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ARTICLE INFO ABSTRACT

Keywords: Semi-arid agricultural regions are highly vulnerable to rainfall variability and heat stress, yet crop modeling in
Noah-MP-Crop these areas is often constrained by limited field observations. Land surface models provide an important
Sorghum

advantage over standalone crop models by simulating crop growth within a coupled water-energy-carbon
framework, enabling interactions between vegetation development and land-atmosphere exchanges. This
study adapted the Noah-MP-Crop model to simulate rainfed sorghum in Sudan’s Gedaref region by introducing
sorghum-specific phenological and physiological parameters. To represent spatial and interannual variability in
sowing timing, we used normalized difference vegetation index (NDVI) data from the Moderate Resolution
Imaging Spectroradiometer (MODIS) to estimate sowing dates. The model was calibrated using a stepwise
approach constrained by satellite-derived leaf area index (LAI), observation-based surface energy fluxes, and
multi-year field yield observations. The adapted model reproduced the seasonal evolution of sorghum canopy
development and surface energy fluxes across different hydro-climatic conditions. Compared with a conventional
fixed sowing-date approach, dynamic sowing improved LAI simulation during validation, increasing Nash-
Sutcliffe efficiency (NSE) from 0.27 to 0.57 while reducing mean absolute error (MAE) from 0.21 to 0.16. Dy-
namic sowing also improved yield simulation, reducing MAE by 27% during calibration and 55% during vali-
dation relative to the fixed sowing date approach. The results indicate that integrating satellite-derived sowing
dates with crop-specific calibration improves sorghum growth simulation in the rainfed Gedaref region.
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Semi-arid regions
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1. Introduction

Semi-arid regions are characterized by strong interannual rainfall
variability, frequent dry spells, and recurrent heat extremes that
threaten crop productivity (Scholes, 2020). These environments typi-
cally have a short, highly concentrated rainy season followed by a
prolonged dry period. Most cropping systems in these regions rely on
rainfall, leaving them highly exposed to seasonal fluctuations and
drought episodes (Lesk et al., 2022). Reliable simulations of crop growth
and yield estimates under such conditions are essential for guiding
agricultural planning and supporting food security. However, limited
ground observations and sparse monitoring networks make this task
challenging.

Sorghum plays a central role in these environments. It is the world’s
fifth most important cereal crop and a staple food for more than 500
million people, particularly in the arid and semi-arid zones of sub-
Saharan Africa and South Asia (Khalifa and Eltahir, 2023; Yahaya and
Shimelis, 2022). Its resilience to drought, heat, and even temporary
waterlogging makes it indispensable in climates where other cereals fail
(Abreha et al., 2021). In Africa, sorghum ranks second in cereal pro-
duction, with Sudan, Nigeria, and Ethiopia together providing most of
the continent’s output (Yahaya et al., 2023). Despite its hardiness, yet
sorghum productivity remains highly vulnerable because it is almost
entirely rainfed and occasionally cultivated on marginal areas in terms
of climate and soils (Elagib et al., 2024, 2019).

Sudan illustrates both the potential and the fragility of this crop. The
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mechanized rainfed sector cultivates millions of hectares annually, yet
mean yields have declined from about 1 t ha! in the 1960s to roughly
0.4— 0.5 t ha! since the early 2000s. The decline has largely been
attributed to erratic rainfall, extended dry spells, and limited adaptive
capacity and infrastructure (Elagib et al., 2019). With climate change
projected to further intensify rainfall variability and heat stress, main-
taining sorghum productivity in Sudan and across the Sahel is critical for
sustaining regional food security. These challenges highlight the need
for modeling frameworks that capture interactions between climate
variability and crop development.

Land surface models (LSMs) can simulate key biophysical processes
affecting crop growth, including surface energy balance, soil moisture,
and carbon and water exchanges with the atmosphere. Unlike stand-
alone crop models that treat meteorological conditions as prescribed
inputs, LSMs embed crops within a coupled energy-water-carbon
framework, enabling interactions between crop growth and land-
surface conditions (Busschaert et al., 2026; Wang et al., 2024b). This
coupling allows LSMs to simulate how crop development alters surface
properties, such as albedo, roughness, and stomatal conductance,
thereby affecting local temperature, humidity, and evaporative demand
(Partridge et al., 2021). Major LSMs, including
Noah-Multiparameterization (Noah-MP), Community Land Model
(CLM), and Joint UK Land Environment Simulator (JULES), integrate
dynamic crop modules to simulate crop growth, development, and
carbon allocation in response to changing weather, soil, and manage-
ment conditions (Boas et al., 2021; Prudente Junior et al., 2022).

The Noah-MP-Crop model, introduced by Liu et al. (2016), in-
corporates crop growth into the Noah-MP land surface model. It simu-
lates crop phenology, carbon allocation, and leaf area index (LAI)
development together with surface energy and water fluxes. Crop
growth responds to atmospheric and soil conditions, while evolving
canopy properties feedback to modify surface temperature, evapo-
transpiration, and energy partitioning (Zhang et al., 2020). Over the past
decades, the model has undergone several developments to improve its
representation of crop growth and land-atmosphere interactions. Early
work incorporated dynamic crop growth modules for corn and soybean
into Noah-MP to simulate seasonal variations in LAI, yield, and surface
fluxes at field sites in the United States (Liu et al., 2016). Subsequent
efforts refined soil-crop-atmosphere feedback by introducing a dynamic
rooting-depth formulation, improving soil moisture and energy flux
simulations (Liu et al., 2020). Later studies expanded the model’s scope
to regional and coupled Weather Research Forecasting (WRF) simula-
tions to investigate the influence of weather-driven crop growth on
land-atmosphere feedback across varying spatial scales (Partridge et al.,
2021). Further enhancements have focused on extending crop types and
management processes. Zhang et al. (2023) incorporated spring wheat
and implemented temperature-based dynamic sowing and harvest dates.
Wang et al. (2024b) improved winter-wheat representation through a
refined phenology and vernalization scheme. Furthermore, Wang et al.
(2024a) introduced a prognostic sowing and harvesting module based
on thermal and temperature thresholds. An interactive irrigation and
double-cropping framework for the North China Plain was developed by
Fan et al. (2024).

Collectively, these studies show progress in developing Noah-MP-
Crop, but applications have largely focused on temperate regions and
major cereals. The model has seen limited application in African dry-
lands, where crop production is strongly influenced by rainfall vari-
ability and heat stress. The model also lacks parameterization for
sorghum, an important cereal crop across semi-arid Africa. In addition,
most applications rely on fixed planting dates, which may not capture
the rainfall-dependent sowing decisions that characterize rainfed agri-
culture in Sub-Saharan Africa (Laux et al., 2010, 2008).

Accordingly, this research aims to adapt and evaluate Noah-MP-Crop
for rainfed sorghum in the semi-arid Gedaref region of Sudan. The work
specifically focuses on three objectives: (1) to develop sorghum-specific
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physiological and phenological parameters using a stepwise calibration
approach; (2) to introduce a dynamic sowing-date scheme informed by
remote-sensing observations to better reflect rainfall-driven manage-
ment practices; and (3) to assess the model’s skill in reproducing sor-
ghum growth, canopy development, and yield.

2. Materials and methods
2.1. Study area

The study focuses on the semi-arid region of Gedaref State, Sudan,
located in the eastern Sahel within the lower part of the Blue Nile Basin,
approximately 33 — 37'E, 12— 15N (Fig. 1). Gedaref State lies on a
gently undulating plain with elevations ranging from 425 to 655m
above sea level. The climate has a unimodal rainfall pattern concen-
trated between June and October, with a prolonged dry season for the
rest of the year. Mean annual rainfall varies between 400 and 800 mm,
with high interannual variability characteristic of semi-arid regions
(Elagib and Elhag, 2011; Salih et al., 2018). Mean monthly temperatures
range from 22'C in January to over 33'C in May, with peak temperatures
reaching 43'C coinciding with the pre-rainy season. The region has also
experienced a sustained warming trend since the 1980s (Hawkins et al.,
2025; Sulieman and Elagib, 2012). These combined rainfall fluctuations
and rising temperatures strongly influence crop development, water
stress, and yield variability in the region.

Agriculture in Gedaref is dominated by semi-mechanized rainfed
systems occupying approximately 50 — 75% of the cultivated area in the
central and northern parts of the state (Bereir et al., 2022). Sorghum
(Sorghum bicolor L.) is the principal crop across Gedaref State, ac-
counting for approximately 60 — 70% of the cultivated area, followed by
sesame and millet. Most fields are cultivated on heavy clay Vertisols,
which exhibit high water-holding capacity but are prone to water-
logging during intense rainfall events (Sulieman and Buchroithner,
2009). Fertilizer and pesticide use in rainfed sorghum production in
Gedaref is generally low and highly variable across farms and years,
often constrained by limited access and high-cost input (Ahmed and
Sanders, 1998; Bussmann et al., 2016; Elagib and Elhag, 2011). Sor-
ghum yields in the mechanized sector average 500 — 700 kg/ha, sub-
stantially below potential productivity and exhibiting high interannual
variability (£30— 50%) linked to rainfall fluctuations (Khalifa and
Eltahir, 2023). Historical analysis reveals yields have declined signifi-
cantly from 744 kg/ha in the 1970s to approximately 476 kg/ha since
1982 (Elagib et al., 2019).

Sowing decisions are primarily driven by the onset of seasonal rains
(Laux et al., 2010), typically occurring between late July and early
August. Farmers generally intend to plant once sufficient soil moisture is
achieved, based on local rainfall measurements or traditional field in-
dicators such as the closure of soil cracks in clay-rich Vertisols. However,
farmers often delay sowing because of non-climatic constraints, such as
weed presence and slow soil preparation (Bussmann et al., 2016).

This region represents a typical semi-arid agricultural environment
where crop productivity is tightly coupled to rainfall variability and heat
stress. The high dependence on rainfed agriculture, combined with
minimal adaptive capacity and limited input use, makes Gedaref an
ideal testbed for evaluating process-based crop models under water- and
heat-limited conditions.

2.2. Model description

2.2.1. Noah-MP land surface model

We employed the community Noah-MP land surface model, an open-
source framework that provides an advanced representation of land
surface physical processes and supports multiple parameterization op-
tions (Chen et al., 1996; Niu et al., 2011). Noah-MP simulates the ex-
change of energy, water, and momentum between the land surface and
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Fig. 1. Spatial distribution of cropland in the Blue Nile Basin: (a) basin-wide cropland fraction and (b) sorghum cropland fraction in Gedaref State. Red circles

indicate the locations of field sites used for model calibration and validation.

atmosphere while resolving vegetation-soil-atmosphere interactions. Its
multi-physics structure and explicit treatment of vegetation dynamics
make Noah-MP well suited for dynamic crop modeling applications.

Land surface heterogeneity in Noah-MP is represented using a semi-
tile approach, in which each grid cell is divided into a vegetated fraction
(Fyeg) and a bare soil fraction (1 — Fy). Incoming shortwave radiation is
computed over the entire grid cell, whereas longwave radiation, latent
heat flux (LE), sensible heat flux (H), and ground heat flux (G) are
calculated separately for vegetated and bare-soil tiles. The surface en-
ergy balance is expressed as:

So+ Seg= L +LE+H+G (€]

where S,y and Sy, are the shortwave radiation absorbed by the vegeta-
tion and ground, respectively, and L, is the net longwave radiation. The
flux components are solved iteratively to determine canopy temperature
(T,) and ground surface temperatures under vegetated and bare condi-
tions (Tgyand Tgj, respectively).

Noah-MP includes multiple options for representing stomatal resis-
tance (y,), which regulates transpiration. In this study, we selected the
Ball-Berry scheme, which links stomatal conductance to photosynthetic
activity and atmospheric COz concentration. Latent heat flux from the
vegetation canopy transpiration is formulated using a resistor network
approach:

g, = 2% (
v

LAIL,
Ty + Ts sun

LAILp,
Ty + T sha

> (sar, v (T) — ea) )

where p is air density, C, is the specific heat capacity of air, y is the
psychrometric constant, LAly, and LALy, refer to sunlit and shaded leaf
area index, respectively, and r, and r; &, denote boundary layer and
stomatal resistances. ey , (Ty) is the saturation vapor pressure at the
canopy temperature and eg, is the vapor pressure within the canopy air
space. The vapor pressure gradient between the canopy and atmosphere
drives transpiration, which constitutes a major component of LE and
directly responds to vegetation physiological state.

These features enable Noah-MP to dynamically represent in-
teractions between vegetation growth and surface energy fluxes.
Consequently, the model provides a consistent framework for inte-
grating crop models, such as Noah-MP-Crop. Within this framework,

crop growth dynamically alters canopy properties (e.g., LAI and sto-
matal resistance), thereby affecting energy flux partitioning and land-
—atmosphere exchanges. In this study, we configured Noah-MP within
the WRF-Hydro framework using physical options appropriate for the
study region. Appendix A (Tables S1 and S2) of the Supplementary
Material summarizes the model configuration and selected parameteri-
zation options.

2.2.2. Noah-MP-Crop model

Noah-MP-Crop extends the Noah-MP land surface model by simu-
lating crop phenology, biomass growth, and carbon allocation, replacing
static vegetation properties with dynamically evolving crop states (Liu
et al., 2016). The model prognostically simulates LAI and biomass
pools (leaf, stem, root, and grain), allowing crop development to directly
influence surface energy and water fluxes (Liu et al., 2016; Zhang et al.,
2020). Crop yield is estimated from grain biomass accumulated at the
physiological maturity stage.

Crop development in Noah-MP-Crop is represented using a set of
phenological growth stages (PGSs) that describe progression from
sowing to harvest. Development is initiated by the sowing date, after
which stage transitions are controlled by cumulative growing degree
days (GDD), linking crop development directly to temperature condi-
tions rather than fixed calendar dates. The model includes eight stages:
before sowing (PGS1), emergence (PGS2), initial vegetative growth
(PGS3), normal vegetative growth (PGS4), initial reproductive devel-
opment (PGS5), physiological maturity (PGS6), post-maturity (PGS7),
and after harvest (PGSS8).

From an agronomic perspective, sorghum development is described
using a finer sequence of growth stages. These stages include emergence,
early leaf development, growing-point differentiation, flag-leaf appear-
ance, flowering, grain filling, and physiological maturity, each associ-
ated with characteristic physiological processes and GDD ranges
(Roozeboom and Prasad, 2019). To align agronomic understanding with
the Noah-MP-Crop framework, we aggregated these detailed sorghum
stages into the model’s PGSs based on their dominant physiological
characteristics.

Early sorghum stages from emergence through growing-point dif-
ferentiation are mapped to initial vegetative growth (PGS3), repre-
senting canopy establishment and early biomass accumulation (Borrell
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et al., 2014; Roozeboom and Prasad, 2019). Stages encompassing
flag-leaf development and booting are assigned to normal vegetative
growth (PGS4), during which final leaf number is fixed, and the tran-
sition to reproductive development occurs (Roozeboom and Prasad,
2019). Flowering and early grain filling are grouped within initial
reproductive development (PGS5), a period when assimilates are
increasingly allocated to grain (Gutjahr et al., 2013; Roozeboom and
Prasad, 2019). Late grain filling through black-layer formation is map-
ped to physiological maturity (PGS6), marking the completion of
dry-matter accumulation and determining final yield (Gutjahr et al.,
2013; Roozeboom and Prasad, 2019). Fig. 2 illustrates the correspon-
dence between agronomic sorghum growth stages and the
Noah-MP-Crop phenological growth stages. This aggregation preserves
key physiological transitions controlling sorghum growth while
remaining consistent with the simplified phenological structure of
Noah-MP-Crop, enabling realistic simulation without unnecessary
model complexity.

2.3. Data

Given the limited availability of ground observations in the study
area, we integrated multiple sources of atmospheric, land-surface, sat-
ellite, and field-survey data. These datasets serve two main purposes: (i)
providing model inputs, including meteorological forcing, land cover,
crop distribution, soil properties, and sowing dates; (ii) supporting
model calibration and evaluation through observations of vegetation
dynamics, surface energy fluxes, and crop yield. Together, they provide
the spatially and temporally consistent information required to simulate
and evaluate sorghum growth in Gedaref State.

2.3.1. Model input data

Atmospheric forcing was derived from a hybrid dataset combining
ERA5-Land reanalysis and the Integrated Multi-satellite Retrievals for
GPM (IMERG) precipitation product. ERA5-Land provides hourly
meteorological variables at 0.1° spatial resolution, including near-
surface wind speed, 2-m air temperature, 2-m specific humidity, sur-
face pressure, and downward shortwave and longwave radiation
(Munoz-Sabater, 2019). These variables are generated by replaying the
European Centre for Medium-Range Weather Forecasts (ECMWF) global
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reanalysis through a land-surface model, ensuring physical consistency
across meteorological fields. ERA5-Land has been extensively validated
for temperature, radiation, and wind variables and is widely adopted in
land surface modeling applications (Munoz-Sabater et al., 2021).

Precipitation forcing was obtained from IMERG at 0.1 spatial reso-
lution and half-hourly temporal resolution (Huffman et al., 2023),
replacing ERA5-Land rainfall to improve the representation of rainfall
magnitude and temporal variability. Multiple regional studies across
East Africa have shown that IMERG outperforms ERAS5-Land in
capturing rainfall intensity and temporal structure (Dezfuli et al., 2017;
Zargar et al., 2025). We evaluated both precipitation products against
rain-gauge observations in Gedaref State for 2001 — 2020 (Appendix B).
IMERG consistently showed better performance across daily to annual
timescales and more accurately reproduced the timing and intensity of
the June-October rainy season. Conversely, ERA5-Land exhibited sys-
tematic overestimation. Based on this evaluation, IMERG was selected
for precipitation, whereas ERA5-Land was retained for the remaining
atmospheric variables. ERA5-Land meteorological variables and IMERG
precipitation were resampled from their native resolution to the 4-km
Noah-MP-Crop, wusing bilinear grid refinement followed by
nearest-neighbour mapping.

Land-cover information was obtained from the Copernicus Global
Land Service (CGLS) Dynamic Land Cover product, which was resam-
pled to the standard 17-class International Geosphere-Biosphere Pro-
gramme (IGBP) classification scheme used by the Moderate Resolution
Imaging Spectroradiometer (MODIS) for compatibility with the Noah-
MP LSM (Buchhorn et al., 2020). The product is available at 100-m
spatial resolution and has been widely applied in land-surface
modeling studies (Demuzere et al., 2023). Soil properties are derived
from the FAO/UNESCO Digital Soil Map of the World at 30-arc-second
(~1 km) resolution (FAO/UNESCO, 1988). FAO soil classes are reclas-
sified to the 16 soil texture categories used in Noah-MP using standard
lookup tables, preserving the hydraulic and thermal properties required
to simulate soil moisture and energy fluxes. We incorporated land-cover
and soil datasets into the model domain through the standard WRF
geogrid preprocessing system.

Sorghum distribution was represented using the Spatial Production
Allocation Model (SPAM) 2020 dataset, which provides crop-specific
harvested area fractions at approximately 10-km resolution (IFPRI,

INMMAL NORMAL INITAL PHYSICAL
VEGETATIVE “ VEGETATIVE REPRODUCT]VE‘ MATURITY
1 2 3 4 5 6 7 8 9 10
Sowing g S %u a <2 = ) ;f-
PGS2 PGS3 PGS4 PGS5
GDDS1 GDD2 GDD3 GDD4
Start
accumulating
GDD

Fig. 2. Sorghum growth stages and their corresponding Noah-MP-Crop phenological growth stages (PGS1 — PGS8). GDDS1 — GDDS5 indicate the GDD thresholds

defining transitions between stages. Adapted from Wang et al. (2024b).
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2023). Sorghum harvested area fractions were extracted and resampled
to the model grid using a conservative area-preserving method, preser-
ving total cultivated area during spatial transformation.

Farmer-reported sowing dates for sorghum were obtained from
Elagib et al. (2025). Sowing date observations were available for 80
locations during the 2022 growing season. We used this dataset to
parameterize and evaluate the sowing-date estimation method. The lo-
cations of the field observations are shown in Figure S2.

2.3.2. Model evaluation data

Model evaluation was conducted using satellite-based products and
field survey data to assess both biophysical variables and agricultural
indicators. Surface energy fluxes were evaluated using the FLUXCOM
MLM-ERAS ensemble product, which provides global energy flux esti-
mates at 0.1 spatial resolution and daily temporal resolution for the
period 2000 — 2020 (Jung et al., 2019). The MLM-ERA5 ensembles are
derived using machine-learning models trained on eddy-covariance
observations and driven by ERA5 meteorology (Jung et al., 2020;
Tramontana et al., 2016).

Vegetation dynamics were evaluated using the Global Land Surface
Satellite (GLASS) LAI product version 6, which provides global LAI es-
timates at 500-m spatial resolution and 8-day temporal resolution (Liang
et al., 2013; Xiao et al., 2016). GLASS LAI has demonstrated improved
temporal continuity and reduced noise relative to standard MODIS LAI
products, and has been widely used in crop and land-surface modeling
studies (Fang et al., 2019; Liang et al., 2021; Xiao et al., 2016).

Sorghum yield records were obtained from the Mechanized Farming
Corporation of Gedaref State. We assessed the available raw data based
on time-series availability and site characteristics. Five locations were
selected for model calibration and validation (Fig. 1b). Yield data for
these locations covered 2014 — 2021, except for 2017 records. Yields
were originally reported in sacks per feddan (1 sack = 90 kg; 1 feddan ~
0.42ha). We converted them to kg ha™! for comparison with model
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outputs.

2.4. Sowing-date estimation

Accurate sowing-date information is essential for crop modeling and
yield estimation (Manfron et al., 2017). However, such data are rarely
available at spatial scales suitable for regional modeling.
Satellite-derived vegetation indices provide an alternative by detecting
crop phenology from seasonal vegetation dynamics. Threshold-based
methods are widely used for this purpose due to their simplicity and
computational efficiency (Htitiou et al., 2024). These techniques iden-
tify phenological transitions when a vegetation index reaches a pre-
defined level during the growth cycle (Fischer, 1994). Specifically,
dynamic threshold methods define this point as a fraction of the seasonal
amplitude (White et al., 1997; Yang et al., 2021) and consistently
outperform fixed thresholds (Huang et al., 2019; Yang et al., 2021).
Following this approach, we used MODIS observations to estimate sor-
ghum sowing dates in Gedaref. The flowchart in Fig. 3 provides an
overview of this methodology.

Daily MODIS Surface Reflectance data from the MOD09GQ Collec-
tion 6.1 product at 250 m spatial resolution (Justice et al., 2002) were
accessed through Google Earth Engine (Gorelick et al., 2017). We used
the quality control layer within the MODO9GA Collection 6.1 product to
mask pixels contaminated by clouds and cloud shadows. The normalized
difference vegetation index (NDVI; Rouse et al., 1974) was calculated at
the pixel level as:

NIR — RED

NDVI = SR T RED 3)

Where NIR and RED are the near-infrared and red surface reflectance,
respectively. Temporal gaps between valid observations were linearly
interpolated to obtain a daily NDVI time series. A Savitzky-Golay filter
(Savitzky and Golay, 1964) was then applied to reduce short-term

Observed sowing

domain

sowing date against
observation

Generate sowing date for
entire domain using
calibrated a, &

SPAM 2020
MODIS 250m date:i fcla‘l; 2?22 Sorghum
(80 field sites) Cropland
Site
coordinates
(lat/lon)
A4 A 4 A 4
Reproject _| Extract NDVI time series Reproject
dataset "| at80site locations dataset

A4 A 4 A4
NDVI calculation _| Detect emergence date R 'Acﬁzlgl::gl\:jigio
= ¥ + = i 3

NDVI = (NIR-RED)/(NIR+RED) from NDVI time series )
: )
. A 4
Apply Savitzy-Golay Adjust
smoothing (per pixel) parameters Sowing date = Aggregate to 4 km grid
(o, 8) emergence date - §

A 4

N . Final gridded sowing
(’;IS)X:nt)":oer Seenrtlier:a No alidate estimated date map (4 km)

Fig. 3. Workflow for deriving gridded sowing dates from NDVIL
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fluctuations while preserving the seasonal vegetation signal. The
smoothed NDVI time series were extracted at the surveyed field loca-
tions to evaluate the sowing date estimation method. To detect the
emergence date, the search window was restricted to the main sorghum
growing season from 1 July to 30 November (Alshikh et al., 2017).
Within this period, the green-up phase was defined between the seasonal
minimum (NDVI,;;) and the subsequent seasonal maximum (NDVI;qy).
The dynamic threshold (NDVI,) was calculated as:

NDVIyg = NDVIyin + @ (NDVInge — NDVIyy) (€)]
where « is the fraction of the seasonal amplitude used to define the
emergence. The emergence date (t.,,) was identified as the first day
during the green-up phase when the smoothed NDVI reached NDVI,.
The sowing date (t;,,,) was then estimated by subtracting a fixed offset:

tsow = tem — 0 ()

where & represents the lag between sowing and visible emergence.
Sorghum emergence typically occurs within approximately 2 to 6 days
after sowing, depending on cultivar, seed treatment, temperature, and
soil moisture conditions (Chivasa et al., 2000; Wawo et al., 2024).

To generate annual sowing date maps across Gedaref, the NDVI data
were upscaled to a 4 km Noah-MP-Crop grid using area-weighted aver-
aging. A sorghum cropland mask derived from the SPAM2020 dataset
was applied, retaining only grid cells with a sorghum fraction > 0.5. The
sowing date estimation method was subsequently applied to these
retained cells.

2.5. Crop model calibration

The Noah-MP-Crop model was calibrated for sorghum by targeting
key parameters related to crop growth and productivity (Table 1), as
identified in previous studies (Arsenault et al., 2018; Wang et al., 2024b;
Yu et al., 2022; Zhang et al., 2020). To address the equifinality problem,
in which different parameter combinations can produce similar model
results (Beven and Binley, 1992; Ingwersen et al., 2018), we adopted a
stepwise calibration strategy. Such approaches have been widely
applied in land surface model calibration to reduce parameter uncer-
tainty and improve physical consistency (Vrugt et al., 2005).

Calibration was performed over the period 2014 — 2018, preceded
by a two-year spin-up period (2012 — 2013) to stabilize soil moisture
conditions. Parameters were optimized sequentially in three physio-

Table 1
List of Noah-MP-crop parameters used for sorghum calibration and their func-
tional roles.

Group Parameter Description
Phenology control GDDS1 GDD from seeding to emergence
GDDS2 GDD from seeding to initial vegetative
GDDS3 GDD from seeding to post-vegetative
GDDS4 GDD from seeding to initial reproductive
GDDS5 GDD from seeding to physiological
maturity
Canopy and crop MP The slope of conductance to photosynthesis
physiology (Ball-Berry slope)
VCMX25 The maximum rate of carbonylation at 25
°C
QE25 Quantum efficiency at 25 °C (umol Coy m%/
s)
BIO2LAI Leaf area per living leaf biomass (m?/kg)
Biomass partitioning ~ LFPT_S3 Fraction of carbohydrate flux to leaf at
initial vegetative stage
LFPT_S4 Fraction of carbohydrate flux to leaf at post-
vegetative stage
GRAINPT S5  Fraction of carbohydrate flux to grain at
initial reproductive stage
GRAINPT S6  Fraction of carbohydrate flux to grain at

physical maturity stage
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logically coherent groups: (1) phenological controls, (2) canopy and
photosynthetic processes, and (3) biomass partitioning. This sequential
strategy preserves logical dependencies among processes, and has been
shown to improve calibration robustness and parameter interpretability
(Makowski et al., 2002). We sourced calibration parameter ranges
(Table S3) from the literature and expanded them to test broader
physical bounds and account for regional transfer uncertainties
(Wallach et al., 2006).

We employed the Latin Hypercube Sampling (LHS) method (McKay
et al.,, 1979) to explore the multi-dimensional parameter space effi-
ciently. LHS has been shown to provide better coverage of the parameter
space compared with simple random sampling, particularly for
high-dimensional problems (Helton and Davis, 2003). For each param-
eter group, the initial iteration generated 100 parameter sets using LHS.
Following each iteration, the sample size was reduced by 10% (100, 90,
81, 73, ..., etc.), while refining the parameter ranges using the top 10%
best-performing parameter sets from the previous iteration. Parameter
sets were ranked according to the objective function, and the retained
parameter sets were used to progressively constrain the search toward
the most promising regions of the parameter space. This iterative
sampling-evaluation procedure continued until convergence or a pre-
defined maximum number of iterations was reached. We further eval-
uated the influence of the initial LHS sample size on calibration using
200 parameter sets (Appendix D; Figure S9).

We evaluated the model performance using a multi-objective func-
tion based on four observational targets: LAI, grain yield, LE, and H. For
LA, LE, and H, model outputs were spatially averaged over the cropland
area prior to evaluation. For grain yield, performance was assessed using
field observations from five yield locations in the Gedaref State (Fig. 1b).
Because these observations represent field-scale production rather than
point measurements, simulated yield was extracted as the mean of a
3 x 3 grid-cell window centered on each observation location. Perfor-
mance metrics were calculated for each site, and the mean value across
all sites was used in the calibration objective.

Performance for each objective variable (v) was quantified using the
residual Kling-Gupta Efficiency (KGE) score:

Score, = 1 — KGE, (6)

where v represents LA, yield, LE, and H. KGE is defined following Gupta
et al. (2009) :

KGE=1- \/r-1°+ (a—17+ (5—1)° %)

Here r is the Pearson correlation coefficient between observed and
simulated values, a is the variability ratio (ratio of simulated to observed
standard deviation), and g is the bias ratio (ratio of simulated to
observed mean). The KGE metric provides a balanced assessment of
model performance by jointly accounting for correlation, variability,
and bias. This metric has been widely applied in hydrological and land
surface modeling studies (Gupta et al., 2009; Knoben et al., 2019).
Lower values of Score, indicate better model performance.

The overall objective function was formulated as a weighted sum of
the residual scores:

Total Score = Zw,, Score, 8

where w, denotes the weighting factor assigned to variable v. A total of
70% of the calibration objective weight was assigned to yield and LAI
(0.35 each), while the remaining 30% was assigned to LE and H (0.15
each). This weighting scheme reflects the primary focus on crop growth
and production, while retaining the energy fluxes as complementary
constraints on surface energy exchange. We further evaluated the cali-
bration’s sensitivity to the weighting scheme in Appendix D (Figure S8).
Convergence was assessed using the mean total score of the retained top
10% parameter sets. The calibration was terminated when the relative
improvement in the mean total score between consecutive iterations was
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less than 1%, or when a maximum of six iterations was reached.

2.6. Sensitivity analysis

Sensitivity analysis was conducted in parallel with the calibration
process. We used the LHS parameter ensembles generated during cali-
bration to quantify the influence of individual parameters on simulated
LAL LE, H, and grain yield. Using the same LHS ensembles ensures
sensitivity is assessed over the full parameter space explored during
calibration. This is achieved without incurring additional computational
cost.

Parameter sensitivities were quantified using the Partial Rank Cor-
relation Coefficient, PRCC (Helton, 1993; Marino et al., 2008). PRCC
measures the strength and direction of the monotonic relationship be-
tween a given parameter and a model output while accounting for the
confounding effects of all other parameters (Dzotsi et al., 2013). This
approach makes PRCC more robust than simple rank-based correlation
metrics (e.g., Spearman correlation), particularly in systems with
interdependent parameters, which are common in crop and land surface
models (Krishnan et al., 2021). The PRCC for parameter i with respect to
an output variable Y is computed as:

Ty,|—i

JOo-® )-8 )

PRCC; = ©)

where:

Y is the model output (LAI, LE, H, or yield);

i is the parameter of interest;

i denotes all remaining parameters (i.e., all parameters except i);
Ty, is the partial correlation coefficient between Y and parameter i
after removing the linear effect of all remaining parameters;

- R; _jisthe multiple correlation coefficient relating parameter i to all
other parameters;

Ry _; is the multiple correlation coefficient relating output Y to the
remaining parameters (excluding i).

The partial correlation coefficient ry;_; quantifies the relationship
between the ranks of output variable Y and parameter i after accounting
for the influence of all other parameters. PRCC values range from -1 to
1, and their magnitude indicates the strength of sensitivity. Following
Marino et al. (2008), parameter influence was classified as weak (|[PRCC]|
< 0.25), moderate (0.25 < |PRCC| < 0.5), and strong (|JPRCC| > 0.5).
Positive coefficients indicate that increasing a parameter increases the
model output, whereas negative coefficients indicate an inverse
relationship.

2.7. Model evaluation and simulation experiments

Model performance was evaluated against the observational datasets
described in Section 2.3. The evaluation focused on the model’s ability
to reproduce seasonal canopy development, surface energy fluxes, and
grain yield. Three evaluation experiments were performed. First, the
model was assessed using dynamic sowing dates during the calibration
period (2014 — 2018) and validation period (2019 — 2021). The avail-
ability of observational datasets constrained the selection of these pe-
riods. Because FLUXCOM data were available only through 2020, LE and
H validation was limited to 2019 — 2020. The calibration period
included both notably wet and dry years, whereas the validation period
comprised one below-normal rainfall year (2019), followed by two
above-normal rainfall years (2020 — 2021).

Second, the benefit of dynamic sowing dates was assessed by
comparing the calibrated model against the standard Noah-MP-Crop
configuration using a fixed sowing date. We applied a fixed day of
year (DOY = 212) uniformly across the domain and all simulation years.
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We selected this date based on studies reporting late July as a common
sorghum sowing period in Gedaref (Bussmann et al., 2016; Alshikh et al.,
2017; Mohammed et al., 2010). This simulation experiment assessed
whether accounting for spatial and interannual variations in sowing
improves the simulation compared with a fixed-date approach.

Third, to examine spatial and temporal patterns of sorghum yield and
their relationship with interannual rainfall variability across the region,
we applied the dynamic sowing approach in a long-term simulation
(2000 — 2024).

Model performance was quantified using three widely applied sta-
tistical metrics: the coefficient of determination, R? (Legates and
McCabe Jr., 1999), the Nash-Sutcliffe Efficiency, NSE (Nash and
Sutcliffe, 1970), and the mean absolute error, MAE (Willmott and
Matsuura, 2005). Together, these metrics quantify agreement between
simulated and observed values, predictive skill relative to the observed
mean, and absolute error magnitude, respectively.

The coefficient of determination is defined as:

Z?:] (Ot — 6) (st — §)

R%* = 10)
n )2 n c\2
V(0 - 0 /S5 - )
The Nash-Sutcliffe Efficiency is defined as:
n 2
NsE=1 - Zea(Sem O an
Zr:l (Ot - O)
The mean absolute error is defined as:
1 n
MAE = > Is— o 12)
t=1

In Egs. (10) to (12), S; and O, represent simulated and observed

values, respectively, Sand Qare their respective means, and n is the
number of observations. For R?, values near 1 indicate the model ex-
plains most of the variance. For NSE, values close to 1 reflect high pre-
dictive skill, whereas negative values indicate performance worse than
simply using the mean of the observed data as a predictor.

3. Results
3.1. Sowing dates

The satellite-based method was evaluated against observed sorghum
sowing dates from the 2022 growing season. Performance varied among
the tested combinations of threshold percentage and emergence lag
(Figure S3). Among the tested combinations, a threshold of 20% and an
emergence lag of 3 days provided the best balance of low MAE and
minimal bias. We therefore selected this combination to generate the
final sowing date maps. Using these values, the estimated sowing dates
showed a mean bias of — 2 days and an MAE of 12.8 days across the 80
validation sites (Fig. 4a). About 46.6% of the sites showed absolute er-
rors within 10 days, while 86.2% fell within 20 days (Fig. 4b).

Fig. 5 presents the spatial distribution of estimated sorghum sowing
dates across Gedaref State for 2014 — 2022, with each map representing
a single year. The derived sowing dates revealed a clear spatial gradient.
Sowing is earliest in the south and southeast, progressing to later dates
toward the center and north. This pattern closely follows the progression
of rainfall and soil moisture in Gedaref State (Bussmann et al., 2016;
Omay et al., 2023). Although the absolute timing of sowing varied be-
tween years, the spatial gradient remained remarkably stable. A notable
exception was 2015, which showed a markedly delayed sowing pattern
across much of the Gedaref State, with sowing extending into mid- and
late August. This behavior aligns with reports of a late and weak rainy
season in eastern Sudan during 2015 (FAO, 2016; Omay et al., 2023),
which was also characterized by widespread seasonal drought condi-
tions (Elagib et al., 2024). These conditions likely delayed soil wetting
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and postponed planting activities in rainfed systems. In contrast, years
such as 2019 and 2020 exhibited earlier and more spatially extensive
sowing, consistent with earlier rainfall onset and wetter seasonal con-
ditions (Elagib et al., 2021).

3.2. Crop phenology

Fig. 6 shows the simulated sorghum phenological stages for three
contrasting years: 2015, a dry year with late sowing; 2017, a year with
average conditions; and 2020, a wet year. The timing of the phenolog-
ical stages followed the differences in sowing date (Fig. 6a). In 2015, late
sowing shifted all subsequent stages later in the season compared with
2017 and 2020. Fig. 6b shows that the time from sowing to the subse-
quent phenological stages was generally shorter in 2015. Across the
three years, emergence occurred shortly after sowing, with a median of
about 4 days. Growing point differentiation occurred after about 29 days
in 2015 and 2017 and 32 days in 2020. Booting was reached after about
50, 51, and 55 days, and soft dough after about 67, 69, and 74 days,
respectively. The median time to physiological maturity was about 79
days after sowing in 2015, 80 days in 2017, and 85 days in 2020.

The simulated phenological progression from early vegetative
development to booting was consistent with that reported by
Roozeboom and Prasad (2019). These stages, which are primarily gov-
erned by vegetative growth processes, were well represented by
temperature-driven development. Larger differences occurred during
the reproductive stages, with the model reaching physiological maturity
earlier than reported in their study.

The simulated growing period was also within the range reported for
sorghum in Gedaref. Bussmann et al. (2016) reported growing periods of
75— 110 days for early- and late-maturing sorghum varieties. The
simulated crop durations fell mainly within the early-maturing range.
This is consistent with commonly grown varieties such as Arfa Gadamak
and Wad Ahmed, which have relatively short growing periods (Kenyi
et al., 2017; Mohamed et al., 2011).

3.3. Leaf area index

Fig. 7a and the corresponding performance metrics (Table S4) show
improved LAI simulation with the dynamic sowing approach. During the
calibration period, the dynamic sowing configuration achieved
R? =0.75, NSE = 0.64, and MAE = 0.12. The fixed sowing configuration
produced a similar R? (0.70) but a lower NSE (0.36), indicating poorer
agreement with the observed LAI dynamics. This improvement was also
evident during the validation period, with the dynamic sowing config-
uration showing a higher NSE (0.57 versus 0.27) and lower MAE (0.16

versus 0.21) than the fixed sowing configuration.

Fig. 7a further shows that the dynamic sowing approach better
captured the timing of canopy development, whereas the fixed sowing
configuration consistently overestimated peak LAI. However, some
discrepancies remained between the simulated and observed seasonal
patterns. At the beginning of the growing season, the observed LAI
increased slightly earlier than the simulated LAI. This discrepancy likely
reflects early-season grass growth captured by the satellite observations
but omitted by the crop model. Toward the end of the growing season,
the simulated LAI declined earlier than the satellite observations, indi-
cating a shorter simulated canopy persistence period.

3.4. Energy fluxes

Figure 7(b) and (c) show the seasonal variation in LE and H for the
dynamic and fixed sowing configurations. In contrast to LA, differences
between the two sowing configurations were small for both fluxes. For
LE, both configurations reproduced the seasonal pattern well during the
calibration and validation periods (Table S5). During calibration, R?
ranged from 0.89 to 0.90, NSE from 0.72 to 0.73, and MAE from 0.91 to
0.92MJ m~2d-1. Similar performance was maintained during valida-
tion, with R? of 0.85 — 0.86, NSE of 0.75 for both configurations, and
MAE ranging from 0.94 to 0.95 MJ m—2d 1.

The simulation of H showed lower performance than LE, particularly
during calibration. Both configurations achieved an R? of 0.55 during
calibration, while NSE was — 0.08 for dynamic sowing and — 0.11 for
fixed sowing. Performance improved during validation, with both con-
figurations reaching an R? of 0.64 and NSE values of 0.44 and 0.43,
respectively. MAE decreased from 1.01 — 1.02MJ m 2d~! during cali-
bration to 0.89 during validation.

3.5. Yield

Yield simulation with the dynamic sowing configuration varied
considerably across the five sites (Fig. 8). During calibration, the best
performance was obtained at Alhawata, with R? = 0.99, NSE = 0.89, and
MAE =43kg ha'. Good agreement was also obtained at Um Sinnat,
Saghoura, and Gala Alnahal, with R? values ranging from 0.64 to 0.69
and MAE from 56 to 140 kg ha™! although NSE was lower at these sites
(0.15— 0.35). In contrast, Alfashaga showed poor performance during
calibration, with R> =0.14, NSE= — 2.10, and MAE =207 kg ha™'.
Lower performance at Alfashaga remained consistent throughout the
calibration process (Figure S6). For all sites combined, the dynamic
sowing configuration achieved an R? of 0.20, NSE of — 0.06, and MAE of
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Fig. 5. Spatial distribution of estimated sorghum sowing dates across the Gedaref State for the period 2014 — 2022.

104 kg ha !, compared with 0.02, — 0.52, and 143 kg ha!, respec-
tively, for fixed sowing (Table S6).

During validation, dynamic sowing generally performed better and
more consistently across sites. Alfashaga and Saghoura showed the
strongest agreement, with R? values of 0.92 and 0.94 and MAE values of
28 and 34 kg ha!, respectively. Galah Alnahal showed moderate per-
formance (R? = 0.58, NSE = 0.46, and MAE = 55 kg ha™'). Larger errors
occurred at Alhawata and Um Sinnat, with MAE values of 99 and 76 kg
ha™1, respectively. For all sites combined, dynamic sowing achieved an
R? of 0.52, NSE of 0.48, and MAE of 59kg ha!. In comparison, fixed

sowing resulted in an R? of 0.20, NSE of — 1.23, and MAE of 131kg
ha~!. With dynamic sowing, a 55.4% reduction in MAE was achieved. A
leave-one-site-out analysis revealed that the improvement in validation
was not influenced by any single site (Table S7). The improvement was
maintained even when each site was sequentially excluded, with MAE
reductions ranging from 43.8% to 62.4%.

An exploratory analysis of the calibrated model over the 2000 —
2024 period revealed distinct spatial and interannual patterns in
simulated sorghum yield that closely corresponded with rainfall vari-
ability. Mean annual rainfall showed a clear west-east gradient, with
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lower rainfall totals in the western part of the domain and progressively
wetter conditions toward the southeast near the Ethiopian border
(Fig. 9a). Simulated mean sorghum yield showed a broadly similar
spatial pattern (Fig. 9b). Higher yields concentrated in the central and
southeastern croplands, while lower yields occurred in drier western
and northwestern regions. Interannual rainfall variability, expressed as
the coefficient of variation (CV), also varied spatially across the region
(Fig. 9¢). Simulated yield variability showed some corresponding spatial
patterns, with relatively high yield variability occurring in several areas
characterized by greater rainfall variability (Fig. 9d). In the absence of
independent long-term yield observations, these patterns should be
interpreted as exploratory model results rather than validated regional
yield estimates.

3.6. Model sensitivity analysis

Fig. 10 presents the PRCCs between the selected Noah-MP-Crop
model parameters (Table 1) and the simulated LAI, yield, and energy
fluxes. Parameter sensitivity varied considerably among the four model
outputs. LAl and yield showed strong sensitivity to several phenological,
physiological, and biomass-allocation parameters, whereas LE was
generally less sensitive. Stronger response was shown by H to a smaller
number of parameters, particularly those related to biomass allocation.

Among the phenological parameters, GDDS1 — GDDS3 showed the
strongest influence on LAIL, with |PRCC| values of approximately 0.63 —
0.68. GDDS1 was negatively associated with LAI, whereas GDDS2 and
GDDS3 showed positive associations. In contrast, GDDS4 and GDDS5
had weak effects on LAI (JPRCC| < 0.25). Yield showed a different
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sensitivity pattern, with the strongest responses to GDDS3 — GDDS5
(JPRCC| =0.76 — 0.86). GDDS3 and GDDS4 were negatively associated
with yield, whereas GDDS5 showed a strong positive association. GDDS3
therefore had opposite effects on LAI and yield, with a positive PRCC for
LAI and a negative for yield.

LE showed generally weak sensitivity to GDDS1 — GDDS4, while a
moderate sensitivity was observed for GDDS5. The relatively weak
response of LE coincided with the small contribution of transpiration to
total evapotranspiration during much of the growing season (Fig. 11a).
The transpiration fraction increased later in the season, reaching
approximately 30% around October (Fig. 11b). Moderate sensitivity to
several phenological parameters was observed by H, showing both
positive and negative responses.

Among the crop physiology parameters, Quantum efficiency at 25 C
(QE25) showed the strongest sensitivity, with a strong positive effect on
yield (PRCC =~ 0.9) and a moderate positive effect on LAI (PRCC = 0.5).
BIO2LAI was moderately sensitive for LAI (PRCC =~ 0.5) but showed
little sensitivity for the other model outputs. In contrast, MP and
VCMX25 showed weak or negligible sensitivity across LAI, yield, LE, and
H.

The biomass-allocation parameters produced distinct responses
among the model outputs. LFPT_S3 showed a strong positive sensitivity
for LAI and H, while LFPT_S4 showed moderate-to-strong sensitivity for
both variables. Their effects on yield were weak to moderate and
negative, particularly for LFPT_S3. In contrast, the grain-allocation pa-
rameters GRAINPT S5 and GRAINPT _S6 exerted a strong influence on
yield, but had a weak effect for LAI and LE. Their influence on H was
moderate, particularly for GRAINPT_S5.
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4. Discussion
4.1. Sorghum parameterization in Noah-MP-Crop

Introducing sorghum-specific phenological and physiological pa-
rameters enabled Noah-MP-Crop model to explicitly simulate sorghum
in the Gedaref region. This capability is not included in the default
model configuration. Sorghum differs from the temperate cereals for
which existing crop parameterizations were originally developed,
particularly in its thermal requirements, drought tolerance, and biomass
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allocation. Similar studies have shown that tailoring crop parameters to
locally relevant species is important for improving the representation of
crop growth and its interaction with the land surface (Ingwersen et al.,
2018; Wang et al., 2024b; Zhang et al., 2023).

The stepwise calibration provided a practical approach to constrain
the sorghum parameters while accounting for different aspects of crop
growth and surface energy exchange. The calibration showed progres-
sive convergence, with the largest improvement generally occurring
during the first iterations (Figure S5). Yield and LAI showed the largest
improvements across the calibration iterations, while the performance
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of latent and sensible heat fluxes remained relatively stable. Figure S7
further illustrates a progressive shift in the parameter sets toward better
combined yield and LAI performance across the calibration iterations.

4.2. Dynamic sowing and model performance

Representing spatial and temporal variations in sowing dates
improved rainfed sorghum simulation compared with fixed sowing as-
sumptions. In semi-arid regions, sowing decisions are closely linked to
rainfall onset and early-season soil moisture rather than fixed calendar
dates (Laux et al., 2010; Agoungbome et al., 2023; Black et al., 2023;
Lala et al., 2021). The dynamic sowing approach therefore better rep-
resents the year-to-year variation in the start of the growing season. This
improvement was most evident for LAI, where the dynamic sowing
improved the timing and seasonal development of the crop canopy
compared with fixed sowing (Fig. 7a).

In contrast, dynamic sowing had little influence on latent and sen-
sible heat fluxes (Fig. 7b-c). Both sowing configurations produced
similar seasonal patterns and performance metrics, particularly for
latent heat flux. This consistency suggests that the differences in crop
development introduced by the two sowing approaches had a relatively
small effect on the simulated surface energy fluxes. Atmospheric forcing
and soil moisture strongly control surface energy partitioning in semi-
arid environments, and may partly explain the limited response to
changes in sowing date (Lu et al., 2015; Rahman et al., 2019).

The advantages of the dynamic sowing approach were also evident in
the yield simulations (Fig. 8, Table S6). Across all sites, dynamic sowing
improved yield simulation relative to fixed sowing, with MAE reduced
by 27% during calibration and 55% during validation. However, model
performance varied across sites. During calibration, agreement between
simulated and observed yields varied considerably across sites, with the
largest mismatch at Alfashaga. The lower performance at Alfashaga was
also apparent throughout calibration, as this site consistently exhibited
the weakest results across successive calibration iterations (see
Figure S6). Agricultural production in this area has been affected by
instability and disruptions to farming activities (Sulieman, 2025). This
volatility may introduce yield variations that a model driven by weather
and crop development cannot capture. Importantly, the poor agreement
at Alfashaga did not persist during validation. This performance suggests
that the calibration period mismatch at this site may not indicate sys-
tematic model bias.

The variation in performance across sites highlights the difficulty of
reproducing observed farm yields using Noah-MP-Crop. Reported yields
reflect not only weather and sowing conditions but also management
practices and other production constraints. In Gedaref, weeds and
parasitic plants, for example, can reduce sorghum yields through
competition for water, nutrients, and radiation under low-input farming
conditions (Bussmann et al., 2016). Such factors are not represented in
the model and may contribute to the remaining differences between
simulated and observed yields. Similar challenges in simulating crop
yield have also been reported in previous Noah-MP-Crop applications
(Liu et al., 2016; Yu et al., 2022; Zhang et al., 2023).

4.3. Crop parameter sensitivity

The sensitivity analysis highlights the importance of phenological
parameters for simulating sorghum growth and yield in the semi-arid
conditions of Gedaref. Yield was particularly sensitive to phenological
parameters controlling the later development stages, while LAI was
more sensitive to parameters controlling early and intermediate devel-
opment. This finding is consistent with Krishnan et al. (2021), who also
reported a strong influence of phenological parameters on wheat sim-
ulations in semi-arid India using the Web InfoCrop model. In contrast,
Wang et al. (2024b) found a smaller influence of phenological param-
eters for winter wheat in the temperate East China region, where
canopy-related parameters were more influential. These differences
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suggest that crop parameter sensitivity can vary with crop type and
environmental conditions. In Gedaref, the growing season is closely
linked to a relatively short and variable rainfall period (Sulieman and
Elagib, 2012). Consequently, changes in the timing of crop develop-
ment can alter the environmental conditions experienced during
important growth stages, which may partly explain the strong sensitivity
of yield and LAI to phenological parameters.

Among the physiological and biomass allocation parameters, the
sensitivity patterns reflected their different roles in crop growth and
yield formation. The strong yield sensitivity to photosynthetic efficiency
(QE25) and biomass allocation to grain (GRAINPT_S5 and GRAINPT _S6)
indicates the importance of carbon assimilation and its subsequent
allocation to grain in determining simulated yield. In contrast, LAI was
more sensitive to the biomass-to-LAI conversion (BIO2LAI) and biomass
allocation to leaves (LFPT_S3 and LFPT_S4), consistent with their role in
canopy development. Other physiological parameters, particularly the
stomatal slope (MP) and maximum Rubisco carboxylation capacity
(VCMX25), had relatively little influence on the evaluated model out-
puts. Their low sensitivity may partly reflect the high atmospheric de-
mand during the growing season, with vapor pressure deficit frequently
exceeding 2 — 3 kPa during the reproductive period (Figure S11). Under
such conditions, stomatal conductance is strongly constrained by envi-
ronmental forcing, limiting both transpiration and carbon assimilation
(Flore et al., 1984; Sinclair, 2018).

4.4. Limitations and uncertainty

This study attempted to adapt the Noah-MP-Crop model to simulate
sorghum under the semi-arid conditions of Gedaref and to represent
spatial and temporal variations in sowing dates using satellite observa-
tions. However, several limitations and uncertainties remain. We vali-
dated the dynamic sowing approach using field observations collected
during a single growing season (2022), with a mean bias of — 2 days and
an MAE of 12.8 days. Previous studies have reported errors of similar
magnitude (Prudente et al., 2025; Suksomnuek et al., 2026), reflecting
the challenges associated with estimating sowing dates from satellite
vegetation indices. These errors nevertheless introduce considerable
uncertainty into the timing of crop development in the model.
Furthermore, the lack of multi-year field observations limits the
assessment of the approach’s performance across years with different
rainfall conditions.

Some limitations relate to how Noah-MP-Crop represents crop
development. The model controls crop phenological development solely
through GDD. However, under semi-arid conditions, water availability
and plant stress can also affect sorghum development, particularly
during later stages (Gaona et al., 2022). This limitation may partly
explain the earlier decline in simulated LAI compared with the obser-
vations (Fig. 7a). Incorporating the effects of water stress on crop
development could improve the representation of late-season
phenology.

Representing rooting depth introduces additional structural uncer-
tainty. Noah-MP-Crop assumes a constant rooting depth of 1 m, whereas
sorghum roots can extend to approximately 1.5— 2.0m (Stone et al.,
2001). This limitation may matter more in semi-arid environments,
where access to water stored in deeper soil layers can support crop
growth as the upper soil layers dry. Liu et al. (2020) found that incor-
porating dynamic rooting depth improved Noah-MP-Crop simulations of
soil moisture during the middle and late growing season compared with
a constant-rooting formulation. The fixed rooting depth may therefore
limit access to deeper soil moisture, potentially affecting late-season LAIL
and yield development.

Uncertainty also arises from the calibration and evaluation strategy.
We evaluated LAI and energy fluxes using spatially averaged time series
over cropland. While this approach effectively constrains seasonal dy-
namics, it does not explicitly evaluate spatial variability. Previous
studies have shown that incorporating spatial information into model
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calibration can effectively constrain distributed land surface and hy-
drological models (Demirel et al., 2024; Soltani et al., 2021; Dembélé
et al., 2020). Future applications should therefore incorporate both
temporal and spatial information in model calibration.

5. Conclusion

This study attempted to adapt Noah-MP-Crop to simulate rainfed
sorghum in the semi-arid Gedaref region of Sudan. Sorghum-specific
parameters derived through a stepwise calibration approach enabled
the model to reproduce the seasonal canopy development and represent
variations in crop yield. Incorporating dynamic sowing dates derived
from satellite observations improved representation of spatial and
interannual variability in sowing timing compared with a fixed-sowing
assumption. This improvement was particularly evident for LAI and
yield, with dynamic sowing reducing yield MAE by 27% during cali-
bration and 55% during validation. In contrast, differences between
dynamic sowing and fixed sowing configurations were small for latent
and sensible heat fluxes.

The sensitivity analysis showed that LAI and yield were particularly
sensitive to parameters controlling phenological development, photo-
synthetic efficiency, and biomass allocation. In contrast, latent heat flux
was less sensitive to the evaluated crop parameters. The study further
highlights uncertainties associated with simplified representations of
crop phenology and rooting depth, as well as limitations in the available
observational datasets. Despite these limitations, the results indicate
that combining crop-specific parameterization with satellite-informed
management practices can improve rainfed sorghum simulation in
Gedaref. Further evaluation across a wider range of agro-climatic con-
ditions and management practices is needed to assess the framework’s
broader applicability.
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