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Abstract: The accuracy prediction for the crop yield is conducive to the food security in regions
and/or nations. To some extent, the prediction model for crop yields combining the crop mechanism
model with statistical regression model (SRM) can improve the timeliness and robustness of the
final yield prediction. In this study, the accumulated biomass (AB) simulated by the Agricultural
Production Systems sIMulator (APSIM) model and multiple climate indices (e.g., climate suitability
indices and extreme climate indices) were incorporated into SRM to predict the wheat yield in the
North China Plain (NCP). The results showed that the prediction model based on the random forest
(RF) algorithm outperformed the prediction models using other regression algorithms. The prediction
for the wheat yield at SM (the period from the start of grain filling to the milky stage) based on RF
can obtain a higher accuracy (r = 0.86, RMSE = 683 kg ha−1 and MAE = 498 kg ha−1). With the
progression of wheat growth, the performances of yield prediction models improved gradually. The
prediction of yield at FS (the period from flowering to the start of grain filling) can achieve higher
precision and a longer lead time, which can be viewed as the optimum period providing the decent
performance of the yield prediction and about one month’s lead time. In addition, the precision of the
predicted yield for the irrigated sites was higher than that for the rainfed sites. The APSIM-simulated
AB had an importance of above 30% for the last three prediction events, including FIF event (the
period from floral initiation to flowering), FS event (the period from flowering to the start of grain
filling) and SM event (the period from the start of grain filling to the milky stage), which ranked first
in the prediction model. The climate suitability indices, with a higher rank for every prediction event,
played an important role in the prediction model. The winter wheat yield in the NCP was seriously
affected by the low temperature events before flowering, the high temperature events after flowering
and water stress. We hope that the prediction model can be used to develop adaptation strategies to
mitigate the negative effects of climate change on crop productivity and provide the data support for
food security.

Keywords: yield prediction; machine learning; APSIM model; climate indices; North China Plain

1. Introduction

Food security is related to a series of major issues such as national food security, social
stability and sustainable development of the national economy, which is highly concerned
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by the country [1–3]. Increasing food productivity is an important measure to ensure food
security. However, the trend of global warming became more severe throughout the 20th
century [4,5]. Generally, climate warming can shorten the crop growth period, which
negatively influences the formation of a crop yield and, ultimately, causes crop failure [6,7].
Predicting the yield can provide data support to take appropriate management for farmers.
Wheat is one of the three major grain crops in China, with a wide planting range, large
planting area and high yield [8]. Therefore, the studies on yield prediction in wheat are
conducive to the timely and accurate grasp of the grain production status and scientific
formulation of policies for the government [9,10].

The statistical regression model (SRM) directly developed statistical models based on
the relationship between selected predictors and target variables to achieve the goal [11–14].
Guan et al. [15] used partial least-square regression (PLSR) to estimate the relationships
between crop yield and the predictor variables. In general, the models combined with
statistical regression algorithms are easy to understand and require fewer parameters, so
the methods are commonly used in yield predictions worldwide [16–18]. However, with the
increasing volume and dimension of observation data, it is a great challenge to fully explore
the information of datasets for effective analysis and utilization. The most current SRM
based on linear regression have some problems in application due to the complexity of the
crop production system. For example, crop yields exhibit nonlinear responses to extreme
climate events, while previous linear regression models may not perform well under
frequent extreme climate conditions [19,20]. Compared with the linear regression analysis,
the machine learning algorithm (MLA) is an advanced method for yield estimation that can
capture nonlinear relations between the dependent and independent variables [21–24]. The
MLA can explore the information of the training data, obtain a higher generalization level,
and enhance the robustness and universality of the prediction model [15]. For example,
Cai et al. [25] developed the prediction model for wheat in Australia by using some machine
learning, while the support vector machine (SVM) algorithm performs better than other
statistical regression algorithms. Hunt et al. [26] used the random forest (RF) algorithm
to evaluate the crop yield and achieved a good performance. Nevertheless, MLA are not
mechanistic and can not fully consider the dynamic process of crop growth.

The crop mechanism model (CM) has good mechanical properties, which is a simula-
tion program that can dynamically describe the process of crop growth and yield formation
under various environmental conditions by importing weather data, a variety of parame-
ters, soil data and so on [19]. With the development of CM, the studies on the estimation
of the crop yield increased gradually. For example, Huang et al. [27], Xiao et al. [28] and
Zhang et al. [29], based on CMs, estimated the yields of maize, wheat and rice in China,
respectively. However, the results of the most related studies were end-of-season yield
predictions. The greatest limitation of within-season predictions is the lack of meteoro-
logical data from the prediction date to the maturity date [30]. Some studies achieved the
prediction results by coupling the CM with seasonal weather forecasts. Pagani et al. [31]
developed a high-resolution integrated prediction system for rice yield at the district level
based on the combination of the WARM model, weather forecasts and remote sensing
images. However, the real weather conditions may deviate from the weather forecast data,
thus increasing the uncertainty of the prediction model [32].

We can reduce unnecessary errors by combining MLA and CM for yield prediction.
Feng et al. [32] used the integration of the MLA and APSIM model to predict the yield of
wheat under rainfed conditions in Southeastern Australia, and the hybrid model obtained
a decent yield prediction at one month leading time before harvest. Nevertheless, there are
few studies on using a hybrid model to predict crop yields under irrigated conditions. Fur-
thermore, CMs can simulate the effects of complicated climate conditions on crop growth
to a certain extent but are not sufficient. The quantity variation of key climatic factors
(e.g., temperature and precipitation) can be transformed into the climate suitability of crop
growth based on the membership function method in fuzzy mathematics [33,34]. Mean-
while, the extreme climate indices (ECIs) can quantify the destructive effects of extreme
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climate events on crop growth [35,36]. The climate suitability and ECIs can be included in
the hybrid model as predictive indicators to further explore the information reflected by the
climate factors and improve the robustness of the hybrid model. However, there were few
studies on using the combination of climate suitability and ECIs as predictive variables.

The North China Plain (NCP) is an important grain production base and occupies
an important position in the national grain production in China [8]. In this study, we
investigated the yield prediction of wheat in the NCP by using the CM and SRM. The main
objectives of the study were (1) to develop the yield prediction model of wheat based on
the combination of the multiple growth period-specific variables and SRM, (2) to identify
the optimal lead time before maturity of yield prediction with acceptable accuracy, and
(3) to evaluate the relative importance of input variables during different growth stages in
the yield prediction model.

2. Data and Methods
2.1. Study Area

The NCP is delimitated in the east by the sea, the west by the Taihang Mountains,
the south by the main stream of the Huaihe River, and the north by the Yan Mountains
(Figure 1) [37]. The region has a warm temperate monsoon climate with plenty of light
and heat resources [37]. The annual precipitation is not evenly distributed, with over 70%
of precipitation appearing in July through September. The main soil type in the NCP is
the loam of Aeolian origin, a soil type deposited by rivers over geological periods. The
NCP is an important grain production region in China, where the main cropping system
is the double cropping systems of winter wheat–summer maize [38]. Winter wheat is
usually planted in early or middle October and harvested in early June. We selected
20 agro-meteorological sites distributed across the NCP (Figure 1). Table 1 presents basic
information for the 20 study sites, including location, irrigation condition, and wheat
phenology and yield.
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Table 1. Related information about the 20 investigated sites in the study.

Site Longitude
(◦E)

Latitude
(◦N)

Harvest
Years Irrigation FDm

(DOY)
MDm
(DOY)

WYm
(kg/ha)

Bozhou 115.8 33.9 2000–2010 no 114 150 5213

Dingzhou 115.0 38.3 2000–2010 yes 129 162 5728

Fuyang 115.8 32.9 2000–2010 no 112 150 6233

Ganyu 119.1 34.5 2000–2010 yes 123 159 6559

Huanghua 117.2 38.2 2004–2010 no 130 157 2924

Huimin 117.4 37.3 2000–2010 yes 128 160 6591

Juxian 118.8 35.6 2000–2010 yes 127 162 7120

Liaocheng 116.0 36.4 2000–2010 yes 124 158 5908

Luancheng 114.6 37.9 2000–2010 yes 127 162 6845

Nangong 115.3 37.3 2000–2010 yes 124 157 5580

Shangqiu 115.7 34.5 2000–2010 yes 115 150 5099

Shouxian 116.8 32.6 2000–2010 no 112 146 5316

Shuyang 118.8 34.1 2000–2010 no 123 158 6069

Suxian 116.6 33.4 2000–2010 no 116 151 6173

Tangshan 118.1 39.4 2000–2010 yes 132 166 6123

Weifang 119.2 36.8 2000–2010 yes 127 158 6017

Xinxiang 114.0 35.3 2000–2010 yes 119 151 6016

Xuzhou 117.4 34.3 2000–2010 no 118 154 7406

Zhengzhou 113.4 34.4 2000–2010 yes 112 148 5033

Zhumadian 114.1 33.0 2000–2010 no 107 143 5667

Notes: FDm, MDm and WYm denote the mean flowering date, the mean maturity date, and the mean yield for
wheat during the investigated period, respectively. DOY is day of year.

2.2. Climate, Soil and Crop Data

The historical records about daily climate data, including mean temperature (Tmean),
maximum temperature (Tmax), minimum temperature (Tmin), precipitation (Prec), and
sunshine hours (Sh) during 2000 to 2010 for 20 agro-meteorological sites across the NCP,
were obtained from China’s Meteorological Administration (CMA). Soil profile data of
all the sites were obtained from the 1:1 million scale soil map of China included in the
Harmonized World Soil Database (HWSD) version 1.2 [39]. The climate and soil data were
used to run the APSIM model.

Detailed field experimental data records included the phenology (sowing date (SD),
flowering date (FD), and maturity date (MD)); grain yield; and management data at
the agro-meteorological experiment sites for 2000–2010 were also obtained from CMA.
The phenology data was observed by experimenters in the specific fields at the agro-
meteorological experiment sites, while the grain yield was the weight of the harvested crop
in the specific fields. We used the experimental crop data to calibrate and validate the crop
parameters in the APSIM model.

2.3. Methodology
2.3.1. Agricultural Production Systems SIMulator (APSIM) Simulations

The APSIM model is a comprehensive model developed to simulate biophysical
processes in agricultural production systems [40,41]. The APSIM model can provide an
acceptable prediction accuracy of crop productivity under the combined influences of
climate change, soil condition, and management measures [42,43]. In this study, the APSIM
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model was implemented to simulate crop phenology, biomass, and grain yield during
2000–2010 at the 20 selected sites.

2.3.2. Climate Indices

In the study, we took account of four main growth periods, including the period from
end of the juvenile stage to floral initiation (JF), the period from floral initiation to flowering
(FIF), the period from flowering to the start of grain filling (FS), and the period from the
start of grain filling to the milky stage (SM). We assessed the impacts of 10 extreme climate
indices (ECIs) [44,45] and 3 for climate suitability (CS) [46] during different growth periods
for wheat (Table 2). The calculation methods of the ECIs were shown in Table 2. The CS can
further explore the information of the mean climate variables. We can develop the climate
suitability model according to related studies [46].

Table 2. The information about the thirteen climate indices (CIs) used in the study.

Index Name Definition Growth Stage

TS Temperature suitability
The indicator of measurement when temperature is

less or greater than physiological
temperature requirement

JF, FIF, FS, SM

SS Sunshine suitability The indicator of measurement when sunshine is less
or greater than physiological sunshine requirement JF, FIF, FS, SM

PS Precipitation suitability The indicator of measurement when precipitation is
less or greater than physiological water requirement JF, FIF, FS, SM

HD Hot days The number of days with Tmax ≥ 30 ◦C FS, SM

HCD Consecutive hot days The number of days with three or more continuous
days of Tmax ≥ 30 ◦C FS, SM

WD Warm days The number of days with Tmax > 22 ◦C JF, FIF, FS, SM

WCD Consecutive warm days The number of days with three or more continuous
days of Tmax ≥ 22 ◦C JF, FIF, FS, SM

FD Frost days The number of days with Tmin < 2 ◦C JF, FIF

FCD Consecutive cold days The number of days with three or more continuous
days of Tmin < 2 ◦C JF, FIF

R10 Heavy precipitation days The number of days when precipitation ≥ 10 mm JF, FIF, FS, SM

CDD Consecutive dry days The number of days with three or more continuous
days of daily precipitation < 1 mm JF, FIF, FS, SM

CWD Consecutive wet days The number of days with three or more continuous
days of daily precipitation ≥ 1 mm JF, FIF, FS, SM

SDII Simple daily intensity index The ratio of total precipitation to the number of wet
days (≥ 1 mm) JF, FIF, FS, SM

Note: JF, FIF, FS, and SM denote the periods from end of the juvenile stage to floral initiation, from floral
initiation to flowering, from flowering to the start of grain filling, and from the start of grain filling to the milky
stage, respectively.

The sunshine suitability (SS) of wheat was calculated as follows [47–49]:

SS =

{
e−[(Si−S0)/b]2 Si < S0

1 Si ≥ S0
(1)

where S0 is the daily sunshine hours when the percentage of the daily sunshine hours
reaches 70%, Si is the daily sunshine hours (h), and b is a constant that can be determined
according to the climatic conditions across the NCP and relevant studies [49,50]. The values
for b at different growth periods are shown in Table 3. The arithmetic mean of the daily SS
for a specific growth period is the SS for the corresponding period.
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Table 3. Values of related parameters for calculating the sunshine suitability (SS), temperature
suitability (TS), and precipitation suitability (PS) at four growth periods of wheat.

Parameters JF FIF FS SM

b 4.26 4.5 4.61 4.96

T1 −2 3 8 12

T0 5 10 16 20

T2 10 20 27 30

Kc 0.55 0.8 1.05 1.0
Note: JF, FIF, FS, and SM denote the periods from the end of the juvenile stage to floral initiation, from floral
initiation to flowering, from flowering to the start of grain filling, and from start of the grain filling to the milky
stage, respectively.

The temperature suitability (TS) of wheat was calculated as follows [47–49]:

TS =

[
(Ti − T1)(T2 − Ti)

B
]

[
(T0 − T1)(T2 − T0)

B
] (2)

Among
{

B =
(T2 − T0)

(T0 − T1)

}
(3)

where Ti is the daily mean temperature (◦C), T0 is the optimal temperature (◦C) at different
growth periods, T1 is the lower limit temperature (◦C) at different growth periods, and T2
is the upper limit temperature (◦C) at different growth periods. The specific values of T0,
T1, and T2 refer to the climatic conditions across the NCP and relevant studies [49,51]. The
values for T0, T1, and T2 at different growth periods are listed in Table 3. The arithmetic
mean of the daily TS for a specific growth period is the TS for the corresponding period.

The precipitation suitability (PS) of wheat was calculated as follows [52]:

PS =

{
P/P0 Pi < P0
P0/P Pi ≥ P0

(4)

where P is precipitation (mm), and P0 is the physiological water requirement of crops,
which can be calculated as follows:

P0 = Kc•ET0 (5)

where Kc is the crop coefficient, and ET0 is the reference crop evapotranspiration (mm). The
Kc values of wheat at different growth stages listed in Table 3 are determined according to
the relevant studies [53,54]. The ET0 values of wheat are calculated based on the Penman–
Monteith formula [54].

2.3.3. Regression Models

Two machine learning algorithms, i.e., random forest (RF) and light gradient boosting
machine (LGB), were selected to predict the wheat yield. RF is an ensemble learning
algorithm [26,55], which creates multiple decision trees in a random way and applies them
in training samples. Among all the current algorithms, RF has high accuracy and stability,
which can effectively process input samples with large data volumes and high-dimensional
features. LGB is an implementation of the gradient boosting decision tree, which is essen-
tially based on decision tree training integration to gain the optimal model [56,57]. The
LGB model uses the histogram algorithm to find the best branching point, which greatly
improves the training speed of the model. At the same time, LGB optimizes the growth
strategy of the decision tree and uses the leaf-wise algorithm with depth limitation to create
the decision tree, which can reduce the unnecessary amount of computation. In addition,
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multiple linear regression (MLR) was selected as the benchmark model in this study to
compare with the above two machine learning models.

2.3.4. The Framework for the Procedures

The diagram for the procedures in this study is shown in Figure 2. We developed
a yield-predicting system based on multi-source environmental data using the APSIM
model and regression models (MLR and RF). Firstly, the APSIM model was calibrated
and validated based on observed phenology data and grain yield data at the selected
sites. Then, we ran the implemented model to obtain the biomass and main growth stages,
including the end of the juvenile stage, floral initiation, flowering, start of grain filling, and
the milky stage. The main growth stages were used to calculate the 13 CIs. We aggregated
the APSIM-accumulated biomass (AB) and climate variables into four groups by different
growth periods. In the study, four prediction events (JF, FIF, FS, and SM) were triggered
successively, while the predictive indicators were added with crop growth progression.
Therefore, the number of predictive indicators would increase with progressing phases
from JF to SM. Furthermore, we conducted “leave-one-year-out” experiments [25,58] for
2000–2010 to test the performances of the yield prediction models. Finally, the importance
values for the input characteristic variables were analyzed based on the RF model and
LGB model.
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Figure 2. The diagram for the procedures used in this study, where JF, FIF, FS, and SM were the
periods from the end of the juvenile stage to floral initiation, from floral initiation to flowering, from
flowering to the start of grain filling, and from the start of grain filling to the milky stage, respectively.
AB was accumulated biomass; MLR, LGB, and RF the multiple linear regression, light gradient
boosting machine, and random forest, respectively.

2.3.5. Model Performance Assessment

The performance of the yield prediction model was validated by calculating the root
mean square error (RMSE), Pearson’s correlation coefficient (r), and mean absolute error
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(MAE) between the estimated data and the observed data. The calculation formulas were
as follows:

r =
∑n

i=1
(
Oi − O

)(
Si − S

)√
∑n

i=1
(
Oi − O

)2
√

∑n
i=1
(
Si − S

)2
(6)

RMSE =

√
1
n

n

∑
i=1

(Oi − Si)
2 (7)

MAE =
∑n

i=1|Oi − Si|
n

(8)

where Oi, Si, O, S, and n represent the observed data, estimated data, mean value of the
observed data, mean value of the estimated data, and the number of samples, respectively.

3. Results
3.1. Validation of the APSIM Model

The comparison of the observed and APSIM-simulated values of the flowering date
(FD), maturity date (MD), and yield from 2000 to 2010 at the 20 sites is shown in Figure 3.
The simulated FD and MD were in good agreement with observed values. The r values
for the simulated and observed values of FD and MD were 0.78 and 0.82, respectively. The
RMSE values between the simulated and observed values of FD and MD were 5.46 d and
4.94 d, respectively. On the other hand, the simulated grain yield was consistent with the
observed yield, with r of 0.81 and RMSE of 792 kg ha−1. Overall, the APSIM model can
provide an acceptable assessment for the phenology and grain yield of wheat. Therefore,
the simulation results from the APSIM model for wheat phenology and grain yield were
reliable, and we could use the simulations to develop a hybrid model for predicting the
wheat yield.
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Figure 3. Comparison of observed and APSIM-simulated values of the flowering date (a), maturity
date (b), and yield (c) from 2000 to 2010 at the 20 sites across the North China Plain. Red lines are the
linear regression fit. Dashed lines represent the 1:1 lines.

3.2. The Model Performance and Optimum Leading Time for Yield Prediction

We developed a hybrid model to predict wheat yield based on the APSIM-simulated
AB, climate indices at different growth stages and regression algorithms. The performances
of three regression models are shown in Figures 4 and 5. In the early stage, the yield
prediction accuracy of the three regression models was generally lower, with RMSE values
of above 1000 kg ha−1 and MAE values of more than 700 kg ha−1 (Figures 4a,e,i and 5a,c,e).
With the progression of wheat growth period, the input variables also increased, and the
performances of the prediction models improved further. From JF to SM, the prediction
accuracy increased significantly for the three regression models. For the MLR model, r
increased from 0.22 to 0.79, RMSE decreased from 1237 kg ha−1 to 778 kg ha−1, and MAE
decreased from 957 kg ha−1 to 619 kg ha−1 (Figures 4a–d and 5b). Compared with the
machine learning model, MLR was less effective in predicting the wheat yield. The machine
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learning model can capture the nonlinear relationship between the characteristic variables
and the yield, and the overall performance of the machine learning models was good,
especially the RF model. For the RF model, r increased from 0.66 to 0.86, RMSE decreased
from 1026 kg ha−1 to 683 kg ha−1, and MAE decreased from 756 kg ha−1 to 498 kg ha−1

(Figures 4i–l and 5f). The performances of the yield prediction models improved gradually
with the development of crop growth. However, the tradeoff between the accuracy and
leading time needs to be taken into account. The yield prediction at JF will achieve the
target of the prediction approximate with three months leading time before the maturity
but with a poor performance (r < 0.66). The yield prediction at SM outperformed the yield
prediction at other growth periods, while the leading time of the prediction decreased to
below 15 d. A higher precision and longer lead time were taken into consideration for the
prediction of the yield at FS. Therefore, FS can be regarded as the optimal period, providing
the best performance of yield prediction and about one month of lead time.
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Figure 4. Comparison of the observed and predicted wheat yields for the period from the end of
the juvenile stage to floral initiation (JF) (a,e,i), from floral initiation to flowering (FIF) (b,f,j), from
the start of grain filling to the milky stage (FS) (c,g,k), and from flowering to the start of grain filling
(SM) (d,h,l) from multiple linear regression (MLR) (a–d), light gradient boosting machine (LGB) (e–h),
and random forest (RF) (i–l). Red lines are the linear regression fit. Dashed lines represent the
1:1 lines.

We compared the performance of the predicted yield across the study sites under
irrigated conditions with the performance of the predicted yield across the study sites
under rainfed conditions (Figures 6 and 7). The errors of the predicted yield from three
regression models at all growth periods for the study sites under irrigated conditions (MAE
ranged from 419 kg ha−1 to 789 kg ha−1) were lower than those for the rainfed sites (MAE
ranged from 624 kg ha−1 to 1130 kg ha−1) (Figures 6 and 7). The accuracy of the predicted
yield for the irrigated sites was higher than that for the rainfed sites. The water shortage
caused by drought limited photosynthesis and carbon allocation, which was not conducive
to the formation of the crop yield and affected the prediction accuracy [59,60]. However,
the impacts of water stress on the crop yield was reduced by irrigation, which improved the
accuracy of the yield prediction under irrigated conditions [61–64]. Nevertheless, the pre-
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dicted yield for the study sites under irrigated conditions were underestimated compared
to the observed yield, while the predicted yield for the rainfed sites were overestimated
compared to the observed yield ( Figures 6a,c,e and 7a,c,e).
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Figure 5. Time series of observed and predicted wheat yields across the 20 investigated sites based
on the four prediction events from multiple linear regression (MLR) (a,b), light gradient boosting
machine (LGB) (c,d), and random forest (RF) (e,f). Wheat yields for each year were averaged across the
20 investigated sites. Data were generated from the “leave-one-year-out” cross-validation procedure
from the three regression models. JF, FIF, FS, and SM were the periods from the end of the juvenile
stage to floral initiation, from floral initiation to flowering, from flowering to the start of grain filling,
and from the start of grain filling to the milky stage, respectively.

3.3. Relative Importance of Selected Predictors at Different Growth Stages

The RF model and LGB model were used to assess the importance of the input
characteristic variables in the yield prediction model. The relative importance of the
input predictors as determined from the average of the LGB model and RF model for
each prediction event is shown in Figure 8. With the crop growth and progression, the
importance of the APSIM-simulated accumulated biomass (AB) increased rapidly, while
the importance of AB at the last three prediction events was over 30% (Figure 8). For the
CIs, the climate suitability indices were most important for the yield prediction at the early
prediction event, such as TS and SS (Figure 8a). The roles of the climate suitability indices
in the prediction model should not be ignored, though some extreme climate indices had
higher importance than the climate suitability indices in the last three prediction events
(Figure 8b–d). In the middle prediction events (FIF and FS), SDII and FD at FIF generally
ranked high in the climate indices, which may be because the wheat yield was very sensitive
to low-temperature stress and water stress before flowering (Figure 8b,c). However, SDII
and HCD at SM ranked first in the late prediction events, suggesting that the impact of
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heat stress and water stress after flowering on the wheat yield was more significant than
low-temperature stress and water stress before flowering (Figure 8b–d).

Agriculture 2023, 12, x FOR PEER REVIEW  11  of  19 
 

 

 

Figure 6. Time series of observed and predicted wheat yields across the  investigated sites under 

irrigated conditions based on the four prediction events from multiple linear regression (MLR) (a,b), 

light gradient boosting machine (LGB) (c,d), and random forest (RF) (e,f). Wheat yields for each year 

were averaged across the investigated sites under irrigated conditions. Data were generated from 

the “leave‐one‐year‐out” cross‐validation procedure from the three regression models. JF, FIF, FS, 

and SM were the periods from the end of the juvenile stage to floral initiation, from floral initiation 

to flowering, from flowering to the start of grain filling, and from the start of grain filling to the 

milky stage, respectively. 

Figure 6. Time series of observed and predicted wheat yields across the investigated sites under
irrigated conditions based on the four prediction events from multiple linear regression (MLR) (a,b),
light gradient boosting machine (LGB) (c,d), and random forest (RF) (e,f). Wheat yields for each year
were averaged across the investigated sites under irrigated conditions. Data were generated from the
“leave-one-year-out” cross-validation procedure from the three regression models. JF, FIF, FS, and
SM were the periods from the end of the juvenile stage to floral initiation, from floral initiation to
flowering, from flowering to the start of grain filling, and from the start of grain filling to the milky
stage, respectively.
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Figure 7. Time series of observed and predicted wheat yields across the investigated sites under
rainfed conditions based on the four prediction events from multiple linear regression (MLR) (a,b),
light gradient boosting machine (LGB) (c,d), and random forest (RF) (e,f). Wheat yields for each year
were averaged across the investigated sites under rainfed conditions. Data were generated from the
“leave-one-year-out” cross-validation procedure from the three regression models. JF, FIF, FS, and
SM were the periods from the end of the juvenile stage to floral initiation, from floral initiation to
flowering, from flowering to the start of grain filling, and from the start of grain filling to the milky
stage, respectively.
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Figure 8. Relative importance of the input predictors as determined from the average of LGB (light
gradient boosting machine) model and RF (random forest) model for the period from the end of the
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the start of grain filling (FS) (c), and from the start of grain filling to the milky stage (SM) (d). The
results are normalized to sum 100% and shown in decreasing order in the figure (The input predictors
lower than 2% were not shown in the figure).

4. Discussion

A crop model can dynamically describe the process of crop growth and development
under various environmental conditions [65]. A growing body of studies have investigated
the effects of climate change during the past few decades on crop phenology and yield
using various crop models to develop adaptive measures (such as adjustment of the sowing
date and renewal of crop variety) for reducing the yield loss [66–68]. However, there
were fewer studies on the yield prediction using the crop model due to the limitation
of the meteorological data. Some studies used the combination of statistical regression
models and crop models to estimate the crop yield. For example, Everingham et al. [69]
built one prediction model for sugarcane yield by incorporating the biomass simulated
by the crop model and several climate indices into the RF algorithm and obtained a high
accuracy. Similarly, Feng et al. [32] conducted the study on the yield prediction for wheat
in South-Eastern Australia through combining the APSIM model and RF model, obtaining
a high accuracy (r = 0.87, RMSE = 640 kg ha−1). In this study, we developed a hybrid
model for the yield prediction of the wheat coupling crop model and several statistical
regression models. The yield prediction model based on the crop model and RF algorithm
outperformed the yield prediction model based on the crop model and other regression
algorithms (MLR and LGB), with r of 0.86 and RMSE of 683 kgha−1. The precision of the
study was similar to the related study [32]. This may be because that RF algorithm has a
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strong ability of data processing, which improved the accuracy and robustness of the yield
prediction based on the RF algorithm [70–72].

Global climate change has a significant impact on social economy and the natural
environment, especially on agricultural production [73–80]. Different crops have different
demands for climate resources, and more or less, climate resources are not conducive to
crop growth and development [81,82]. As compared with extreme climate events, mean
climate conditions generally made more contributions to the variations of wheat growth
in the NCP [83]. The climate suitability can be used to estimate the sensitivity of crops
to climate factors, such as mean temperature, precipitation, and sunshine, and there is a
certain correlation between climate suitability and climatic yield [84,85]. Climate suitability
can further explore the information reflected by the mean climate conditions, though the
crop model can simulate the effects of the mean climate conditions on crop growth to some
extent. In this study, the climate suitability indices (TS, SS, and PS) played an important
role in predicting the final yield of wheat, which generally ranked high in the models for
every prediction event (Figure 8). The roles of climate suitability indices in the prediction
model should not be ignored.

Extreme temperature events have a negative influence on crop growth and yield
formation, which could cause crop yield loss [2,86–88]. The low-temperature events before
flowering and high-temperature events after flowering are two major extreme temperature
events affecting winter wheat [89,90]. Xiao et al. [91] found that there was the greatest frost
duration and intensity in the NCP, which suffered the largest yield losses due to spring
frost events. Warm temperatures can improve the growth of crops before the temperature
reaches the threshold, but yields will abruptly diminish subsequently [92,93]. Around
flowering or the grain filling period, extreme high temperature could affect pollination,
reduce male fertility, and the efficiency of grain yield, and a large yield loss would be
caused by continuous heat stress [94–97]. Bai et al. [98] found that heat stress after flowering
significantly negative impacts wheat production in the NCP, while the wheat yield might
have a higher frequency of exposure to extreme high-temperature stress in the future. The
findings of the study showed that FD at FIF ranked high for the middle prediction events
(FIF and FS), while HCD at SM ranked first in the climate indices for the late prediction
events (Figure 8). Low-temperature events before flowering and heat stress after flowering
are the main natural disasters affecting wheat growth in the NCP [90,99]. It is of great
significance to take appropriate measures to alleviate the negative effects of these disasters
on crops.

Drought is also closely correlated to agricultural production [100–103]. In this study,
the rank of SDII related to water stress was consistently high for all prediction events,
indicating that water stress has a significant impact on wheat yield in the North China Plain.
Water stress can affect the coupling mechanism of environmental driving factors and crop
yield, while it is difficult to achieve the acceptable yield prediction in the rainfed system [61].
The predicted yield for the sites under rainfed conditions would be overestimated due
to the water stress, while irrigation can effectively reduce the effect of drought on the
crop yield and increase the accuracy of the crop yield prediction [62,83]. In the study, the
predicted yield for the sites in the rainfed system was overestimated, while the MAE of the
predicted yield for the sites under the irrigated condition was significantly lower than that
of the sites in the rainfed system (Figures 6 and 7). More predictive variables may need
to be incorporated into the hybrid model to improve the performance of the model under
irrigated conditions.

There are still some uncertainties and limitations in our study. The RF model is more
dependent on data. Sufficient data samples are conducive to improving the accuracy and
robustness of the model, while the lack of training samples may lead to overfitting and
increase the uncertainty of the model [104]. The data processing ability of machine learning
algorithms can fully function by obtaining more yield samples, while the performance of
the model can be improved further. Furthermore, the model developed in this study is
limited to the yield prediction at the site scale, which is difficult to be applied in a large-scale
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region. Lobell et al. [105] developed a scalable satellite-based crop yield mapper (SCYM)
based on satellite images and crop models, which successfully explained 35% of the maize
yield variation and 32% of the soybean yield variation in the study area. In the future,
we can incorporate the SCYM model into the hybrid model to predict the crop yield at a
large-scale region. This is a study direction with great development potential.

5. Conclusions

Based on the APSIM-simulated AB, climate indices at different growth stages, and
statistical regression algorithms, we developed a hybrid model to predict wheat yields
in the NCP. The results showed that the prediction model based on machine learning
algorithms outperformed the prediction models using MLR regression, especially the RF
algorithm. The performances of the yield prediction models improved gradually with the
development of crop growth. A higher precision and longer lead time were taken into
consideration for the prediction of the yield at FS. The FS can be regarded as the optimal
period, providing the acceptable performance of yield prediction and about one month lead
time. Moreover, the accuracy of the predicted yield for the irrigated sites was higher than
that for the rainfed sites. The APSIM-simulated AB dominated the last three prediction
events, with the importance above 30%. The climate suitability indices played an important
role in predicting the wheat yield, with high rankings for every prediction event. Among
extreme climate events, the low temperature events before flowering, high temperature
events after flowering, and water stress were major extreme climate events affecting the
winter wheat yield.

In general, the hybrid model can be used to predict the wheat yield under both
rainfed and irrigated conditions in the NCP. This model is helpful in developing adaptation
strategies to alleviate the negative effects of climate change on crop productivity and
improve agricultural risk management. Nevertheless, the hybrid model is dependent on
the quantity and quality of the data samples. Furthermore, the model developed in this
study is limited in the yield prediction at the large-scale region. In the next study, we
can incorporate the SCYM model into the hybrid model to predict crop yield at large-
scale regions.
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