Point-by-point response to the Editor (Dr. Christian Stamm) and the two anonymous
referee comments and suggestions

General authors note: Thank you for a positive evaluation of our study and we very much appreciate all the
comments from the editor and the two anonymous reviewers. We believe the comments and suggestions have
helped us to improve the clarity and structure of the revised manuscript.

Important changes: The first paragraph of the ‘Introduction’ section has been re-edited and improved. The
‘methodology’ section has been improved and restructured with a clear description of the datasets especially the
Global Gridded Crop Model Intercomparison (GGCMI) dataset. The ‘results and discussion’ section has also been
improved with the inclusion of a brief description of the spatial and temporal analysis of the rainfall (sub-section:
3.1), the temporal analysis of the LAI and erosion (Figure 9). Additionally, all figures have been improved and
three new figures (Figure 4, Figure 5 and Figure 9) have been added. Overall, we have further improved the
language throughout the revised manuscript.

Below we provide a point-by-point response in blue (italics).

Response to the Editor
Comments to the Author:

Thank you for responding to the comments provided by the two reviews on your manuscript "Improved
Representation of Agricultural Land Use and Crop Management for Large Scale Hydrological Impact Simulation
in Africa using SWAT+”. The reviews indicate that major revisions are necessary. Please revise the manuscript
according to your suggestions and pay attention to properly address all issues. Please provide a point-by-point
explanation of your revisions.

Response: We thank the editor for the assessment and comments for our manuscript. We have revised the
manuscript according to the suggestions and addressed all the issues as required. The point-by-point responses
are provided below in italics and the changes in the revised manuscript (added below) are in blue.
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Response to Reviewer 1

The paper presents an important step forward to better capture crop phenology in hydrological modelling. It is
well written and structured. To demonstrate its reach and inspiration for future modelling, the paper could be
better positioned with regard to existing modelling advances considering crop dynamics. It would gain from a
discussion of results in view of existing modelling approaches and advances, going beyond the mention of
omitting these in most models. Discussing uncertainties arising from the sole focus of the most widespread crop
per pixel and simulation of the 5 representative crops would also make the paper stronger.

Response: Thank you for a positive evaluation of our study and your time to provide critical comments to improve
the manuscript.

A discussion of results (LAl and ET) in view of existing approaches has been added in the revised manuscript.
Specifically, the LAI results have been discussed in reflection of other approaches that have improved phenology
development by using remote sensing LAl datasets (Ma et al., 2019; Rajib et al., 2020). Although the use of remote
sensing improves the LAI simulations, the challenge of local knowledge is still required for crop type and crop
management mapping (Bégué et al., 2018). Additionally, the potential of improving phenology datasets to include
multiple cropping seasons has been discussed in regards to advancements in research regarding cropping
patterns such as the crop generator (Sietz et al., 2021) and mapped global areas of different cropping systems
(Waha et al., 2020), [Lines 320 — 340].

As regards to the ET simulations, the improvement in ET estimates has been discussed in relation to incorporating
temporal patterns of LAI that favor transpiration and evaporation from canopy intercepted water [Lines 347 -
351]. Uncertainties arising from sole focus on the widespread crop per pixel as compared to the simulation of the
5 representative crops has been added under the discussion of ET simulations. This is because the heterogenous
representation of crops in a pixel can have effects on the ET fluxes due to variations in the physical characteristics
of vegetation such as root depth, LAI, stomata conductance, surface roughness and albedo (Burakowski et al.,
2018) [Lines 363 - 367].

Further remarks
o The start of the introduction would be more interesting to read if it wasn’t a copy of the abstract.
Response: Yes, the start of the introduction has been modified accordingly, [Lines 33 - 47].

o Lines 34-35: some details of the “simplistic way”/”abstract terms” of considering crops in hydrological
models and what we learn from these would provide a good start.

Response: With the modification of the start of introduction, ‘simplistic/abstract terms’ have been omitted and
rather ‘a uniform generic crop’ adopted that is usually used in most regional hydrologic models( Schuol and
Abbaspour, 2006; Schuol et al., 2008; Chawanda et al., 2020). Further details are provided in the introduction
section [Lines 33 - 47].

eLine 62: examples on current knowledge derived from the implementation of cropping dynamics in
hydrological modelling would be useful (e.g. The Crop Generator: Implementing crop rotations to
effectively advance eco-hydrological modelling.
https://www.sciencedirect.com/science/article/abs/pii/S0308521X21001360).

Response: Yes, examples on current knowledge about approaches on representation of crop dynamics in other
eco-hydrological models (e.g Sietz et al., 2021; Zhang et al., 2021) has been added, [Lines 63 - 67].
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o Lines 70-75: How is phenological crop development simulated in other hydrological models, e.g. SWIM?
Has there been any coupling attempts with modelling of land surface processes that consider
phenology, e.g. PROMET?

Response: Several hydrological models e.g SWAT+, SWIM have an integration of a hydrologic module and crop
growth module (mostly EPIC, Williams and Singh, 1995) and by default, crop growth is simulated by accumulated
heat units. In most applications, modelers use a generic or a single crop for representation of agricultural land
use. As highlighted, the challenge of this representation is twofold; in tropical and subtropical regions, the use of
heat units easily causes incorrect cropping seasons as these regions are primarily driven by water availability.
Secondly, the use of a generic crop fails to account for any variability in existing heterogenous agricultural land
use. A review of coupled hydrologic and crop growth models has been done by Siad et al., (2019).

Coupling attempts of land surface process models e.g PROMET to consider phenology have been done through
an agricultural management subroutine which also initializes management actions that may be of hydrologic,
climatic or agricultural consequence (Hank et al., 2015). However, just like in any eco-hydrological model, the
agricultural management subroutine simulates the growing seasons through accumulated heat units (a
temperature and photoperiodic day-length-dependent approach is used). To use the plant and harvest dates
(preferred approach for tropical and subtropical regions), information is required on the cropping calendar and
management practices e.qg fertilization which highlights the methodological advances presented in this paper. i.e
exploitation of the existing global phenological data sets of rainfed and irrigated croplands with the associated
cropping calendar and management practices.

e 4a and c show a good improvement of LA, also seen to some extent in Figs. 5a and c. Also erosion is
reduced accordingly. But why do erosion values show strong peaks in March and May in Figs. 5b and
d? In March LAl is already high.

Response: The strong peaks in March and May can be explained by the reduction of residue on the soil surface.
With the second rainy season occurring with no crop cover, part of the residue generated from the first growing
season is washed away. Hence with the rainy season occurring in March, we obtain erosion peaks regardless of
the relatively high LAI value in the default model that uses a generic uniform crop. However, with the realistic
crop representation, we obtain a slightly higher LAI that reduces the erosion peaks in the revised SWAT+ model
(we notice a slight increase in the LAl magnitude having a strong impact on the erosion peaks). But with only one
growing season, we still have part of the residue washed away in the second rainy season. According to Neitsch
etal., (2005), a given residue percentage on the soil surface is more effective than the same percentage of canopy
cover. Residue intercepts falling raindrops so near the surface that the drops regain no fall velocity. Additionally,
residue obstructs runoff flow, reducing its velocity and transport capacity, [Lines 379 — 388].

e Line 191: The idea is clear that results are compared with reality to the extent possible. But what does
‘scientific validation’ mean? How is this different from just ‘validation’?

Response: Biondi et al., (2012) draws a distinction between performance validation and scientific validation.
Performance validation is a typical approach adopted to evaluate model performance that requires the
comparison between simulated outputs on a set of observations that were not initially used for calibration. This
involves the use of graphical techniques or performance metrics. A scientific validation aims at evaluating the
consistency of the model thought as input-state-output system. This concept was derived from the idea that
verifying the model performance by simply comparing outputs and observations does not assure that the model is
correct from a scientific point of view. This validation may include and extend the performance validation and is
specifically required in cases when the quality and quantity of observation data is not sufficient to allow an
adequate validation. Studies such as (Haregeweyn et al., 2017) have used the term ‘scientific validation’ in
validating their results. Just like our research, they did the validation by comparing the soil erosion model outputs
with previous studies and the scant observations.
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However, since the term ‘scientific validation’ seems to be confusing in this context, it has been replaced with
‘plausibility check’ in the revised manuscript, [Lines 236 — 237].

e Lines261-263: wouldn’t this speak to an increase of ET as water is applied without limits? Please clarify.

Response: Thank you for pointing this out. However, water is applied with limits (50mm every application). The
water is irrigated when the water stress is below a specified threshold of 0.7. By unlimited source (which is the
deep aquifer in the model), we mean that the water is always available for irrigation when the water stress in the
field during the growing season goes below the specific threshold. However in real life scenarios, the farmer may
not always have water for irrigation when needed on a specific day due to different management schedules of
irrigation schemes. Additionally, not all irrigation water comes from the deep aquifer on all irrigation sites. The
statement has been rephrased and a clear explanation added to text in the revised manuscript, [Lines 356 - 359].
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Response to Reviewer 2

General comments

The manuscript describes how the incorporation of crop specific phenology data improves ET and soil erosion
estimates for large-scale simulations using SWAT+ throughout the Nile basin as compared to the default
phenology implemented in the model. The simulated LAI and ET values agree much better with validation data
obtained from remote sensing. The estimated erosion rates are substantially lower as compared to the default
model.

The topic of the manuscript fits the scope of HESS. The results are relevant because they demonstrate the how
important it may be to account in an adequate manner for regional differences of crop-specific phenologies.

Unfortunately, the method section is not very well written and is often rather confusing. The key element for the
improved model set-up is the use of a global data set on plant and harvest dates for specific crops (Global Gridded
Crop Model Intercomparison (GGCMI), see Tab. 1, L. 164 - 168) instead of using the default heat unit approach
implemented in SWAT+ by default. It is pointed out in the Abstract and the Introduction that this default approach
often fails in tropical regions because crop development is strongly affected by precipitation (e.g., L. 17, 47) while
temperature is well suited for temperate regions. However, it remains obscure how the GGCMI data account for
this deficiency. It is not explained whether these phenology data are based on observational reference data or on
model simulations. If they were model based, one should know how the model accounts for precipitation and
temperature compared to the SWAT+ concept. Irrespective of whether the dataset is observation or model based,
one should know whether the data represent long-term averages or account for yearly variations. It remains also
obscure what the spatial resolution of the dataset is.

These temporal aspects are also neglected in the analysis of the results. The authors used seven years of data for
model validation (L. 173). However, they only present results averaged across the entire study period (2009 —
2015). They don’t present any data on inter-annual variability (e.g. of precipitation) that might have affected the
results. At least in some regions, rainfall varied affecting also the crops simulated in the manuscript (e.g., Epule,
Dhiba et al. 2021). Such inter-annual differences can also be expected for erosion, which is very much triggered
by few events.

Recommendation
The manuscript requires substantial improvements regarding

1. the presentation of the methods
2. the temporal aspects of the data series that have been analysed.
3. the issues listed in the detailed comments

References:

Epule, T. E., D. Dhiba, D. Etongo, C. Peng and L. Lepage (2021). "Identifying maize yield and precipitation gaps
in Uganda." SN Applied Sciences 3(5): 537.

Response: Thank you for a positive evaluation of our study and your time to provide critical comments to improve
the manuscript.

The method section has been restructured and the chronological order of the subsections improved for clarity.
The datasets have been clearly described and of specific interest is the GGCMI dataset. The GGCMI crop
calendar (Jagermeyr et al., in revision) is an observation-based product, combining first-hand data sources from
various agricultural ministries. These data do not include modelling results and therefore overcome the missing
temperature-precipitation seasonality in the old model version. In the new model version we schedule planting
dates and cultivar selection based on real-world observational planting and harvest data. Planting thus happens
at the prescribed day per crop in each 0.5° grid cell. The harvest day varies in each year as physiological maturity
depends on accumulated phenological heat units. In a warm growing season maturity is reached earlier than in
a cold season. On average, cultivars are selected to match the observational harvest day. [Lines 165 - 169]
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With regards to the temporal aspects of the analysis, we originally focused on the seasonal representation of the
LAl and its subsequent impact on erosion (for illustration of the concept) for clarity of the message. However, in
the revised manuscript, we highlight the interannual variability of the selected crops in Figure 9 and we notice
that there is little interannual variation as discussed in Lines 310 -315. This is mainly due to the low interannual
variability of rainfall within the study period. However, the seasonal pattern is the same throughout the years.

Detailed comments:
o L. 87 —88: Please describe more precisely (in the Method section) what these tables and datasets provide.

Response: The decision tables have been described in section 2.2.1 [Lines 143 — 149]. The datasets have been
well described in section 2.3 [Lines 165 — 175].

o L. 97: Study area: Please describe the study period as well.

Response: The description of the study including the study period has been improved and more details added
[Lines 105 - 123].

o L. 146: “approached suggested by Chawanda”: Approach for doing what?

Response: Chawanda et al., (2020) proposed an approach for setting up a SWAT+ model using the harmonized
land use product (LUHZ2; Hurtt et al., 2020) ) that was utilized in this study. LUH2 product is formatted as NetCDF
with each layer containing a percentage of land use instead of a single-layer raster file. The SWAT+ code has to
be adapted to include routines that read the LUH2 NetCDF data as suggested by Chawanda et al., (2020). This
description has been included in the revised manuscript for clarity [Lines 189 - 191].

o L. 152 (Table 1): Confusing: what is used for model set-up and what for comparison between the default
and the revised model. Also linguistically. the sentence is strange (data sets are not used for crop
management). GGCMI: please provide more details to address the questions mentioned above
(general comments).

Response: Table 1 contains only datasets use for model setup. The caption has been rephrased and corrected.
Datasets used for model validation have been described in section 2.7, Table 3. The GGCMI dataset and other
datasets used in the model setup have been described with more details, [Lines 165 - 174].

o L. 153: Section 2.5: It is not clear whether this section presents the revised SWAT version only or the
land use for both the default and the revised version. If it’s only about the revised version describe
how land use was established for the default version. Otherwise, clearly indicate which part only refers
to the revised version.

Response: We have described the default agricultural land use implementation section 2.5, ‘Default Model set
up”. By default, the cropland use was represented with a uniform generic crop as default in the SWAT+ database
(Arnold et al., 2013) for all the heterogenous cropland areas and heat units used to trigger the cropping seasons.
Section 2.6 gives the proposed scheduling using the plant and harvest dates extracted from the global phenology
dataset (GCCMI data) and the fertilization extracted from (Hurtt et al., 2020) and (Lu and Tian, 2017) as
described in the section. The writing has also been improved in all sections [Lines 187 - 212]

o L. 164: crop phenology data: please provide more information (see above).

Response: More information about the global phenology dataset (GGCMI data) has been added in the revised
manuscript [Lines 167 - 170].

o L. 191: What is a scientific validation? As it reads later in the manuscript it seems to be a plausibility
check.

Response: Biondi et al., (2012) draws a distinction between performance validation and scientific validation.
Performance validation is a typical approach adopted to evaluate model performance that requires the
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comparison between simulated outputs on a set of observations that were not initially used for calibration. This
involves the use of graphical techniques or performance metrics. A scientific validation aims at evaluating the
consistency of the model thought as input-state-output system. This concept was derived from the idea that
verifying the model performance by simply comparing outputs and observations does not assure that the model is
correct from a scientific point of view. This validation may include and extend the performance validation and is
specifically required in cases when the quality and quantity of observation data is not sufficient to allow an
adequate validation. Studies such as (Haregeweyn et al., 2017) have used the term ‘scientific validation’ in
validating their results. Just like our research, they did the validation by comparing the soil erosion model outputs
with previous studies and the scant observations.

However, since the term ‘scientific validation’ seems t0 be confusing in this context, it has been replaced with
‘plausibility check’ in the revised manuscript. [Lines 236 - 237]

o L. 194: What’s the meaning of “moreover” at that point?

Response: The intended meaning was “in addition to the previous statement”. However, “moreover” has been
omitted and the statement rephrased in the revised manuscript.

e L. 197 — 200: These two sentences are not clear.
Response: The two statements have been rephrased and improved in the revised manuscript [Line 241 - 246].

L. 204 — 207: How has the model be parameterized? No information is provided. How well did the model perform
e.g., when compared to discharge? The water balance information provided are not very conclusive since L. 254
demonstrates that the model can be quite off for one component (ET) while still closing the water balance well
(compensating errors).

Response: The study aims at improving the default model simulation by better representing the physical land
processes (crop growth and evapotranspiration), prior to any calibration. A flow calibration would not much
affect the crop processes but rather aims at improving flow simulations, which was not the objective of our study.
We only focused on the ET component of the water balance to show how representation of crop phenology can
impact the ET estimates which should ideally precede any calibration efforts. Besides, SWAT was developed with
the objective of predicting the impact of management on water, sediment and agricultural yields in large
‘ungauged’ basins where usually no data is available for calibrations (Arnold et al., 1998; Srinivasan et al.,
2010). Thus a default parameterization was used and we assume that the differences seen in the model setups
originate primarily from the crop representation and management practices [Lines 241 - 252]. In addition, we
aim for SWAT+ applications at regional to global scales where calibrations are typically not done (Krysanova et
al., 2018) for practical reasons (lack of computation power / data)

o L. 208: Results: Please provide a short description of the hydro-climatic characterization of the study
period (2009 — 2015) including metrics of temporal variability.

Response: A spatial-temporal characterization of rainfall (2009 — 2015) in the region has been added as
suggested since rainfall is the primary controlling factor for leafing and senescence in tropical and subtropical
regions (Ma et al., 2019) [Lines 254 - 275].

e L. 210 — 220: Provide information about variability and model performance across years as well.

Response: The temporal variability of LAl and erosion has been added to the results section (Figure 9).
However, with the low interannual variability of rainfall within the study period, there is low interannual
variability of LAIL. The low interannual variability of LAl within the study period certainly does not imply that
the relevance of the variability of LAl interannually is unimportant in the region as an analysis on a longer
timeseries could yield different results, [Lines 310 — 319].

o L. 224: Fig. 4: Indicate in the caption whether the data represent average values. If they are provide
standard deviations in the figures.
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Response: The standard deviation in figures has been added in the revised manuscript for data representing
averages and captions have been adjusted.

o L. 226: Fig. 5: Same comment as above. Additionally: the LAI of both models are rather similar. How
does it come that the erosion rates differed so strongly? Explain.

Response: We noticed that a slight increase in the LAl magnitude had a strong impact on the erosion peaks. Even
though the cropping season in both the default and revised model setups captures only one cropping season, there
is still a reduction in the HRU erosion estimates because the revised SWAT+ LAl representative of an actual
crop is slightly greater than the default LAl representative of a generic crop. Additionally, with a slightly higher
LAl magnitude in the revised SWAT+ model, more biomass is generated which results in more residue that could
be more effective in reducing soil erosion even after the cropping season. Residue intercepts rain droplets near
the soil surface that drops regain no fall velocity. Thus, a given percentage of residue is more effective than the
same percentage of canopy cover (Neitsch et al., 2011). This has been explicitly explained in the revised
manuscript, [Lines 378 - 388].

L. 230: The situations are probably denoted by Cases 1 and 2 in Fig. A2. However, this is not explained. How
could one differentiate between the two cases in the spatial data?

Response: Cases 1 refer to growing season (irrigated) occurring in the dry season of the season while case 2
refers to growing season (irrigated) occurring during the first rainy season. So case 2 is mainly supplementary
irrigation. This information has been added to text in the revised manuscript and in figure captions for Figure A2
and Figure A3.

o L. 240: Same comment as for Fig. 4; Additionally: Why is LAI for the default so low? Was there an
underestimation of irrigated wheat (acreage)? If yes, this would imply that not only phenology but
also land use differed between model versions. This was not made explicit so far. Clarify.

Response: We have added more clarification in the revised manuscript. Without management practices (irrigation
and fertilization), plant growth in the default SWAT+ model is constrained in the Nile delta being a predominantly
dry region resulting into low LAl simulations. However, with the cropping calendar and the associated
management practices, LAl simulations are improved in the revised model, [Lines 305 — 308].

oL. 260 — 263: Would one not expect an overestimation of irrigation and therefore ET from an ideal
unlimited water source for irrigation?

Response: Thank you for pointing this out. However, water is applied with limits (50mm every application). The
water is irrigated when the water stress is below a specified threshold of 0.7. By unlimited source (which is the
deep aquifer in the model), we mean that the water is always available for irrigation when the water stress in the
field during the growing season goes below the specific threshold. However in real life scenarios, the farmer may
not always have water for irrigation when needed on a specific day due to different management schedules of
irrigation schemes. Additionally, not all irrigation water comes from the deep aquifer on all irrigation sites. The
statement has been rephrased and a clear explanation added to text in the revised manuscript, [Lines 356 - 359].

o L. 266: Fig. 7: A difference map between model predictions and remote sensing observations would be
more instructive. How can one distinguish between agricultural and non-agricultural ET? Units:
correct to mm y.

Response: Updated to Fig.10 in the manuscript masks out non-agricultural areas and presents only ET for
agricultural areas to highlight the impact of the agricultural areas since this study focused on the ET response to
agricultural land use representation. Presenting agricultural ET further highlights the impact of human activities
(planting, harvesting, irrigation, fertilization) which is significant for developing agricultural water resources
management strategies (Wang et al., 2008). However, a difference map (revised model ET — WaPOR ET) has also
been added to highlight the regions that still have ET underestimations (mostly areas that are irrigated with
multiple cropping practices). The units have been corrected in the revised manuscript.
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¢ 280 — 283: Below, a specific comparison is presented for the Blue Nile region. Please provide also the
relative change for this area to help the reader linking the two aspects.

Response: The relative change in the Upper Blue Nile has been added to the revised manuscript, [Lines 396 -
397].

eL.297: On L. 295 a max of 20500 t km2 y* is mentioned. Can you explain?

Response: The simulated annual average soil erosion ranged from 0 to over 20500 t km2 y* in the whole region
revealing the severity of soil erosion in the Ethiopian highlands (Fig. 12) as compared to the other parts of the
region. Ethiopian highlands have been reported to have high soil erosion and sediment yield rates attributed to
partly topography and rainfall but also to recent and historic land conversions to agriculture. The text has been
revised and improved in the revised manuscript, [Lines 414 - 417].
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Abstract. To date, most regional and global hydrological models either ignore the representation of cropland or
consider crop cultivation in a simplistic way or in abstract terms without any management practices. Yet, the water
balance of cultivated areas is strongly influenced by applied management practices (e.g. planting, irrigation,
fertilization, harvesting). The SWAT+ model represents agricultural land by default in a generic way where the
start of the cropping season is driven by accumulated heat units. However, this approach does not work for tropical
and sub-tropical regions such as the sub-Saharan Africa, where crop growth dynamics are mainly controlled by
rainfall rather than temperature. In this study, we present an approach on how to incorporate crop phenology using
decision tables and global datasets of rainfed and irrigated croplands with the associated cropping calendar and
fertilizer applications in a regional SWAT+ model for Northeast Africa.

We evaluate the influence of the crop phenology representation on simulations of Leaf Area Index (LAI) and
Evapotranspiration (ET) using LAI remote sensing data from Copernicus Global Land Service (CGLS) and
WaPOR ET data respectively. Results show that a representation of crop phenology using global datasets leads to
improved temporal patterns of LAl and ET simulations, especially for regions with a single cropping cycle.
However, for regions with multiple cropping seasons, global phenology datasets need to be complemented with
local data or remote sensing data to capture additional cropping seasons. In addition, the improvement of the
cropping season also helps to improve soil erosion estimates, as the timing of crop cover controls erosion rates in
the model. With more realistic growing seasons, soil erosion is largely reduced for most agricultural Hydrologic
Response Units (HRUSs) which can be considered as a move towards substantial improvements over previous
estimates. We conclude that regional and global hydrological models can benefit from improved representations
of crop phenology and the associated management practices. Future work regarding incorporating multiple
cropping seasons in global phenology data is needed to better represent cropping cycles in areas where they occur

using regional to global hydrological models.
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1 Introduction

Even though cropland cultivation covers over 40 % of the planet’s ice-free land surface, most regional and global
hydrological model applications overlook the necessity of addressing crop phenological development and/or
distinguishing between different crops (Chen and Xie, 2012; Srivastava et al., 2020). In some regional applications
e.g. Schuol and Abbaspour, 2006; Schuol et al., 2008; Chawanda et al., 2020, the model applications consider one
uniform generic crop as a simplification for agricultural land use representation despite the existing wide variety
of crops in agricultural land use (Sood and Smakhtin, 2015). Using a uniform generic crop for agricultural land
use modelling fails to account for any variability in vegetation attributes such as Leaf Area Index (LAI)
corresponding to several crops in real world scenarios (Vifia et al., 2011). Detailed agricultural land use
representation in hydrological models is important as heterogeneity in agricultural land use can have a significant
effect on hydrological fluxes such as evapotranspiration (ET) and soil moisture (Srivastava et al., 2020). Through
ET and interception (Siad et al., 2019), the water balance of agricultural land use areas is strongly influenced by
the applied management practices (e.g. planting, irrigation, fertilization, harvesting) and their precise timing
(Twine et al., 2004; Raymond et al., 2008). In the context of global change studies, realistic representation of
agricultural systems is a major concern as changes in climatic factors affect crop growth and productivity of
agricultural systems (Makowski et al., 2014). Therefore, hydrological models that simulate cropland ecosystems
should have a reasonable representation of crop phenology and the associated management practices of these
ecosystems (Lokupitiya et al., 2009).

The SWAT+ model (Bieger et al., 2017; Arnold et al., 2018) which is a restructured version of SWAT (Soil and
Water Assessment Tool; Arnold et al., 1998) utilizes the principles of the EPIC crop growth model (Williams and
Singh, 1995) to simulate agricultural land by default in a generic way where the phenological development of
crops from planting is driven by accumulated heat units (Arnold et al., 1998). However, the primary controlling
factor for the start of the growing season in tropical and sub-tropical regions such as the sub-Saharan Africa is
rainfall (Lotsch et al., 2003; Alemayehu et al., 2017). Waha et al., (2013) describes the crop growing season in
sub-Saharan Africa as the period in which temperature and moisture are suitable for growth determined by the
start and end of the main rainy season. Zhang et al., (2005) showed that the onset of seasonal vegetation green-up
across Africa can be directly linked to rainfall seasonality. Several Studies (e.g. Msigwa et al., 2019, Nkwasa et
al., 2020) have further pointed out how the existing multiple cropping seasons in tropical and subtropical climates
within an agricultural year coincide with the rainfall and irrigation patterns. Therefore, the use of heat units to
trigger the start of the cropping seasons could lead to inconsistencies in crop phenology simulations for tropical
and sub-tropical regions.

Croplands include various types with associated differences in crop physiology and management practices
(Lokupitiya et al., 2009; Yin and Struik, 2009). The phenological change during the vegetation cycle of crop types
actively controls the ET process through internal physiology by increasing the amount of leaf stomata with canopy
growth (Gong et al., 2014). In the SWAT+ model, plant transpiration is simulated as a linear function of Leaf
Area Index (LAI) and Potential Evapotranspiration (PET) (Neitsch et al., 2005). Thus, inconsistences in crop
simulations could lead to inaccurately estimating canopy properties such as LAl and canopy height resulting in
uncertain estimates of ET (Alemayehu et al., 2016). Accurate estimations of ET in a hydrological model are
important because ET is the central flux that defines land-atmosphere interactions (Mueller et al., 2011; Fisher et
al., 2017).
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Additionally, changes in cropland use and crop management have received little attention in hydrological impact
assessments yet these may have significant impacts on model outputs (O’Neal et al., 2005). For example; Sietz et
al., (2021) demonstrated the sensitivity of key hydrological processes (runoff, groundwater seepage and ET) to
crop rotations in a central European region by combining a crop generator with an eco-hydrological model. By
coupling a hydrological model (Variable Infiltration Capacity) with a crop growth model, soil moisture and ET
were more accurately simulated by implementing crop rotations (Zhang et al., 2021). According to Abaci and
Papanicolaou, (2009), cropland use and cropland management practices can significantly affect the impact of
rainfall on soil erosion. The crop canopy often intercepts rainfall and hinders water droplets to reduce the splash
erosion through loss of speed (Hilker et al., 2014). In addition, cropland practices cause great variations in the
erodibility of cropland since soil erosion depends on what crop is grown and the crop cover density (Sundborg
and White, 1982). The crop cover is crucial in the estimation of the C (crop management) factor in erosion models
such as the Modified Universal Soil Loss Equation (MUSLE) used by SWAT+ (Lin et al., 2014). Other crop
management practices such as amounts of fertilizer, alters soil ability to produce biomass and thus alters soil
resistance to erosion (Souza et al., 2017). The timing and duration of soil cover on cropland are affected by the
planting and maturity dates of the crop.

Previous studies have applied the SWAT model at a regional scale within and including sub-Saharan Africa
(Schuol and Abbaspour, 2006; Schuol et al., 2008). However, these studies utilized the default generic way of
representing agricultural land use without any management practices. Yet, Arnold et al., (2012) emphasized the
need for realistic representation of local and regional crop processes to reliably simulate the water balance, erosion
and nutrient yields in a SWAT model. Chawanda et al., (2020) describes one of the few regional applications of
the latest SWAT+ version in a tropical region. The study highlighted that the inclusion of irrigation and reservoirs
in model set up using decision tables (Arnold et al., 2018) led to an improvement on the simulations of discharge
and ET. Hence, there is need to have a proper representation of land use and agricultural processes in Africa as
very few studies report on crop phenology and land use representation in SWAT (Griensven et al., 2012).
Regional cropping phenology datasets and management practices have been developed using remote sensing
approaches (Li et al., 2014; Estel et al., 2016; Xiong et al., 2017) and non-remote sensing approaches, including
observational census data (Potter et al., 2010; Portmann et al., 2010; Lu and Tian, 2017; lizumi et al., 2019; Hurtt
et al., 2020; Jagermeyr et al., in revision), to integrate into regional agricultural and hydrologic modelling
frameworks. However, remote sensing approaches have been criticized as not being able to detect crop types and
cropping sequences without local knowledge or ground truth data (Bégué et al., 2018). Nevertheless, these
spatially explicit global cropping phenology data sets have not been utilized in regional hydrological models to
improve the land use and crop representation.

The novelty of this study is in improving land use and crop process representation for large scale hydrological
modelling using SWAT+ by (1) proposing an approach that reasonably incorporates crop phenology using
decision tables and global datasets of rainfed and irrigated croplands with the associated management practices in
a regional SWAT+ model for Northeast Africa, (2) evaluating model improvements of crop representation by
using the remote sensing LAI from Copernicus Global Land Service (CGLS) and ET derived from WaPOR (Water
Productivity through Open access of Remotely sensed derived data, FAO, 2018), (3) evaluating how the

consideration of crop phenology and the associated management practices affects long term water-driven soil
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erosion estimates. We do not intend to fully model soil erosion but show how improvements in crop representation

can impact soil erosion estimates.

2 Material and Methods
2.1 Study area

Our study focused on the North-eastern part of Africa (Figure 1) that covers 4,489,000 km? for a period of 7 years
(2009 — 2015). This area covers wholly or partially countries of the Nile basin including Uganda, Kenya, Tanzania,
Rwanda, Burundi, Sudan, South Sudan, Ethiopia, Egypt.
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Figure 1: Study area - Northeast Africa (Nile basin)

The area includes the main Nile River basin with sub basins such as, Victoria Nile, Blue Nile, White Nile, Atbara,
Baro-Akobo-Sobat, Bahr El jebel and Bahr EI Ghazal. The major basins are the Blue Nile basin and the White
Nile basin. The Blue Nile basin which originates from Lake Tana in Ethiopia is considered as the major tributary
to the main Nile River due to its high contribution towards the total Nile River discharge. The White Nile starts
from the great lakes region through Lake Victoria, Uganda and southern Sudan (Eldardiry and Hossain, 2019). A
strong latitudinal wetness gradient characterizes the climate of the region. The areas north of 18°N remain dry
mostly of the year while there is a gradual increase of monsoon rainfall amounts in the south (Camberlin, 2009).
The distribution of the mean annual rainfall is spatially contrasted in the region with about 28 % of the region
receiving less than 100 mm annually. Rainfall in excess of 1000 mm y! is restricted mainly to the equatorial
region and the Ethiopian highlands with negligible rainfall (below 50 mm y-*) from northern Sudan all across
Egypt (Onyutha and Willems, 2015). The agricultural sector is responsible for nearly 75 % of the water withdraw
within the basins (Swain, 2011). Agriculture is practiced in all elevation categories but predominantly in the low
lying areas (less than 500 m) and medium areas (890 — 1450 m). Shrubland is dominant in elevation areas ranging
between -47 to 1450 m and in steep slopes while forest is dominant in areas with an elevation range of 500 to
2150 m. In low lying areas, mainly in the desert area of the Nile, bare land is dominant (Nile Basin Initiative,
2016).
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2.2 Modelling approach using SWAT+

SWAT+ is arevised version of SWAT that offers greater flexibility in connecting spatial units in the representation
of management operations (Bieger et al., 2017; Arnold et al., 2018). This is a semi-distributed river basin scale
model that relies on the physical characteristics of a catchment. It divides a basin into sub basins connected by a
stream network, which are further divided into Hydrologic Response Units (HRUs). HRUs represent areas within
the sub basin that comprise of the same land use, soil, slope and management practices (Neitsch et al., 2005).
SWAT+ also introduces landscape units (LSU) to allow separation of lowland (wetland) processes from upland
process (Bieger et al., 2017). SWAT+ applies the hydrological water balance concept, Eq. (1) as the basic driver
of all hydrological processes.

WB; = WB; + X(P;— R — E;— D; — RF)) At )
Where; WBy and W B; are the final and initial soil water content respectively (mm d?), P; is the amount of rainfall
(mm d™), R; is the amount of surface runoff (mm d), E;is the ET amount (mm d*), D; is the percolation amount
(mm d?), RF; is the return flow amount (mm d), At is the change in time (day) and j is the index. The model
estimates erosion and sediment yield for each HRU using the Modified Universal Soil Loss Equation (MUSLE)
(Williams and Berndt, 1977), Eq. (2). The MUSLE uses runoff energy rather than rainfall to estimate sediment
yields, making it suitable at daily time scale.

Sed =11.8 (qurfqpeakA’”eahru)0'56 X Kysie X Cysie X Pyspgx LSys e X CFRG

)

where; Sed is the sediment yield (tones/day), Qs is the surface runoff volume (mm/day), qpa is the peak runoff
rate (m/s), Areay,, is the area of the HRU (ha), Kyg.g is the USLE soil erodibility factor, Cys.g is the USLE
crop management factor, Pyg g IS the USLE support practice factor, LSy, 5 is the USLE topographic factor and

CFRG is the coarse fragment factor.

2.2.1 Decision tables in SWAT+

Land use and management operations in SWAT+ can be scheduled using either or both decision tables and
management schedules. However, decision tables enable the user to model intricate sets of rules and their
subsequent actions by allowing them to add conditions for scheduling management (Arnold et al., 2018). Metzner
and Barnes, (2014) describe decision tables as a way of organizing and documenting complex events in a logical
way that is easy to interpret. Nkwasa et al., (2020) compared the use of decision tables to management schedules
and concluded that decision tables provided higher flexibility in representing agricultural practices. The use of
decision tables in the SWAT+ model is broadly described in (Arnold et al., 2018). Scheduling in this study was

done using decision tables as discussed in the subsequent sections.

2.2.2 Crop growth cycle with heat unit scheduling

SWAT+ uses the simplified version of the EPIC growth model to simulate plant growth (Neitsch et al., 2005). As
in the EPIC model, phenological plant development is based on the daily accumulated heat units or by calendar
dates, while plant growth can be inhibited by temperature, water, nitrogen and phosphorus nutrients (Neitsch et

al., 2005; Arnold et al., 2012). The heat unit theory assumes that plants have requirements that can be quantified
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and linked to maturity. The total number of heat units required by the plant to start growing or to reach maturity
is calculated as in Eqg. (2).

PHU = Y41 (Tay — Thase) When Ty, > Thase )
where; PHU is the total heat units required to plant maturity, T,, is the mean daily temperature (°C), Ty, IS the
plant’s minimum temperature for growth (°C), d = 1 is the day of planting and n is the number of days required
for a plant to reach maturity. Planting is scheduled by a second heat index where heat units are summed over the
entire year using T,,se = 0°C. This heat index is solely a function of climate calculated by SWAT+ using the
provided long-term weather data (Neitsch et al., 2005). While scheduling by heat units is convenient for temperate
regions that are mainly driven by temperature, users need to consider that cropping seasons in tropical and sub-
tropical regions are primarily driven by water availability (Alemayehu et al., 2017). Hence, the use of heat units

easily leads to incorrect cropping seasons for these regions.

2.3 Global datasets used for SWAT+ modelling

Modelling was done using freely available global datasets in Table 1. Of specific interest in this study is the
GCCMI dataset (Jagermeyr et al., in revision) which provides a cropping calendar that is an observation-based
product, combining first-hand data sources from various agricultural ministries. In the GCCMI crop calendar,
planting dates and cultivar selection is based on real world observational planting and harvest data. Planting thus
happens at the prescribed day per crop in each 0.5° grid cell and on average, cultivars are selected to match the
observational harvest day. The development of this dataset is explicitly discussed in (JAgermeyr et al., in revision).
The climate data (EWEMBI; Lange, 2016) includes records of rainfall, maximum and minimum temperature,
wind speed, solar radiation and relative humidity available at a spatial resolution of 0.5°. Irrigation data (FAO;
Siebert et al., 2013) was provided as area fraction equipped for irrigation and area fraction that is actually irrigated
per year. Nitrogen Fertilizer and Phosphorus fertilizer was provided as a global time series of grided synthetic

fertilizer use rate in agricultural lands at a spatial resolution of 0.5°.

Table 1: Global datasets used for model setup

Global Datasets Resolution Source

Digital Elevation Model 90 m resampled Shutter Radar Topography Mission (SRTM; Farr et al.,

(DEM) to 250 m 2007)

Land use 0.25° Harmonized land use (LUH2; Hurtt et al., 2020)

Soil 250 m Africa Soil information Service (AFSIS; Hengl et al., 2015)

Climate 0.5° EartH20bseve, WFDEI and ERA-Interim data Merged and
Bias corrected for ISIMIP (EWEMBI; Lange, 2016)

Irrigated areas 0.083° Food and Agriculture Organization (FAO; Siebert et al.,
2013)

Plant and harvest dates 0.5° Global Gridded Crop Model Intercomparison (GGCMI;
Jagermeyr et al., in revision)

Fertilizer — Nitrogen(N) 0.5° (Hurtt et al., 2020)

Fertilizer — Phosphorus(P)  0.5° (Lu and Tian, 2017)
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2.4 Spatial temporal analysis of rainfall

Rainfall distribution and amount determines the suitability of crops and related agronomic management at
different locations (Muthoni et al., 2019). Thus, long-term mean for annual rainfall of the study period (2009 —
2015) were generated and plotted to visualize regional spatial-temporal patterns. The annual spatial temporal
variation of rainfall (inter-annual variability) was analyzed by calculating the coefficient of variation (CV) in Eq.
(3). Additionally, long-term mean monthly rainfall for the region was analyzed to identify the seasonality of
monthly rainfall as the success or failure of the crop is more dependent on seasonal rainfall distribution (Ngetich
etal., 2014).

CV = (%) x 100 ®)

Where; mean and SD are the mean rainfall and standard deviation for a selected temporal scale. According to
Asfaw et al., (2018), CV is used to classify the degree in variability of rainfall events as; low (CV < 20%),
moderate (20% < CV < 30%) and high (CV > 30%).

2.5 Default Model set up

The SWAT+ model (revision 60.5) was set up with the QGIS interface using the data in Table 1 and run for a
period of 7 years (2009 — 2015). The harmonized land use product (LUHZ2; Hurtt et al., 2020) used in this study
is formatted as NetCDF, hence the SWAT+ code had to be adapted to include subroutines to read the NetCDF
data using and approach proposed by (Chawanda et al., 2020). The land use map is a composite of land use layers
with each layer representing a fraction of a given land use. The fraction layers representing cropland include; C3
annual crops (C3ann), C3 perennial crops (C3per), C4 annual crops (C4ann), C4 perennial crops (C4per) and C3
nitrogen-fixing crops (C3nfx). In the default model setup, the cropland use in the land use map was represented
with a uniform generic crop as default in the SWAT+ database (Arnold et al., 2013) for all the heterogenous
cropland areas and heat units used to trigger the cropping seasons.

The study area was discretized into 768 landscape units and 12526 unsplit HRUs. The USDA Soil Conservation
Service (SCS) curve number method was used to estimate surface runoff, variable storage method selected for
flow routing and the Penman-Monteith method (Monteith, 1965) used to calculate the potential

evapotranspiration.

2.6 Proposed scheduling in the revised SWAT+ model - Crop scheduling with global phenology datasets

In the proposed scheduling, the fraction layers (C3ann, C4per, C4ann, C4per and C3nfx) representing cropland in
the land use map (LUH2) were extracted and comparison was made on a pixel by pixel basis. Whatever crop layer
fraction occupied a larger percentage for the rainfed and irrigated agricultural areas within a pixel was selected to
represent cropland for irrigated and rainfed areas in that pixel. For example in Figure 2; if the C4ann and C3nfx
crop occupied a larger fraction within a pixel compared to other cropland use fraction layers for irrigated and
rainfed cropland respectively, they were selected to represent cropland use in that pixel. A crop map was
developed from this pixel by pixel analysis and a representative crop selected for each cropland use fraction based
on literature (Leff et al., 2004) as shown in Table 2.
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Table 2: Representative crop for LUH2 cropland used in SWAT+

cropland (LUH2)

Representative crop (SWAT+)

C3 annual
C3 perennial
C4 annual
C4 perennial

C3 nitrogen-fixing

wheat
banana
maize
sugarcane

soybean

For both rainfed and irrigated areas, the representative crops with the corresponding crop phenology (plant and

harvest dates) and crop management practices (irrigation, N-fertilizer and P-fertilizer) were extracted from the

respective global datasets (Table 1). The extracted data was written in a decision table for each cropland HRU

using a python code. The default model was re-run with the modified crop scheduling with data from global

datasets and referred to as ‘revised SWAT+’ model from here on.

irrigated
C4ann
cropland > Ldann
p C3nfx C3per
C3ann
C3ann| Caper
Caann C3nfx
C3per
C4dper jfgsp//
»| C3nfx y CAann »|  C3nfx
C3anny
C3per
rainfed

Yy

Agricultural HRUs
(Rainfed +Irrigated)

Re-write:

Crop distribution N

-hru properties file (hru-data.hru)

Plantdate data decisiontable

-hrumanagement file(management.sch)

(lum.dtl)
Fertilizer data (N&P) Ty

-land use managementfile (landuse.lum)

Irrigation data

-plant community file (plant.ini)

Harvestdate data

Figure 2: Workflow for incorporating crop phenology and crop management data from global datasets into the

model

2.7 Validation of model results

Our study focused on improved cropland use representation. We evaluated our simulations for LAl and ET for a

period of 7 years (2009 — 2015) using remote sensing products in Table 3. Studies (e.g., Alemayehu et al., 2017;

Haetal., 2018; Nkwasa et al., 2020) have demonstrated the capability of using remote sensing products to evaluate

hydrological model outputs.
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Table 3: Remote sensing datasets used for model evaluation

Dataset Resolution Source
LAI 1 km CGLS (https://land.copernicus.vgt.vito.be/)
ET 250 m WaPOR (FAO, 2018)

Representative basins in the model as shown in Figure 3 were selected to highlight the importance of incorporating
global phenology datasets on LAI simulations in regional hydrological modelling. The selected basins were based
on the reported cropping patterns that start with the rainy season (Waha et al., 2013) i.e Upper Blue Nile basin
with a predominantly single cropping season, Victoria basin with a double cropping season and the Nile delta with
mainly a double irrigated cropping season (Sugita et al., 2017; M. El-Marsafawy et al., 2018). Crop HRUs within
the selected sub-basins, that occupied the largest areas were selected to reduce the effect of mixed LAI from

different land cover classes when comparing with the remote sensing LAL.
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Figure 3: Crop area percentage and selected basins for LAI evaluation

Additionally, the correlation coefficient matrix, Eq. (4) was used for model evaluation of LAI.

22 (Ym-Ym ) (Yo, ~Yo)

r= (4)

ot (V) [51 (Yoy Vo)

where; Where; Y,,,, and Y, are the simulated and observed values at every time step, with Y., and ¥, being the

respective mean values.
To illustrate the impact of revised cropland use representation on model outputs, we compare the differences in
soil erosion simulations between the default and the revised SWAT+ models. However, due to the sparse and poor

quality records of erosion and sediment yield in this region (Haregeweyn et al., 2017), it was not possible to
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quantitatively validate erosion model results. Instead, we adopted a ‘plausibility check’ approach that is suitable
for cases when observations for comparison with model outputs are limited. We compared our erosion estimates
for some catchments e.g. Upper Blue Nile with those from a few previous studies (Hurni, 1985; Betrie et al., 2011;
Haregeweyn et al., 2017). Additionally, the improvement in the representation of crop phenology and crop
management practices is expected to minimize errors associated with estimating soil erosion, specifically the crop
management factor estimation in the MUSLE.

Both model setups were uncalibrated but checked for the water balance. The study targets improving the default
model simulations by better representing the physical land processes (crop growth and ET estimation). Thus,
default parameterization was used and we assume that the differences seen in the model setups originate primarily
from the crop representation and management practices. This approach could not only isolate the uncertainty in
the model due to crop representation but also allow the model results be compared in default parameter conditions,
considering parameter calibrations vary with different catchments. Nkwasa et al., (2020) suggested that improved
representation of crop and agricultural land use processes should in fact precede any model calibration efforts. Qi
et al., (2020) highlighted the importance of improving process representation in a default SWAT model to ensure
reliability of the model in large ungauged basins. Besides, SWAT was developed with the objective of predicting
the impact of management on water, sediment and agricultural yields in large ‘ungauged’ basins (Arnold et al.,
1998; Srinivasan et al., 2010). This paper aims for a better physical representation of the land surface processes
of the default model. Hence, we do not address issues concerning the SWAT+ model calibration and validation

in this paper.

3. Results and discussion
3.1 Spatial-temporal variability of rainfall in the region

The long term mean rainfall for 7 years (2009 — 2015) in the region ranged from 0 and 2200 mm (Figure 4 (a)).
The highest annual rainfall values are recorded around the equatorial region (Victoria basin) and within parts of
Ethiopia (Blue Nile basin). Most arid areas (parts of Egypt) were the driest regions receiving zero to negligible
rainfall within the study period. Figure 4 (b) shows the annual spatial temporal variation using the coefficient of
variation (CV) metric. Inter-annual variability was highest ( CV > 50%) in the driest region (parts of Egypt) that
coincides with the lowest long term mean rainfall. The rest of the region had low (CV < 20%) to moderate ( 20%
< CV < 35%) inter-annual variability of rainfall which means that in most parts of the region, the total annual
rainfall remained relatively stable. A study by Muthoni et al., (2019) in East Africa also reported relatively low
inter-annual variability ( < 10 %) with in the Victoria basin.

Figure 5 shows the long-term mean monthly rainfall pattern for selected HRUSs in the selected basins (Figure 3)
in the region. The rainfall in the Victoria basin located within the equatorial region exhibits a bimodal pattern with
the main wet season in March — May and a short rainy season in October — December. In the upper blue Nile basin
located within Ethiopia, there is only one main wet season in the months of June — September. For the Nile delta
in Egypt, it is seen that the wet seasons occur in March — May and October — February with values far lower than
the other regions. These monthly patterns are consistent to those indicated by Onyutha and Willems, (2015). The
wet seasons (start and end of rainy period) represent the major cropping seasons in the Nile basin as rainfall is the

primary controlling factor for leafing and senescence in tropical and subtropical regions (Ma et al., 2019).
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Figure 4: (a) Long term mean annual rainfall (2009 - 2015); (b) Coefficient of variation of annual rainfall
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Figure 5: Long term monthly mean and standard deviation (lines) rainfall pattern for selected HRUs in selected
basins within the region

3.1 LAI simulations

The simulated LAI from both the default and revised SWAT+ models was compared with the remote sensing LAI
extracted for the maize, wheat and soy HRUs in the 3 selected sub-basins (Upper Blue Nile, Lake Victoria and
Nile Delta). In the Upper Blue basin, Figure 6 (a) and Figure 6 (c), there is an improved LAI simulation in the
revised SWAT+ model with the phenological development being captured in the correct major cropping season
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within the rainy season for both the rainfed and irrigated maize HRUs. Additionally, the revised SWAT+ model
LAI strongly correlates (rq > 0.5) with the remote sensing (RS) LAI. Figure Al(a) and Figure Al(c) in the
Appendix A, also shows the improvement in LAI simulations for rainfed and irrigated wheat HRUs in the Upper
blue Nile basin.
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Figure 6: Monthly mean and standard deviation (bands) of LAI (a) and erosion (b) comparison for rainfed maize;
Monthly mean and standard deviation (bands) of LAI (c) and erosion (d) comparison for irrigated maize; in the
Upper Blue Nile basin. The LAI coefficients (r4 for the default SWAT+ model and r,. for the revised SWAT+
model)

In the Victoria basin, (Figure 7(a) and Figure 7(c)), the revised SWAT+ model captures only one cropping season
in comparison to the RS LAl that shows a double seasonal pattern agreeing with the rainfall. This is because the
global data set (Jagermeyr et al., in revision) utilized captures only the main cropping season per pixel per crop
and hence the model misses the additional cropping seasons. Additionally, Figure A2 (a) and Figure A2 (c) in the
Appendix A also show a single cropping season captured in the Victoria basin for irrigated maize HRUs with
some HRUs having a cropping season from April to November (irrigation in the dry season) while others have a
cropping season from September to January (irrigation in the second rainy season). There is also a slight
improvement in the LAI correlations for the default and revised SWAT+ models with RS LAl in the Victoria
basin as the LAI simulated by the revised SWAT+ model are indicative of the representative crops planted in the

basin as compared the generalized crop representation in the default model.
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Figure 8: Monthly mean and standard deviation (bands) of LAI (a) and erosion (b) comparison for irrigated wheat;
in the Nile delta. The LAI correlation coefficients (r, for the default SWAT+ model and r, for the revised
SWAT+ model)

For the Nile delta that is predominantly irrigated, the revised SWAT+ model improves the LAI simulations (from
1y =-0.53 10 0.48) as compared to the default SWAT+ model that simulates a negligible LAI, Figure 8 (a). Without
management practices (irrigation and fertilization), plant growth in the default SWAT+ model is constrained in
the Nile delta being a predominantly dry region resulting into low LAI simulations. However, with the cropping
calendar and the associated management practices, LAl simulations are improved in the revised model. The
revised SWAT+ model still captures only one cropping season as compared to the RS LAI that shows two
cropping seasons that are also highlighted in previous studies (M. ElI-Marsafawy et al., 2018).

The interannual variability of LAI within the selected basins was also examined for selected crops in Figure 9,
but no significant interannual variations were noticed. This can be explained by the low interannual variability of
rainfall in most parts of the region (Figure 4 (b)) within the study period. However, the seasonal patterns remained

consistent with the LAI peaking in the wet/rainy seasons within all the selected basins. The low interannual
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variability of LAI within the study period certainly does not imply that the relevance of the variability of LAI

interannually is unimportant in the region as an analysis on a longer timeseries could yield different results.
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Figure 9: Monthly LAI comparison for rainfed maize (b); Monthly erosion estimates for rainfed maize in Upper
blue Nile basin; (c) Monthly LAI comparison for rainfed wheat; (d) Monthly erosion estimates for rainfed wheat
in the Victoria basin; (e) Monthly LAI comparison for irrigated wheat; (f) Monthly erosion estimates for irrigated
wheat in the Nile delta

From all the basins, we see an improved seasonal temporal crop-growth phenological development pattern with
the revised model as compared to the default model for both the rainfed and irrigated regions which underscores
the relevance of the methodological advancements in this paper. However, in the Victoria basin and the Nile delta
where we have two dominant cropping seasons, the global datasets still capture one cropping season. Additionally,
some regions in East Africa have been reported to have up to 3 cropping seasons (Waha et al., 2013; Msigwa et
al., 2019) which have not been captured in these simulations. The global crop calendars also lack a temporal time
series dimension which could be a substantial source of uncertainties in predicting phenological events of
croplands. The lack of observational data of multiple cropping seasons at regional scale has been reported in
previous studies (Rounsevell et al., 2003). Some studies (Ma et al., 2019; Rajib et al., 2020) have used remote
sensing LAI datasets e.g. MODIS to improve LAI simulations with SWAT in tropical sub-tropical regions.
Remote sensing can be useful for characterization of cropping systems, however expert judgment and local
knowledge is still required for crop type and crop management mapping (Bégué et al., 2018). Combining remote
sensing datasets with existing global phenology datasets provides potential for addressing the gap in multiple
cropping datasets. With recent research progress in cropping patterns such as the crop generator (Sietz et al.,
2021), used to reproduce crop rotation characteristics at regional scale, the global phenology datasets can be

improved to consider multiple cropping seasons. Additionally, mapped global areas of different multiple cropping
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systems (Waha et al., 2020), can potentially be combined with global phenology datasets to generate a global crop
calendar with multiple cropping systems.

The use of remote sensing LAI data (1km resolution) in evaluation could also present uncertainties since the
remote sensing data does not represent a pure signal of a crop but rather vegetation with in the pixel. Studies (Ma
et al., 2019; Nkwasa et al., 2020) have highlighted these scaling issues when using remote sensing products in
model evaluation. Remote sensing pixels are usually presented in a grid system that cannot sufficiently capture
spatial details of mixed vegetation within a grid. Nevertheless, the remote sensing data still provides insights on

the temporal vegetation growth relationship with seasonal weather patterns.

3.2 ET simulations

The annual average simulated agricultural ET from the revised SWAT+ model improves the default agricultural
ET simulation from 732 mm y* to 837 mm y* as compared to the WaPOR agricultural ET of 936 mm y. The
improvement in the spatial distribution of the agricultural ET is shown in Figure 10. Figures 10 (a) and 10 (b)
show the default model simulation and the revised SWAT+ model simulation respectively in reference to WaPOR
ET (Figure 10 (c)). The inclusion of the global phenology and management practices shows that ET is one of the
major components of a basin water balance that is greatly influenced by the seasonal vegetation growth cycles.
This can be attributed to the improved temporal patterns of LAI which favours transpiration and evaporation from
canopy intercepted water. According to Wang et al., (2014), incorporating LAI and vegetation growing stages in
modelling could explain half the variability in transpiration to ET ratios across ecosystems. Hence, overlooking
crop representation in hydrological models is not physically meaningful because a poor simulation of LAI has a
cascading effect on how the model partitions the ET fluxes.

Although, the agricultural ET is improved with the incorporation of the global crop phenology, there is still an
underestimation especially in the Nile delta and the equatorial region Figure 10 (d). This underestimation could
be mainly attributed to the missing multiple cropping seasons especially in areas that are irrigated such as the Nile
delta. As mentioned in the previous section, the phenology datasets give only one cropping season which
misrepresents areas with multiple cropping seasons. Furthermore, automatic irrigation was specified in the model,
which applies water from a deep aquifer in all irrigation fields when the water stress is below a specified threshold
(0.7) of the field capacity. However, extracting irrigation water from a deep aquifer at all irrigation fields may be

unrealistic, causing uncertainties in irrigation applications which affects the ET estimates.
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Figure 10: Spatial distribution of agricultural ET; a) default SWAT+ model ET, b) revised SWAT+ model ET,
c) WaPOR ET, d) ET difference (WaPOR ET - revised SWAT+ model ET)

It is also important to point out that the simplifications made in using a representative crop for the whole pixel
could have effects on the ET fluxes due to the simplifications in the variations of the physical characteristics (e.g.
LAI, root depth, stomata conductance) of the heterogenous crops (Burakowski et al., 2018). This simplification
can also alter the partitioning of sensible heat fluxes to latent heat fluxes (Eltahir, 1998) that in turn affect the ET
estimates. Therefore, at local scales, the heterogeneity of crops within a pixel should be considered. The default
crop parametrization could also be an extra source of uncertainty in the ET estimates. Although these uncertainties
exist, incorporation of agricultural land use and the corresponding management practices in hydrological models
provides a promising way to improve ET estimates especially for cultivated regions. Additionally, the ET

estimates could be further improved by model calibrations to obtain the optimal possible ET.
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3.3 Erosion simulations

LAI is not only directly related to processes such as rainfall interception, evaporation, transpiration, soil
evaporation, root depth but also to soil erosion through canopy cover which varies during the growth cycle of the
plant. With a better representation of the cropping season, the rainfall season also corresponds with higher LAI
values which results in lower erosion yields.

Figures; 6(b), 6(d), 1A(b), A2(b), A3(d), 4A(b) and A4(d), reveal that the soil erosion estimates are reduced in
the revised SWAT+ model because the canopy cover grows in the correct cropping season (rainy season) reducing
the effective energy of intercepted raindrops. These results conform to a study done by Zhao et al., (2013), which
showed a strong correlation in soil erosion reduction with the crop growth cycle. In Figure 7 (b) and Figure 7 (d),
even though the cropping season in the revised SWAT+ model captures only one cropping season as the default
model, there is still a reduction in the HRU erosion estimates because the revised SWAT+ LAI, representative of
an actual crop is greater than the default LAI representative of a generic crop. Hence, we notice that a slight
increase in the LAl magnitude has a strong impact on the erosion simulations. Additionally, with a slightly higher
LAI magnitude in the revised SWAT+ model, more biomass is generated which results in more residue that could
be more effective in reducing soil erosion even after the cropping season. Residue intercepts rain droplets near
the soil surface that droplets regain no fall velocity. Thus, a given percentage of residue is more effective than the
same percentage of canopy cover (Neitsch et al., 2011). However in Figures 7 (b) and 7 (d), the erosion peaks in
the default model are strong even though the LAI is relatively high. This can be attributed to the reduction in the
residue on the soil surface during the second rainy season that occurs with no crop cover. For the Nile delta in
Figure 8 (b), the soil erosion estimates reduced further even though they were already insignificant. From Figures;
9 (b), 9 (d) and 9 (f), it is important to highlight that the low to moderate interannual variability of rainfall (Figure
4 (b)) in most agricultural areas of the region, coupled with low interannual variation in the simulated LAI shown
in Figures; 9(a), 9 (c) and 9 (e) resulted in low interannual variability of erosion simulations.

The average annual soil erosion estimates are reduced by a maximum of 625 t km2 y* (mostly in the upper blue
Nile basin), Figure 11 (a) or up to 90 %, Figure 11 (b) in some areas within the region when using the revised
SWAT+ model as compared to the default model. The average regional soil erosion yield reduced by 16 % with
the most decrease of 37% in the Upper blue Nile basin. This reduction is attributed to the improved timing of the
cropping seasons in correspondence to the start of the rainy season which provides more canopy cover to intercept
the raindrops. However, in some isolated regions, the revised SWAT+ model simulated an increase in soil erosion
estimates as compared to the default model. In most of those regions, the global phenology data captures the
irrigated cropping season which is often occurring in the dry seasons (Figure A3(a)) which causes discrepancies
by not representing the major growing season in the rainy season. As mentioned in the previous section, this is

attributed to the fact the global phenology data provides a single cropping season per pixel per year.
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Figure 11: Change in erosion estimates (revised SWAT+ model minus default SWAT+ model); (a) absolute
differences, (b) percentage differences

Among the few hydrological model applications in the subtropics that focus on improved erosion simulations, Ma
etal., (2019) enhanced the SWAT model performance by using remote sensed LAI to give reasonable crop cover
estimates, leading to an accurate estimate of soil erosion and sediment yield. However, when using remote sensing
data, detecting crop types and cropping sequences without local knowledge or ground truth data is not possible
(Bégué et al., 2018), which emphasizes the importance of the approach proposed in this study.

In order to validate the regional soil erosion estimates, the simulated soil loss from the revised SWAT+ model
was compared with the spatial patterns in erosion rates from the literature. From published literature, Ethiopia is
the one of the most documented countries in Northeast Africa with marginal information existing for other
countries (Molina, 2009). The revised SWAT+ model shows that the regional soil erosion extent varies from zero
to over 20500 t km2 y1, (Figure 12), revealing the severity of soil erosion in the Ethiopian highlands as compared
to the other parts of the region. Ethiopian highlands have been reported to have high soil erosion and sediment
yield rates attributed to partly topography and rainfall but also to recent and historic land conversions to

agriculture.
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Figure 12: Spatial distribution of predicted annual average soil erosion at HRU level in Northeast Africa (2009 —
2015)

Comparing with estimates from the Upper Blue Nile basin, the model estimated an erosion yield extent from 0 to
13000 t km= y* and a mean of 701 t km2 y~* which is slightly lower but comparable to a net soil erosion mean of
734 t km2 y* reported by Haregeweyn et al., (2017) and soil erosion yield extents from zero to over 15000 t km-
2 y1 reported by Hurni, (1985), Betrie et al., (2011) and Haregeweyn et al., (2017). Tamene and Le, (2015)
reported a net soil loss of 8500 t km2 y* and 600 t km y* in the Blue Nile and White Nile basins respectively.
These estimates should be considered as indicative as comparing these values with the Northeast African regional
model estimates can be challenging mainly due to the differences in the sizes of areas involved resulting from the
different delineation procedures.

Even though the regional model underestimates the soil erosion in comparison with these localized studies, the
order of magnitude is within the same range. The underestimation can be attributed to the finer resolution of
datasets utilized by the local studies as compared to the coarse datasets utilized in the regional model. For example,
Molnér and Julien, (1998) calculated soil erosion using different DEM grid sizes and concluded that the estimated
slope gradients decreased as the cell size increased which influenced the topographic factor (LS) estimation.
Additionally, the input global weather data is at a scale of 0.5° which makes it too coarse to capture the spatial
variability of weather at a finer scale. This has been a challenge for large scale hydrological modelling (Chawanda
et al., 2020), that needs to be addressed for better performance.

With that background, it is not wise to entirely consider the soil erosion estimates in this study as exact
quantification but rather as close approximations. It is worth noting that the focus of this study was not soil erosion

estimation but to illustrate a concept.

29|Page



5. Conclusion

In this work, an approach has been developed for an improved representation of crop phenology and management
in a regional SWAT+ model using decision tables and global datasets. In addition, global remote sensing datasets
of LAI and ET have been used for model evaluation. A comparison of the simulated LAI revealed improved
temporal growth patterns in agreement with remote sensing LAI, especially for regions with a single cropping
cycle. However, for regions with multiple cropping cycles, only one cropping cycle was represented as most
global phenology datasets provide a single cropping cycle per year.

The improvements in the SWAT+ model reduced the agricultural ET deficit by 50 % in comparison with the
WaPOR ET, showing a strong linkage between hydrological response and agricultural land use representation.
Additionally, this improvement in ET estimates is expected to reduce any calibration efforts needed to obtain the
maximum possible ET as the physical process representation of crops is improved. A considerable reduction of
16 % in the average regional soil erosion estimates was noticed after implementing this approach. This impact on
soil erosion estimates shows the importance of proper representation of crop processes and an important element
for minimizing errors in soil erosion estimates. These findings emphasize the importance of advancing process
representation in physically-based models to improve the model reliability.

There is a need for global phenology datasets with multiple cropping seasons for further improvements in the crop
representation, especially for improving crop processes in irrigated areas or areas with multiple rainy seasons. The
approach developed in this research lays a foundation for improved agricultural land use representation with
associated management practices at regional and global scales which will further improve regional to large scale

hydrological and water quality impact assessments of global change.
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Figure Al: (a) Monthly mean and standard deviation (bands) of (a) LAl and (b) erosion comparison for rainfed
wheat; Monthly mean and standard deviation (bands) of (c) LAl and (d) erosion comparison for irrigated wheat;
in the Upper Blue Nile basin. The LAI correlation coefficients (r, for the default SWAT+ model and r,. for the
revised SWAT+ model)
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Figure A2: Monthly mean and standard deviation (bands) of (a) LAl and (b) erosion comparison for irrigated
maize — casel (irrigation during the dry growing season); Monthly mean and standard deviation (bands) of (c)
LAI and (d) erosion comparison for irrigated maize — case2 (irrigation during the main wet growing season); in
Victoria basin. The LAI correlation coefficients (r for the default SWAT+ model and r,. for the revised SWAT+

model)
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Figure A3: Monthly mean and standard deviation (bands) of (a) LAl and (b) erosion comparison for irrigated soy
- casel (irrigation during the dry growing season); Monthly mean and standard deviation (bands) of (c) LAl and
(d) erosion comparison for irrigated soy — case2 (irrigation during the main wet growing season); in Victoria
basin. The LAI correlation coefficients (r, for the default SWAT+ model and r,. for the revised SWAT+ model)
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Figure A4: (a) Monthly mean and standard deviation (bands) of (a) LAl and (b) erosion comparison for rainfed
maize; Monthly mean and standard deviation (bands) of (a) LAl and (b) erosion comparison for rainfed soy; in
the Victoria basin. The LAI correlation coefficients (r, for the default SWAT+ model and r,. for the revised
SWAT+ model)
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