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Abstract: The parameterization of crop coefficients (kc) is critical for determining a water balance.
We used satellite-based and literature-based methods to derive kc values for a distributed hydrologic
model. We evaluated the impact of different kc parametrization methods on the water balance and
simulated hydrologic response at the basin and sub-basin scale. The hydrological model SPHY
was calibrated and validated for a period of 15 years for the upper Segura basin (~2500 km2 ) in
Spain, which is characterized by a wide range of terrain, soil, and ecosystem conditions. The model
was then applied, using six kc parameterization methods, to determine their spatial and temporal
impacts on actual evapotranspiration, streamflow, and soil moisture. The parameterization methods
used include: (i) Normalized Difference Vegetation Index (NDVI) observations from MODIS;
(ii) seasonally-averaged NDVI patterns, cell-based and landuse-based; and (iii) literature-based
tabular values per land use type. The analysis shows that the influence of different kc parametrization
methods on basin-level streamflow is relatively small and constant throughout the year, but it has a
bigger effect on seasonal evapotranspiration and soil moisture. In the autumn especially, deviations
can go up to about 15% of monthly streamflow. At smaller, sub-basin scale, deviations from the
NDVI-based reference run can be more than 30%. Overall, the study shows that modeling of future
hydrological changes can be improved by using remote sensing information for the parameterization
of crop coefficients.
Keywords: hydrological modeling; crop coefficient; scale; NDVI; catchment hydrology;
evapotranspiration

1. Introduction
In semi-arid areas, evapotranspiration is generally the largest outgoing flux of the annual water
balance. Accurate parameterization of the crop response to soil water availability is thus crucial
when hydrological models are used for water balance studies [1]. Many hydrological models use a
coefficient-based approach depending on land cover and season, while others use a physical based
approach to simulate actual vegetation growth, allowing for more feedbacks between vegetation and
the soil water component.
Models that focus on simulation of streamflow only, often use only a few parameters and a very
simple representation of the vegetation component [2,3]. Accurate simulation of evapotranspiration,
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soil moisture, or spatial variability of catchment climatic conditions require a more realistic modelling
of vegetation conditions on a spatial level [4–6]. This especially applies to scenario analysis of land use
and climate change [7–9].
Spatially distributed hydrological models generally parameterize the vegetation status depending
on land cover or land use maps [10–14]. Different coefficients are used for different land cover
classes depending on its evapotranspiration demand under unlimited water availability. Actual
evapotranspiration is then calculated based on actual soil moisture status. This approach is also
typical for agro-hydrological models that use the guidelines developed by FAO for estimation of crop
evapotranspiration [15].
Other spatially distributed hydrological models simulate vegetation status by means of a dynamic
vegetation growth module, as for example the popular Soil Water and Assessment Tool (SWAT) [16].
However, this physically-based approach has its limitations because of high data requirements [17,18]
and its complexity, which has a relatively high risk of modelling errors [19].
Remote sensing information is increasingly used in hydrological modelling to characterise and
quantify vegetation and evapotranspiration dynamics at regional and global scales [20,21]. For regional
studies on irrigation and water use, a combination of the FAO-based method and remote sensing
information has been found useful by several authors [22–27]. At the plot-scale, remote sensing
information is also increasingly used to derive crop coefficients in agro-hydrological modelling [28–31].
On the basin scale, satellite information is increasingly used to characterize vegetation cover
and response to water availability in spatially distributed models [32]. Already rather common is
the use of satellite-based precipitation dataset to force hydrological models [33]. But increasingly,
satellite-based information is used to force the evapotranspiration process at this scale [34,35].
Also, satellite-based estimates of vegetation indices or evapotranspiration can be used to calibrate
hydrological models [36–39].
The Leaf Area Index (LAI) is a variable that is sometimes parameterized using remote sensing
data in a distributed hydrological models [40,41]. It has been shown that this can have substantial
impacts on the spatial patterns of the evapotranspiration predictions compared to a more standard
approach [42]. Also, many distributed hydrological models use a crop coefficient-based approach
as for example the one based on the Penman-Monteith adapted by FAO [15]. Vegetation indices
as the Normalized Difference Vegetation Index (NDVI) [22,43] and the Enhanced Vegetation Index
(EVI) [44,45] have been used to derive crop coefficients for these models.
The reliability of the predictions by distributed hydrological models depends on high-resolution
and accurate information to derive crop coefficients both in time and space. Remote sensing offers
the unique opportunity to provide this information [46]. However, hydrological modelers are often
confronted with the reality that this information is not available due to various reasons. Land use maps
from which literature-based crop coefficients can be derived use often very generic classes, especially
for agricultural areas. Also, land use changes may cause the land use map to be out of date, potentially
leading to modeling errors. Generally, the hydrological modeler does not have the possibility to carry
out remote sensing-based land use change mapping due to time, budget, or capacity constraints.
Even more important is that hydrological models are often used to make future projections for
which, obviously, no remote sensing is available. Hydrologists therefore use all kinds of proxies to
derive crop coefficients with little knowledge of the impact it has on model predictions.
The aim of this study is to evaluate the sensitivity of the hydrologic response derived from
a basin-scale hydrological model to various NDVI-based and literature-based crop coefficient
parameterizations. We used a time series of NDVI data as the best available proxy to assess the crop
coefficient and calibrate a hydrological model (Spatial Processes in Hydrology—SPHY) with monthly
reservoir inflows. We then looked at different hydrological outputs at basin and sub-basin scale to
evaluate the sensitivity of the model to changes in the parameterization methods based on NDVI, land
use, and tabular (not remotely-sensed) crop coefficients (the traditional approach in which kc values
are derived from crop-specific literature values).
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2.2. Hydrological Model and Input Data
SPHY (Spatial Processes in Hydrology) is a spatially distributed hydrological model that is applied
SPHY (Spatial Processes in Hydrology) is a spatially distributed hydrological model that is applied
on a cell-by-cell basis [47]. SPHY simulates soil water dynamics using a two-layer stack of leaky
on a cell-by-cell basis [47]. SPHY simulates soil water dynamics using a two-layer stack of leaky
buckets and two groundwater storage components. It includes a simple routing module based on the
buckets and two groundwater storage components. It includes a simple routing module based on the
flow recession concept. As many basin-scale hydrological models, it adopts the FAO crop coefficient
flow recession concept. As many basin-scale hydrological models, it adopts the FAO crop coefficient
approach [15] by calculating reference evapotranspiration ETr using the Hargreaves method, and
approach [15] by calculating reference evapotranspiration ETr using the Hargreaves method, and
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ETa,t = ETp,t × ETredwet,t × ETreddry,t

(2)

in which ETredwet,t is a stress coefficient for water excess, and ETreddry,t a reduction coefficient for
lack of water. This water stress coefficient assumes a linear decline in water uptake when soil water
availability falls below a certain threshold [47].
The SPHY model has been applied successfully in various studies ranging from real-time
soil moisture predictions in flat lands to operational reservoir inflow forecasting in mountainous
catchments, irrigation studies in the Nile Basin, and climate change impact studies of glacier-fed rivers
in the Himalayan region [48].
The SPHY model has 23 model parameters if the glacier module is not used (as in this study) [48].
In total, nine parameters are related to soil physical parameters of the first soil layer (rootzone) and
the second soil layer. There are four parameters related to the NDVI-based estimation of the crop
coefficient (see the next section). The routing module requires three parameters related to baseflow and
one flow recession parameter that generally is obtained through calibration with observed streamflow.
Most of the input parameters can be given as single value for the entire area or as map. More details
on the model conceptualization, processes, equations, and its applications are given by [48].
All input data for the SPHY model application to the Upper Segura basin were prepared
at 250 m resolution. The digital elevation model extracted from the global SRTM (Shuttle Radar
Topography Mission) elevation dataset at 90 m resolution was used. The Corine Land Cover (CLC)
2006 database [49] was used for land cover (Figure 1). For physical soil properties, data on texture
and organic matter content of the LUCDEME dataset [50] were averaged per lithology class of the
MAGNA geological maps [51]. Then, pedo-transfer functions were used [52] to derive field capacity,
saturated water content, saturated hydraulic conductivity, and wilting point.
For this study, the model runs at a daily time-step. Daily rainfall data for the simulation period
(2000–2015) were obtained for 24 stations (Figure 1) from the Segura River Basin Agency (Confederación
Hidrográfica del Segura) and the Guadalquivir River Basin Agency (Confederación Hidrográfica del
Guadalquivir). These rainfall inputs were spatially interpolated using ordinary kriging and resampled
to the model resolution. It must be noted that more advanced interpolation techniques including
geographical variables as elevation and satellite-based rainfall data could lead to more accurate rainfall
forcings but for this modelling study this approach was considered suitable. Daily temperature data
were available for a central location in the basin (Fuensanta reservoir) together with monthly-averaged
high-resolution temperature maps based on multiple regressions with elevation and other variables [53].
The absolute temperature difference between the daily data and each pixel of the monthly maps was
added to the daily temperature data to obtain daily temperature maps.
2.3. Crop Coefficient Parameterization Methods
Many authors have established relationships between NDVI and crop coefficients [54–57]. The
SPHY model uses a linear relationship between NDVI-kc that depends on the minimum and maximum
NDVI values in the observed period, and the minimum and maximum crop coefficient values for a
given land use [47]. The equation to calculate the crop coefficient from NDVI is as follows:
kct = kcmin + (kcmax − kcmin ) ×

NDV It − NDV Imin
NDV Imax − NDV Imin

(3)

where kct is the crop coefficient for a given moment in time, NDVIt is the NDVI observed, NDVImin is
the NDVI value of bare soil (generally between −0.1 and 0.1; here assumed NDVI = 0), NDVImax is the
maximum NDVI value in the area (0.8). The coefficients kcmin and kcmax are respectively the minimum
and maximum values for the crop coefficient for the specific land use in the area (here kcmin = 0.4 and
kcmax = 1.2).
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all available information on temporal variation in vegetation status. It is termed the “reference model”
for our comparison of parameterization methods. This reference model was calibrated using monthly
reservoir inflow data (Fuensanta reservoir) for a period of 10 years (2001–2010). The validation period
of the model is 2011–2015. A model initialisation period of one year was taken (year 2000).
The calibration was carried out using the optimization package PEST, with the local gradient-based
Marquard–Levenberg algorithm, for parameter optimization [59]. This optimization package allows
for a straightforward sensitivity analysis. The most sensitive parameters for monthly streamflow were
selected from a total of nine soil physical parameters and three baseflow parameters. This resulted
in a total of five SPHY model parameters used for calibration: the recession routing coefficient (kx),
field capacity of root zone (RootField), saturated hydraulic conductivity of the rootzone (RootKsat),
rooting depth (RootDepth), and days for water leaving soil to aquifer (DeltaGW).
Streamflow simulation outputs were firstly compared visually with observations. Next, three
performance indicators were used for calibration and validation purposes. Threshold values for the
three performance indicators were as follows [53]:
-

NSE: Nash-Sutcliffe efficiency (>0.50).
PBIAS: the percent bias (<25% or >−25%),
RSR: ratio of the root mean square error to the standard deviation of measured data (<0.70)

Table 2 shows these performance indicators for the calibration and the validation period. As can be
seen, for both periods, all indicators are within the acceptable threshold.
Table 2. Performance indicators PBIAS (percent bias), RSR (ratio of the root mean square error to the
standard deviation), and NSE (Nash-Sutcliffe efficiency) for the calibration and validation period.
Period

NSE

PBIAS

RSR

Calibration (2001–2010)
Validation (2011–2015)

0.72
0.63

25
−20

0.53
0.60

2.5. Evaluation of Methods and Scale
The impact of the different kc parametrization methods was assessed based on model simulations
for the entire period (2001–2015). Simulated streamflow, evapotranspiration, and soil moisture were
compared to simulations by the reference model (0_NDVIref). The absolute deviations in mm and the
relative deviations on a monthly basis were used to evaluate the parameterization methods.
The hydrologic response of the different methods was evaluated at basin level, but also at smaller
sub-basin level. Distributed models are often used for land use scenario analyses, for which outputs at
a smaller scale become relevant. Sensitivity analyses of the hydrologic response were thus also done
at smaller sub-basin level. In total, 250 sub-basins with areas of 0.1, 1.0, and 10 km2 were randomly
selected to have a representative sample.
3. Results
The calibrated and validated reference model (0_NDVIref) simulations of mean annual
evapotranspiration and streamflow are presented as maps in Figure 3. Streamflow in this figure
could also be termed “routed runoff”: all flow that is concentrated in the drainage network, expressed
in mm, i.e., normalized by catchment area. Model simulations with different kc parameterization
methods (Table 1) were subsequently done and compared with the reference model simulations at
basin and sub-basin scale.
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Figure 3. Maps of mean annual evapotranspiration and streamflow based on simulated outputs of
the NDVI-based reference model (mm)
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Figure 5 shows a boxplot of the deviations between the 3_FAOseas model and the reference model
outputs for monthly values of each of these variables. The variability shown by the whisker boxes of
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More specifically, Table 3 shows how the deviations of the sub-basin outputs differ from those
at the basin-level. The table shows the 10th, 50th, and 90th percentiles, and both the absolute (mm)
as well as the relative deviations (%). As expected, the median (50th percentile) is very similar
between the basin and sub-basin levels: outputs were based on the same simulations, so the overall
trend should be the same. However, there are considerable differences in the tail ends of the
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distribution, i.e. the 10th and the 90th percentile. Absolute deviations (mm) can be more than two
times higher at the sub-basin scale than at the basin scale. As an example, 10% of the monthly
evapotranspiration
predictions deviate −2.3 mm/month or more from the 0_NDVIref run, while at
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the basin scale this value was −1.1 mm/month. This corresponds to a relative deviation of 5% at the
shows
same
boxplotscale.
of monthly
the sub-basins
to found
10 km2between
), as for
basinFigure
scale, 7and
10%the
at the
sub-basin
For soildeviations
moisture, for
similar
differences(0.1
were
the
basin-scale
outputs
(Figure
5).
Overall,
the
same
seasonal
trend
can
be
observed
in
the
deviations
the scale levels.
of theFor
three
variables shown.
However,
Figure
7 shows
the deviations
bethe
considerably
higher
streamflow,
deviations
(mm) can
increase
by that
a factor
3 or more can
from
basin to the
subat
this
smaller
scale.
For
a
certain
portion
of
the
sub-basins,
deviations
can
be
several
factors
higher
basin level. Table 3 shows that 10% of the predictions show a deviation of −8% or more with the
than
whatrun
wasatseen
the scale,
basin while
scale. deviations can be −28% or more at the sub-basin scale.
reference
the at
basin

Figure
of the
the 3_FAOseas method compared to the
Figure 7.
7. Boxplot
Boxplot showing
showing the
the deviation
deviation (mm/month)
(mm/month) of
the
reference
model
for
soil
moisture
(SM),
actual
evapotranspiration
(ET),
and
streamflow
(Q)
at
the
reference
for soil moisture (SM), actual evapotranspiration (ET), and streamflow (Q) at the subsub-basin-scale.
variability
shown
corresponds
to interannual
the interannual
variability
ofsub-basins.
all sub-basins.
basin-scale. The The
variability
shown
corresponds
to the
variability
of all

Table specifically,
3. Absolute and
relative
deviations
fordeviations
the 3_FAOseas
compared
to the differ
0_NDVIref
More
Table
3 shows
how the
of therun
sub-basin
outputs
fromrun,
those at
indicating
the
10th,
50th
(median)
and
90th
percentiles,
for
the
basin
and
the
sub-basin
scale.
the basin-level. The table shows the 10th, 50th, and 90th percentiles, and both the absolute (mm) as
well
deviations
(%). As expected,
median (50th percentile)
is very
similar(%)
between
Scaleas the relative
Absolute
deviationsthe
(mm/month)
Relative
deviations
Variable/
the basin and Percentile
sub-basin levels: outputs were based on the same simulations, so the overall trend
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Basin
SM
−3.6
−2.0
−1.0
−2%
−1%
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i.e. the 10th and the 90th percentile. Absolute deviations (mm) can be more than two times higher
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at the sub-basin scale than at the basin scale. As an example, 10% of the monthly evapotranspiration
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SM
−7.3
−2.1
1.3deviation −5%
−2% scale, and
1% 10%
value was −1.1 mm/month.
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at the sub-basin scale. For soil moisture, similar differences were found between the scale levels.
Q
−1.5
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Table 3. Absolute and relative deviations for the 3_FAOseas run compared to the 0_NDVIref run,
indicating the 10th, 50th (median) and 90th percentiles, for the basin and the sub-basin scale.
Absolute Deviations (mm/month)
10th
50th
90th

Relative Deviations (%)
10th
50th
90th

Scale

Variable/Percentile

Basin

SM
ET
Q

−3.6
−1.1
−0.5

−2.0
0.3
−0.2

−1.0
1.6
0.0

−2%
−5%
−8%

−1%
1%
−3%

−1%
5%
0%

Sub-basins

SM
ET
Q

−7.3
−2.3
−1.5

−2.1
0.2
−0.2

1.3
3.2
0.5

−5%
−10%
−28%

−2%
1%
−4%

1%
12%
6%

studied using distributed models like the one used in this analysis. What the above results show is
that parameterizing crop coefficients from high-resolution observations of vegetative status
(0_NDVIref) can deviate substantially from a more classical approach using literature-based values
for the kc values, especially at the sub-basin scale.
For future scenario analysis, remote sensing data to characterize the crop status are not available.
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studied using distributed models like the one used in this analysis. What the above results show is that
The two NDVI-based methods have the smallest deviation compared to the reference model: the
parameterizing crop coefficients from high-resolution observations of vegetative status (0_NDVIref)
50th percentile is closest to zero (Figure 8). Also, the percentile intervals (green and red) are narrower
can deviate substantially from a more classical approach using literature-based values for the kc values,
compared to the other methods, so overall less variability in the deviation with the reference model
especially at the sub-basin scale.
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The two NDVI-based methods have the smallest deviation compared to the reference model:
the 50th percentile is closest to zero (Figure 8). Also, the percentile intervals (green and red) are
narrower compared to the other methods, so overall less variability in the deviation with the reference
model can be expected when choosing one of these two methods. This result is not fully surprising
because the same NDVI information was used for these two models and the reference model, but in
an aggregated and simplified way. The advantage of these methods is that they can be used for kc
parameterization of hydrological models in future scenario analysis.
The FAO-based methods 3_FAOseas and 4_FAOstat show a similar deviation (50th percentile)
for the sub-basins, but using a static (non-seasonal) crop coefficient (4_FAOstat) clearly increases the
spread in the deviation of the streamflow predictions. For 5_Unity, the median indicates that the
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deviation is largest of all methods. On the other hand, positive deviations are less likely to occur
compared to the FAO-based methods, causing the bands to be narrower. This is because this method
assumes a kc = 1, while in the other methods the mean kc is lower (see also Figure 2), thus causing
higher crop water demand and less water available for runoff and streamflow.
The results shown are based on a Mediterranean basin, with a wide range of biophysical
conditions, but with a typical hydrological regime (potential evapotranspiration higher than rainfall,
and streamflow highly variable and overall much lower than evapotranspiration). Therefore, these
findings are limited to this type of hydro-climatic conditions as they are very much influenced by the
fact that during most of the year the actual evapotranspiration is limited by soil water availability in
semi-arid systems. It can be expected that in more humid or even more arid basins the sensitivity to the
evapotranspiration component and the impact on streamflow will be different [64,65]. To generalize
the findings in this paper, it could be interesting to apply a similar approach in basins with different
climate and other biophysical conditions. A statistical analysis could be carried out to identify the
dominant factors (rainfall, landuse, slope, catchment area, etc.) that explain the deviations. This could
potentially lead to practical guidelines for hydrological modeling and crop coefficients. This should
also consider that, for more humid conditions, the use of NDVI to derive crop coefficients has its
limitations due to saturation issues that make NDVI a less adequate proxy for the crop coefficient [55].
The hydrological model SPHY is a typical bucket-type grid-based model, using process
descriptions used in many other hydrological models. So we expect the results of the sensitivity
analysis here to be valuable also to many other similar models. The sensitivity of course also depends
on the model conceptualization. Hydrological models that use for example the “hydrological response
unit” (SWAT, TOPMODEL, etc), instead of cell-based calculation units, or that use conceptualizations
and descriptions of soil water dynamics that are different to the typical bucket-approach, may respond
differently to different kc parameterizations as is shown here.
This study compared the different kc approaches with a reference model calibrated using
streamflow data. Several studies have evaluated the usefulness of actual evapotranspiration estimates
derived from remote sensing data and energy-balance methods for the calibration of hydrological
models [37–39]. This can lead to a more accurate spatial distribution of the model parameters, especially
in semi-arid areas like in this study [36]. A recommendation therefore for follow-up work is to
evaluate different kc parameterization approaches by calibrating these independently using remote
sensing-based observations of evapotranspiration rates. Calibration performance coefficients—for
example those used in this work—could be used to assess which method performs better than others.
A more in-depth analysis could be performed for this evaluation as well, by using spatial metrics that
assess the degree of similarity between of the spatial patterns in the model simulations [66,67].
5. Conclusions
This study evaluated the effect of various NDVI and literature based crop coefficient
parameterization methods, on the hydrological response of a basin-scale hydrological model.
Compared to the reference model that was based on actual 16-day interval NDVI observations,
the other, more simplified and aggregated methods overestimated actual evapotranspiration in spring
and underestimated actual evapotranspiration in summer and autumn. For soil moisture, the highest
deviations from the reference model were found in spring, when soil moisture levels are high. The effect
on basin-level streamflow is buffered by the interaction between soil moisture and evapotranspiration,
leading to an annual deviation of about 3%–4% with the reference model. In autumn, these deviations
can be higher, potentially leading to a bias of up to 15% in monthly predicted streamflow. Overall, we
conclude that the choice of the kc parameterization method can lead to deviations of around 5%–10%
in basin streamflow predictions in the summer and autumn.
Results further indicated that the deviations in model output can be substantially higher for
smaller sub-basins. For about 5% of the sub-basins, deviations from simulated streamflow went up
to 30%, using the FAO-based parameterization. This has implications for land use and management
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change analyses and other hydrological assessments in which the outputs at a finer scale become
relevant, such as for assessing impacts of management interventions, for example. The results suggest
that for this type of distributed model applications, preference should be given to high-resolution
remote sensing-based information to parameterize crop coefficients. Aggregated approaches like the
typical FAO-based approach can lead to wrong (generally under-estimated) streamflow simulations.
NDVI-based crop coefficients have the advantage over literature based values in that local conditions
that influence crops are considered.
We conclude that for hydrological model applications at basin and sub-basin scale crop coefficient
parameterization using satellite-based NDVI data is preferable, given the fact that sufficient long
term series of NDVI data are now available for seasonal analyses at high resolution. Also for future
scenario studies, combining historic observations of a vegetation index like NDVI and land use maps
is preferred, rather than using literature-based crop coefficients.
Supplementary Materials: All modeling inputs and outputs are available in a public data repository: https:
//dx.doi.org/10.6084/m9.figshare.4578526.
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