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Abstract

Climate change, as one of the major challenges of the 21st century, has widespread impacts on agricultural production
and food security. In this study, LARS-WG 8 models were used to generate climate data and AquaCrop 7.1 to simulate
wheat yield in Khorasan Razavi Province. the effects of different greenhouse gas emission scenarios (SSP1-2.6, SSP2-
4.5, and SSP5-8.5) were assessed towards 2040. The results showed that the LARS WG model performs reasonably
well in generating average precipitation and temperature, but shows limitations in representing temperature variability
and fluctuations. According to the results the average temperature at Sabzevar, Quchan, and Torbat-e Jam stations
will increase the most in the SSP5-8.5 scenario; for example, the average temperature in Quchan will increase from
12.7 degrees in the period 2010-2024 to 14.1°C in SSP5-8.5. Future precipitation is expected to increase by 11-38 %,
while reference evapotranspiration (ETo) may decline by 8-32%. The average grain yield of wheat in Khorasan Razavi
Province is projected to increase by about 7 to 13% across scenarios. Water productivity (WP) has also projected to
rise from 1.7 in 2023 to 1.9 and 2.0 under different scenarios.

The findings of this study indicate that climate change in the 2040 horizon could, under some conditions, lead to
increased yield and water productivity of wheat in Khorasan Razavi Province. However, these increases will only be
sustainable if they are accompanied by smart water resource management, selection of resistant varieties, and adaptive
policies to address the risks of warming, changing rainfall patterns, and the spread of pests and diseases. Therefore,
although the short-term results are promising, from a sustainability perspective, a comprehensive and forward-looking
approach is required to ensure food security and agricultural resilience in the region.
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1. Introduction

Climate change, as one of the critical challenges of
the 21st century, has profound implications for
sustainable agricultural production and global food
security (Bouteska et al. 2024). Rising
temperatures, altered precipitation patterns, and the
intensified extreme climate events directly affect
water resources and crop yields (Xiao et al. 2020).
Wheat, as a strategic staple and the primary source
of caloric intake in Iran, holds particular
importance in studies related to climate change and
water resources management. Khorasan Razavi
Province, with a significant share in the country's
wheat production (Agricultural Yearbook, 2023),
is particularly vulnerable to climate change
impacts owing to its geographical position and
semi-arid climate (Aalijahan and Khosravichenar,
2021). Analyzing future climate scenarios and
assessing wheat water productivity in this province
can provide a valuable insight for policy-making
and sustainable management of water and soil
resources. In this context, the application of climate
and crop growth simulation models is a powerful
tool for prediction and decision-making. The
LARS-WG! model, as a statistical generator of
climate data, enables the simulation of key
variables such as temperature and precipitation
under diverse climate change scenarios (Dheyaa et
al, 2024). Generating climate data for 2040 with
this model will provide a robust foundation for
evaluating the possible effects of climate change on
agriculture in the region.

On the other hand, the AquaCrop model developed
by the Food and Agriculture Organization of the
United Nations (FAOQ) is a reliable and widely
validated tool for simulating crop yield under
different management and climate conditions
(Dehghani et al, 2026). Combining the data
generated by LARS-WG 8 with AquaCrop 7.1
simulations enables a comprehensive analysis of
the impact of climate change on wheat yield and
water productivity in Khorasan Razavi Province
(Ahmadi et al. 2024; Dehghani et al, 2026). This
integrated approach not enhances understanding of
the climate—yield nexus, but also provides a
scientific  basis for developing adaptive
management strategies aimed at improving water
productivity, mitigating climate-related risks, and
strengthening food security at both regional and
national scales.

Raoufi and Soufizadeh. (2020) employed the
AquaCrop model to investigate the impact of
climate change on the yield performance of
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different rice genotypes in northern Iran. Three
improved varieties and one local genotype were
simulated under different RCP scenarios,
temperature increments (+1 to +4 C), and rainfall
variations (x20%) across two time horizons,
representing the near and far future. The results
indicated that improved cultivars exhibited greater
resilience compared to the local genotype, and that
elevated CO: concentrations combined with higher
temperatures frequently enhanced yield. Similarly,
Li et al. (2024) applied the AquaCrop model to
examine the combined effects of climate change
and planting date on cotton yield in major cotton
producing regions in China. Future climate data
from 27 global circulation models (CMIP6) were
simulated under SSP2-4.5 and SSP5-8.5 scenarios
for the 2040s and 2080s. Findings revealed that
cotton yield would increase by an average of 10—
28% in the future, while early planting (March 31)
resulted in approximately 5% higher yield
compared to late planting (May 10).

Ahmadi et al. (2024) applied the AquaCrop model
to simulate wheat yield in the Qazvin plain under
climate change conditions. Future climate data
were generated using the LARS WG model and
incorporated as model input. The results indicated
that the maximum wheat yield in the base period
(1986-2015) was 8.59 t/ha, whereas the maximum
predicted yields in the periods 2040, 2060, 2080
and 2100 were 9.86, 10.50, 11.78 and 12.29 t/ha,
respectively. The minimum wheat yield in the base
period was 6.96 t/ha, while the minimum predicted
yields in the studied periods were 8.22, 8.56, 8.40
and 8.28 t/ha, respectively. Similarly, Sedhai et al.
(2023) utilized AguaCrop to examine the impact of
climate change on water demand and wheat yield
in the Madabar Irrigation Project, Chitwan, Nepal.
Future climate data from the CMIP6 suite and five
global models were used under two scenarios
(SSP245 and SSP585) for three time periods in the
near, medium and far future. The results showed
that wheat yield in the SSP245 scenarios would
increase by 13 to 29% under rainfed conditions and
by 10 to 17% under irrigated conditions. Also, the
net irrigation demand was projected to decrease by
approximately 130 relative to the baseline period,
indicating a change in water use patterns in the
future.

In the Tensift region of Morocco, Bouras et al.
(2019) employed Med-CORDEX data in
combination with the AquaCrop model to assess
the impacts of climate change on wheat production.
Their findings indicated that rising temperatures
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could shorten the wheat growth cycle by up to 50
days. Without accounting for the effect of CO;
fertilization, wheat yields were projected to decline
by 7-30%, whereas accounting for CO:
fertilization led to yield increases of 7% and 13%
by mid-century under RCP4.5 and RCP8.5
scenarios, respectively. Wheat water demand was
also projected to decrease by 13-42%, with peak
demand occurring approximately two months
earlier than at present. Koukouli et al. (2025)
applied the CropSyst model together with field
data (2016-2017) to examine the impact of climate
change on maize yield and irrigation requirements
in northern Greece Results demonstrated that under
RCP4.5 and RCP8.5 scenarios for the future
periods (2030-2050 and 2080-2100), changes in
temperature and precipitation would alter the total
irrigation needs with varying magnitudes.

Bakshi et al. (2022) investigated the effect of
climate change on the yield of major cereals in
Iran. Their findings demonstrated that the
sensitivity of crops to precipitation and
temperature is different across climatic zones;
Specifically, in cold semi-arid climates, rainfed
wheat exhibited the highest response to
temperature, in warm semi-arid climates, rainfed
barley, in temperate semi-arid climates, irrigated
wheat, in cold dry climates, rainfed wheat, in warm
dry climates, rainfed barley, and in temperate dry
climates, rainfed wheat once again.

Afshartbar et al. (2023) analyzed the impacts of
different climate scenarios on crop Vyield
simulation, available water, cropping pattern shifts,
and farmers’ profitability in Marvdasht County.
Climate projections for the region were generated
using daily data and the LARS-WG downscaling
method under RCP2.6, RCP4.5, and RCP8.5
scenarios for the period 2020-2080. Results
indicated that the greatest yield reduction were
observed for tomato, wheat, and rice crops,
whereas yield increases were projected for alfalfa
and barley. Soleimani Nejad et al. (2019)
examined the effects of climate change on crop

2 Genetic Function Approximation

cultivation patterns in the Mashhad plain for the
year 2031 using the GFA?Z function. Their results
revealed that the most significant yield changes due
to climatic conditions were associated with wheat
and barley.

Considering the strategic role of Khorasan Razavi
Province in wheat production, a comprehensive
analysis of the impact of future climate scenarios
on the yield and water productivity of irrigated
wheat has not yet been conducted in this province.
The present study employed a combination of the
two models LARS-WG 8 and AquaCrop 7.1 to
analyze climate scenarios for 2040 and to estimate
wheat water productivity in Khorasan Razavi
Province. The findings of this research can serve as
a scientific foundation and practical reference for
future planning in the field of agricultural water
resources management and food security
policymaking in Iran. In addition, the results of the
study have been analyzed from a sustainability
perspective, highlighting how climate change may
influence the resilience of agricultural systems, the
efficiency of resource utilization, and the assurance
of long-term food security.

2. Materials and Methods

2.1. Study area

Khorasan Razavi Province is located in the
northeast of Iran (fig. 1), covering an area of about
118,000 km?, accounting for about 7% of the
country’s total area. The average annual rainfall
ranges between 300 to 400 mm, but declines to
nearly 150 mm in the southern, eastern, and central
regions. Approximately 49.2% of the province is
mountainous, while 50.8% is plains. Although the
province exhibits diverse climatic conditions, it is
generally classified as a semi-arid region of Iran
(Aalijahan and Khosravichenar, 2021). According
to Agricultural Yearbook (2023), this province,
with about 171,000 hectares of irrigated wheat
cultivation, ranks among the leading provinces in
wheat production.
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Figure 1. Geographical location of the study area
In this study, reference stations for wheat In the GYGA protocol, the country is initially

production were identified at the provincial level in
accordance with the GIGA Protocol. The GYGA
protocol is a globally recognized framework for
analyzing and evaluating the potential for
agricultural production, developed within the
Global Yield Gap Atlas project. It integrates
meteorological, climate data, and crop simulation
models to provide accurate assessments of crop
growth and production conditions at national and
regional scales. By selecting reference
meteorological stations and key climatic zones, the
GIGA Protocol enables robust analysis at the
national and regional scales and supports
policymakers and researchers in identifying
strategies to improve food security and agricultural
sustainability (Soltani et al., 2019).

divided into homogeneous climatic zones; these
zones, known as District Climatic Zones (DCZs),
which represent areas with similar conditions in
terms of temperature, precipitation, and growing
season length within a given area (Soltani et al.,
2019). To determine the influence area of each
meteorological station, a 100 km buffer is applied
around it. By overlapping these buffers with
climatic zoning maps, the precise boundaries of
DCZs are delineated. Subsequently,
meteorological stations that cover more than 1% of
the national wheat cultivation area are designated
as eligible reference stations (Van Bussel et al.
2015). Table 1 and Figure 1 show the
characteristics and locations of the reference
stations.

Table 1. Characteristics of meteorological reference stations

Station Name Longitude Latitude  Altitude Landarea  Wheat area Areas covered
©) ©) (m) (ha) (%)
Khushab, Takht-e Jolgeh, Nishapur,
Quchan 58.5 37.07 1287 26 491 1.2 Quchan, Chenaran, Esfarayen, Shirvan,
Farooj
Kashmar, Bardaskan, Joghatai, Khushab,
Sabzvar 57.65 36.21 962 44 624 2 Nishapur, Takht-e Jolgeh, Sabzevar,
Joveyn, Esfarayen
Torbat-eJam  60.56 35.29 950 26 499 12 Bakharz, Zaven, Khaf, Taybad,

Roshtkhar, Torbat-e Jam
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2.2. The AquaCrop model

AquaCrop is a crop simulation model developed
by the Food and Agriculture Organization of the
United Nations (FAQ) and specifically designed
to study the response of crops to different
conditions (Steduto et al., 2007). Unlike many
complex crop growth models, the model has a
simplified yet scientifically robust structure, with
its primary emphasis on water productivity and
the relationship between evapotranspiration,
canopy development and final yield (Sedhai et al.
2023). The model enables accurate evaluation of
crop performance under different management
and climatic conditions by simulating key
processes such as vegetation growth, biomass
accumulation, grain yield, and the impacts of
water stress (Li et al. 2024). AquaCrop
conceptualizes the soil, plant, atmosphere and
management environments as an integrated
system. Using climate and management inputs,
the model first simulates the canopy cover to
calculate transpiration as shown in Equation (1),
then calculates biomass based on water
productivity and actual evapotranspiration (Eq.
2), and finally estimates the economic yield (e.g.,
wheat grain yield) through allocation coefficients
(Eq. 2) (Ahmadi et al. 2024). One of the major
advantages of AquaCrop is that the number of
plant parameters is limited and can be calibrated,
making it particularly suitable for regions with
restricted data availability.

Tl‘ = Ks KSTR ccr KCTI‘,X ETO (1)
— * Tr

B=wp' > T/, )

Y= fHIHIO B (3)

ET,: Potential evapotranspiration

Kcrpx - Relative crop transpiration coefficient
CC*: Adjusted canopy cover to eliminate inter-
row air flow effects

Kst-: Temperature stress coefficient

Ks: Stomatal closure coefficient (water stress,
between 0 and 1)

WP*: Normalized water productivity

HI,: Reference harvest index (HI at physiological
maturity)

fyr: Adjustment factor for the effect of stresses on
harvest index

The inputs to the AquaCrop model are organized
into four major categories, each representing a
part of the soil-plant- atmosphere system.
Climatic inputs include precipitation, minimum
and  maximum  temperatures,  reference
evapotranspiration, and CO: concentration,
which determine the environmental conditions
for crop growth (Steduto et al. 2007). Soil inputs
encompass soil type and texture, water holding
capacity (FC and PWP), hydraulic conductivity,
soil depth and stratification (Steduto et al. 2009).
In the plant section, parameters such as crop type,
phenological stages, crop expansion rate, water
productivity and root development are entered to
simulate physiological characteristics and crop
response to environmental conditions (Dehghani
et al. 2019). Finally, management inputs include
planting date, irrigation scheduling and method,
fertilization practices, and plant density (Raes et
al. 2009).

In recent versions of the AquaCrop model, the
capability to simulate the effect of increasing
atmospheric CO: concentrations and to
incorporate output of large-scale climate models
(GCM/RCM) based on RCP or SSP scenarios has
been introduced. These enhancements allow the
model to more accurately represent the impacts of
future climate change. (FAO, 2018). In this study,
meteorological data for the period 1995-2024
were obtained from the National Meteorological
Organization and used to prepare the
meteorological input  files. Reference
evapotranspiration during this period was
calculated using the standard FAO Penman—
Monteith method.

Climate data from the year 2040 were generated
using the LARS WG model, and given that only
minimum and maximum temperature values were
available in the model output, reference
evapotranspiration for 2040 was estimated using
the Hargreaves—Samani method. Furthermor, the
remaining model input parameters were
calibrated based on the information reported by
Zeinali Mobarakeh et al. (2018, 2019) so that
phenological parameters and plant characteristics
were most aligned with the actual conditions of
the region. The weighted average of wheat yield
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was calculated for Khorasan Razavi Province
based on the cultivated area within each buffer.
Table 2 presents the calibrated coefficients in the
model, which were adjusted to reflect local

conditions and ensure accurate simulation of crop
growth and yield.

Table 2. Plant characteristics used in the model calibration phase

Factor Symbol Unit Value
Base temperature for growth Thase °C 1
Upper temperature threshold Tupper °C 30
Maximum rooting depth Zl'min m 1.50
Minimum rooting depth Zl'max m 0.30
Initial canopy cover at 90% emergence CCy % 6.45
Canopy growth coefficient CGC °/day 4.10
Canopy decline coefficient CDC °/day 9.4
Maximum canopy cover CCrax % 96
Reference harvest index HI, % 45
Upper threshold of soil moisture depletion for canopy expansion Pupper - 0.20
Lower threshold of soil moisture depletion for canopy expansion Plower - 0.65
Upper threshold of soil water stress coefficient for canopy senescence Pupper - 0.70
Normalized water productivity WP* gr/m? 15.10
Crop transpiration coefficient Kerrx - 1.10
Shape factor of soil water stress coefficient for canopy expansion Shape factor - 2
Upper threshold of soil moisture depletion for stomatal control Pupper - 0.65
Shape factor of soil water stress coefficient for stomatal control Shape factor - 25
Shape factor of soil water stress curve for canopy senescence Shape factor - 25
Flowering duration day 12
Time from sowing to emergence - day 8
Time from sowing to flowering - day 141
Time from sowing to max canopy - day 137
Time from sowing to maturity - day 195

2.3. LARS-WG model

The LARS-WG 8 model was used to generate
climate data for the horizon 2040 (serving as
climate data input for the AquaCrop model)
(Ahmadi et al. 2024). LARS-WG model is one of
the most widely used stochastic weather
generators for producing daily climate data at the
local scale (Dehghani et al. 2026). This model is
particularly ~ valuable  when  short-term
observational records are incomplete or
insufficient and the researcher needs to produce
long-term time series consistent with the regional
climate (Semenov and Stratonovitch, 2010).
Using advanced statistical techniques, LARS-
WG extracts the climatic characteristics of a
station from historical observations and generates
synthetic yet realistic datasets of precipitation,
temperature and solar radiation that are
statistically consistent with actual climate
conditions (Lotfi et al. 2022). The core of the

model relies on probability distributions and wet—
dry day transition patterns. Precipitation is
simulated by estimating the probability of rainy
and dry days and the distribution of rainfall
amounts on wet days. For minimum and
maximum temperatures and solar radiation,
appropriate statistical distributions are applied to
accurately capture daily and seasonal variability
(Obead and Hussein, 2024; Semenov and
Stratonovitch, 2010).

One of the key strengths of LARS-WG is its
ability to account for interdependence among
climatic variables (e.g.,the relationship between
precipitation and temperature) and produce data
that is physically plausible. Beyond producing
synthetic climate data, LARS-WG is an essential
tool in climate change research (Ahmadi et al.
2024). This model can incorporate outputs from
general circulation models (GCM) for different
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IPCC? scenarios and downscale future climate
projections to the local scale (Lotfi et al. 2022).
In this way, the influence of RCP or SSP
scenarios on precipitation and temperature at the
station level can be assessed. This capability has
led to the widespread application of LARS-WG
in agricultural research, water resources, drought
management and climate change impact
assessment (Obead and Hussein, 2024; Ahmadi et
al. 2024).

In the downscaling process with the LARS-WG
model, the outputs of different global climate
models (GCM) are typically employed to address
the uncertainties arising from the model structure.
However, studies conducted in Iran have
demonstrated that some models perform more
effectively in reproducing the country's
temperature and precipitation patterns. Among

the models applied, HadGEM3-GC31-LL has
exhibited stronger agreement with observational
records across many regions of lIran; for this
reason, it has been adopted in recent studies as
one of the reliable options for climate
downscaling in Iran (Dastorani et al. 2025;
Bagheri Khaneghahi et al. 2025; Ahmadi et al.
2024; Dehghani et al. 2026). In this study, the
model was calibrated using data from 1995 to
2024, and subsequently employed to generate
climate projections for the year 2040 under three
scenarios: SSP1-2.6, SSP2-4.5, and SSP5-8.5.
Figure 2 illustrates the trend in CO2 concentration
and its variation across different climate
scenarios (IPCC, 2021).
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Figure 2. Historical Trend of Atmospheric CO2 Concentration (a); Atmospheric CO2 Concentration under Different
Climate Scenarios (b)

Figure 3 illustrates the trends in precipitation as
well as minimum and maximum temperatures
over the last 30 years (1995-2024) for three
reference meteorological stations, based on data

% Intergovernmental Panel on Climate Change

obtained from the Iran
Organization (IRIMO).

Meteorological
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Figure 3. Trends in Precipitation and Temperature Variables Over the Past 30 Years at Three Reference Stations
(1995-2024)

2.4. Mann-Kendall Trend Analysis
The Mann-Kendall test is a non-parametric
method used to identify monotonic trends in
time-series data, characterized by low sensitivity

to outliers and abrupt shifts. Without requiring
assumptions of normality or randomness, this test
evaluates whether an increasing or decreasing
trend exists over time (Raoufi and Attayee, 2025).
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In the Mann—Kendall test, the statistics S and Z
work together to determine both the direction and
the significance of a trend in a time series. The
statistic S is calculated by comparing all possible
data pairs and indicates whether increasing or
decreasing changes dominate the series; therefore,
a positive S reflects an increasing trend, a negative
S indicates a decreasing trend. To evaluate the
statistical significance of this trend, S is
standardized using its variance to obtain the Z
statistic. The sign of Z confirms the direction of
the trend, while the absolute value of Z reflects the
confidence level associated with the detected
trend. Common significance thresholds include |Z|
>1.96 (95% confidence) (Ahmadpari et al., 2025).
In this study, the significance of trends was

assessed using the Mann—Kendall test
implemented in the PAST software.

2.5. LARS-WG performance metrics

To assess the accuracy of the LARS-WG model
in simulating climate variables, a set of statistical
indices including the mean, the standard
deviation, T-test, and F-test was used. These
indices allow for direct comparison between
observational data and data generated by the
model and indicate the model's ability to
reproduce average values and monthly
fluctuations (Table 3).

Table 3. Statistical Indices for LARS-WG Model Performance Evaluation (Ledolter et al., 2020)

Index Scientific Definition

Formula

Mean obs (Observed Mean) the baseline period

Mean gen (Generated
Mean) data

Variability (standard
deviation) of the observed
data
Variability (standard
deviation) of the generated
data
Test for the difference
between observed and
generated means

SD obs (Observed Standard
Deviation)

SD gen (Generated
Standard Deviation)

T-Statistic

T-Test p-value mean difference (p-value)

Test for comparing the
variances of observed and
generated data

F-Statistic

F-Test p-value

Mean of observed data during

Mean of the model-generated

Probability of observing the

Probability of observing the
variance difference (p-value)

1 n
Mean,,s = E X z Xobs,i

i=1

1
Meange, = o X ZXgen'i

i=1

n—1

1 2
SDyps = ( ) X 2( Xobs,i - Meanobs)

n—1
Mean,ps — Meange,

t =
\/(SDobsz /nobs) + (SDgenZ /ngen)

1 2
SDgen = j ( )xz(xgen,i — Meany, )

SDobsz
F ===
SDgen

Xos,i: Observed value of the climatic variable at
time i

Xgeni: Simulated value of the climatic variable by
the LARS-WG model at time i

n: Total number of data points (humber of days,
months, or years depending on the analysis)
Meanass (or Xons): Mean of the observed data
Meangen (Or Xgen): Mean of the generated
(simulated) data

SDobs: Standard deviation of the observed data
SDgen:  Standard deviation of the generated
(simulated) data

Nobs: Number of observed data points

Ngen: Number of generated data points

t: Value of the t-test statistic used to compare the
means

F: Value of the F-test statistic used to compare the
variances

p-value: Probability of statistical significance for
the difference in means or variances in the t-test
and F-test

In evaluating model performance, the closeness
of simulated means to observed means indicates
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the model's ability to reproduce the central value
of the wvariable. Comparison of standard
deviations indicates the extent to which the model
is able to represent data fluctuations and
dispersion (Wilks, 2011). The T-test is used to
measure the significance of the difference in
means; where p values greater than 0.05 indicate
no significant difference and therefore an
appropriate simulation of the mean (Student,
1908). The F-test is also used to compare
variances, and p values greater than 0.05 indicate
that the model has reproduced fluctuations
correctly, while values less than 0.05 indicate a
significant difference and a weakness in
simulating data dispersion (Fisher, 1970).

2.6. AquaCrop Model
metrics

In this study, to evaluate the quality of
AquaCrop model outputs in predicting grain
yield, a set of the following statistical indices
was employed.

performance
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In the presented equations, 0;¢ P; <0; and n
represent the measured values, simulated
values, the mean of the measured values, and
the total number of observations,
respectively. The NRMSE (Normalized Root
Mean Square Error) index is used as a

criterion for evaluating the accuracy of the
simulation model; lower values, approaching
zero, indicate a higher agreement between the
simulated results and the experimental data
(Dehghani et al, 2026). The CRM
(Coefficient of Residual Mass) reflects the
relative difference between simulated and
measured values. Positive CRM values
indicate that the model, on average,
underestimates the actual values, whereas
negative CRM values show that the model
tends to overestimate them (Chauhdary et al.,
2024). Moreover, values close to one for NSE
(Nash-Sutcliffe efficiency) and d (index of
agreement) demonstrate a strong consistency
between simulated and measured data,
confirming the reliability of the model
(Ahmadpari et al., 2020).

3. Results and Discussion

3.1. Significance of Climatic Trends

The results from the three stations show that
precipitation exhibits no statistically significant
trend in Quchan, Sabzevar, or Torbat-e Jam, as
the Z values remain below the 1.96 threshold. In
contrast, minimum and maximum temperatures
display clearer warming signals: Tmin shows a
significant increasing trend in Sabzevar and
Torbat-e Jam, and Tmax also increases
significantly in Torbat-e Jam. These findings
indicate that climatic warming in the region is
primarily reflected through rising minimum and
maximum temperatures, while precipitation
remains highly variable and trend-free. Such
patterns have important implications for water
resources,  evapotranspiration rates, and
agricultural water requirements (Nhemachena et
al., 2020).

Table 4. Mann—Kendall Test Results

Station Name Parameter S z Trend Detection Significance
P 7 0.11 Increasing NO
Quchan Tmin -104 1.84 Decreasing NO
Tmax 62 1.09 Increasing NO
P -53 0.92 Decreasing NO
Sabzevar Tmin 134 2.38 Increasing YES
Tmax 104 1.84 Increasing NO
P -107 1.89 Decreasing NO
Torbat-e Jam Tmin 234 4.16 Increasing YES
Tmax 181 3.21 Increasing YES
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3.2. Evaluation of the LARS WG

Tables 5 to 7 reveal a clear and consistent
pattern at all three stations of Quchan,
Sabzevar and Torbat-e Jam. The LARS WG
model performs very well in simulating the
monthly mean precipitation, Tmin and Tmax,
as the Student’s t-test p-values exceed 0.05 in
most months, indicating that the simulated
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and observed mean data are not significantly
different. However, the F-test p-values are
almost 0.0 for Tmin and Tmax in all months,
indicating that the model systematically
underestimates the monthly temperature
dispersion and fluctuations. The situation is
more favorable for precipitation, with only a
few months (such as March and April in
Quchan and Sabzevar) showing significant
differences in variance.

Table 5. Statistical performance indicators of the LARS-WG model for precipitation, Tmin, and Tmax at Quchan

station
P Jan Feb Mar  Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic -0.1 11 -0.4 -0.2 -1.8 -1.2 0.2 -0.3 -1.0 -0.1 -0.1 -0.7
T-student p-value 0.9 0.3 0.7 0.8 0.1 0.2 0.9 0.8 0.3 1.0 0.9 0.5
F statistic 3 13 1.0 21 12 13 11 19 22 12 11 17
F p-value 0.4 0.4 1.0 0.0 0.7 0.4 0.9 0.1 0.0 0.6 0.8 0.1
Tmin Jan Feb Mar  Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic 0.4 0.3 0.4 0.3 0.0 1.2 0.3 -0.5 -0.6 0.5 -03  -0.9
T-student p-value 0.7 0.8 0.7 0.8 1.0 0.2 0.8 0.6 0.6 0.6 0.8 0.4
F statistic 106 119 39 41 55 46 72 124 93 115 73 104
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Tmax Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
T-student statistic 0.5 -06 -1.0 0.1 1.2 1.8 0.0 1.9 0.6 0.3 -03 -04
T-student p-value 0.6 0.6 0.3 0.9 0.2 0.1 1.0 0.1 0.6 0.8 0.8 0.7
F statistic 101 89 51 51 56 42 55 62 27 46 56 81
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 6. Statistical performance indicators of the LARS-WG model for precipitation, Tmin, and Tmax at Sabzevar

station
P Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic -0.5 -0.3 1.0 -0.5 -0.1 -0.6 0.6 -0.9 0.2 -1.0 0.5 -0.5
T-student p-value 0.6 0.7 0.3 0.6 0.9 0.5 0.6 0.4 0.8 0.3 0.6 0.6
E statistic 1.4 11 2.0 2.2 1.1 1.4 15 1.3 1.9 1.8 15 1.1
F p-value 0.3 0.7 0.0 0.0 0.8 0.4 0.2 0.5 0.1 0.1 0.2 0.8
Tmin Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic 0.5 0.3 -0.6 -0.5 0.4 1.2 1.0 1.8 0.2 1.4 -05 -04
T-student p-value 0.7 0.8 0.6 0.7 0.7 0.2 0.3 0.1 0.8 0.2 0.7 0.7
E statistic 13.6 5.7 4.5 5.4 6.1 6.9 8.6 110 104 7.1 7.1 7.3
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Tmax Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic 0.9 0.1 -0.8 0.3 -0.5 1.2 0.7 1.8 0.9 1.5 -0.2 0.0
0.4 0.9 0.4 0.8 0.7 0.2 0.5 0.1 0.4 0.1 0.8 1.0

T-student p-value
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P Jan Feb Mar  Apr May Jun Jul Aug Sep Oct Nov  Dec
F statistic 9.4 6.7 5.4 7.3 7.2 7.9 55 3.2 4.6 4.6 5.9 155
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Table 7. Statistical performance indicators of the LARS-WG model for precipitation, Tmin, and Tmax at Torbat-e
Jam station
P Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
T-student statistic -0.8 0.7 -0.8 1.2 0.9 -0.6 0.4 -0.2 -1.6 0.4 -08  -0.2
T-student p-value 0.4 0.5 0.4 0.2 0.4 0.6 0.7 0.9 0.1 0.7 0.4 0.8
E statistic 11 15 14 2.0 1.2 25 24 1.2 6.4 1.1 15 1.4
F p-value 0.8 0.2 0.3 0.0 0.6 0.0 0.0 0.5 0.0 0.8 0.3 0.4
Tmin Jan Feb Mar  Apr May Jun Jul Aug Sep Oct Nov  Dec
T-student statistic 0.5 0.2 0.1 0.2 -0.1 11 1.0 3.2 0.1 -05 -03 -06
T-student p-value 0.6 0.9 0.9 0.8 1.0 0.3 0.3 0.0 0.9 0.6 0.8 0.6
E statistic 14.4 5.7 4.0 2.9 12.1 5.2 2.8 25 3.6 8.6 4.6 4.0
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Tmax Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
T-student statistic 1.2 01 -09 -08 0.0 2.3 -0.5 2.4 0.2 0.7 -0.7 0.4
T-student p-value 0.3 0.9 0.4 0.4 1.0 0.0 0.7 0.0 0.8 0.5 0.5 0.7
E statistic 13.9 6.9 4.7 5.3 4.1 5.3 6.0 2.3 4.5 4.9 4.7 6.1
F p-value 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Previous studies have also shown that the LARS
WG model performs reasonably well in
simulating mean precipitation and temperature
(Hadi et al., 2024; Komasi and Doorbashizadeh,
2025; Dehghani et al., 2026), but it is usually
limited in capturing temperature dispersion and
fluctuations (Semenov and Brooks., 1999;
Ababaei et al., 2010; Khalili et al., 2016; Calanca,
2020). For example, in the study of Khalili et al.
2016, the results of model validation showed that
mean precipitation and temperature did not differ
significantly from observational data, but the
model tended to underestimate the standard
deviation of temperature. The results of

Kavwenje et al. (2022) showed that the LARS
WG model simulates temperature with much
higher accuracy than precipitation. In contrast,
precipitation forecasts are associated with high
uncertainty. The LARS WG model performs
much better in simulating temperature than
precipitation and under-represents temperature
variability (Calanca, 2020). Overall, the results
indicate that the model is very accurate in
reproducing the climate mean, it systematically
underestimates monthly variability, particularly
for temperature, a pattern consistently observed at
all three stations (Figure 4).
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Figure 4. Monthly mean and standard deviation for minimum and maximum temperature and precipitation

3.3. Climate change in 2040

The patterns presented in Figure 5 show that
annual mean temperature in all three stations,
Quchan, Sabzevar, and Torbat-e Jam has an
increasing trend in the future (2040) under
different emission scenarios. A  baseline
comparison of 2010-2024 with future scenarios
shows that this increase is relatively limited in the
low-emission scenario SSP1-2.6, but becomes
more pronounced in the intermediate scenario
and especially the high-emission scenario SSP5-
8.5. The highest temperature is observed in
Quchan, where the mean temperature rises from
12.7°C to 14.1°C in the SSP5-8.5 scenario.
Zenozi Alamdari et al. (2025) showed that in all
scenarios, annual temperature will increase by 0.3
to 2.8°C in all regions of Khorasan Razavi
Province by 2100. The results of the study by
Usta et al. (2022), using 22 CMIP6 models
showed that Iran will reach the warming
thresholds of 1.5, 2.0 and 2.5°C faster than the
global average. The trends show that warming in
Iran is more severe than the global mean. Recent
studies, such as Naderi et al. (2025), have shown
that under the SSP5-8.5 emission scenario, Iran

will face a significant increase in temperature in
all seasons, especially in summer when the
greatest intensity of warming occurs. Zynal
Zadeh et al. (2025) demonstrated, by studying the
Torbat-Heydariyeh and Kashmar stations, that
under the SSP2-4.5 and SSP5-8.5 scenarios,
extreme climate indices such as minimum and
maximum temperatures and heavy precipitation
will increase between 2026 and 2100.

While the present analysis focuses primarily on
changes in mean climatic variables, it is
important to note that extreme events, such as
heatwaves, drought episodes, and intense
precipitation, play a decisive role in wheat growth
and vyield stability. Recent studies in Iran have
shown that under high-emission scenarios, the
frequency and intensity of extreme temperature
indices, including very high maximum
temperatures and warm nights, are projected to
increase substantially (Najafi et al., 2024). Such
extremes can induce heat stress during sensitive
phenological stages, accelerate crop
development, reduce grain filling duration, and
intensify water deficits even when mean
temperature changes appear moderate.
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Figure 5. Changes in average temperature

According to Figure 6, the results indicate that
under future climate scenarios, precipitation will
increase by 11 to 38%, while reference
evapotranspiration is expected to decrease by 8-
32%. It should be noted that spatial and seasonal
heterogeneity of precipitation is highly important.
Some models show increases in winter and
decreases in summer (Usta et al., 2022; Naderi et
al., 2025), which convey different implications
for water resource management and agriculture.
The reduction in reference evapotranspiration in
future scenarios is primarily associated with a
decrease in the amplitude of daily temperature
fluctuations. The results indicate that the
minimum temperature increases by up to 2.2°C,
while the maximum temperature changes range
from -0.8 to +1°C. This convergence between
minimum and maximum temperatures reduces
the slope of the daily thermal gradient and,
consequently leads to a decline in reference
evapotranspiration.

The  projected decrease in  reference
evapotranspiration (ETo) under future climate
scenarios, despite increasing air temperature, is
primarily attributed to a substantial reduction in
the diurnal temperature range (DTR). In the

studied region, minimum temperature exhibits a
stronger increase compared to maximum
temperature, resulting in a pronounced narrowing
of DTR. Because the Hargreaves—Samani
equation is  highly sensitive to the
(Tmax—Tmin)*® term, the reduction in DTR
exerts a dominant influence on ETo and
outweighs the effect of the moderate increase in
mean temperature. From a physical standpoint, a
declining DTR is a well-established indicator of
climate change and is often associated with
increased  nighttime  cloudiness,  higher
atmospheric humidity, and reduced net radiative
cooling. These conditions suppress the
atmospheric  evaporative demand, thereby
lowering ETo even under overall warming.
Similar findings have been reported in previous
studies, confirming that changes in the structure
of the daily temperature cycle can significantly
modify evaporative demand and lead to reduced
ETo under warming climates (Wang and Stjern,
2020; Stjern etal., 2020). This reduction can alter
evapotranspiration patterns and plant water
requirements (Unes et al., 2020; Shakoor et al.,
2020).
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Figure 6. Changes in precipitation and reference evapotranspiration

3.4. AguaCrop Model Performance

The results indicate that the model has performed
very well. An NSE of 0.92 shows that 92% of the
variability in the observed data is explained by the
model, which is considered “very good”. An
NRMSE 0f4% (RMSE=0.26 t ha™) reflects very
low error and high predictive accuracy. The CRM
value of +0.04 suggests that the model has a very
slight tendency toward overestimation, but this
bias is minimal and does not meaningfully affect
the overall model quality. Additionally, d = 0.99
indicates an almost perfect agreement between
the simulated and observed data. Similar findings
were also reported by Abedinpour (2021) and
da Conceicdo et al. (2024), who confirmed the
accuracy of the AquaCrop model.

Abedinpour (2021) showed that the AguaCrop
model, with an error range of RMSE = 0.24-0.36
t ha', NRMSE = 6-7.2%, and model
performance values of E = 0.87-0.90 and d =
0.90-0.93, is capable of accurately simulating
wheat yield under conditions of water stress and
varying nitrogen supply. da Concei¢ao et al.
(2024) reported that the AquaCrop model showed
acceptable accuracy in simulating bean yield,
with a high R?, an RMSE on the order of several
hundred kilograms per hectare, an NRMSE below
15%, and a Willmott agreement index (d) ranging
from 0.80 to 0.90.

3.5. Wheat yield and water productivity
analysis in 2040

The results indicate that wheat yield increases
across all three stations under every climate
scenario by 2040 (Table 8), with the greatest
enhancement occurring under the SSP5-8.5
scenario. Various studies in Iran and around the
world have shown that wheat yield will increase
in some regions under future climate scenarios,
especially under SSP5-8.5, during the first half of
the century (Mirshekari et al., 2025; Ahmadi et
al., 2024; Ye et al., 2020). For example, research
in the arid regions of southeastern Iran has shown
that wheat yield will increase significantly by
2050 under SSP2-4.5 and SSP5-8.5, mainly due
to the effect of high CO: concentration and
improved water use efficiency (Mirshekari et al.,
2025).

In colder regions such as East Azerbaijan, an
increase in yield of up to 16% has also been
reported, which is attributed to a longer growing
season and more suitable temperature conditions
for photosynthesis (Nazari et al., 2021). Global
IPCC ARG6 data also confirm that at higher
latitudes, wheat yields will increase under SSP5-
8.5 in the first half of the century, although the
negative effects of warming will dominate by the
end of the century (IPCC, 2021b). Simulation
studies in China and Central Asia also show that
wheat yields will increase under SSP5-8.5 in the
2020-2050 period, especially in semi-arid
regions, mainly due to improved photosynthesis
under high CO: conditions and a shift in the
timing of plant growth (Ye et al., 2020).
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Table 8. Changes in wheat yield in 2040 under different climate scenarios

Station Name 2010 2024 2040-SSP1-2.6 2039-40-SSP2-4.5 2039-40-SSP5-8.5
Sabzevar 6140 7257 7914 7990 8402
Quchan 7283 7679 8114 8269 8408

Torbat-e Jam 5438 6947 7314 7346 7695

The average wheat yield has increased from
6259.6 kg in 2010 to 7287.4 kg in 2024 and is
projected to reach 8211.7 kg under the SSP5-8.5
scenario, reflecting a sustained upward trend in
yield. At the same time, water productivity (WP)
has improved by about 13% compared to 2024
(Figure 7). According to the results of Soltani et
al. (2019), water productivity in Khorasan
province is estimated to be 1.7 kg/m? on average.

The results of this study also show that under
conditions of full irrigation and appropriate
agricultural management water productivity
increases to 2.09 kg/m?® by 2050 under the RCP
8.5. Moreover, Zeinali Mobarakeh et al. (2018)
reported reported that wheat yield in 2050 would
increase by 1 to 13% under the RCP emission
scenarios.
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Figure 7. Changes in wheat yield and water productivity under different climate scenarios in Khorasan Razavi

3.5. Sustainability Perspective

Increasing wheat yields in future scenarios, even
with an upward trend in average yield, does not
necessarily indicate long-term sustainability of
production. It has been repeatedly emphasized in
the scientific literature that yield growth in
climate scenarios can be short-lived or highly
dependent on specific modeling assumptions, and
in practice may be influenced by a set of negative
factors resulting from climate change (Xu et al.,
2024; Zare et al., 2025). while increasing
temperature and carbon dioxide concentrations
may accelerate plant growth and increase yield in
the short term over the long-term, they can

Province

shorten the life cycles of pests and diseases and
increase their number of generations. Studies
show that many key wheat pests, such as aphids
and wheat thrips, produce additional generations
and exhibit greater damage severity at higher
temperatures (Skendzi¢ etal., 2021). The findings
suggest that climate change could reduce the
effectiveness of natural enemies of pests and
increase the risk of future pest outbreaks (Wang
et al., 2024). This could offset part of the yield
advantage projected in future scenarios or even
lead to yield reductions.

On the other hand, increasing temperatures and
changing precipitation patterns can exacerbate
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physiological stresses such as heat stress during
the flowering stage, reduced grain filling, and
increased evaporation from the soil surface
(Mirosavljevi¢ et al., 2024; Qi et al., 2022). Even
if precipitation increases in some scenarios, its
temporal distribution may become more
irregular, with heavy and short-term rainfall
events occurring instead of more uniform rainfall,
thereby reducing water use efficiency (Suo et al.,
2025). This issue has been highlighted in IPCC
reports as one of the main challenges for
agriculture in arid and semi-arid regions. Another
important factor is the decline in soil quality due
to increasing temperatures, enhanced erosion,
and a decrease in organic matter. Even in
conditions where vyields increase, long-term
sustainability of production requires maintaining
soil health; otherwise, the production system
becomes increasingly fragile (Guerra et al., 2020;
Nykytiuk et al., 2025).

Moreover, increasing CO-, which is one of the
potential reasons for yield increases in some
scenarios, can lead to a reduction in the protein
content and nutritional quality in the long term,
which in turn poses a threat to food security
(Marcos-Barbero et al., 2021). Finally, although
water productivity (WP) improves by about 17%
in future scenarios compared to 2024, this
indicator may also be vulnerable to climate
fluctuations.  Increased  temperatures and
evaporation can raise the actual water
requirement of the plant, and this improvement in
WP will not be sustainable if water resources are
limited. Overall, although the modeling shows an
increase in yield and water productivity, a
combination of climatic, biological and soil
factors suggests that the sustainability of this
trend is not certain and requires adaptive
management, cultivar improvement, pest control,
and optimal management of water and soil
resources (Dehghani et al., 2025; Akhavan
Giglou et al., 2023., Basereh et al., 2024).

4. Conclusion

The results of this study showed that climate
change will affect temperature, precipitation,
evapotranspiration, and ultimately wheat yield
and water productivity in Khorasan Razavi
Province by 2040. Data analysis shows that the
increase in average temperature is more

influenced by the increase in minimum
temperature. This increase in temperature is
especially important in colder stations such as
Quchan because it can alter the length of the
wheat growth period and plant's water
requirement. In terms of precipitation, the results
showed that annual precipitation will increase
between 11 to 38% in the future. The sustained
yield growth indicates that wheat vyield in
Khorasan Razavi Province will benefit from
climate change and increased CO». Moreover, the
increase in atmospheric CO, concentration can
have positive effects on photosynthesis and
biomass production, which is explicitly
incorporated into the AquaCrop model.

Overall, although the modeling results indicate
that wheat yield and water productivity will
increase by 2040, this improvement does not
necessarily ensure long-term sustainability of
production. Climate change can negatively affect
the sustainability of the production system
through various pathways, including an increase
in pest generations, intensifying plant diseases,
the occurrence of heat stresses at critical stages of
growth, shifts in the temporal distribution of
precipitation, and declines in soil quality.
Therefore, the continuation of this increasing
trend will only be reliable if it is accompanied by
adaptive management, the development of
resistant cultivars, improved water and soil
management, and integrated pest control. In other
words, the increase in yield observed in future
scenarios is an opportunity, but without
management  interventions and  climate
adaptation, it cannot be considered a sustainable
or guaranteed trajectory.

The results obtained can be used as a scientific
and practical reference for future planning in the
field of water resources management, increasing
agricultural productivity, and promoting food
security in Iran. Therefore, it is recommended
that policymakers and agricultural managers,
taking these results into account, develop and
implement climate change adaptation strategies at
the provincial and national levels to reduce the
risks of climate change and capitalize on potential
opportunities to increase production and
productivity. This study, despite providing
valuable results, has several limitations. First,
climate and crop yield estimates were based on
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the output of simulation models, and their
accuracy depends on the assumptions and
inherent uncertainties of the models. Also, some
climate variables such as relative humidity, or
wind speed were not simulated in future
scenarios. A limitation of the Hargreaves—Samani
method is that it does not account for wind speed,
humidity, or net radiation, which may also change
under future climate conditions and influence
ETo.

Moreover, complex biological processes such as
pest population dynamics, crop diseases, and
long-term changes in soil quality were not fully
represented in the modeling framework. These
factors can substantially influence crop growth,
stress  responses, and ultimately yield
sustainability, particularly under future climate
conditions where pest outbreaks and disease
pressures may intensify. The absence of these
biological interactions introduces an additional
source of uncertainty, as the model primarily
focuses on climatic and physiological drivers of
yield. Finally, the results are specific to the
environmental characteristics and temporal scope
of the study area, and caution is required when
extrapolating these findings to other regions with
different agro-ecological conditions. Further
research incorporating biological stressors and
broader spatial scales is recommended to enhance
the robustness and generalizability of the
conclusions.
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