagnostic remote sensing
models, generally based on principles of energy balance closure, or with spatially
distributed prognostic models that simultaneously balance both energy and water budgets
over landscapes using predictive equations for land surface temperature and moisture states.
Each modeling approach has complementary advantages and disadvantages, and in
combination they can be used to obtain more accurate ET estimates over a variety of land
and climate conditions, particularly for areas with limited ground truth data. In this study,
energy and water ﬂux estimates from diagnostic Atmosphere-Land Exchange (ALEXI) and
prognostic Noah land surface models are compared over the Nile River basin between 2007
and 2011. A second remote sensing data set, generated with Penman-Monteith approach as
implemented in the Moderate Resolution Imaging Spectroradiometer (MODIS) MOD16 ET
product, is also included as a comparative technique. In general, spatial and temporal
distributions of ﬂux estimates from ALEXI and Noah are similar in regions where the
climate is temperate and local rainfall is the primary source of water available for ET.
However, the diagnostic ALEXI model is better able to retrieve ET signals not directly
coupled with the local precipitation rates, for example, over irrigated agricultural areas or
regions inﬂuenced by shallow water tables. These hydrologic features are not well
represented by either Noah or MOD16. Evaluation of consistency between diagnostic and
prognostic model estimates can provide useful information about relative product skill,
particularly over regions where ground data are limited or nonexistent as in the Nile basin.
Citation: Yilmaz, M. T., M. C. Anderson, B. Zaitchik, C. R. Hain, W. T. Crow, M. Ozdogan, J. A. Chun, and J. Evans (2014),
Comparison of prognostic and diagnostic surface flux modeling approaches over the Nile River basin, Water Resour. Res., 50, 386–408,
doi:10.1002/2013WR014194.

1.

Introduction

[2] Evapotranspiration (ET) plays a signiﬁcant role in
both the terrestrial water and energy balances; hence, skillful estimation of ET is important for accurate modeling of
the land surface as well as its interaction with the atmosphere. Given the complexity in its parameterization, actual
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ET is often estimated using a reference or potential evaporation rate (e.g., Penman-Monteith [Monteith, 1965] and
Priestley-Taylor [Priestley and Taylor, 1972] equations)
together with vegetation and weather-related data and
parameters. Such estimates are widely used in prognostic
land surface models (LSMs) where modeled soil moisture
availability primarily drives the magnitude of the estimated
ET under water-limited conditions. On the other hand, actual
ET can also be diagnosed using remote sensing-based landsurface temperature (LST) observations without the need for
prognostic calculations of water availability. These diagnostic models exploit the physical relationship that exists
between LST and evaporative ﬂuxes, using LST as a proxy
indicator of surface moisture conditions.
[3] Prognostic and diagnostic ET modeling approaches
are complementary, and each has advantages and disadvantages for routine applications. Prognostic models use atmospheric forcing data (e.g., precipitation, wind, radiation,
humidity, air temperature) and parameters related to soil and
vegetation (e.g., greenness, Leaf Area Index –LAI, rooting
depth, albedo, soil thermal and hydraulic conductivity, and
moisture holding capacity) to solve the complete water and
energy balance along the soil-plant-atmosphere interface.
Resulting soil moisture predictions are then used to down-
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regulate ET from a potential rate determined by radiative
and meteorological forcings. Given the availability of temporally continuous atmospheric forcing data, prognostic
models offer continuous subdaily ET information together
with the full set of water balance variables (e.g., soil moisture, runoff). Prognostic model-based ET estimates are useful for applications that require time-continuous water
budget information and are frequently used to provide background forecasts required by land data assimilation systems
for the integration of state observations (e.g., soil moisture
or snow) with model-based water and energy predictions.
[4] On the other hand, diagnostic models require signiﬁcantly less a priori information regarding soil and vegetation properties (e.g., soil texture or root-zone depth).
Instead they rely on remote sensing-based observations of
surface states relating to moisture status without explicit
speciﬁcation of moisture inputs into the system. Because
diagnostic models do not rely on precipitation inputs, they
can also provide estimates of ﬂuxes over regions where
available precipitation data are inaccurate or surface moisture status is partially decoupled from local rainfall (due to
irrigation, shallow ground water levels, ﬂooding, etc).
Diagnostic models have become increasingly popular,
because they provide a strong link to remote sensing applications that have been developed to exploit the burgeoning
quantity of available satellite imagery [Overgaard et al.,
2006]. See section 3 for more discussion about the detailed
differences between these two approaches.
[5] Evaluation of any modeling approach against stationbased data is always hampered by the fact that ground
observations are generally point data while models represent averages over large grid cells. Intercomparison of
model simulations that have comparable spatial representation and independent errors provides an alternative means
for estimating uncertainties in the models [Kustas et al.,
2003], particularly over data-scarce regions. While cross
comparison of similar models, using similar physical principals and input data sets, may provide limited information
for model assessment, prognostic and diagnostic modeling
approaches are generally sufﬁciently independent that intercomparisons can serve as a form of model evaluation [Crow
et al., 2005]. Investigation of differences in model output
can help to identify potential improvements in the parameterizations or input data used (i.e., due to missing physics or
poor parameterizations, system biases, degraded input products, etc.), and can facilitate estimation of parameter uncertainties, which are critical for data assimilation and climate
change related studies [Mueller et al., 2011]. Given that
many parameters in models are obtained heuristically, cross
comparison of approaches may also be valuable for parameter calibration [Crow et al., 2005]. Similarly, it is also critical to analyze independent modeling approaches for
consistency, as it promotes better understanding of the characteristics of the hydrological cycle [Dirmeyer et al., 2006;
McCabe, et al., 2008]. Such comparisons can provide new
insights into systems that we do not completely understand.
[6] The theoretical basis of prognostic and diagnostic
model-based ET estimation has been reviewed in many
papers [Rana and Katerji, 2000; Gowda et al., 2008; Overgaard et al., 2006; Kalma et al., 2008; Li et al., 2006;
Allen et al., 2011a,b], including efforts to validate ET estimates using ground-based measurement systems [Kustas

and Norman, 1997; Bindlish et al., 2001; Jiang and Islam,
2003; Kustas et al., 2004; Bastiaanssen et al., 2005; Allen
et al., 2007; Su et al., 2007; Anderson et al., 2007a; Mu
et al., 2011; Sridhar et al., 2002; LeMone et al., 2008;
Vinukollu et al., 2011; Ingwersen et al., 2011; PetersLidard et al., 2011; Wei et al., 2012]. However, cross comparison of diagnostic and prognostic model-based ET estimates has received relatively less attention. Only a few
studies have validated intercomparisons with ground-based
ET observations [Kite and Droogers, 2000; Crow et al.,
2005; Peters-Lidard et al., 2011]. In the absence of such
information, the norm is to perform comparisons at
regional [Senay et al., 2011] or global [Mueller et al.,
2011; Jimenez et al., 2011] scales.
[7] Comparison of independently obtained ET estimates
is particularly important over data-poor regions, where
hydrological studies often rely on models and remote sensing observations, and comparisons of independent methods
offer an opportunity to constrain ET estimates and to
exclude outliers based on physical considerations [Mueller
et al., 2011]. These conditions clearly apply to the Nile
River basin, where in situ meteorological and hydrological
observations are limited due to inadequate monitoring networks and, in some cases, limited distribution of existing
data on account of political sensitivities. The lack of reliable and openly distributed in situ data for the basin is particularly problematic given the long and continuing history
of trans-boundary tensions associated with the use of Nile
waters, as well as the fact that the basin is home to 238 million people who depend on the water of the basin in one
way or another. The lack of data has meant that there have
been relatively few basin-wide analyses of the distributed
water balance [Senay et al., 2009; Mohamed et al., 2005a;
Jimenez et al., 2011] in addition to a number of studies that
have focused on relatively smaller domains like the Nile
Delta [Elhag et al., 2011], the Gezira irrigation scheme in
Sudan [Bashir et al., 2009; El Haj El Tahir et al., 2012],
the Sudd wetlands [Mohamed et al., 2004, 2005b, 2006;
Petersen and Fohrer, 2010; Rebelo et al., 2012], and particular watersheds in Ethiopia [Ayenew, 2003; Cheung
et al., 2008; de Bruin et al., 2010]. These studies, of necessity, relied on models or satellite observations and have not
always beneﬁted from the opportunity to compare multiple
independent methods. Hence, the need for further basinwide as well as regional validation studies over the Nile
basin still remains an active research topic [Senay et al.,
2009].
[8] The objectives of this study are to 1) identify conceptual differences between prognostic and diagnostic land
surface modeling approaches, 2) explore differences in output from representative modeling systems applied over the
Nile basin, where ground data are sparse and transnational
data sharing is unreliable, 3) demonstrate the unique value
of LST as a diagnostic tool, and 4) demonstrate potential
for improvement in both types of systems that may result
from such intercomparisons. Comparisons will focus on
ﬂux ﬁelds generated by the Noah prognostic model [Ek
et al., 2003] and the ALEXI diagnostic energy balance
modeling system [Anderson et al., 1997, 2007b], which
uses LST retrievals from geostationary thermal infrared
(TIR) satellite imagery to deﬁne a key surface moisture
proxy relevant to energy balance. A second remote sensing

387

YILMAZ ET AL.: PROGNOSTIC AND DIAGNOSTIC MODELING OVER NILE

data set, generated with the Penman-Monteith approach as
implemented in the Moderate Resolution Imaging Spectroradiometer (MODIS) MOD16 ET product [Mu et al., 2007,
2011], has been included as a comparative remote sensing
technique that does not use LST inputs. This current study
does not aim either to exhaustively intercompare all types
of TIR/LSM modeling systems, or to independently validate model output using ground-based ﬂux measurements.
The latter is the focus of a follow-on study; however, the
areas of persistent model disagreement identiﬁed in the current study are not well sampled in publicly available ﬂux
data sets. Furthermore, we have run each model using input
data sets standard for each system, outlining a procedure
that can be readily replicated in other global regions. While
some output differences are attributable to differences in
shared model inputs, the areas of interest identiﬁed are considerably impacted by physical processes that are not represented in the modeling systems or sampling issues inherent
to the remote sensing data sets used.
[9] The next section will explore conceptual differences
between prognostic and diagnostic approaches ; Section 3
will brieﬂy introduce the models used in this intercomparison ; Section 4 will present the comparison methodologies;
Section 5 will present results from the model intercomparison ; and the last section will summarize our conclusions.

2. Conceptual Differences Between Diagnostic
and Prognostic ET Modeling Approaches
[10] While prognostic and diagnostic land surface models share many common input variables (e.g., radiation,
LAI, green vegetation fraction, and albedo), their governing algorithms differ substantially. As a result, it is often
not possible to compare two modeling approaches in terms
of governing equations, as they require different sets of
parameterizations. Hence, below we list some of the relative advantages and disadvantages of diagnostic and prognostic ET modeling approaches primarily from an input
requirement point of view rather than focusing on their
underlying physics.
2.1. Advantages of a Diagnostic Modeling Approach
[11] Diagnostic energy balance models generally do not
require a priori speciﬁcation of moisture inputs (magnitude
and source) to estimate the energy balance elements (e.g.,
sensible heat and ET). In contrast, precipitation is a key
input into prognostic models that enforce a water balance,
and ﬂux estimates can be quite sensitive to errors in the
assumed rainfall [Decharme and Douville, 2006]. This
independence from precipitation inputs is particularly
advantageous for diagnostic model applications over
remote areas that do not have dense rain gauge and radar
networks that can be used to adjust satellite-based estimates. It is also an advantage over areas where rainfall is
not the only signiﬁcant source of near-surface soil moisture, such as over heavily irrigated areas, ﬂoodlands or
wetlands, or over areas with shallow ground water tables.
In some cases, prognostic land-surface models have been
adapted to use ancillary data sets (e.g., irrigated/ﬂooded
water amount) and/or data from other models (e.g.,
groundwater models) to simulate nonprecipitation related
moisture inputs [Niu et al., 2011]. However, in many

cases, this is not a practical approach as it requires extensive analysis for the identiﬁcation of affected locations as
well as independent information to quantify the missing
component (location of irrigated ﬁelds, irrigated water
amount, irrigation seasonality, inundation extent and
hydroperiod, depth to groundwater, etc.). For this reason,
many prognostic model applications ignore such situations
and/or assume the available precipitation forcing sufﬁciently represents surface conditions. In contrast, accurate
diagnostic models use remote observations relating to surface moisture status that inherently integrate contributions
from all moisture sources, without the need to explicitly
identify or quantify contributions uncoupled from local
rainfall. In the case of the ALEXI model, LST is used as a
proxy signal of surface moisture availability [Hain et al.,
2009, Anderson et al., 2007c]. Related diagnostic implementations have substituted soil moisture derived from
passive microwave observations to deﬁne the surface
moisture state [Li et al., 2006].
[12] Diagnostic ET modeling approaches also have a signiﬁcant advantage with regards to spatial resolution.
Energy balance models using TIR imagery can be used to
map surface ﬂuxes at subﬁeld scales (100 m). New data
fusion techniques [Gao et al., 2006] further enable ﬁeldscale mapping of daily ET using TIR-based energy balance,
serving to augment periodic (16 day intervals or longer,
depending on cloud cover) evaluations with high resolution
(60–120 m) TIR sensors on Landsat with coarser (1 km)
but more frequent (daily) information derived from
MODIS-like TIR sensors [Cammalleri et al., 2013a]. In
contrast, prognostic models primarily depend on coarse
spatial resolution (25 km) atmospheric forcing data (e.g.,
microwave remote sensing-based precipitation), particularly over remote locations where the radar and ground
station-network data availability are limited. Even though
there are precipitation retrieval algorithms that use cloud
top temperatures and can be obtained via high resolution
thermal imagery, these algorithms often are biased and
inaccurate in the presence of a warm cloud top and over
areas where thick cirrus clouds and multilayered cloud systems are prevalent [Joyce et al., 2004]; hence they are
often less preferable than microwave remote sensing-based
algorithms, even though current microwave-based precipitation products are typically distributed at 25 km or coarser
resolution [e.g., Huffman et al., 2010]. It is not feasible to
run climate models at ﬁeld scales, or to accurately disaggregate the low spatial resolution forcing data to ﬁeld
scales, without making serious assumptions about the
selected disaggregation methodology. The ability to estimate ﬂuxes at very high resolution is particularly critical
for studies that investigate surface processes at ﬁeld scale
(e.g., crop water requirement studies). Such high resolution
diagnostic model-based estimates also offer more meaningful comparisons against station data sets, while the validation studies using coarse prognostic model outputs against
point ground stations are often hampered by spatial representativeness errors.
[13] In comparison with prognostic systems, diagnostic
models generally require signiﬁcantly less detailed information about surface and subsurface properties. Even
though more elaborate parameterization schemes are
adapted in many prognostic models, it is not always
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possible to observe and accurately assign these parameters
(e.g., soil texture, porosity, conductivity, rooting depth, and
plant response to root-zone moisture deﬁciency), particularly at regional scales. Additionally, the calibration of
these parameters can become problematic when moving
from local scales to regional scales, and more effective
models are required for calibrating regional scale models
[Kalma et al., 2008]. Hence, often simpliﬁcations are made
by assigning heuristic parameter values to complex parameterizations [Godfrey and Stensrud, 2010; Gutmann and
Small, 2007]. In fact, improvement of simpliﬁed parameter
values is still part of the ongoing efforts to improve both
prognostic [Wei et al., 2012] and diagnostic models [Mu
et al., 2011], while diagnostic models often have fewer
parameters that cannot be directly observed and/or validated at regional scales.
[14] Assimilating state variables that are strongly
coupled to water and energy balance (e.g., soil moisture) in
prognostic models can result in improvements in land surface ﬂux simulations (e.g., ET) [Peters-Lidard et al.,
2011], while the potential of LST observations to improve
surface ﬂuxes and states in prognostic models is limited
[Reichle et al., 2010; Yilmaz et al., 2011]. In fact, this
might be the reason why assimilation of remote sensingbased soil moisture observations into prognostic models
attracted greater attention than LST observations during the
past decade. On the other hand, accurate diagnostic models
have a strong link between surface temperature and water
balance elements (ET), and are better designed to handle the
effects of view angle, fractional vegetation cover, and coupling between air and surface elements on observed LST.
For example, recent studies have demonstrated the beneﬁts
of using diagnostic models to process LST observations into
a soil moisture proxy prior to their assimilation into a prognostic LSM [Hain et al., 2012].
2.2. Advantages of a Prognostic Modeling Approach
[15] Prognostic modeling systems have a different yet
complementary set of advantageous features. Because temporally and spatially continuous estimates of required
atmospheric forcing data sets are easily obtained (albeit at
relatively coarse spatial resolutions), prognostic models
can produce continuous ground state and ﬂux estimates,
which is particularly desirable in land-atmosphere coupled
models. Direct application of diagnostic models based on
thermal band LST retrievals is limited to cloud-free conditions, necessitating ancillary algorithms to ﬁll the gaps
between the clear-sky days [e.g., Anderson, 2007b, 2012].
Temporal continuity is still an issue for TIR-based diagnostic models particularly over areas with pervasive cloud
cover, and gap-ﬁlling may result in biases due to the fact
that the wettest conditions are typically associated with
dense cloud cover. Even though algorithms exist to compute energy balance over snow [Kongoli et al., 2013], the
presence of snow cover adds another layer of sampling
errors to diagnostic models while prognostic models often
contain mass-balance algorithms for estimating snow melt
and ﬂuxes.
[16] Prognostic modeling systems like Noah compute
both the energy and water balances and provide complete
sets of energy and water balance elements (e.g., soil moisture, surface and subsurface runoff, groundwater recharge,

etc.). TIR-based diagnostic models are typically used to
estimate only variables speciﬁc to the energy balance at the
land-surface (e.g., latent heat). Having closed water
balance estimates is particularly important for calculating
runoff, calibrating model parameterizations, better understanding the hydrological cycle, assessing the role of land
in climate predictability [Dirmeyer, 2003], and for studies
that couple a variety of models that require consistent and
continuous water budget estimates. Even though it is possible for certain diagnostic models to obtain a proxy of soil
moisture [Anderson et al., 2007c, Hain et al., 2009, 2011],
the complete water balance cannot be computed without
speciﬁcation of total moisture inputs (e.g., precipitation)
and other relevant surface characteristics (soil column
depth, texture, conductivity, etc.).
[17] Even though assimilation of water balance related
observations in current hydrological data assimilation
methods can produce an imbalance in the local water
budget [Pan and Wood, 2006; Yilmaz et al., 2012a], assimilation of land surface states, such as soil moisture, into
prognostic models can still improve other water balance
components [Reichle et al., 2008; Crow et al., 2011;
Peters-Lidard, 2011]. It is also possible to integrate independent satellite-borne observations with diagnostic models estimates via simple least squares averaging [Yilmaz
et al., 2012b]. However, in general, such systems are
expected to have less added skill via observations than
assimilation systems running prognostic models that are
driven by states with initial condition dependency. The
prognostic modeling framework inherently provides memory of prior conditions, making it more conducive to data
assimilation and data merging methodologies than the diagnostic framework, which can only diagnose the current
state of the land-surface. In addition, prognostic models
also can be used to forecast states under future climate forcings, while diagnostic models can only estimate conditions
commensurate with the existing remote sensing data
record.

3.

Model Descriptions

[18] In this study, surface ﬂuxes from two diagnostic
remote sensing methods (ALEXI and MODIS ET) have
been intercompared with output from the prognostic Noah
modeling system. ALEXI solves for the full energy balance
using remotely sensed observations of LST. The MODIS
ET product (MOD16) does not use LST and is primarily
sensitive to changes in vegetation amount. The National
Centers for Environmental Prediction (NCEP) Noah land
surface model is a one-dimensional prognostic model that
uses near-surface atmospheric data to simulate the states
and the ﬂuxes of water and energy in the soil and the vegetation. These modeling frameworks are described brieﬂy
below.
3.1. Diagnostic Models
3.1.1. ALEXI
[19] ALEXI was developed as a robust regional framework for the Two-source Energy Balance (TSEB) landsurface model of Norman et al. [1995], which computes
local partitioning of surface ﬂuxes and radiometric temperature between the soil and vegetated components of a
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model grid cell. To facilitate large-area implementation of
the TSEB, ALEXI couples the TSEB with an Atmospheric
Boundary Layer (ABL) model to internally simulate the
land-atmosphere feedback on air temperature used as a
boundary condition to the sensible heat component of the
energy balance [Anderson et al., 1997]. Using measurements of morning surface temperature rise, provided at
continental scales by geostationary satellites, ALEXI
relates the time-integrated sensible heat from the landsurface during the morning hours to the rise in ABL temperature without the need for ancillary near-surface air
temperature data sets. Because it is based on a timedifferential LST signal, ALEXI sensitivity to biases in the
absolute temperature retrievals due to errors in atmospheric
correction and surface emissivity speciﬁcation is signiﬁcantly reduced [Anderson et al., 1997; Cammalleri et al.,
2012].
[20] ALEXI solves the soil and the canopy energy balances simultaneously in the form
RNs 2G5Hs 1kEs
RNc 5Hc 1kEc

(1)
(2)

where subscripts s and c refer to the soil and the canopy
components, RN is the net radiation, G is the ground heat
ﬂux, H is the sensible heat, and kE is the latent heat component of the energy balance. In this study, heat storage in the
canopy is assumed negligible. Sensible heat from the soil
and canopy are constrained by estimates of soil and canopy
temperature, Ts and Tc, retrieved in the solution of the
energy balance equation systems using
TRAD ðhÞ  Tc  f ðhÞ1Ts  ð12f ðhÞÞ

(3)

where TRAD(h) is the directional radiometric surface temperature and f(h) is the apparent vegetation cover fraction,
both described at the view angle, h, of the thermal sensor.
In this equation, TRAD is the composite (soil 1 vegetation)
LST retrieved using TIR remote sensing, f(h) is computed
as a function of LAI (also a remote sensing input), and Tc
and Ts are retrieved simultaneously using the two-source
algorithm; see Anderson et al., [1997, 2007b] for more
details.
[21] The ALEXI algorithm retrieves instantaneous ﬂuxes
at the end of the LST rise interval (time t2), shortly before
local noon. In this study, the instantaneous latent heat ﬂux
at time t2 (kE2) was upscaled to a daily (24 h) average ﬂux
for comparison with MODIS and Noah estimates using a
simple and commonly used scaling technique based on
instantaneous insolation at time t2 (SDN2) and daily average insolation (SDNday):
kEday 50:9  kE2 

SDNday
SDN2

(4)

where SDN2 and SDNday are model inputs, in ALEXI
typically derived from geostationary satellite data to be
optimally consistent with the LST inputs. This solar radiation upscaling technique was found to be optimal in
tests conducted by Cammalleri et al. [2013b] using ﬂux
tower measurements scaling to daytime total ET, yielding
higher accuracy and lower seasonal biases than other

upscaling methods tested. The factor 0.9 is used here to
compensate for potentially negative nighttime ﬂuxes
inﬂuencing the 24 h total and was estimated using Noah
daytime and nighttime ET simulations (results not
shown). Estimates of other daily ﬂuxes were estimated
from energy balance. Daily RN was computed from
hourly insolation and downwelling longwave radiation,
with upwelling longwave computed using the methods
described by Anderson et al. [2012]. Soil heat ﬂux was
assumed to integrate to 0 over the course of 24 h, so
daily sensible heat was computed as
Hday 5RNday 2kEday

(5)

[22] Because direct ALEXI retrievals can be obtained
only under clear-sky conditions when TIR-based measurements of LST are available, a cloudy-day gap-ﬁlling methodology was also employed, as described in Anderson et al.
[2012]. This method conserves the ratio of actual to potential ET during cloudy periods. While the gap-ﬁlling algorithm performs reasonably over gaps on the order of a few
days, errors accrued by incomplete temporal sampling can
become more signiﬁcant in regions of persistent cloudiness
(as will be demonstrated below). Hence, diagnostic/prognostic modeling intercomparisons, as in the current study,
can have positive feedback on improved surface radiation
signal retrieval. More information about ALEXI and
related products can be found from the studies of Anderson
et al. [1997, 2007a,b, 2011, 2012, 2013], Mecikalski et al.
[1999], and Hain et al. [2009].
[23] A list of primary ALEXI inputs and associated data
sources used here are given in Table 1. For this study, ALEXI
simulations were generated using LST, insolation, and LAI
data from MSG (Meteosat Second Generation) generated by
the LSA SAF (Land Surface Analysis Satellite Applications
Facility). LST is retrieved over the MSG disk of Africa and
Europe every 15 min using the Generalized Split Window
algorithm [Wan and Dozier, 1996] at 3 km spatial resolution.
Meteorological forcings were obtained from The Weather
Research and Forecasting (WRF) simulations at 40 km resolution initialized using NCEP FNL (Final) Operational
Global Analysis data from the Global Data Assimilation System (GDAS) data as initial values, while the forcing forecasts
are later driven by the model physics.
[24] Spatially distributed leaf absorptivity and soil reﬂectance inputs to TSEB/ALEXI were derived through iterative training based on MODIS albedo ﬁelds, as described
by Anderson et al. [2012].
3.1.2. MODIS ET
[25] The MODIS ET algorithm [Mu et al., 2007] partitions actual ET between evaporation from the soil and wet
canopy fraction and canopy transpiration, with each component formulated in terms of the Penman-Monteith combination equation [Monteith, 1965]. Unlike ALEXI and
TSEB, moisture constraints on evaporative ﬂuxes are conveyed in proxy by atmospheric humidity observations
rather than LST. High vapor pressure deﬁcit is interpreted
as a signal of local soil moisture deﬁcit, and humidity data
obtained from regional or global reanalysis are used to
modify the surface and canopy conductance terms within
the model, accordingly. The algorithm requires
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Table 1. Primary Input Forcing and Parameters Used in ALEXI and Noah Simulationsa
ALEXI Inputs (Spatial Resolution)
Shortwave radiation
Longwave radiation
Precipitation
Albedo
Surface temperature
Land cover type
LAI
Greenness
Wind speed
Vapor and surface pressure
Air temperature
Atmospheric lapse rate
Soil type
Root depth

Noah (Spatial Resolution)
GDAS (0.47 )
GDAS (0.47 )
TRMM 3B42 v7 (25 km)
MODIS (1 km)

LSA-SAF (Eumetsat MSG) (3 km)
WRF (40 km)
MODIS (1 km)
LSA-SAF (Eumetsat MSG) (3 km)
UMD (1 km)
LSA-SAF (Eumetsat MSG) (3 km)
LSA-SAF (Eumetsat MSG) (3 km)
WRF (40 km)
WRF (40 km)
WRF (used as initial guess) (40 km)
WRF (40 km)

USGSa (1 km)
MODIS (1 km)
GDAS (0.47 )
GDAS (0.47 )
GDAS (0.47 )
FAO (1 km)
Look-up-table based on land cover

a
USGS land cover maps were overlain with MODIS-derived irrigation maps to improve representation of the current distribution of irrigation projects
in the Nile basin.

measurements of radiation, air temperature and pressure,
humidity, and land cover related information (e.g., albedo
and land cover type) to estimate ET. The original proposed
algorithm [Mu et al., 2007] was improved by Mu et al.
[2011] via updates to the vegetation cover fraction and soil
heat ﬂux calculations, day/night time ET components, stomatal conductance estimate, and separation of the land surface into wet and dry surfaces. The updated algorithm was
validated over CONUS using eddy-covariance ET observations and GMAO-based meteorological forcing data. More
information about the MODIS ET can be found at the studies
of Mu et al. [2007, 2011]. Because a complete energy balance is not computed, ancillary estimates of RN, G, and H
are not available with this ET product.
3.2. Prognostic Noah Model
[26] Similar to most prognostic modeling systems, Noah
requires atmospheric forcing data and parameters related
with soil and vegetation (Table 1). Noah estimates subsurface moisture and heat transport between soil layers by
solving simultaneously for the water and energy balance
components separately for each soil layer. Atmospheric
forcing and magnitude of initial states primarily impact the
magnitude of the total water and energy ﬂuxes. Vegetation
and soil speciﬁc parameters [Hogue et al., 2005] strongly
regulate partitioning of total energy and water between
states and ﬂuxes and between soil and vegetation, while
partitioning of kE between soil evaporation and canopy
transpiration is dependent on the greenness fraction value
[Kurkowski et al., 2003].
[27] Total kE ﬂux in Noah is composed of soil evaporation and plant transpiration. The surface layer soil evaporation term (Edir) in Noah is parameterized based on the
equation of Betts et al. [1997] following Mahfouf and Noilhan [1991] as
FX 5ðh1 2hdry Þ=ðhsat 2hdry Þ

(6)

Edir 5Ep ð12rf Þ=ðFX Þfx

(7)

where FX is a moisture availability parameter in the upper
soil layer; h1, hdry, and hsat are the current, minimum, and
maximum (porosity) soil moisture values [Ek et al., 2003];

Ep is the potential evaporation following Mahrt and Ek
[1984]; rf is the fraction of vegetation cover; and fx is an
empirical term [Ek et al., 2003]. Plant transpiration depletes
moisture from the root-zone soil layers and is derived using
adjusted potential transpiration
Etp1A 5rf Ep Pc


 !
CMC 0:5
12
CMCmax

(8)

and by redistributing Etp1A proportional to soil layer depth,
where CMC is the intercepted canopy moisture content,
CMCmax is the maximum CMC, and Pc is a plant coefﬁcient
that is function of surface air temperature and speciﬁc
humidity curve related parameters, the surface exchange
coefﬁcient for heat and moisture, and canopy resistance
(function of LAI and terms related with incoming solar
radiation, air temperature, vapor pressure deﬁcit, and soil
moisture availability). Complete equations and more details
about these processes can be found in the study of Chen
and Dudhia [2001], and more information about the Noah
model can be found at the studies of Chen et al. [1996],
Koren et al. [1999], Ek et al. [2003], and Niu et al. [2011].
[28] Surface energy and water balances in Noah are
strongly dependent on the modeled available soil moisture,
which serves to alter many soil and vegetation related
parameters (e.g., conductivity and resistance terms). Hence
it is critical to account for all sources of water entering the
model grid cell. Although precipitation is the only available
water source at the surface over many locations, this is not
the case for heavily irrigated agricultural areas, such as the
Delta region in the Nile River basin. To correctly represent
the water balance in such regions, it is necessary to account
for the additional water added to the model grid through
simulated irrigation. In this study, agricultural areas that
depend primarily on irrigation to meet crop water requirements were mapped at 1 km spatial resolution (Figure 1)
using a MODIS phenology-based algorithm [Ozdogan
et al., 2010]. The timing of the irrigation season was estimated on the basis of MODIS-derived greenness fraction
estimates, with the ‘‘active irrigation season’’ deﬁned as the
period during which greenness fraction exceeds the 40%
threshold for the dynamic range of greenness fraction in the
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Figure 1. Locations of irrigated areas (blue) within the
modeling domain, as well as major river systems (green).
Also shown are the 2 3 2 boxes (gray) used to compute
subgrid average ﬂuxes (Figure 4). To improve visibility,
the irrigation map has been aggregated from its native 1 km
spatial resolution to the 5 km resolution of the Noah grid.
local grid cell, indicating signiﬁcant vegetation cover in an
otherwise sparsely vegetated region. During the active irrigation season, water applications were simulated using an algorithm that simulates traditional ﬂood irrigation practices in
the region [Zaitchik et al., 2005; Evans and Zaitchik, 2008]:
whenever an irrigated grid cell becomes ‘‘dry’’ (water content
less than 25% over the wilting point), water is added until the
top soil layer is saturated, and saturation is maintained for 30
min. Irrigation always occurs at 0900 local time.
[29] Using Noah v3.2, two simulations of the Nile basin
region were performed : one with the irrigation module
enabled (Noah) and one without any simulation of irrigation (Noah-noirrig). The model was spun up for 20 years–
before the simulations were performed to obtain long term
water and energy balances. The default soil layer number
(4) and thicknesses (10, 30, 60, and 100 cm) were used in
this study. The model was run in an uncoupled mode using
NCEP Global Data Assimilation System (GDAS) data and
TRMM 3B42 v7 [Huffman et al., 2010] precipitation data
as atmospheric forcing. Monthly varying vegetation fraction cover and albedo (MODIS-based) data were used to
capture the temporal variability of vegetation related
parameters. The list of sources of major forcing and parameter inputs used in Noah simulations are given in Table 1.

4.

Methods

4.1. Study Area
[30] Model intercomparisons were conducted over the Nile
basin and surrounding regions (deﬁned between 21 E–45 E

Figure 2. LAI from the LSA-SAF product averaged from
2007 and 2011 over the Nile basin study area and draped
over a digital elevation model to demonstrate relief. White
boxes show locations of regions of interest, with coordinates given in Table 2.
and 5 S–32 N) and over selected subregions of the Nile
basin, chosen to represent a range in climate and land cover
and management conditions (Figure 2, with geolocation
coordinates listed in Table 2). These subregions were
selected as hydrologically signiﬁcant areas that have been
widely investigated. Among these, the Nile Delta in Egypt
and Gezira in Sudan are both intensively irrigated agricultural areas. The Choke Mountain region lies in the Blue
Nile headwaters region of the Ethiopian Highlands, and is
the subject of an interdisciplinary study of climate adaptation in rural agro-ecosystems [Simane et al., 2012; Zaitchik
et al., 2012]. A region in the Northeastern Congolian lowland forests, located in the Democratic Republic of Congo
(DRC), demonstrates relative model behavior over persistently wet and cloudy areas, in stark contrast to the arid and
extremely dry conditions encountered in the Sahara Desert
at the Egypt-Sudan border.
4.2. Model Simulations and Comparisons
[31] Flux estimates were obtained at 3 km, 0.05 , and
0.01 spatial resolution from the ALEXI, Noah, and
MODIS products, respectively, for the period 2007–2011,
Table 2. Locations of Regions of Interest

Nile Delta
Gezira
Sudd
Choke Mount.
NE DRC
Sahara

392

Longitude

Latitude

30.5E–31.5E
32.8E–33.1E
30.2E–30.9E
36.0E–38.5E
22.5E–27.5E
25.0E–30.0E

31.25N–30.75S
15.15N–14.5S
8.5N–7.6S
11.5N–9.5S
2.5N–2.5S
20.0N–25.0S
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beginning with the ﬁrst available LSA-SAF products.
ALEXI estimates at 3 km native spatial resolution were
interpolated to 0.05 resolution for correlation analyses.
Eight day MODIS ET estimates were downloaded from the
LP DAAC web site and aggregated to the 0.05 Noah
domain grid.
[32] In the following section, maps of long-term (2007–
2011) averages of daily average energy balance elements
(RNday, kEday, and Hday) are compared between the various
modeling systems to assess domain-average consistency in
climatological ﬂux patterns between models. The study
region was also divided into 2 3 2 subcells (Figure 1) to
compute statistical comparisons in long-term ﬂux averages
across the domain. Only subcells containing less than 50%
areal open water fractions were considered in these comparisons (i.e., subcells that are larger than 2 ). Seasonal
variability in model ﬂux estimates is compared over target
regions of interest.

5.

Results

5.1. Climatological and Temporal Variability
Comparisons Over the Nile Basin
[33] Figure 3 compares 5 year (2007–2011) mean ﬁelds
associated with daily average RN, H, and kE (in the following, the subscript day is dropped from RNday, Hday, and
kEday for brevity) ﬂuxes from the Noah (with irrigation)
and ALEXI simulations, along with MODIS ET and
TRMM precipitation, both converted from mass units (mm/
day) to energy units (W/m2) by multiplying by k (28.3 Wd/m2-mm). Scatterplot comparisons of average RN component ﬂuxes and energy balance estimates extracted from
these ﬁelds are shown in Figure 4, with each point representing a spatial average over a 2 3 2 subregion within
the modeling domain. Figure 5 shows differences (ALEXI
minus Noah) in RN components [RN 5ðSWin2SWoutÞ
1 ðLWin2LWoutÞ].
[34] Comparison of RN ﬁelds in Figure 3 demonstrates
the spatial distribution of relative biases in radiative forcing
between the ALEXI and Noah modeling systems, while
Figures 4a and 5 identify components of RN contributing to
these biases. The average bias (ALEXI minus Noah) in RN
of 25 W/m2 is relatively small, and lower than the average
absolute value difference (14 W/m2) between 12 models
and multimodel ensemble mean reported by Jimenez et al.
[2011, Figure 16] for the Nile basin between 1993 and
1995. The largest differences in RN, observed over the
Ethiopian Highlands and around Lake Victoria, are due primarily to higher insolation forcings used in Noah in comparison with the LSA-SAF MSG insolation product (Figure
5). This might be related to satellite retrieval errors in areas
of signiﬁcant topographic relief. Discrepancies in RN along
the east bank of the Red Sea relate primarily to model differences in albedo and upwelling shortwave radiation,
modiﬁed to some extent by a bias of opposite sign in
upwelling longwave. Still, RN ﬁelds from the two models
show reasonable spatial correspondence, with lower net
energy input over the hot Sahara desert.
[35] As seen in Figure 3 and the scatter plot in Figure 4b,
Noah and ALEXI generate generally similar patterns in
Bowen ratio (H/kE), with strong partitioning to H over the
desert and high kE ﬂux over vegetated regions. On average,

ALEXI H is 14 W/m2 smaller and kE estimates are 5 W/m2
higher than Noah (Figure 3). Spatial patterns in RN difference between models correspond closely with relative
biases in H, while kE differences are largely related to
hydrological phenomena described below. This preferential
partitioning of RN bias to H could be viewed as an advantage, if the primary focus of the analysis is on water ﬂuxes.
The average kE difference is comparable to the average 6
W/m2 model difference presented by Jimenez et al. [2011].
While ALEXI and Noah mean ET values (43 and 38 W/m2,
respectively) are only marginally smaller than the multimodel mean (46 W/m2) presented by Jimenez et al. [2011].
Regions of interest covered by each study are somewhat
different, with more extreme both dry and wet locations
included in the current study. The assumption of 0 W/m2
daily soil heat ﬂux (G) in ALEXI is compatible with Noah
G estimates that have very low monthly mean and standard
deviation (0.9 and 2.8 W/m2, respectively; see Figure 4b).
[36] The rainfall product that we use in this study—
TRMM
Multisensor
Precipitation
Analysis
v7
(TMPAv7)—performs reasonably well across the Nile
Basin when evaluated against the Climatic Research Unit
(CRU) gauge-based gridded products for the region. While
earlier versions of TMPA exhibited a dry bias in the Ethiopian headwaters of the Blue Nile, we ﬁnd that TMPAv7
has only a 22% dry bias over the study period in the Blue
Nile basin. Bias relative to CRU is approximately 0% in
the Equatorial Lakes region—the other major headwaters
of the Nile River. Over the entire basin, TMPAv7 is 3%
drier than CRU, due in part to relatively low values in western tributary watersheds and in the lower Nile basin.
[37] In general, ALEXI tends toward wetter conditions in
certain localized areas, particularly over the western shores
of the Arabian Peninsula, the southern shores of Somalia
and Kenya, the Central African Republic, and the Ethiopian
Highlands (Figure 3). Several features in the kE difference
maps in Figure 3 will be discussed further in Section 5b. In
addition, the higher kE from ALEXI along the west coast of
Saudi Arabia (50 W/m2 on average in comparison with
Noah) may in part be due to terrain/shadowing effects on
the temperature rise signal that are not addressed in the current version. A simple terrain correction will be implemented in future analyses with ALEXI, and may reduce
that difference signal to some extent. Another high kE signal in ALEXI along the south coast of the Horn is associated with extended periods of cloudy conditions during the
summer months (20% of days during the study interval had
clear skies, in comparison with 60–90% over the Sahara
and Arabian Peninsula), where clear sky retrievals are relatively infrequent and more gap-ﬁlling is required. Incomplete cloud screening will typically result in a depressed
temperature rise, thus leading to anomalously high kE
retrieved using ALEXI. If such anomalies are not screened,
their impact can persist in time in the gap-ﬁlled time series
between clear-sky retrievals. Comparisons with prognostic
models like Noah, constrained by the local water balance, are
useful for identifying cloud-contaminated areas in the diagnostic assessments that require additional attention.
[38] Temporal variability of ET and radiation products
aggregated to monthly timesteps is compared in Figures 6
and 7, showing maps of temporal cross correlations and
standard deviation computed over the period 2007–2011.
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Figure 3. Multiyear (2007–2011) average energy balance components RN, H, and kE from ALEXI
and Noah, as well as kE from MOD16 and precipitation from TRMM. Bottom row shows differences in
RN, H, and kE (ALEXI minus Noah) and kE (ALEXI minus MODIS).
Overall, the high correlations are due to strong seasonality
(month to month variability), while anomaly components
(including the interannual variability) are not as strongly
related (results not shown). Temporal correlations between
ET products are not signiﬁcant over areas with very low
ET variability (< 0.10 mm/d) and mean (< 150mm/yr)—
particularly over the Sahara desert and Arabian Peninsula.
Insigniﬁcant ET correlations despite high RN correlations
over persistently dry locations (Figure 7) imply that the
noise in ET estimates over such locations suppresses the
actual temporal variability signal at monthly timescales.

On the other hand, insigniﬁcant correlations identiﬁed over
persistently wet and cloudy areas (e.g., north of DRC)
could be due to either lack of ET variability (noise in variability suppresses signal) or low RN correlations (input
related). This implies longer timescale (i.e., yearly) variability estimates could be more reliable than monthly over
both persistently dry and wet locations.
5.2. Regional Temporal Comparisons
[39] Temporal variability of RN, kE, and H is compared
at daily timesteps for 2007–2011 in Figures 8–10 over the

394

YILMAZ ET AL.: PROGNOSTIC AND DIAGNOSTIC MODELING OVER NILE

Figure 4. Comparison of 5 year average ﬂuxes from the ALEXI and Noah models, spatially averaged
over the 2 3 2 boxes shown in Figure 1, covering the entire study area.
six regions of interest identiﬁed in Figure 2 (geolocations
given in Table 2). Average daily values computed over this
time period are shown in Figure 11 to demonstrate climatological seasonal patterns exhibited by each model. Additionally, time series of bimonthly climatological maps over
three of the regions of interest are shown in Figures 12–14.
To demonstrate the spatial detail available from the satellite retrievals, these maps are generated using a set of
ALEXI simulations at the full spatial resolution of the
MSG products (3 km).
5.2.1. Nile Delta
[40] The majority of water that passes through the
Aswan Dam in southern Egypt is used for the irrigation of
crops in the Nile River valley and the Nile Delta, which
stretches approximately 150 km from north to south and
250 km from east to west. The water lost through ET is the
most signiﬁcant localized sink in the local water balance ;
hence, accurate estimates of ET are critical for water
resource management in this region.
[41] Daily RN estimates averaged over the Nile Delta
from ALEXI and Noah agree well, while Noah-noirrig is
marginally lower due to higher upwelling longwave emitted
by the hotter modeled surface (Figure 8). Temporal patterns
and magnitudes in RN also are consistent with the estimates
of Gad and El-Gayar [2010]. On the other hand there is no
consensus on the climatology of ET estimates for this area in
previous studies. In this study, average daily ET is obtained
as 97, 90, 47, and 9 W/m2 (3.4, 3.2, 1.7, and 0.3 mm/d) for
ALEXI, Noah, MODIS, and Noah-noirrig, respectively
(Figure 9). In contrast, Simonneaux et al. [2010, Figure 2]
estimated 5 mm/d ET over central parts of the Nile Delta
(Figure 2 of their study) for October 2008 until September
2009 using the FAO method and empirically derived crop
coefﬁcients—signiﬁcantly higher than all ET estimates in
this study during the same period (which were identical to
the long term mean values quoted above). On the other
hand, the ET estimate (2.3 mm/d) of Droogers et al. [2009]
over irrigated areas for 2007 using several remote sensing
data based on SEBAL algorithm [Bastiaanssen et al., 2005]

is lower than that from the current study during the same
time period (3.4, 3.1, 1.8, and 0.5mm/d). Similarly, average
ET peak in this study for August 2007 is 157, 162, 115, and
0 W/m2 (5.6, 5.7, 4.1, and 0.01 mm/d) for ALEXI, Noah,
MODIS, and Noah-noirrig, respectively, while Elhag et al.
[2011] report much lower average daily ET (2.5 and 4.35
mm/d over central and peripheral Nile Delta respectively)
for the same time period using lysimeter and SEBS modelbased estimates. Small variations in study domains may contribute to differences in these literature-based ET values,
making rigorous comparison with prior results difﬁcult.
[42] Consistent with the study of Droogers et al. [2009],
The ALEXI, Noah, and MODIS ET daily and bimonthly
products (Figures 9 and 12) all show a characteristic double
peak pattern over the Nile Delta corresponding to winter
(January–April) and summer (May–September) cropping
cycles that prevail in this region (see LAI climatological
time series in Figure 11). This double-peaked LAI curve is
modulated by the single peaked RN curve, also shown in
Figure 11, to generate the characteristic ET curves. The
models differ in the depth of the midyear decrease in ET
between crop cycles, between Day of Year (DOY) 100 and
200. Noah and MODIS ET show a signiﬁcant dip between
peaks, with water use in both models being tightly tied to
variability in LAI. The decrease in ALEXI-derived ET
ﬂuxes during this period is much more subtle, perhaps indicating residual soil evaporation in the Delta between crop
cycles that is not well captured in the Noah or MODIS ET
models (Figure 11). For example, rice is grown in ﬂooded
paddies over large sections of the Nile Delta and is generally
cultivated in May and early June, which may result in
increased surface evaporation at that time, uncorrelated with
the LAI curve. Indeed, the diagnostic morning LST rise
(DTRAD) signal which primarily drives ALEXI ﬂux partitioning shows a distinct but subtle peak around DOY 130,
which translates into a slight increase in partitioning toward
H during that time (Figure 11). In contrast, Noah shows a
dramatic peak in H between crop cycles at that time of year
(Figure 10), which is not supported by the observed DTRAD
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Figure 5. Difference (W/m2) in multiyear (2007–2011) RN components (ALEXI minus Noah). (top)
incoming shortwave (SWIN), incoming longwave (LWIN). (bottom) outgoing shortwave (SWOUT), outgoing longwave (LWOUT).
signal. The TIR remote sensing ET retrievals by Droogers
et al. [2009] over the Nile Delta also show a more modest
dip in ET during midseason (Figure 11 of their study) than
exhibited by either Noah or MODIS ET.
[43] Time series maps of ET in Figure 12 demonstrate similarities in spatial patterns of water use predicted across the
Nile Delta by ALEXI and Noah, particularly in capturing differences between the central region and the more newly

developed periphery systems during peak evaporative period
in July–August. Relative underestimation by MODIS ET
when compared to consistent ALEXI and Noah estimates
across the Delta may imply a failure in the soil moisture constraint employed in this case. Vapor Pressure Deﬁcit (VPD)
from reanalysis will be high over this region, reﬂecting the
aridity of the surrounding area but not well representative of
the Delta itself. High VPD is interpreted by the MODIS ET
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Figure 6. Monthly ET cross correlations and standard deviations for ALEXI, Noah, and MODIS
between 2007 and 2011. Locations with no signiﬁcant (at 95% conﬁdence level) correlation are shown
in white.
algorithm as a signal of local limitations in soil moisture availability, and thus, ET is signiﬁcantly reduced from potential.
5.2.2. Gezira Scheme
[44] The Gezira scheme is another heavily irrigated agricultural area, located between Blue and White Nile just south
of the conﬂuence at Khartoum, Sudan. RN over the area has
strong seasonality but with weaker amplitude than over Nile
Delta due to a higher upwelling longwave component (see

time traces in Figure 8). Time-averaged RN estimated by
ALEXI and Noah over this region is very similar (124 and
126 W/m2, respectively in Figure 8). While the onset of the
summer peak in kE is consistently captured by ALEXI and
Noah in many cases, ALEXI sustains higher water use
beyond the short rainy season from July to September, including water use during the winter cropping cycle and leading to
signiﬁcantly higher time-average ET from ALEXI (48 W/m2
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Figure 7. Monthly SWnet (net shortwave radiation), LWnet (net longwave radiation), and RN correlations of ALEXI and Noah between 2007 and 2011. Areas that do not have signiﬁcant positive correlations are plotted in white.
or 1.7 mm/d) than Noah (33 W/m2 or 1.2 mm/d) and MODIS
ET (34 W/m2 or 1.2 mm/d). MODIS shows no signiﬁcant
annual cycle in ET over the region of interest (Figure 9),
likely due again to the assumed VPD constraint on soil moisture, which may not be representative over this irrigated area
within the larger arid landscape (Figures 9 and 13). Noah captures ET during the summer season, which is a product of
both rain and irrigation of summer season crops, but fails to
capture the winter irrigation season. This is likely due to the
fact that low vegetation cover in the Gezira—associated with
low or more sparsely distributed productivity in many areas
in the scheme—results in an underestimation of irrigated
areas in MODIS-derived irrigation maps and in a failure to
trigger the Noah irrigation module during the winter cropping
season.
[45] Among recent studies, El Haj El Tahir et al. [2012]
compared ET estimates in the region using three modeling
approaches (remote sensing, water balance, and the complementary relationship) applied to near-surface data from
three meteorological stations southeast of the Gezira
scheme. They found reasonable agreement between models,
with ET peaking in July–September as the Inter-Tropical
Convergence Zone (ITCZ) moves north, bringing rains to
Sudan. Within the Gezira scheme, Bashir et al. [2009] compared ﬁeld-scale remote sensing and water balances estimates of ET over irrigated sorghum and also found a peak
around September and October (Table 2 of their study),
with magnitudes typically around 4 to 6 mm/d for years
2001, 2002, and 2004. Consistently, ALEXI and Noah ET
peaks over the Gezira scheme around early September (day
of year 250) albeit with lower magnitudes (3–3.5 and 3–4
mm/d, respectively), while MODIS ET shows no signiﬁcant
seasonal cycling over the irrigated area (Figure 9).

5.2.3. Sudd Wetland
[46] Between its headwaters in Lake Victoria and its
conﬂuence with the Blue Nile in Khartoum in Sudan, the
White Nile loses approximately half of its total ﬂow via
evaporation in the ﬂood-plains of the Sudd in South Sudan.
The rain and river-fed ﬂood-plains pulse during the year,
with the largest inundated wetland extent occurring in September and the lowest extent in March. Both ALEXI and
Noah show similarity in daily RN, with somewhat higher
average values from ALEXI (150 W/m2) than from Noah
(135 W/m2, Figure 8) due to the lower upwelling longwave
radiation inferred from the cooler surface temperature
retrievals. In comparison, Mohamed et al. [2006] estimated
average RN between 120 and 150 W/m2 for years 1995,
1999, and 2000 over a more extended region containing the
Sudd. ET estimates from the various products differ signiﬁcantly, more than over any other region of interest selected
in this study (Figure 9). Daily averages during study period
are 113, 51, and 54 W/m2 (4.0, 1.8, 1.9 mm/day) for
ALEXI, Noah, and MODIS ET products, respectively.
ALEXI and Noah ET differences are smaller during the
rainy season in South Sudan (May–October, average
TRMM precipitation 4.0 mm/d) than during the nonrainy
season (November–April, average TRMM precipitation 0.5
mm/d). This difference during the dry season is due to the
strong reliance of Noah and MODIS on greenness and/or
on local precipitation; hence, they have a high potential to
miss evaporation over a seasonally variable area of inundation that is difﬁcult to capture particularly during nonrainy
seasons (Figure 14).
[47] Accurate estimation of ET over the Sudd is still an
active research topic, as estimates are complicated by dramatic seasonal variability in open water extent. Recently,
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Figure 8. Daily time series of RN from ALEXI (blue), Noah (red), and Noah-noirrig (black), averaged
over regions of interest between 2007 and 2011.
Rebelo et al. [2012] investigated the Sudd wetland extent
using L-band ALOS PALSAR data at 70 m resolution
between June 2007 and May 2008. Using the Simpliﬁed
Surface Energy Balance (SSEB) model [Senay et al.,
2007], the authors reported ET of 1422 mm (3.9 mm/d)
over seasonally ﬂooded wetlands and 1718 mm (4.7 mm/d)
over open water, while ALEXI, Noah, and MODIS ET estimates are 3.9, 2.1, and 2.1 mm/d during the same period.
Sutcliffe and Parks [1999] found 2150 mm (5.9 mm/d)
open water evaporation using the Penman method. Lamberts [2009] obtained ET estimates of 1725 mm (4.7mm/d)
between 1991 and 2000 using the FAO Penman-Monteith

equation and SEBAL algorithm. Mohamed et al. [2006]
presented estimates of ET between 1460 and 1935 mm (4
and 5.3 mm/d) for the years 1995, 1999, and 2000. These
differences between estimates could be due in part to the
selection of region of interest, while overall average ET is
consistently estimated between 4 and 5 mm/day over Sudd
by all of these studies (excluding MODIS and Noah).
[48] In the time-series images in Figure 14, the spatial
extent of the inundated land area is clearly delineated by
ALEXI in comparison with the background during the dry
season, but becomes less distinguishable based on LST during the rainy periods. Still the core area remains visible
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Figure 9.
(green).

Daily time series of kE from ALEXI (blue), Noah (red), Noah-noirrig (black), and MODIS

throughout the year. To the east of Sudd, moisture signals
from the Machar Marshes are also evident, especially, in
January–February. In contrast, Noah predicts lower ET
over the Sudd than in surrounding regions, particularly in
November–February, and the feature is essentially undetected by MODIS despite the apparent LAI signal. To capture enhanced ET from wetlands would require Noah to be
coupled with an underlying model of water table, such as in
Noah-MP [Niu et al., 2011], which would require extensive
ancillary data on subsurface characteristics, and/or with a
watershed model that accounts for surface water inﬂow,

including effects of upstream river management. On the
other hand, the ALEXI results demonstrate that LST provides valuable information about anomalous moisture conditions unrelated to local rainfall rate without signiﬁcant
new data demands.
5.2.4. Choke Mountain
[49] Noah and ALEXI temporal patterns of RN, kE, and H
agree reasonably well (Figures 8–10, respectively) over the
Choke Mountain region in the Ethiopian Highlands, in the
headwaters of the Blue Nile. The bias in H (240 W/m2, Figure 10) between ALEXI and Noah is partially due to a
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Figure 10.

Daily time series of H from ALEXI (blue), Noah (red), and Noah-noirrig (black).

collocated bias in RN (226 W/m2, Figures 4 and 9), primarily
due to insolation differences. During the winter months,
ALEXI estimates higher ET than either Noah or MODIS
(Figure 9), further contributing to low H relative to Noah
(Figure 10). The peak ET during the rainy season, however, is
well matched between ALEXI and Noah, while MODIS
peaks are lower. On average ALEXI, Noah, and MODIS daily
kE between 2007 and 2011 are around 82, 67, and 49 W/m2
(2.9, 2.4, and 1.7 mm/d), respectively, which is consistent
with 3.3 mm/d TRMM precipitation over the study region.
[50] ALEXI time sequences of water use estimates are
being integrated into ongoing studies of climate resilience

in Choke Mountain agro-ecosystems [Simane et al., 2012;
Zaitchik et al., 2012], analyzing climate vulnerabilities and
potential adaptation strategies using both prognostic and
modeling approaches.
5.2.5. Extreme Wet and Dry Conditions
[51] The ﬁnal two study regions represent endpoints in
climatic conditions found in the analysis region: the wet
and cloudy rainforests of DRC and the arid and sandy
deserts of the Sahara. Both extremes are found within the
Nile basin, though the speciﬁc focus regions here extend
beyond the watershed boundary. Strong contrasts in energy
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Figure 11. Daily average Latent Heat (W/m2) from ALEXI (blue), Noah (orange), and MODIS (red),
ALEXI net radiation (green) (W/m2), surface temperature (K) change (DTRAD (brown)) ; to enhance
patterns 5 times the actual values are plotted), and LAI (black) computed between 2007 and 2011. 1
May (DOY 121) and 10 June (DOY 161) are shown by two black vertical lines over Nile Delta plot.
balance response are evidenced in the magnitudes and temporal variability in the various ﬂux components.
[52] Strong day-to-day variability in forcing radiation is
observed in both ALEXI and Noah simulations over northeastern DRC (Figure 8) due to frequent cloud-cover and
rain events. Hence, short-term (monthly) forcing ﬂuxes
from ALEXI and Noah do not correlate well over this
region (Figure 7) while the long-term averages have very

high consistency (RN averages are 145 and 155 W/m2 for
ALEXI and Noah, respectively). Similarly, monthly ET
estimates from ALEXI and Noah are also poorly correlated,
even though the magnitude of long-term (i.e., annual) averages and standard deviations match well (Figures 4 and 6).
This variability in forcing radiation leads to similar high
frequency and uncorrelated temporal variability in ET time
series from Noah and ALEXI over this region (Figures 8
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Figure 12. Bimonthly average ET (mm/day ; from ALEXI, Noah and MOD16) and LAI over the Nile
Delta (29 –33 E and 28 –32 N) for 2009. White box in ﬁrst plot shows the location (Table 2) of the
region where the statistics and the time series (Figures 8–10) are obtained.
and 9). Overall annual average ET is 4.3, 4.2, and 3.6 mm/
day (122, 119, and 103 W/m2), respectively, for ALEXI,
Noah, and MODIS, and average TRMM precipitation is 5.0
mm/d.
[53] In stark contrast to the tropical climatic conditions
of DRC are the perpetually dry and relatively cloud-free
conditions that prevail over the Sahara Desert. Noah and
ALEXI predict a somewhat different RN climatology over
the Sahara Desert (72 and 61 W/m2 annual averages,
respectively, for ALEXI and Noah)—lower than other sites
due to the highly reﬂective sands and the hot surface temperature, both serving to increase upwelling radiation ﬂux
components (Figure 4). Unlike the northeastern DRC
region, RN daily time series from ALEXI and Noah are
highly correlated over the Sahara (Figure 7). Both models
partition RN almost entirely to H and yield very low (0.4–
0.6 mm/d) kE estimates (Figures 8–10, respectively, for
RN, kE, and H). ET estimates from the MODIS product are
mostly ﬂagged as barren or sparsely vegetated (without any
speciﬁc ET estimate) over this region, and we note that
LSA-SAF LST over this region, used by ALEXI, was
ﬂagged as bad data in 2007 during early processing of the
product.

6.

Discussion and Conclusions

[54] The case studies presented here were selected to
demonstrate differences and similarities between different
land surface modeling approaches, and to explore the
potential of diagnostic modeling for capturing land surface
signals that are not well represented by typical prognostic
models. Diagnostic models can provide a valuable independent check on prognostic assessments, particularly in
regions with limited ground data. Speciﬁc advantages of
the diagnostic approach include the ability to capture moisture signals not related to local precipitation inputs (e.g.,
over irrigated ﬁelds or wetlands), and capabilities for providing high spatial resolution estimates required for various
applications, particularly over croplands. Speciﬁc advantages of prognostic modeling approaches include the ability
to represent the full water balance (including components
not related to energy balance) continuously in time. Model
comparisons of this kind provide valuable information on
how prognostic and diagnostic assessments can be optimally combined to serve various data needs in the region.
[55] For water-stressed, data limited international watersheds such as the Nile River basin, diagnostic
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Figure 13. Two month average ET (from ALEXI, Noah and MOD16) and LAI over the Gezira
Scheme (31 –35 E and 12.5 –16.5 N) for 2009. White box in ﬁrst plot shows the location (Table 2) of
the region where the statistics and the time series (Figures 8–10) are obtained.
evapotranspiration estimates can be used to: monitor consumptive water use in a consistent manner across international
boundaries, to estimate total water loss in natural ecosystems,
rainfed agricultural regions, and major irrigation schemes, to
monitor evaporation patterns under changing water management regimes and evolving climate conditions, and to evaluate and potentially improve prognostic models applied to
studies of future climate change and water resource development scenarios. All of these applications have the potential to
contribute to informed and open discussion of agricultural
water use, development needs, and opportunities for collaborative management of transboundary water resources.
[56] Another application for combined prognostic/diagnostic modeling is to evaluate water loss in wetlands and
ﬂoodplains, which provide critical ecosystem services but
can serve as a substantial sink along major waterways. The
Sudd swamp of South Sudan, for example, is one of the
largest wetlands in Africa. It hosts a rich diversity of ecosystems and plant and animal species, supports the livelihoods of over one million people, and has been partially
designated as a Wetland of International Importance under

the Ramsar Convention on Wetlands (http://ramsar.wetlands.org/). Nevertheless, plans to drain part of the Sudd in
order to enhance downstream ﬂow through the White Nile
have been discussed for decades—and were nearly implemented in the form of the Jonglei Canal, which was excavated between 1978 and 1984, abandoned for years due to
political instability, and is the subject of renewed interest in
recent years. Most prognostic LSMs and watershed models
struggle to simulate the complex hydrology of the Sudd,
making it difﬁcult to generate spatially complete estimates
of evaporative water loss in the Sudd today or to simulate
changes in ET or runoff under a drainage scenario in a reliable way. As demonstrated in this study, diagnostic ET
estimates offer an independent and conceptually more
direct procedure for monitoring evaporation across the
Sudd. This information can be used to improve prognostic
models of the wetland and to inform discussions of the
impact that drainage might have on local hydrology and
regional hydroclimate.
[57] From a model development perspective, the diagnostic assessments proved useful in evaluating irrigation
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Figure 14. Two month average ET (from ALEXI, Noah and MOD16) and LAI over the Sudd (28 –
35 E and 5 –12 N) for 2009. White box in ﬁrst plot shows the location (Table 2) of the region where the
statistics and the time series (Figures 8–10) are obtained.
submodules developed for Noah. The MODIS ET product
did not reliably reproduce water ﬂux estimates from either
irrigation scheme, possibly due to a failure in the VPDbased constraints on soil moisture over these systems.
Comparisons between Noah and ALEXI simulations also
helped to identify areas for improvement in the diagnostic
system, in terms of treatment of satellite inputs and modiﬁcations to modeling algorithms. Potential biases in satellitederived insolation were identiﬁed over portions of the modeling domain, including the Ethiopian Highlands and Equatorial Lakes regions, and were spatially well correlated
with discrepancies in RN forcing and H ﬂux. A persistent
wet anomaly along the south coast of the Horn was associated with incomplete cloud clearing in the LSA SAF LST
product, facilitating improved screening of the morning
LST time series used to create the DTRAD morning temperature rise inputs to ALEXI. Finally, ET biases over
regions of high topographic relief point to the need for
slope and aspect corrections to radiation inputs to ALEXI.
[58] Diagnostic ALEXI predictions provide information
about moisture status by relying on the strong relation
between the soil moisture and the surface temperature

change rate. This moisture information is particularly useful to supplement prognostic model-based simulations in a
data assimilation framework [Hain et al., 2012]. The comparisons presented here helped identify regions that have
consistent and unbiased moisture status, while such largely
independent estimates can potentially be leveraged to
reduce noise in an ET analysis. On the other hand, regions
with biased moisture information differences need to
be handled before merging diagnostic and prognostic
estimates.
[59] Finally, there is a strong potential to apply gridded
ET information in the Nile basin to inform water distribution decision making in irrigated systems, such as in the
Nile Delta and the Gezira Scheme. In these systems, water
use requirements by individual crops must be known to
optimize distribution. This requires ET data at very ﬁne
spatial scale (i.e., 50/100 m or ﬁner), which can be supported by TIR imagery from the Landsat system (most
recently, Landsat 8). Data fusion algorithms, supplementing periodic Landsat ET retrievals with daily kilometerscale information from MODIS TIR, can be implemented
with the multiscale diagnostic ALEXI/DisALEXI modeling

405

YILMAZ ET AL.: PROGNOSTIC AND DIAGNOSTIC MODELING OVER NILE

system [Anderson et al., 2007a] to address this data need.
The basin-wide implementation of ALEXI presented in this
paper offers a platform for such operation-oriented data
disaggregation.
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