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Abstract
Climate change has a substantial impact on Chinese canola production, introducing a high level of uncertainty regard-
ing future climatic conditions and their potential impact on canola production and gross margins. This study focused 
on identifying the optimal irrigation strategy to enhance the profitability of canola production in the Guanzhong Plain 
under future climate change conditions. In this study, we used the calibrated Agricultural Production Systems sIMula-
tor (APSIM)-Canola model with the downscaled daily climate projections from 27 general circulation models (GCMs). 
These simulations were conducted under two Shared Socio-economic Pathways scenarios (SSP245 and SSP585) to assess 
the impact of climate change on canola phenology, rainfed and irrigated crop yield. We also conducted a gross margin 
analysis to assess the profitability dynamics of supplying irrigation to rainfed canola crop. An increase in rainfed canola 
yield was observed for all simulation periods, with an average increase of 11%, 15%, and 17% for the 2030s, 2060s, and 
2090s, respectively. Supplementary irrigation using a threshold of 10–60% of plant available water capacity (PAWC) was 
found to be effective. Overall, it led to a 28% increase in yield for rainfed and an 85% improvement in gross margin. 
Beyond the threshold of 60% PAWC, additional irrigation did not result in statistically significant increases in yield and 
gross margin. We identified the optimal amount of irrigation for achieving maximum water productivity (WP) ranges from 
85 to 150 millimeters. By avoiding irrigation when the soil’s plant available water capacity (PAWC) is over 60%, up to 
44% of water can be saved. These findings could be useful for policymakers and farmers in planning for sustainable and 
enhanced canola production in the region.
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Introduction

Climate change driven by global warming and character-
ized by increased global temperature and shifts in precipi-
tation patterns, has become a megatrend that will generate 
significant global shifts in the future (IPCC 2018, 2023). 
China has experienced significant temperature and precip-
itation changes over the last 20 to 30 years, with notable 
higher temperatures of 1.3–3.3  °C and inconsistent intra-
annual precipitation distribution (Chen 2020; NIC 2009; 
Zhang and Zhou 2019). These changes have both positive 
and negative impacts on Chinese agriculture production, 
affecting crops such as wheat, maize, and oilseed crops. For 
instanceSaddique et al. (2020a); Xie et al. (2020) reported 
the adverse effects of changing climate conditions on Chi-
na’s maize yield, which declined by 33%, and wheat yield, 
which reduced by 4.3%. Liu et al. (2021) observed simi-
lar detrimental impacts on regional oilseed crops, specifi-
cally indicating a negative influence on canola yield, with 
a decline of 800 kg/ha. In contrast, Guo et al. (2022) and 
Tian et al. (2018) reported that climate change can lead to 
a positive impact on canola yield, with 11.3% increase in 
yield and projected increases of 0.34–1.64 million tons by 
2050, respectively.

China is among the major producers and consumers 
of canola oil in the world, and it produces nearly 18% of 
the world’s canola seed (FAO 2019). The canola yield in 
regions of China impacted by climate change continues to 
exhibit notable variability compared with other crops (Cui 
et al. 2022). This variability has made it challenging to meet 
the growing demand for canola in China (Jannat et al. 2022). 
The increasing demand for canola has attracted renewed 
management practices and efforts to improve yield under 
future climate change (Liu et al. 2021). These management 
practices include better irrigation scheduling and the modi-
fication in the planting date to mitigate the adverse effects 
of climate change (Mandryk et al. 2017; Lobell 2014). He et 
al. (2015) found that irrigation could effectively sustain and 
increase canola production amid future climate variability. 
For instance, in regions where water is scarce, cultivated 
grain crops that receive proper irrigation produce a higher 
yield per unit of land than rainfed crops (Muleke et al. 2022; 
Saddique et al., 2020a, b). Considerable yield gain due to 
irrigation application also improves the overall profitability 
in Canola production (Meier et al. 2020).

In general, crop gross margins vary across farms and 
years due to fluctuations in commodity prices, yields, water 
usage, and variable costs, including fertilizer, fuel, trans-
portation, repairs, maintenance, labor, etc. Especially, in 
drought-prone regions such as Guanzhong Plain in China 
(Wu et al. 2017), the provision of irrigation in terms of both 
time and quantity can be pivotal to have profitable crop 

yields. A good cropping season with ample water supply, 
whether through sufficient precipitation or irrigation, play 
a pivotal role in mitigating the variability of input costs. 
In addition to optimal yields, higher commodity prices 
help sustain profitability. Moreover, this provides a strong 
rationale for investing in infrastructural enhancements to 
improve on-farm water management (Ali et al. 2017; Zou 
et al. 2021). Climate change and seasonal variability can 
increase the volatility of crop-related profits in Guanzhong 
Plain by disrupting the irrigation supply demand ratio dur-
ing drought periods (Wang et al. 2019; Wu et al. 2017; 
Zhang et al. 2021). Droughts can lead to increased demand 
for irrigation water, potentially impacting the water prices 
in Guanzhong Plain (Shen et al. 2020; Tang et al. 2015). 
The increase in demand for water leads to a considerable 
increase in the prices of water (Chen et al. 2014; Wang et 
al. 2016; Wen et al. 2023; Zhong et al. 2015). Considering 
the increasing water price and occurrence of extreme events 
like droughts, farmers have to consistently adjust their farm 
management strategies to ensure reasonable farm profits 
(FAO 2015). For instance, optimized irrigation strategies 
can maintain the farmer the profit, as suggested by Tang et 
al. (2020).

Crop modeling is an effective approach for simulating 
crop interactions with climate, water, soil conditions, and 
management practices (Xing et al. 2017), and can be further 
linked to input costs and net income from farm-produced 
commodities. A modelling approach can identify strate-
gies for improving productivity and resource efficiency in 
various environments, seasons, and management scenarios 
(Wang et al. 2022). Several previous crop modeling stud-
ies have focused on different crops (maize and wheat) to 
assess the climate change impacts on crop phenology, crop 
ideotypes, planting date, and irrigation scheduling (Lin et 
al. 2017; Saddique et al. 2019; Xiao et al. 2020). However, 
the impact of climate change on canola production and its 
profitability under different irrigation scenarios has not 
been studied in Guanzhong region. Some existing model-
ing work on canola in China Xia et al. (2022), who used 
APSIM model to identify the optimal planting date for 
canola in Inner Mongolia under varying precipitation years 
and investigated the suitability of canola planting under wet 
and dry years. He et al. (2017) investigated genotype, envi-
ronment and management interactions for canola yield in 
China using APSIM, and highlighted the favorable impacts 
of improved radiation use efficiency in wet regions and 
enhanced transpiration efficiency in dry region.

In this study, we calibrated the APSIM model for canola 
with three-year field experimental datasets on crop phe-
nology, crop yield, biomass, and crop management. The 
calibrated model was used to assess the impacts of climate 
change on canola production and its profitability with future 
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climate data statistically downscaled from 27 global cli-
mate models (GCM) from Coupled Model Intercomparison 
Project phase 6 (CMIP6). Such coupling of climate change 
focused crop modeling and profitability of canola produc-
tion in Guanzhong Plain fill the gap in knowledge for the 
producers, agriculture education, planning and policy mak-
ers. Unlike most of the crop modeling studies that overlook 
the economic element of crop production, this study pro-
vided a novel insight into the canola production’s adaptabil-
ity in the region in connection with variation in future profit 
margins, which has not been previously explored.

The objectives of this study were to (1) Evaluate the 
APSIM-Canola performance using three years of field 
experiment data in Guanzhong Plain; (2) Predict how 
altering climatic conditions will impact the phenology 
and production of canola in the future; (3) Determine the 
most effective irrigation strategy approaches for optimiz-
ing canola production, water productivity, and gross margin 
under future climate.

Materials and methods

Study area

In this study, the crop data was extracted from experimen-
tal work conducted by Gu et al. 2019 at Key Laboratory of 
Agricultural Soil and Water Engineering, Northwest A&F 
University, Shaanxi Province, China. The specific location 
is illustrated in Fig.  1 (Coordinates: 34°18′N, 108°24′E, 
Elevation: 506  m above sea level). The study area falls 
within a sub-humid to semi-arid climate zone, characterized 
by an average annual temperature of 12.9  °C. The mean 
annual maximum and minimum air temperatures recorded 
are 40 °C and − 8.4 °C, respectively. The total annual grow-
ing degree unit is 2544 GDU, and the annual precipitation 
amounts to 548 mm. Daily measurements of maximum and 
minimum air temperature (°C), precipitation (mm per day), 
and solar radiation for the years 2014–2017 were obtained 
from the Yangling meteorological station, which is conve-
niently located adjacent to the open field experimental site. 
The data can be accessed at http://data.cma.cn. The details 
of the experiment can be found in the supplementary file.

Fig. 1  Study area location: Yangling, located in the Guanzhong Plain, Northwest China
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The IPCC AR6 has recently developed climate projec-
tions based on atmospheric CO2 concentration, known as 
Shared Socio-economic Pathways scenarios (SSP), which 
encompass a range of plausible forcing scenarios using 
CMIP6 data. For this study, SSP245 and SSP585 were 
selected due to their more accurate representation of current 
radiative forcing and emissions conditions, as indicated by 
He et al. (2022). Additionally, these SSPs were chosen for 
statistical downscaling as they provide raw monthly GCMs 
simulated temperature data.

For future daily climate projections data, a statistical 
downscaling method based on a weather generator developed 
by the New South Wales Department of Primary Industries 
at Wagga Wagga Agricultural Institute (NWAI-WG) was 
employed, as detailed by Liu and Zuo (2012). This method 
involves first spatially downscales the GCM simulations 
specific to the site through inverse distance-weighted inter-
polation, followed by a bias correction using the observed 
historical climate data. Finally, the bias-corrected monthly 
GCM projections were downscaled to the daily temperature 
time series using a modified stochastic weather generator 
(Richardson and Wright 1984). This downscaling method 
has been widely utilized in other climate change research 
projects (Liu et al. 2014; He et al. 2022; Wang et al. 2015). 
Importantly, the NWAI-WG approach also considers inter-
annual variations of precipitation, radiation, and tempera-
ture (Liu and Zuo 2012; Anwar et al. 2015), enhancing the 
accuracy of predictions for future climate conditions. In this 
study, we compared climatic parameters between the base-
line period of 1961–2010 and three future periods: 2030s 
(2020–2039), 2060s (2050–2069) and 2090s (2080–2099).

 APSIM model

In our study, we employed the Agricultural Production Sys-
tems sIMulator (APSIM) to simulate how canola grows and 
develops at our research site. APSIM has proven to be suc-
cessful in predicting crop yield at the field level (Holzworth 
et al. 2014). APSIM  incorporates key components includ-
ing water balance, crop simulation, cropping system analy-
sis, intercropping, and soil water interactions with crops, 
adaptive cropping systems, and land use models (Keating 
et al. 2003). This  commonly used crop model has been 
widely applied to simulate various crops, including maize 
in Guanzhong Plain, Northwest China (Xu et al. 2021), and 
its process-based modeling framework allows simulating 
canola as well. APSIM-Canola, has been applied to numer-
ous canola cultivars globally under different management 
and climate (Wang et al. 2022). We used APSIM-Canola 
model  Version 7.7 for our study, because it has been vali-
dated using field trial data sets under similar environmental 
conditions and therefore provides consistent research with 

Climate data

 Historical climate data

Over a 50-year span from 1961 to 2010, historical climate 
data was collected from the Chinese meteorological admin-
istration’s weather station near the Wugong experimental 
site in Shaanxi province, specifically located in Yangling 
(34°18′N, 108°24′E). The historical climate data included 
maximum and minimum temperatures (°C), precipitation 
(mm) and solar radiation (MJ m− 2).

Future climate data

Future monthly gridded climate data from 27 GCMs 
employed in the Coupled Model Intercomparison Project 
Phase 6 of the Intergovernmental Panel on Climate Change 
(CMIP6 IPCC AR6) were obtained from ​h​t​t​p​s​:​/​/​p​c​m​d​i​.​l​l​n​l​
.​g​o​v​/​C​M​I​P​6​/​​​​​. Table 1 provides detailed information about 
the GCMs. The climate data included maximum and mini-
mum temperature, precipitation and solar radiation.

Table 1  List of 27 CMIP6 global climate models (GCMs) under 
SSP245 and SSP585 climate scenarios used in the study
Model ID Name of GCM Institute ID a Country
01 ACCESS-CM2 BoM Australia
02 ACCESS-ESM1-5 BoM Australia
03 BCC-CSM2-MR BCC China
04 CIESM THU China
05 CMCC-CM2-SR5 CMCC Europe
06 FGOALS-g3 FGOALS China
07 NESM3 NUIST China
08 CanESM5 CCCMA Canada
09 CanESM5-CanOE CCCMA Canada
10 CNRM-CM CNRM France
11 CNRM-CM6-1-HR CNRM France
12 CNRM-ESM CNRM France
13 EC-Earth3 EC-EARTH Europe
14 EC-Earth3-Veg EC-EARTH Europe
15 GFDL-ESM4 NOAA GFDL USA
16 GFDL-CM4 NOAA GFDL USA
17 GISS-E2-1-G NASA GISS USA
18 HadGEM3-GC31-LL MOHC UK
19 INM-CM4-8 INM Russia
20 INM-CM5-0 INM Russia
21 IPSL-CM IPSL France
22 MIROC6 MIROC Japan
23 MIROC-ES2L MIROC Japan
24 MRI-ESM2-0 MRI Japan
25 MPI-ESM1-2-HR MPI-M Germany
26 MPI-ESM1-2-LR MPI-M Germany
27 UKESM1-0-LL Met Office UK
a: For full institution names corresponding to each Institute ID, 
please refer to the official CMIP6 institution list: ​h​t​t​p​s​:​​​/​​/​w​c​r​​p​-​​c​m​i​​​p​.​g​​
i​t​h​​​u​b​​.​​i​o​​/​C​M​​​I​P​6​​_​​C​​V​s​/​​​d​o​c​​s​/​C​​​M​I​P​​6​_​i​n​s​t​i​t​​u​t​i​​o​n​_​i​d​.​h​t​m​l
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evaluated its accuracy. Simulated soil moisture  content was 
similar to observed data, further validating the capabilities 
of the model to simulate soil water balance. (detailed results 
are provided in the supplementary material).

d = 1 −

[ ∑ n
i=1(Pi − Oi)2

∑ n
i=1(

∣∣Pi
′ ∣∣ +

∣∣Oi
′ ∣∣ )2

]
, 0 ≤ d ≤ 1� (1)

Whrere n = number of observations, Pi = predicted 
and Oi = observed values of ith measurement and 
P ′

i = Pi − Ō; O′
i = Oi − Ō, mean of observed values 

are represented by Ō. Higher d-index value means  better 
fit between simulated and observed data. The nRMSE was 
calculated by using Eq. (2).

nRMSE = RMSE × 100
Ō

� (2)

Root mean square error (RMSE) was determined by Eq. (3).

RMSE =

√∑ N
i=1 (Pi − Oi)

2

n
� (3)

For the comparison of simulated and  observed values, the 
nRMSE criteria is classified into excellent (nRMSE < 10%), 
good (10% ≤ nRMSE < 20%), fair (20% ≤ nRMSE < 30%), 
and poor (nRMSE ≥ 30%).

 Gross margin calculation

The gross margin (GM) was calculated as outlined by Li et 
al. (2017).

GM = (1 − T ) × P × Y × −CS − CI − CO − Cf − Cpc − Ct − Ch� (4)

Where T represents the government levy, P stands for the 
grain price in Chinese Renminbi per hectare (RMB kg− 1), 
Y denotes the crop grain yield in kilograms per hectare (kg 
ha− 1), and Cs, CI, CO,, Cf, Cpc, Ct, and Ch correspond to the 
costs associated with sowing, irrigation, canola oil price, 
fertilizer, pest control, tillage, and harvest, respectively, all 
measured in Chinese Renminbi per hectare (RMB ha− 1), 
respectively. The economic cost associated with field man-
agement practices were detailed and provided in Table 3.

Configuring the model for future simulations

The canola planting window for our study was determined 
to be from 10 September to 25 September, as this timeframe 
aligns with the typical canola sowing dates in the region 

previous studies. Xu et al. (2021) also applied APSIM 7.7 in 
Northwest China, validating  its applicability and reliability 
in this region and for more detailed information, interested 
individuals can visit the APSIM model website at ​h​t​t​p​s​:​/​/​w​
w​w​.​a​p​s​i​m​.​i​n​f​o​/​​​​ APSIM-model.

Model evaluation

The model was calibrated using soil data (loamy soil), 
weather data and crop data (such as phenology, grain yield, 
biomass, evapotranspiration, WP, and oil production) 
obtained from the full irrigation treatment in the experi-
ment conducted over three growing seasons (2014–2017) 
as documented by Gu et al. (2019). This approach is simi-
lar to the methods employed by Kothari et al. (2019). The 
APSIM-Canola model was used to estimate the cultivar 
coefficients for the winter canola crop based on these data. 
Additionally, the genetic coefficients for the winter canola 
cultivar (Shaanyou No. 107) in the APSIM model were 
determined through a trial and error approach to achieve 
comparable simulation results with the observed values, 
as described by Mavromatis et al. (2001). The simulations 
were terminated once they met the statistical requirements 
between the observed and simulated data, as outlined by 
Hunt and Boote (1998). The resulting genetic coefficients 
for the APSIM model are presented in Table 2. The model 
evaluation was evaluated using statistical analyses such as 
d-index (Willmott 1982) (Eq. 1), coefficient of determina-
tion (R2), and normalized root mean square error (nRMSE) 
(Eq. 2) between the simulated and observed data. The model 
evaluation indicated good agreement between the simulated 
and observed ET,  indicating that the model is capable of 
reproducing crop water use. Similarly, simulated water pro-
ductivity was consistently comparable  to observed values. 
Furthermore, crop yield and biomass were calibrated and 
validated in the model, demonstrating strong agreement 
with observed data. As soil moisture content is essential for 
ET,  water productivity and biomass accumulation, we also 

Table 2  Genetic coefficients for APSIM Canola cultivar ‘shaanyou 
107 _’ calibrated with data from the experiments of 2014–2015, 2015–
2016 and 2016–2017
Parameters Values Description
tt_emergence 650 Thermal time from emer-

gence to end juvenile
stage (◦d)

tt_end_of_juvenile 580 Maximum thermal time 
required to complete the
juvenile process at no 
vernalisation

tt_start_grain_fill 750 Cumulative thermal time 
required for grain-
filling

tt_flowering 200
hi_max_pot 0.30 Harvest index
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an appropriate amount of irrigation water was applied to 
restore the soil moisture to field capacity (FC).

Results and discussion

Predicted climate conditions in future climate 
scenarios

The maximum and minimum temperatures during the base-
line seasonal period (September to May) from 1961 to 2010 
in Yangling were 18.9 °C and 8.7 °C, respectively. Figure 2a 
and b illustrate the projected changes in seasonal maximum 
and minimum temperatures during the winter canola grow-
ing season (September to May) at Yangling, based on down-
scaled data from an ensemble of 27 Global Climate Models 
(GCMs) under the SSP245 and SSP585 scenarios, relative 
to the baseline period (1961–2010). Both scenarios indicate 
an increase in maximum temperature of 1.7 °C and mini-
mum temperature of 1.3 °C by the 2030s. In the 2060s, sea-
sonal maximum temperature is projected to rise by 2.7 °C 
(SSP245) and 3.7  °C (SSP585), while seasonal minimum 
temperature is projected to rise by 2.1  °C (SSP245) and 
2.9  °C (SSP585). By the 2090s, the seasonal maximum 
temperature is expected to increase by 3.5  °C (SSP245) 
and 5.5 °C (SSP585), and the seasonal minimum tempera-
ture is projected to increase by 2.8 °C (SSP245) and 4.8 °C 
(SSP585).

The projected changes in seasonal precipitation varied 
among the GCMs. Some GCMs predicted a decrease in pre-
cipitation for the 2030s and 2060s (Fig.  2c), while others 
indicated the opposite trend. However, an overall maximum 
increase in precipitation was observed for the 2090s. The 
multi-GCM ensemble predicted increased precipitation for 
both scenarios compared to the baseline. In the 2030s, pre-
cipitation increased by 6.1% under SSP245 and 4.6% under 
SSP585. For the 2060s and 2090s, it was projected to rise 
between 9.9% and 24.7% for both scenarios.

These climate change results from the ensemble of 27 
GCMs under both scenarios for the Guanzhong plain region 
generally align with the findings of Wu et al. (2022), who 
reported a gradual increase in both temperature and precipi-
tation for this study area. Regarding mean seasonal daily 
radiation, the baseline value from 1961 to 2010 at Yangling 
was 13.0 MJm− 2. The multi-GCM ensemble projected a 
decrease in radiation by -2.35% under SSP245 and − 1.1% 
under SSP585 for the 2030s. However, by the 2060s and 
2090s, radiation was projected to increase by 2 to 4.76% 
(Fig.  2d). Additionally, it was observed that the projected 
radiation of SSP585 increased more than SSP245 for both 
the 2060s and 2090s.

(Secchi et al. 2023). Each year, canola was sown when 
the cumulative precipitation over a 4-day period exceeded 
20 mm or upon reaching the end of the sowing timeframe. 
Additionally, 180 kg/ha of nitrogen fertilizers was used at 
the time of sowing. The model simulated baseline canola 
yield, phenology, irrigation amount, water productivity and 
gross margin with baseline climate data from 1961 to 2010 
and a CO2 concentration of 350 ppm. For future projections, 
we simulated canola yield, phenology, irrigation amount, 
water productivity, and gross margin from the 2030s to 
2090s under two climate change scenarios (SSP245 and 
SSP585). The CO2 concentrations for SSP245 and SSP585 
were calculated using the approach outlined by Bai et al. 
2022.

To prevent emergence failure and the effects of abnor-
mal residual soil water carrying-over from previous year 
in the simulations, the initial soil water content was reset 
to 50% of the plant available water capacity (PAWC) two 
weeks prior to sowing. PAWC is defined as the difference 
between the water content at field capacity (FC) and that at 
the wilting point (LL). The simulation was conducted for 
the Yangling site, using soil parameters identical to those 
reported by Xu et al. (2021). The soil depth used for simu-
lations in this region was 1.0  m, aligning with the actual 
root depth of annual crops such as canola. Our investiga-
tion focused on assessing the future irrigation requirements 
for winter canola, specifically targeting the period from the 
2030s to the 2090s. For this, we examined nine distinct 
irrigation strategies, each representing a varying percent-
age of the PAWC, ranging from 10 to 90%. These strategies 
were designed to assess the response of winter canola under 
different irrigation conditions and to pinpoint an optimal 
approach for irrigation. The nine strategies were denoted as 
ARR1, ARR2, and so on, up to ARR9, with ARR0 denot-
ing the rainfed condition. For instance, ARR1 denoted that 
when the soil water content dropped to 10% of the PAWC, 

Table 3  Canola cultivation cost analysis in the field experiment
Sr No. Parameters Cost (rmb) Remarks
1 Labor 300 6 people/mua

2 Machine cultivation 
(tillage)

50

3 Seed for sowing 36 120RMB/kg, 
0.3Kg needed/mu

4 Fertilizers 130 50 kg/mu
5 Pest Control 30 twice,15Rmb/mu
6 Irrigation 0.27/m3 0.27/m3

7 Local price of canola 
grain yield

4.8 4.8/kg, recent 3 
years average

8 Canola Oil Price 10 /kg
9 Harvest 80 /mu
10 government levy% 0 tax free
a: One mu is equivalent to approximately 666.67 square meters or 
0.0667 hectares
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and 2090s under both the SSP245 and SSP585 scenarios. As 
flowering and maturity are predominantly governed by tem-
perature, the projected changes in temperature most likely 
would have a significant impact on these growth stages 
(Qian et al. 2018; Asseng et al. 2015). In general, when con-
sidering the ensemble mean of multiple GCMs (Fig. 3a), the 
flowering period is projected to advance by 9–25 days and 

Crop phenology changes

The findings indicate that the future climate is expected to 
significantly impact the flowering and maturity period of 
canola. As shown in Fig. 3, the projected results demonstrate 
that the flowering and maturity dates are predicted to occur 
earlier across all irrigation strategies in the 2030s, 2060s, 

Fig. 2  Projected changes in growing season (Sep.-May), maximum 
and minimum temperature, mean radiation and precipitation under 
SSP245 and SSP585 at the station. Data were presented as changes 
between 1961–2010 and three future time periods (2030s, 2060s and 
2090s) based on the 27 downscaled GCMs. Each box consists of 27 

values. Box boundaries indicate the 25th and 75th percentiles across 
GCMs, whiskers below and above the box indicate the 10th and 90th 
percentiles. The black lines and crosshairs within each box indicate the 
multi-model median and mean respectively
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to earlier and more pronounced phenological shifts. These 
findings suggest that, overall, the canola growth period is 
expected to be reduced due to projected warming conditions 
in the future, which is consistent with the findings of He et 
al. (2017) and Wang et al. (2022).

Impacts of climate change on rainfed and irrigated 
Canola yield

Under future climate change scenarios, the projected yields 
for both rainfed and irrigated conditions show an overall 
increase compared to baseline levels (Fig. 4). According to 
the multi-GCM ensemble mean, the rainfed yield ARR0 is 
expected to increase by 10%, 14%, and 15% in the 2030s, 

9–34 days during the three periods (the 2030s, 2060s, and 
2090s) under the SSP245 and SSP585 scenarios, respec-
tively. Similarly, the maturity stage is expected to be 8–21 
days and 7–25 days early under the SSP245 and SSP585 
scenarios, respectively (Fig.  3b). These results suggest a 
likely negative correlation between the rise in growing 
season temperature and the timing of flowering and matu-
rity. The increased variation in phenology observed under 
SSP585 in the 2090s is primarily attributed to the intensi-
fied warming associated with this high-emission scenario. 
Projections indicate that maximum temperatures could 
rise by approximately 5.5 °C under SSP585 by the 2090s 
(Fig.  2). This considerable rise in temperature accelerates 
the accumulation of growing degree days (GDD), leading 

Fig. 3  Simulated flowering and maturity days change (compared with 
baseline 1961–2010) in the 2030s, 2060s, and 2090s under SSP245 
and SSP585 using 27 downscaled GCMs for 10 irrigation strategies 
at the station. Box boundaries indicate the 25th and 75th percentiles 

across GCMs, whiskers below and above the box indicate the 10th 
and 90th percentiles. The black lines and crosshairs within each box 
indicate the multi-model median and mean respectively
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observed in certain regions of China by Tian et al. (2018) 
who reported a potential increase in canola yield of 10–16% 
under future climate change. Furthermore, it was observed 
that the increase in rainfed yield was higher in the 2090s 
under the SSP585 scenario. It could be mainly because of 
the elevated CO2 fertilization effect observed under SSP585. 
This effect compensates for potential adverse effects of 
increased temperatures and improvements the probability of 
enhanced photosynthesis for C3 plants (Chavas et al. 2009; 
Kheir et al. 2019). Regression analyses in this study also 
indicate that elevated CO2 levels significantly contribute to 
crop yield (Table 4).

In addition, rainfed yield variability was influenced by 
projected variations in precipitation, which varied 5–25% 
among the 27 GCMs. In addition, the inter-annual variations 
in precipitation resulted differences in soil moisture avail-
ability, a crucial constraint for crop production in dryland 
farming. The variation in soil moisture will likely exert a 
significant impact on projected rainfed canola yields. Our 
findings point to the importance of implementing adap-
tive irrigation strategies compensating for deficiencies in 
soil moisture to sustain canola yield under shifting climate 
conditions. Supplementary irrigation strategies, specifically 

2060s, and 2090s, respectively, under the SSP245 scenario. 
Likewise, in the case of the SSP585 scenario, the rainfed 
yield ARR0 is projected to increase by 11.3%, 16.7%, and 
19% in the corresponding periods. Under irrigation, the 
maximum change was observed in the ARR1 treatment 
compared to other irrigation strategies. The increases in 
irrigated yield for the 2030s, 2060s, and 2090s were 8.8%, 
13%, and 14% under the SSP245 scenario, and 11%, 16%, 
and 18% under the SSP585 scenario, respectively, relative 
to baseline yield. The mean yield of the other irrigation 
treatments (ARR2-ARR9) showed a small difference. The 
increase in yield for these treatments relative to the baseline 
was less than 12% in the 2030s. However, in the 2060s and 
2090s, the increase exceeded 12% under both the SSP245 
and SSP585 scenarios. In terms of yield variation, there 
was slightly higher variability in the projected yield for the 
2090s under the SSP585 scenario compared to the other 
two time periods and the SSP245 scenario across all irriga-
tion strategies (ARR1-ARR9). This could be attributed to 
the larger variation in growing season precipitation during 
the 2090s under the high emission scenario (Fig. 2c). This 
study’s results indicated increase in simulated rainfed and 
irrigated yields in both SSP scenarios. Similar trends were 

Fig. 4  Simulated canola yield during baseline (1961–2010), 2030s, 
2060s, and 2090s under SSP245 and SSP585 using 27 downscaled 
GCMs for 10 irrigation strategies (ARR0: Rainfed, ARR1–ARR9: Irri-
gation strategies). Box boundaries indicate the 25th and 75th percen-

tiles across GCMs, whiskers below and above the box indicate the 10th 
and 90th percentiles. The black lines and crosshairs within each box 
indicate the multi-model median and mean respectively
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CO2 concentration as reported by Uddin et al. (2018). In the 
2090s, there is a slightly higher water productivity (8%) of 
rainfed crop for SSP585 compared to SSP245. This find-
ing is consistent with the research conducted by Xing et al. 
(2019) and Qian et al. (2019) who reported that canola’s 
water productivity (WP) is expected to improve in future 
climate change scenarios due to increased CO2 fertilization.

Applying 85–150  mm of irrigation (ARR1-ARR6) 
resulted in an improvement of rainfed yield by 12–28% 
across the three-time periods under both SSP scenarios 
(Fig. 4). Similarly, when applying 160–210 mm of irriga-
tion (ARR7- ARR9), the rainfed yield showed an improve-
ment of 13–14% in the same time periods. This indicates 
that irrigation strategies from ARR1-ARR6 can be used as 
optimal supplemental irrigation range to enhance yields. 
This finding suggests that canola requires supplementary 
irrigation to achieve reasonable yields in semi-arid regions 
since precipitation alone is insufficient for growth and pro-
duction (George et al. 2018; Zhang et al. 2019). Addition-
ally, the irrigated yield remained largely unchanged after the 
irrigation treatment ARR6. It is important to note that if an 
irrigation treatment with additional water has a similar trend 
to a lower irrigation amount, it can be disregarded (Mpanga 
and Idowu 2021; Zou et al. 2021). However, this may not 
be accurate for all study cases or environment. The decision 
to ignore an irrigation treatment should be based on vari-
ous factors, such as the type of crop being grown, the soil 
type, and the climate conditions (Pereira et al. 2002). Also, 
Hergert et al. (2016) found that by applying 50–67% of full 
irrigation canola yield reached 93–100% and 60–75% of 
potential yield during wet and dry years, respectively. More-
over, in this study the ARR1 irrigation treatment showed 
high water savings ranging from 2.2 to 80% compared to 
other irrigation strategies (ARR2-ARR9) across the three 
time periods under both SSP scenarios as depicted in Fig. 6. 
Based on this observation, it may be beneficial to consider 

ARR1-ARR6, demonstrated that growers could potentially 
elevate the rainfed yield potential by adopting a deficit irri-
gation approach from 85 to 150  mm. Similarly, Wang et 
al. (2023) found that optimizing irrigation regimes could 
maintain and enhance crop yields in changing climates con-
ditions. Moreover, our findings mirror the observations in 
previous literature, where climate change has shown posi-
tive influence on canola yield, particularly in rainfed scenar-
ios (Tian et al. 2018). The increase in the crop yield relative 
to the baseline in our study reinforces this argument.

Impacts of climate change on irrigation amount and 
water productivity

To determine the most effective irrigation strategy for maxi-
mizing canola yield under future climate change scenarios, 
we simulated nine distinct irrigation treatments (Fig. 5). It 
was observed that the irrigation amounts decreased across 
all climate change scenarios and projected time periods. The 
most significant reduction in irrigation, 30%, occurred in 
the 2090s under the SSP585 scenario, while the least was in 
2030 under SSP245. This decrease can be attributed to the 
predicted increase in precipitation in future periods under 
both climate change scenarios (Fig. 2c) and also our regres-
sion model exhibited that 1% increase in canola growing 
season precipitation led to a 1.4% increase in canola yield 
(Table 4). Furthermore, the projected increase in CO2 con-
centration and the shortening of crop growth duration as a 
result of rising temperatures under future climate change are 
both factors that contribute to a decreased necessity for irri-
gation (Tian et al. 2023). Moreover, the projected increase in 
atmospheric CO₂ levels under future climate scenarios dem-
onstrated a positive effect on canola water productivity. This 
could be linked to increased water productivity in canola 
at the leaf level where net photosynthetic assimilation rate 
increases and stomatal conductance decreases under higher 

Table 4  Coefficients of multiple linear regression for APSIM-simulated yield change as a function of climate variables and irrigation
Treatment a b c D e R2

ARR0 1.40 -38.69 -0.38 145.49*** - 0.83
ARR1 1.02 -44.14 -0.60 153.48*** -1.02* 0.83
ARR2 6.93*** 9.12 -2.80 75.17** 3.17** 0.83
ARR3 11.76*** 42.69 2.77 52.87* 5.96*** 0.87
ARR4 11.54*** 47.10* -0.52 57.35** 6.27*** 0.90
ARR5 10.94*** 66.52** 2.43 53.61** 5.76*** 0.88
ARR6 12.70*** 83.82*** 5.96 31.91 7.45*** 0.91
ARR7 12.88*** 83.47*** 3.78 36.30* 7.20*** 0.90
ARR8 13.20*** 86.05*** 4.64 23.56* 8.67*** 0.92
ARR9 13.24*** 81.03*** 6.46* 21.74 9.69*** 0.92
Note: The multiple linear regression model describes APSIM-simulated yield change (ΔY, kg ha⁻¹) as a function of changes in growing season 
precipitation (ΔPrcp, %), mean temperature (ΔTmean, °C), solar radiation (ΔRad, %), CO₂ concentration (ΔCO₂, 100 ppm), and irrigation 
amount (ΔIrri, %). The model follows the form: ΔY = aΔPrcp + bΔTmean + cΔRad + dΔCO₂ + eΔIrri. *, *, and *** indicate significance levels at 
P = 0.05, P = 0.01, and P = 0.001, respectively
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Impacts of climate change on Canola gross margin

Our simulation results indicate that the impact of climate 
change on the gross margin differs significantly between 
rainfed and irrigation scenarios. In the rainfed gross mar-
gin, all climate change scenarios showed an improvement 
of up to 38% relative to the baseline gross margin (Fig. 7). 
The results suggest that the yield of canola crops is likely 
to increase in regions where climate change is favorable, 
leading to higher profits for rainfed canola growers. These 
findings are consistent with a study conducted by Tian et al. 
in 2018, who reported that future climate change indicated 
positive impact on canola yield in Shaanxi region. It is evi-
dent that the overall profitability of rainfed canola would 
be affected by climate change. This impact depends on the 
balance between climate change’s positive and negative 
effects, as well as the adaptation and mitigation strategies 
employed by canola growers (He et al. 2022).

Irrigated canola profitability varied under future cli-
mate scenarios, with strategies AAR1 to AAR9 positively 
impacting gross margins. AAR1 is the most beneficial irri-
gation strategy, yielding a 58% gross margin. The finding 
suggests that optimizing irrigation strategies can improve 

deficit irrigation for Canola cultivation, in areas where 
water availability is shrinking due to competition with 
other sectors or during drought years (Katuwal et al. 2020). 
According to this study and field practices, the amount of 
irrigation needed for deficit irrigation (ARR1) during each 
period would be between 20 and 40 mm. This demonstrates 
significant potential for water conservation when compared 
to the current irrigation practices, which range from 85 to 
100 mm in Guanzhong Plain. These results are consistent 
with findings of Saddique et al. (2020a, b), who reported 
that agricultural practices, such as adjusting planting dates 
and irrigation schedules, can effectively enhance water pro-
ductivity and combat climate challenges. Canola is gen-
erally considered a plant that can grow in arid climates. 
However, it has been observed that providing irrigation dur-
ing the plant’s rapid growth stages can considerably impact 
both the yield and yield components (Dogan et al. 2011). 
This effect is particularly noticeable during drought years. 
Therefore, it is recommended that supplementary irrigation 
be applied if water is available to ensure that the canola can 
develop and yield economically viable crops.

Fig. 5  Simulated irrigation amount during baseline (1961–2010), 
2030s, 2060s, and 2090s under SSP245 and SSP585 using 27 down-
scaled GCMs for 10 irrigation strategies (ARR0: Rainfed, ARR1–
ARR9: Irrigation strategies). Box boundaries indicate the 25th and 75th 

percentiles across GCMs, whiskers below and above the box indicate 
the 10th and 90th percentiles. The black lines and crosshairs within 
each box indicate the multi-model median and mean respectively
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the dynamics of international trade. For example, restric-
tions imposed by China on Canadian canola imports caused 
canola prices to ramp up nationally (Wang 2019; Cardwell 
and Brewin 2019). Such scenario may provide justification 
for supplying additional expense water to crop.

Limitation and uncertainties

Our research assumed fixed thresholds of PAWC for irriga-
tion under consistent sowing dates, cultivar, and fertilizer 
quantities for historical and future timeframes. This can be 
considered as a limitation of this study as different culti-
vars would interact differently with varying PAWC thresh-
olds, sowing dates and fertilizer application under future 
climate change in the Guanzhong Plain, China. Uncertain-
ties associated with APSIM-Canola also adds to the limita-
tions of this study. For example, He at al. (2017) reported 
the issues related to parameter optimization due to lack of 
granularity in the APSIM-Canola to differentiate between 
vernalization and photoperiod sensitive phases. In addi-
tion, APSIM-Canola utilizes radiation use efficiency-based 
approach (developed for other C3 crops) to simulate growth 
response to CO2, which in comparison to other models who 
use generic C3 photosynthesis model could be less accurate 

the profitability of irrigated canola crops (Nielsen et al. 
2012). Furthermore, the gross margin of AAR6 is not sig-
nificantly different from AAR7-AAR9, which are higher 
in irrigation amount, indicating that water-related cost can 
be saved while still achieving similar profits (Mandryk et 
al. 2017). This implies that adopting optimized irrigation 
strategies can help save water and buffer the volatility of 
water prices, leading to reduced water costs compared to 
full irrigation strategies (Chen 2023; Tang et al. 2020; Toan 
2016; Yazdi et al. 2016). Higher yields may not guaran-
tee enhanced profitability when water prices are subject 
to increase. The interplay between water costs and canola 
margins underscores the need for growers to have access to 
decision support systems to better understand the govern-
ing factors of profitability related to water price and other 
variable costs (Muleke et al. 2022). Therefore, it is crucial 
for canola growers to consider water price volatility as a 
critical factor in canola production. To mitigate the risks and 
take advantage of water price opportunities, growers need to 
monitor and manage water price in their local water use sce-
nario, considering their water price tolerance for both grain 
and cash crops (Huang et al. 2023). The decision of buying 
costly water to produce high yield crop may be linked to 
market price fluctuation of canola that could be based on 

Fig. 6  Simulated Water productivity (WP) during baseline (1961–
2010), 2030s, 2060s, and 2090s under SSP245 and SSP585 using 
27 downscaled GCMs for 10 irrigation strategies (ARR0: Rainfed, 
ARR1–ARR9: Irrigation strategies). Box boundaries indicate the 

25th and 75th percentiles across GCMs, whiskers below and above 
the box indicate the 10th and 90th percentiles. The black lines and 
crosshairs within each box indicate the multi-model median and mean 
respectively

 

1 3

1646



Irrigation Science (2025) 43:1635–1650

and prices. The study underscores the importance of con-
sidering water price volatility in decision-making processes 
to optimize both yield and profitability. Moreover, future 
research should explore potential impacts of other factors 
on canola productivity and profitability, such as soil nutri-
ents and salinity, groundwater depletion, and water quality.
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(Wang et al. 2022) especially for studying specific environ-
mental interactions.

Conclusion

This study results showed that calibrated APSIM-Canola 
can be reliably used in the region for predicting role of 
irrigation in enhancing rainfed canola yield under different 
climate change scenarios in 2030s, 2060s and 2090s. The 
changes in climate are expected to influence the phenology 
of canola, with early flowering and maturity dates projected 
across all irrigation strategies. For both rainfed and irrigated 
canola production, positive impact on yield was noted in 
future climate scenarios. The rainfed yield improved up to 
19%, whereas the deficit irrigation strategies (ARR1-ARR6) 
emerged as optimal strategies to further enhance canola 
yields, with growing season irrigation application ranging 
between 85 and 150 mm. Impacts on gross margins for rain-
fed and irrigated scenarios varied. Rainfed canola showed 
increased profitability (up to 38%), while the profitability of 
irrigated canola was highest for ARR1 (58%), highlighting 
the need for growers to adapt to changing water availability 

Fig. 7  Simulated Gross margin during baseline (1961–2010), 2030s, 
2060s, and 2090s under SSP245 and SSP585 using 27 downscaled 
GCMs for 10 irrigation strategies (ARR0: Rainfed, ARR1–ARR9: irri-
gation strategies). Box boundaries indicate the 25th and 75th percen-

tiles across GCMs, whiskers below and above the box indicate the 10th 
and 90th percentiles. The black lines and crosshairs within each box 
indicate the multi-model median and mean respectively
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