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ARTICLE INFO ABSTRACT

Handling editor: Dr. Brent Clothier Crop models serve as powerful tools for investigating the interaction of crop traits, environmental fluctuations,

and management practices. However, the calibration of these models relies heavily on experiments conducted

Keywords: under specific conditions or within particular years. The adaptability and efficacy of these calibrated models
Climatic pattern across different year patterns of climate remain uncertain. Our analysis aimed to evaluate the utility of these
gmp mhfdd models across diverse climatic patterns and explore potential factors contributing to their performance varia-
M(:)clllfl validation tions. In this study, experiments were conducted in a semi-arid region characterized by significant climate
Wheat variability, and data collection was undertaken to assess the performance of five distinct crop models (APSIM,

AquaCrop, DSSAT, SSM-iCrop, WOFOST). The field experimental results indicated that year patterns of climate
for rainfed spring wheat was jointly determined by soil water at planting and atmospheric moisture conditions
during the growing season. After calibration, all five crop models effectively captured the growth, development,
and yield formation of spring wheat. Notably, both simple and complex models exhibited similar performance in
simulating the spring wheat growth and yield formation. However, the simulation results for spring wheat yield
varied among the different year patterns of climate. Particularly in drier climate regimes, most models tended to
overestimate spring wheat yields, with calculated relative root mean square errors exceeding 30 %. These
findings suggested that calibrated models might not universally represent crop growth, development, and yield
formation processes across all climatic patterns in regions characterized by substantial climate variability. In
specific years, they were prone to either overestimating or underestimating crop yields. Furthermore, our study
raised questions about the direct transferability of models to neighboring regions within the same climatic zone
and application in future climatic scenarios. Without local climate-specific model calibration and with current
climate-specific model calibration, the use of models might lead to inaccurate estimations of crop yields in other
climatic area and future dryer climatic scenarios.

1. Introduction

Crop growth, development, and yield formation are the intricate
outcomes of the interplay between environmental factors, inherent crop
characteristics, and various management practices (Hajjarpoor et al.,
2022; Teixeira et al., 2017). Understanding the intricate relationships
among environment, genotype, and management interactions is crucial
in agricultural research. Within this context, process-based crop

modelling emerges as a pivotal tool to facilitate our understanding of
these interactions (Hajjarpoor et al., 2022; Jones et al., 2017).
Numerous crop models have been developed over the years, each
rooted in distinct mathematical frameworks and assumptions (Jin et al.,
2016; Manschadi et al., 2020; Soltani and Sinclair, 2012). These varia-
tions can lead to different simulation results when applied to identical
environmental settings, underscoring the importance of model selection
in agricultural research. Meanwhile, as the climate evolves, crop
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production is increasingly influenced by long-term shifts, increased
interannual variability, and the occurrence of extreme climatic events
(Otkin et al., 2018). These changing climate patterns introduce a layer of
complexity to crop modeling, as models must accurately capture the
dynamic interplay between crops and their evolving environments.
Evaluating model performance needs an assessment across diverse
climate patterns (Yu et al., 2014). In practice, during parameter esti-
mation, models frequently face difficulties in comprehensively repre-
senting the entire range of climatic conditions (White et al., 2025). Most
experiments for model improvement are conducted under close to op-
timum conditions, possibly limiting their performance under varying
environmental conditions (Wallach and Thorburn, 2017). However,
previous research findings have been contradictory. In some researches,
crop models have been found to overestimate yields during periods of
extreme wetness and underestimate them during droughts
(Balwinder-Singh et al., 2011; Yu et al., 2014). Paradoxically, some
studies suggest that crop models might overestimate yields during dry
periods (Fletcher et al., 2020; Hao et al., 2021; White et al., 2025),
adding to the complexity of model evaluation.

Climate transitional regions like semi-arid areas exhibit substantial
interannual variability in climatic conditions due to the influence of
precipitation variability (Zhao et al., 2022, 2024). The interannual
variability of climate is often much greater than the rate of long-term
climate change (Zhang et al., 2019). This presents favorable environ-
mental conditions for model assessment, making it highly suitable for
studying the applicability of crop models and assessing their simulation
performance in the context of climate change. While comparative
studies of models across geographical regions can allow to analyze such
differences, variations in factors like soil, crop varieties, and manage-
ment practices introduce additional complexities (Ramirez-Villegas
et al., 2017). Therefore, the choice to focus on a single site within a
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semi-arid region for a multi-year comparative analysis of crop model
applications under different annual climatic conditions is advantageous.
The complex interactions between crops and the environment, along
with possible differences in model performance, highlight the need for a
systematic model evaluation, which may allow us to gain invaluable
insights into their robustness and limitations (Kleinwechter et al., 2016;
Manschadi et al., 2020). Therefore, the primary goals of this study were:
a) to systematically analyze crop development and growth responses to
environmental conditions of rainfed spring wheat (Triticum aestivum L.),
and b) to use the experimental data to evaluate five crop models on their
capability to capture the interannual variability of crop development
and growth of biomass and gran yield under various climate patterns.

2. Materials and methods
2.1. Study area

This research was carried out in the Western Loess Plateau, located in
the Northwest of China (Fig. 1). The area is located within a climatic
transition zone and agro-pastoral ecotone. It is classified as a semi-arid
area, situated between arid and semi-humid regions (Zhao et al.,
2018). The region experiences a total mean annual precipitation ranging
from 350 to 500 mm. Notably, 60 % of the annual rainfall is concen-
trated from July to September, with only approximately 30 % occurring
from March to June, coinciding with the spring wheat growing season
(Fig. 2). The soil in this area is characterized as loessial, with clay
content ranging from 33.1 % to 42.2 %, classified it as sandy loam. The
soil depth averages between 40 and 60 m, and the soil organic matter
(SOM) content varies from 0.4 % to 1.4 %.
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Fig. 1. Geographical locations and average annual precipitation over a 32-year period from 1987 to 2018. The brown solid lines represent the isohyets for pre-
cipitation amounts of 350 mm and 500 mm, respectively. The average annual precipitation data from 1987 to 2018 were collected from a total of 2382 ground-
monitoring meteorological stations across China. The area outlined with solid yellow lines indicates the Loess Plateau, while the area marked with solid blue

lines and dots represents the agro-pastoral ecotone.
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Fig. 2. Precipitation distripution in Dingxi, Northwest of China.

2.2. Experimental data collection

Two main data categories were used as the information source for
parameterization and assessment of different wheat growth models. The
first dataset originates from field experiments, encompassing the
following:

1) The first, a long term experiment conducted at the Dingxi Agricul-
tural Meteorological Experiment Station (104.62°E, 35.58°N,
1896.7 m.a.s.l.), between 1987 and 2018. The experiment consisted
of a single rain-fed treatment with four replications. Spring wheat
was sown in mid-to-late March each year, preceded by the applica-
tion of an (put the range of basal fert) basal fertilizer, including
farmyard manure and nitrogen fertilizer (Refer to Table S1 for
planting and fertilization details). Measured variables included
development days, plant density at jointing, leaf area index (LAI) at
flower period (which defined the maximum LAI during growing
season), aboveground biomass at maturity, and final grain yield.
The second experiment consisted of planting date experiments car-
ried out at the Dingxi Agricultural Meteorological Experiment Sta-
tion in 2010. The selected spring wheat variety was Dingxi New 24,
grown under rain-fed conditions. This experiment involved four
planting periods on March 8th, 18th, 28th, and April 7th, each with
three replications. ~Adequate basal fertilizer, including
15,000 kg ha™! of farmyard manure and 150 kg ha™! of urea, was
applied during planting. Measured variables included development
days, aboveground biomass at maturity, and final yield.

The third and last field experiment, was an irrigation experiment
conducted in 2016 at the Pengyang Dryland Agricultural Experiment
Station (106.39°E, 35.55°N, 1782 m.a.s.l). Selected spring wheat
cultivar was Dingxi 40, sown on March 25th. Six water treatments
were implemented, each with three replications. Treatments
included different irrigation levels (30, 60, 90, 150 mm), a
completely rain-sheltered treatment with no irrigation and a control
(rain-fed conditions). Irrigation treatments were applied in three
stages during the growth period, with each stage receiving one-third
of the total water amount on May 4th (6-leaf stage), May 22nd
(jointing stage), and June 15th (grain filling stage), respectively.
Developmental stages of spring wheat were recorded during the
experiment, and aboveground biomass at maturity and final grain
yield were determined after harvest. Adequate fertilizer supply was
ensured by applying farmyard manure at 30,000 kg ha! and urea at
225 kg ha™! before planting. For more detailed procedures and
experimental specifics regarding the long-term field experiment and
irrigation experiment, please refer to Zhao et al. (2022).
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Additionally, for a comprehensive introduction to the planting dates
experiment, please refer to Zhang et al. (2012).

The second dataset was obtained from published literature on spring
wheat experiments conducted in the semi-arid region at the Western
Loess Plateau. These data were gathered by searching the China Na-
tional Knowledge Infrastructure (CNKI) database and Web of Science
database using keywords such as "spring wheat," "semi-arid region,"
"Dingxi," and "Western Loess Plateau" from 1995 to 2018. Information
related to spring wheat planting, treatment methods, growth periods
and aboveground biomass data was extracted directly from the litera-
ture text or tables obtained from the search. In some cases, data was
extracted from literature figures using GetData graph digitizing software
(http://getdata-graph-digitizer.com). It was important to note that the
experiments described in the literature encompassed a variety of treat-
ments involving different water, fertilizer, and coverage methods.
However, for analysis purposes, only the results from experiments with
varying water levels, medium and high-level fertilizer treatments, and
traditional tillage methods were selected, for more details referred to
Zhao et al. (2019). The literature and experimental information are
presented in Table S2.

All three field experiments were equipped with ground meteoro-
logical observation stations located within 100 m. Meteorological pa-
rameters for the respective experimental years, including daily sunshine
hours, maximum and minimum temperatures, relative humidity, wind
speed, and precipitation, were obtained through the ground meteoro-
logical observation stations. Daily solar radiation was estimated from
sunshine hours, latitude and longitude of the observation site, and the
day of the year based on Angstrom equation (Allen et al., 1998). Vapor
pressure deficit was derived from daily average temperature and relative
humidity. Reference evapotranspiration was computed using the
Penman-Monteith formula. For detailed calculation procedures, please
refer to the FAO-56 manual documentation (Allen et al., 1998). All
meteorological variables discussed in the literature were collected and
analyzed using data from the Dingxi Agricultural Meteorological
Experimental Station, which was situated within the Dingxi region as
mentioned. Meanwhile, we introduced the concept of atmospheric
moisture conditions, defined as the difference between reference
evapotranspiration and precipitation during the spring wheat growing
season, to better quantify the growth environment for spring wheat.
Additionally, in each experiment, soil water content was determined
using gravimetric sampling at 10 cm increments from the surface to a
depth of 100 cm for each experiment. These gravimetric measurements
were converted to volumetric water content using the bulk density of
each corresponding soil layer. The soil water content used in this study
was the total water content in soil from surface layer to 100 cm.

2.3. Crop models description

Among the five crop models, two simpler models were tested:
Aquacrop (Steduto et al., 2009) and SSM-iCrop (Soltani et al., 2020;
Soltani and Sinclair, 2012). The three more complex models were APSIM
(Keating et al., 2003), DSSAT (Jones et al., 2003) and WOFOST (de Wit
et al., 2019).

AquaCrop is a semi-empirical, crop-water productivity model that
primarily focuses on water-limited conditions (Steduto et al., 2009). It is
a water-driven crop growth model designed for agricultural planning
and scenario analysis. AquaCrop simplifies crop growth modeling by
emphasizing water stress and the impact on crop development and yield.
It performs daily water balance computations by accounting for all key
hydrological processes: infiltration, surface runoff, deep percolation,
soil evaporation, and plant transpiration, along with tracking soil
moisture dynamics. The simplicity of AquaCrop makes it an efficient tool
for regions with limited data, and its ability to quantify water produc-
tivity is particularly useful for optimizing irrigation practices and
resource management.
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SSM-iCrop is designed as a simplified, user-friendly model suitable
for resource-constrained environments (Sinclair, 1986; Soltani et al.,
2020). The model can simulate three yield levels: the crop potential
yield limited by light and temperature, the rainfed yield limited by light,
temperature, and water, and the attainable yield limited by light, tem-
perature, water, and fertilizer. In this model, the impact of drought on
crop dry matter accumulation, leaf growth, and phenology is deter-
mined by stress coefficients calculated through piecewise functions.
These functions are based on threshold responses of crop leaf gas ex-
change, leaf growth, and phenological development to soil available
water content during drought conditions. It simulates crop growth,
water balance, and nutrient dynamics with minimal input data re-
quirements (Soltani and Sinclair, 2012). It aims to promote agricultural
decision-making in regions with limited resources. The ease of use and
low data demands of SSM-iCrop make it accessible for farmers and re-
searchers in areas with limited infrastructure. It prioritizes simplicity
and practicality while still providing valuable insights.

APSIM is a process-based model that is used to simulate various as-
pects of crop production, including soil processes, water balance, crop
growth, and management practices (Keating et al., 2003). It offers a
wide range of options for representing complex farming systems and
diverse crops. The model integrates specific soil, climate, and manage-
ment input data. Simulated plant and soil processes include photosyn-
thesis and carbon allocation, phenological development, root growth
and water uptake, nutrient cycling, soil organic matter decomposition,
evaporation and transpiration, tillage effects, residue decomposition,
and interactions between crops and the environment under varying
climatic and management conditions. The strength of this model lies in
its flexibility, allowing researchers to tailor the model to specific crop-
ping systems which makes it suitable for a broad spectrum of research
applications.

DSSAT is a comprehensive suite of crop models that encompasses a
wide range of crops, soil types, and management practices (Jones et al.,
2003). It integrates weather, soil, and crop information to simulate crop
growth, yield, and nutrient dynamics. DSSAT is widely recognized and
used for decision support and research purposes. The strength of DSSAT
lies in its versatility and extensive database of crop parameters, which
allows it to model a wide array of cropping systems globally. Its ability to
simulate diverse crops under varying conditions makes it a valuable
research tool.

WOFOST is a widely-applied crop growth model known for its ability
to estimate crop yields based on weather, soil, and management data (de
Wit et al., 2019). It has been used extensively in various regions and for a
wide range of crops. The adaptability of WOFOST to different climates
and crops, along with its historical use in international research, make it
a valuable tool for global agricultural assessments. Its simplicity in terms
of input requirements and reliability in yield predictions contribute to its
popularity.

Each of these crop models offers unique characteristics catering to
specific research needs and environmental conditions. Researchers
choose a model based on the complexity of the study system, data
availability, and the specific research objectives (Jin et al., 2016; Soltani
and Sinclair, 2015), with APSIM and DSSAT providing flexibility
(Soltani and Sinclair, 2015), AquaCrop focusing on water stress (Steduto
et al., 2009), SSM-iCrop simplifying modeling for resource-limited
areas, and WOFOST’s adaptability to diverse regions and crops (de
Wit et al., 2019). The models with respect to the approaches they used to
simulate different crop processes were summarized in Table 1 (Palosuo
et al., 2011; Soltani and Sinclair, 2015).

2.4. Models parameterization and evaluation

APSIM 7.10 (run via visualization platforms), DSSAT 4.7 (run via
visualization platforms), PyWOFOST (run in Python), AquaCrop-OSPy
(run in Python), and SSM-Wheat (run in Excel using VBA) were the
versions of the five crop models used for simulation of spring wheat
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Table 1
Simulating crop processes in the five evaluated crop models.
Component APSIM AQUACROP DSSAT SSM- WOFOST
iCrop
Phenology*® T/V/P/W T/P T/V/P T/V/P/ T/V/P
w
Water relation” D S D S D
Leaf area D S D S S
changes"
Dry matter RUE/TE TE RUE RUE P-R
production®
Dry matter PC-D PC-S PC-D PC-S PC-S
partitioning®
Yield formation' Part/ HI GNA DHI Part
GNA/DHI
Plant nitrogen D - D S
budget®

2 T, temperature; V, vernalization; P, photoperiod; W, water stress.

b D, detailed approach including root growth and water absorption; S, simple
approach including linear increase in root depth.

¢ D, detailed approach from individual leaf area; S, simple approach from
whole plant leaf area or allometric relationships.

4 RUE, radiation use efficiency approach; TE, relation between mass produc-
tion and transpiration; P-R = Detailed (explanatory) Gross photosynthesis —
respiration.

¢ PC-D, detailed approach partitioning coefficients and more organs; PC-S,
simple approach partitioning coefficients and fewer organ.

f part, approach with partitioning during reproductive stages; GNA, approach
with grain number; DHI, approach of linear increase in harvest index; HI,
approach with harvest index modified by water stress.

8 D, detailed approach with concentration curves for different organs over the
growth period; S, simple approach with fixed concentrations in green and sen-
esced organs.

growth and yield formation in the current study. For Models parame-
terization, we adjusted only a limited set of parameters within each
model using the methods described by Soltani and Sinclair (2015).

APSIM operates under the default assumption that most users will
not need to change its core model parameters. Consequently, detailed
guidance on calibrating the model for new crop varieties is not included
in its documentation. However, the system does allow modifications to
predefined parameter values when necessary. The framework organizes
crop parameters into two broad classifications: the majority are fixed
values shared across all varieties, while a smaller set can be fine-tuned
for specific cultivars. Ten key parameters are commonly used by
APSIM to characterize cultivar properties (Table 2). Adjusting these
parameters allows for the creation of new cultivars. These adjustable
parameters mainly influence developmental timing (phenology) and
yield-related traits, including grain properties, weight, and shifts in
harvest index over time.

In DSSAT, crop parameters are further subdivided into three cate-
gories. The first category, known as the ’species’ part, remain uniform
for all cultivars within a given crop type. The second category, the
’ecotype’ part, groups 32 parameters that are treated as stable across
related cultivars. The third category relates to ’cultivar’ parameters,
consisting of seven parameters associated with phenology and yield
formation (Table 2).

In the case of AquaCrop, WOFOST and SSM-iCrop, parameters are
not explicitly categorized. To simulate different cultivars in our study,
we needed to estimate specific parameters for the three models. The
other parameters remained fixed across all cultivars. A list of these
cultivar-specific parameters for the evaluated models could be found in
Table 2. The basic information on soil properties was shown in Table 3.

In this study, data collected from reference, different planting date
experiment from the Dingxi Agricultural Meteorological Experimental
Station, and irrigation in different growth stage experiment from the
Pengyang Dryland Farming Experimental Station were used for the
parameterization and calibration of the models. Since most of the data
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Table 2
List of cultivar parameters in APSIM, AquaCrop, DSSAT, Wofost and SSM-iCrop.
Parameter Value
APSIM
Thermal time from start of grain filling to maturity (°C) 580
Grain number per spike 30
Filling rate (mg (grain d)~*) 2.3
Tiller weight (g) 1.22
Individual plant weight (g) 4
Stem length (mm) 1000
Vernalization sensitivity 1
Photoperiod sensitivity 2.0
Potential grain filling rate (g grain ' d ™) 0.001
Maximum grain size (g) 0.045
AquaCrop
GDDays: Thermal time from sowing to emergence (°C) 150
GDDays: Thermal time from sowing to maximum rooting depth (°C) 924
GDDays: Thermal time from sowing to start senescence (°C) 1310
GDDays: Thermal time from sowing to maturity (length of crop 1650
cycle) (°C)
Length of the flowering stage (growing degree days) (°C) 150
Reference Harvest Index (HIo) (%) 0.42
Maximum effective rooting depth (m) 1.0
Maximum canopy cover (%) 0.96
Standardized water production efficiency (g m~2) 15
Transpiration coefficient of crops under complete canopy cover 1.1
without senescence
DSSAT
Days at optimum vernalizing temperature required to complete 6.1
vernalization (d)
Percentage reduction in development rate in a photoperiod 10 h 38.3
shorter than the threshold relative to that at the threshold (%)
Grain filling (excluding lag phase duration) (°C) 449.2
Kernel number per unit canopy weight at anthesis (simple g~*) 15.6
Standard kernel size under optimum conditions (mg) 20.43
Standard, non-stressed dry weight (total, including grain) of a single 1.032
tiller at maturity (g)
Interval between successive leaf tip appearances (°C) 98.5
Wofost
Temperature sum from sowing to emergence (°C) 150
Temperature sum from emergence to anthesis (°C) 870
Temperature sum from anthesis to maturity (°C) 590
Initial total crop dry weight (kg ha—1) 15
Leaf area index at emergence 0.104
Maximum relative increase in LAI 0.0071
Life span of leaves growing at 35 Celsius (d) 25
Efficiency of conversion into leaves (kg kg ™) 0.72
Efficiency of conversion into storage organization (kg kg™') 0.74
Efficiency of conversion into stems (kg kg—1) 0.69
Maximum rooting depth (cm) 100
Maximum daily increase in rooting depth (cm d %) 2
Maximum. leaf CO2 assimiliation rate at anthesis (kg ha'hr ) 35
SSM-iCrop
Vernalization sensitivity coefficient 0.00089
Photoperiod sensitivity coefficient 0.000147
Temperature unit from sowing to emergence (°C) 150
Temperature unit from sowing to maturity (°C) 1650
Temperature unit from sowing to beginning seed growth (°C) 1020
Maximum leaf area index 3.5
Maximum harvest index 0.42
Fraction crop mass at beginning seed growth which is translocateble 0.12
to grains (g g71)
FTSW threshold when dry matter production starts to decline 0.4
FTSW threshold when leaf area development starts to decline 0.5
Maximum effective depth of water extraction from soil by roots 1000
(mm)

collected from the literature lack information of soil water content at
planting, which is crucial for the growth, development, and yield for-
mation of spring wheat, we categorized the data used for model cali-
bration into different purposes. First, we used experimental data from
different planting dates and literature-collected data to calculate the
accumulated temperature during various growth stages of spring wheat
(Fig. 3), calibrating the accumulated temperature-related parameters in
each model. Second, we employed experimental data from different
water treatments at the Pengyang Station to calibrate biomass and yield.

Agricultural Water Management 318 (2025) 109704

Additionally, one year of complete crop growth data (aboveground
biomass) from the collected literature was also used to calibrate pa-
rameters related to biomass and yield. The parameter calibration strat-
egy in this study aimed to derive a single set of crop parameters that
reflect multi-year conditions, effectively capturing the impact of varying
climatic and environmental conditions (light, temperature, water, and
soil water content at planting) on crop growth, development, and yield
formation. Hence, spring wheat was represented by a fixed cultivar
across the entire period, each model required only one parameter set.

Parameters governing spring wheat growth and development were
refined through literature review, experimental observations, and model
calibration. Furthermore, previous researchers have conducted simula-
tion studies using APSIM (Nie et al., 2018) and DSSAT (Li et al., 2021)
for spring wheat growth, development, and yield formation in the study
region. In this research, we referred to and revised the model parameter
values they used.

To evaluate if breeding effects had enhanced yield capacity over time
in long-term studies conducted in Dingxi from 1987 to 2018, a simple
linear regression analysis was performed, correlating spring wheat yield
with the year based on data from long-term observational experiments.
However, the results did not indicate any significant changes in spring
wheat yield potential over the years (p > 0.1 in the linear model).
Therefore, no adjustments were made to the yield data to account for an
increasing yield trend due to genetic improvements when assessing crop
models’ performance in this region. Given this, our study would not
attribute annual changes in spring wheat yield to varietal variations.
Instead, we attributed them entirely to changes in climate conditions.
Additionally, considering that the spring wheat varieties used in the
experimental data were all medium to late-maturing varieties, we used a
single variety in the spring wheat simulation process. This approach
eliminated differences in simulation results caused by variations in crop
genetic parameters.

Long-term observational experiments at the Dingxi Agricultural
Meteorological Experimental Station were employed for model valida-
tion. Model evaluation metrics included the root mean square error
(RMSE), relative root mean square error (RRMSE), index of agreement
(d), and coefficient of determination (RZ), among others. Specific
calculation procedures for these statistical metrics could be found in
Correndo et al. (2022).

2.5. Statistical analysis

In order to determine the key climatic factors affecting spring wheat
yield, a two-step methodology was employed based on data collected
from long-term field experiment in Ding xi. Firstly, we posited that
climate played a decisive role in determining yield, and consequently,
we grouped soil water content at planting, growing season precipitation,
temperature, radiation, vapor pressure deficit, reference evapotranspi-
ration, and atmospheric moisture condition into eight distinct clusters.
Subsequently, we conducted tests to ascertain whether the spring wheat
yield distribution within each cluster significantly differed from that of
any other cluster (Yu et al., 2014). This cluster analysis was deployed to
uncover agro-climatological year patterns for spring wheat in Dingxi.
The K-means clustering method was implemented using R software (R
Development Core Team, 2024). To classify these clusters, we consid-
ered the spring wheat yield alongside the corresponding environmental
variables such as soil water content at planting, growing season pre-
cipitation, temperature, radiation, vapor pressure deficit, reference
evapotranspiration, and atmospheric moisture condition. These patterns
were then categorized into groups, distinguishing between those that
exhibited statistical significance and those that did not. The
Kolmogorov-Smirnov (K-S) test was applied to ensure the statistically
significant differentiation of each cluster from the others. In instances
where no significant differences were detected, two patterns were
merged into a single category. This iterative process was repeated until a
significant difference was established between all patterns.
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Table 3
Soil properties of experimental sites at Dingxi at depths of 0-100 cm.

Agricultural Water Management 318 (2025) 109704

Parameters Soil depth (mm)
0-50 50-100 100-200 200-400 400-600 600-1000

Bulk density (g cm ) 1.29 1.23 1.33 1.2 1.14 1.14
Air-dried moisture (mm mm™?) 0.01 0.01 0.05 0.07 0.09 0.10
Field capacity (mm mm ') 0.27 0.27 0.27 0.27 0.26 0.26
Saturated moisture (mm mm’l) 0.46 0.49 0.45 0.5 0.52 0.52
Wilting coefficient (mm mm™?) 0.09 0.09 0.09 0.09 0.09 0.11

Soil water conductivity (mm h™1) 0.6 0.6 0.6 0.6 0.6 0.6

Different planting date experiment Reference
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Fig. 3. Data of accumulated temperature during different growth stage for spring wheat collected from different planting date experiment and reference in

Dingxi (Table S2).

With the software of R, linear regression and correlation analysis
were employed to correlate with simulated value and observed value for
spring wheat yield and aboveground. Meanwhile, we employed a
random forest model named "randomForest" package in R to analyze the
response relationship between normalized yield and environmental
factors. Furthermore, the "varImp" function within "caret" package in the
R estimated the relative importance of environmental factors in deter-
mining spring wheat yield.

3. Results
3.1. Year patterns of climate for spring wheat

3.1.1. Relations of environmental factors and spring wheat yield

The normalized yield of spring wheat increased with higher growing
season precipitation, greater soil water content at planting, and
increased May precipitation. In contrast, it declined with rising
maximum temperatures in May, elevated atmospheric moisture condi-
tion during the growing season, higher average temperatures in June,
and increased reference evapotranspiration in May (Fig. S1). Analysis
using two distinct machine learning approaches consistently identified
growing season precipitation, soil water at planting, maximum tem-
perature in May, vapor pressure deficit in May, and growing season
atmospheric moisture conditions as the most influential environmental
factors affecting spring wheat yield (Fig. S2).

Further analysis of the correlations between spring wheat yield and
key environmental factors revealed a strong positive association be-
tween growing season precipitation and yield (Fig. S3), with a correla-
tion coefficient of 0.54. Soil water content at planting also showed a
significant positive correlation with yield (r=0.50). In contrast,
growing season atmospheric moisture conditions were negatively
correlated with yield, exhibiting a stronger magnitude than other vari-
ables. Additionally, maximum temperature, precipitation, vapor

pressure deficit, and atmospheric moisture conditions in May all showed
statistically significant correlations with spring wheat yield.

Moreover, our analysis revealed that soil water content at planting
was strongly correlated with spring wheat tiller density at the jointing
stage (Fig. 4). Tiller density at the jointing stage, in turn, was signifi-
cantly correlated with the maximum LAI during the growing season,
which was further correlated with aboveground biomass. Aboveground
biomass exhibited a strong and significant correlation with final yield
(Fig. 4). Notably, the correlation between soil water at planting and the
maximum LAI during the growing season was particularly high, with a
statistically significant correlation coefficient of 0.74 (figure was not
shown).

3.1.2. Year patterns of climate for spring wheat

Cluster analysis revealed that inter-annual variations in spring wheat
yield within the study area could be classified into five distinct cate-
gories (Fig. S4, Table S3). Across these categories (from A to E), growing
season vapor pressure deficit, reference evapotranspiration, and atmo-
spheric moisture conditions exhibited an increasing trend, while soil
water at planting, growing season precipitation, maximum LAI, and
aboveground biomass showed a corresponding decreasing trend. Based
on the outcomes of the correlation analysis, we propose that these cli-
matic yield patterns could be effectively characterized using two key
indicators, soil water content at planting and growing season atmo-
spheric moisture conditions (Fig. 5).

Specifically, climatic patterns of years for spring wheat yields were
classified into the following categories: A (high soil water at planting
and relatively wet growing season), B (high soil water at planting and
relatively dry growing season), C (moderate soil water at planting and
moderate drying during the growing season), D (moderate soil water at
planting and relatively dry growing season), and E (low soil water at
planting and relatively dry growing season) (Fig. 6). We suggested that
higher soil water content at planting supported improved spring wheat
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emergence and promoted greater LAI and biomass accumulation during
the vegetative growth stage. Furthermore, decreased atmospheric
moisture conditions during the growing season contributed to a higher
harvest index and enhanced grain yield. In contrast, years characterized
by limited soil water at planting and drier atmospheric moisture con-
ditions during the growing season were associated with reduced spring
wheat yields.

3.2. Spring wheat production simulation

3.2.1. Models parameterization and evaluation

Through iterative calibration of model parameters using data from
experiments with varying planting dates, irrigation treatments, and
literature-derived information, we found that all five crop models
effectively simulated the dynamics of aboveground biomass accumula-
tion in spring wheat across its growth stages (Fig. 7). Among them, the
APSIM and SSM-iCrop models demonstrated superior performance,
exhibiting relatively low RMSE values and RRMSE values below 20 %.
In contrast, the DSSAT model showed comparatively higher RMSE and
RRMSE values. Notably, the ensemble simulation combining all five
models yielded the most accurate results, with an RMSE of 10.8 g m ™2
and an RRMSE of 8.2 %.

All five models were able to accurately simulate the aboveground
biomass at maturity and final yield of spring wheat under different
irrigation treatments throughout the growing season (Fig. 8). The dis-
crepancies between simulated and observed values for both biomass and
yield generally fell within a + 30 % range. Among the models, APSIM
demonstrated the best performance, with the lowest RMSE and RRMSE,
as well as the highest d and R2. In contrast, the DSSAT model showed the
poorest performance, yielding the highest RMSE and RRMSE values and
the lowest d and R? values. The simpler SSM-iCrop model also produced
reliable simulations, with RRMSE values below 30 % and d values
exceeding 0.8, indicating that even relatively simple models can achieve
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a reasonable level of accuracy compared to more complex models.
Furthermore, ensemble averaging of biomass and yield simulations from
all five models resulted in improved overall accuracy, with RMSE values
of 748.7kgha™! and 318.8kgha !, RRMSE values of 10.7 % and
12.6 %, and high agreement metrics (d = 0.969 and 0.963; R? = 0.953
and 0.989).

Using long-term observational data from the Dingxi Agricultural
Meteorological Experimental Station to validate the simulation results of
five crop models (Fig. 9), we observed a notable decline in simulation
accuracy. Among the five models, the minimum RMSE for aboveground
biomass at maturity was 1443 kg ha™! (APSIM), while the maximum
reached 2454 kg ha~! (DSSAT). The RRMSE ranged from 26.6 % (SSM-
iCrop) to 35.0 % (DSSAT), and the d varied between 0.632 (DSSAT) and
0.798 (WOFOST). For simulated final grain yield, RMSE values ranged
from 486.8 kg ha™! (SSM-iCrop) to 626.8 kg ha™! (DSSAT), with cor-
responding RRMSE values between 25.1 % (AquaCrop) and 36.7 %
(DSSAT). The index of agreement for yield simulations ranged from
0.751 (DSSAT) to 0.820 (AquaCrop). When applying a multi-model
ensemble approach that combined outputs from all five models, the
RMSE and RRMSE for biomass and yield were substantially reduced,
1279.9 kg ha~! (22.6 %) for biomass and 385.9 kg ha~! (20.8 %) for
yield. The index of agreement also improved, reaching 0.833 for
biomass and 0.887 for yield. Compared to individual models, the
ensemble approach yielded lower RMSE and RRMSE values and higher
agreement indices, suggesting that a multi-model ensemble provides a
more accurate and robust simulation of spring wheat biomass and yield.

3.2.2. Simulation of spring wheat production under different year patterns
of climate

An analysis of spring wheat yield simulations from five different
models under varying climate patterns revealed distinct model perfor-
mance trends (Fig. 10). Under climate patterns D and E, all models,
except WOFOST, as well as the ensemble of all five models, tended to
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Fig. 7. Change of observed aboveground biomass observed (Li et al., 2004) and simulated aboveground biomass by different crop models. AVERAGE indicates the

ensemble value of the five different models.
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Fig. 8. Simulated versus measured aboveground biomass at maturity and final grain yield for spring wheat under different water treatments by different crop models
at Pengyang in 2016. AVERAGE indicates the ensemble value of the five different models.

overestimate yield to varying extents. In contrast, under climate pattern
A, four models (excluding WOFOST and the ensemble) generally
underestimated yield. For climate pattern C, the WOFOST model
underestimated yield, whereas the APSIM and AquaCrop models over-
estimated it.

Further analysis showed that the RMSE values of simulated yields did
not consistently correspond with the observed values across different
climate patterns (Fig. 11). Among the five models, APSIM, AquaCrop,
and the ensemble of all five models exhibited the highest RMSE values
under climate patterns D and E. The DSSAT model showed the highest
RMSE under patterns C and E, while the SSM-iCrop model had the
highest RMSE in patterns A and E. In contrast, the WOFOST model
produced the highest RMSE in climate pattern B.

The RRMSE values for yield simulations also varied across different
climate patterns (Fig. 12). All five individual models, as well as the
ensemble model, exhibited consistently lower RRMSE values under
climate patterns A, B, and C. In contrast, under climate patterns D and E,
RRMSE values were markedly higher, exceeding 30 % in all cases. These
results indicated that the simulation performance of both individual
models and the ensemble was relatively poor under the climatic con-
ditions represented by patterns D and E.

The d and R? for yield showed no clear pattern of variation across
different climate patterns, as not displayed in the graph. Furthermore,
the RMSE and RRMSE for spring wheat aboveground biomass at

maturity had similar results with yield (Fig. S5, S6).
4. Discussion and conclusions

4.1. The performance of crop models varies under different year patterns
of climate

Although growing-season precipitation is a critical determinant of
spring wheat yield, the adverse effects of atmospheric evaporative de-
mand (expressed in terms of vapor pressure deficit or reference evapo-
transpiration) on the growth and development of spring wheat should
not be overlooked. Elevated atmospheric evaporative demand can
inhibit stomatal opening in plant leaves (Novick et al., 2016), impeding
the assimilation process and resulting in reduced dry matter accumu-
lation and ultimately lower wheat yields (Zhao et al., 2020). Hence, we
proposed using the atmospheric moisture condition (the difference be-
tween precipitation and reference evapotranspiration) in current study
to better represent the influence of key meteorological factors during the
growing season on the final yield of spring wheat. Given that the
calculation of growing season atmospheric moisture conditions was
based on both precipitation and reference evapotranspiration, and that
reference evapotranspiration was influenced by air temperature, vapor
pressure deficit, radiation, and wind speed, these interdependencies
were also reflected in the correlation analysis (Fig. S3). Therefore, we
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Fig. 9. Simulated versus measured aboveground biomass at maturity and final grain yield by different crop models during 1987-2018 in Dingxi. AVERAGE indicates

the ensemble value of the five different models.

considered atmospheric moisture conditions to serve as an integrative
indicator, effectively capturing the combined influence of these envi-
ronmental variables on spring wheat yield.

In the study area, precipitation distribution exhibited poor syn-
chronization with the phenological stages of spring wheat, particularly
during the reproductive phase when precipitation was relatively scarce
(monthly precipitation less than 100 mm, shown in Fig. 2). Conse-
quently, soil water content at planting become a determinant factor
influencing spring wheat growth and development (Fig. S2). From an
agronomic perspective, soil water content at planting significantly af-
fects two key physiological processes: 1) seedling establishment, sub-
optimal soil water conditions at planting directly impair germination
rates and delay emergence timing (Fig. 4); 2) vegetative growth,
adequate soil water storage at planting facilitates more efficient
completion of the vegetative growth phase and promotes greater
biomass accumulation, thereby enabling the crop to achieve optimal leaf
area index (Li et al., 2004). When coupled with favorable atmospheric
moisture conditions during reproductive growth, these factors collec-
tively contributed to enhanced yield potential (Year pattern A in Fig. 5).
Conversely, soil water deficit at planting restricted vegetative develop-
ment, leading to suppressed biomass production and ultimately
compromising final grain yield (Year pattern E in Fig. 5).

Previous studies have demonstrated that both the duration of the
reproductive stage and initial soil moisture conditions are key
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determinants of crop final yield (Nielsen et al., 2010). Unlike other
crops, spring wheat exhibits a comparatively shorter reproductive
phase. Consequently, classifying climatic patterns based on soil water
content at planting and atmospheric moisture conditions during the
growing season provides a scientifically sound approach for analyzing
spring wheat growth dynamics, developmental processes, and yield
formation.

In current crop modeling practices, parameter calibration typically
relies on data from years with sufficient water supply or specific
experimental data from individual year. This approach often fails to
account for how crops grow, develop, and form yields under extreme
climate conditions or unusual weather events. While models can accu-
rately simulate crop growth and yield under normal or specific condi-
tions, this does not guarantee their accuracy in extreme years.
Parameters calibrated for certain years or conditions may only work well
for those same situations (Wallach and Thorburn, 2017). Under extreme
conditions, such as drought or waterlogging, models may overestimate
final crop yields (Hao et al., 2021; Li et al., 2019), as also shown in this
study. In our analysis, five individual models and their ensemble
struggled to correctly simulate spring wheat yield variations during
droughts (e.g., extreme year type E). Additionally, from 1987 to 2018,
four extreme dry years occurred (Fig. 13). Most models tend to ignore
such unusual year patterns during calibration, leading to unavoidable
yield prediction errors in these cases.
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Fig. 10. Comparison of observed final grain yield and simulated final grain yield for spring wheat by different crop models under different year patterns of climate.

AVERAGE indicates the ensemble value of the five different models.
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For densely planted crops like wheat, key factors such as seeding
density, emergence rate, emergence timing, and tillering significantly
influence yield formation (Fig. 4). These factors can greatly affect model
simulation accuracy. However, most crop models use a fixed, predefined
sowing density. They focus mainly on how drought affects leaf growth
and biomass accumulation, often overlooking its impact on emergence
and tillering (Soltani and Sinclair, 2012). In practice, emergence and

tillering depend heavily on soil moisture at planting, especially in
water-limited areas (Lyon et al., 1995). As a result, models may produce
inaccurate yield estimates in regions or studies where soil moisture at
planting varies significantly.

As climate warming intensifies, atmospheric evaporative demand
continues to rise globally (Novick et al., 2016). Changes in atmospheric
moisture conditions at the daily scale affect crop photosynthetic
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processes. Higher evaporative demand reduces stomatal conductance,
leading to lower leaf assimilation rates and ultimately reduced carbon
accumulation in crops (Rigden et al., 2020; Koehler et al., 2023).
However, most current crop models are based on light-use efficiency and
inadequately account for how atmospheric dryness influences crop
growth and yield formation (No6ia Junior et al., 2025). As a result, they
struggle to accurately simulate yield reductions due to underestimation
of crop water use under increasing evaporative demand (Webber et al.,
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2025). This is also one reason why, in this study, the crop models per-
formed less accurately in drier growing seasons (Year patterns D and E in
current study).

Some studies suggest that crop models tend to underestimate yields
when low rainfall limits growing-season productivity (Yu et al., 2014), a
finding that contrasts with our results. However, most research agrees
that models typically overestimate yields during droughts (Hao et al.,
2021), which aligns with our conclusions. In fact, whether crop models
overestimate or underestimate crop yield may depend on the severity of
the drought stress experienced by the crops. In extreme drought con-
ditions, crop growth and yield are often limited by multiple factors, not
just water scarcity. Temperature, light intensity, and air humidity may
also shift from optimal to stressful conditions under drought (as crops
become more sensitive to environmental stresses) (Farooq et al., 2009).
These coupled stresses further restrict crop development and produc-
tivity. However, most crop models fail to account for these interacting
stress factors (Noia Junior et al., 2025). As a result, they might tend to
overestimate crop yields. In contrast, under mild or moderate drought
conditions, crops may not necessarily experience yield loss as soon as
drought occurs. Due to their adaptive strategies, crops might even
exhibit compensatory growth if water supply improves later in the
growing season (Farooq et al., 2009). However, since crop models
cannot fully simulate these adaptive mechanisms, they may underesti-
mate crop yields in such cases.

4.2. Implication for application of crop model under different conditions

Crop models are regularly adjusted and checked using experimental
data collected over several years (Wallach et al., 2017). However, we
often cannot fully trust the model results. This is mainly because the
process of setting up and testing these models doesn’t include enough
different weather conditions that we know can happen based on
long-term weather records (Yu et al., 2014). One of the biggest problems
in crop modeling is that we usually don’t have enough data covering
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several decades. This makes it hard to include all possible weather
patterns that might occur in a specific area. While it’s not realistic to
adjust and test crop models for every possible weather situation, we also
need to recognize that these models may not work well when applied to
climate conditions they weren’t tested for. The inherent limitations of
crop models introduce uncertainty when applying them to real-world
situations.

This research specifically examines wheat yield formation modeling
across different annual climate patterns. However, we must consider the
implications of substituting temporal data for spatial analysis. Our
findings suggest that model performance may vary significantly across
different locations, even within relatively close geographical areas. For
example, when a model is calibrated for one particular region, applying
it to nearby but drier areas could result in inaccurate crop growth and
yield estimates. This occurs despite the close physical proximity be-
tween these locations. Such limitations can substantially impact the
reliability and practical usefulness of model simulations.

When using crop models in water-limited conditions, it is crucial to
recognize their potential uncertainty and tendency to overestimate
yields. Typically, researchers validate these models against real-world
field data to ensure reliability before applying them to climate change
projections for food production forecasting. However, future climate
scenarios indicate increasing drought frequency and severity, alongside
declining water availability for rain-fed agriculture (Santini et al.,
2022). Under these conditions, crop models may systematically under-
estimate yield losses. Our findings highlight the need to incorporate
greater prediction uncertainty when using dynamic mathematical
models to evaluate future food production and security.
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