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Abstract: A timely and accurately predicted grain yield can ensure regional and global food secu-
rity. The scientific community is gradually advancing the prediction of regional-scale maize yield.
However, the combination of various datasets while predicting the regional-scale maize yield using
simple and accurate methods is still relatively rare. Here, we have used multi-source datasets (climate
dataset, satellite dataset, and soil dataset), lasso algorithm, and machine learning methods (random
forest, support vector, extreme gradient boosting, BP neural network, long short-term memory net-
work, and K-nearest neighbor regression) to predict China’s county-level maize yield. The use of
multi-sourced datasets advanced the predicting accuracy of maize yield significantly compared to
the single-sourced dataset. We found that the machine learning methods were superior to the lasso
algorithm, while random forest, extreme gradient boosting, and support vector machine represented
the most preferable methods for maize yield prediction in China (R2 ≥ 0.75, RMSE = 824–875 kg/ha,
MAE = 626–651 kg/ha). The climate dataset contributed more to the prediction of maize yield,
while the satellite dataset contributed to tracking the maize growth process. However, the methods’
accuracies and the dominant variables affecting maize growth varied with agricultural regions across
different geographic locations. Our research serves as an important effort to examine the feasibility of
multi-source datasets and machine learning techniques for regional-scale maize yield prediction. In
addition, the methodology we have proposed here provides guidance for reliable yield prediction of
different crops.

Keywords: China; maize yield; machine learning; multi-source datasets; prediction

1. Introduction

Among major crops planted around the world, maize is an important staple food for
more than 4.5 billion members of the global population [1,2]. Thus, maize plays a critical
role in global food security. Currently, the population is growing at a rate of approximately
1.1% per year, with projections indicating a potential population of 9.7 billion by 2050 [3].
Such a situation will have significant implications for the relationship between grain supply
and demand. Based on the food consumption in 2010, 70% more food production is needed
in 2050 [4,5]. As climate change intensifies, the demand for increased food production
becomes more critical [6]. A decline in maize yield poses a substantial threat in the form
of global food shortages [7,8], directly impacting the achievement of the UN sustainable
development goals, especially the goal of “Zero hunger” by 2030 [9]. Hence, precise crop
yield prediction is urgently needed to overcome the threat.
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Recently, several mathematical models, including crop models, traditional regression,
and machine learning (ML) methods, have been developed for the prediction of maize
yield worldwide [10–12]. Although crop process models can accurately predict yields,
their reliance on fine-grained soil and climate datasets poses challenges when applying
them to regional-scale yield predictions [13,14]. Statistical regression models typically
predict crop yields by exploring relationships between climate variables (e.g., temperature,
precipitation, solar radiation, etc.) and actual crop yields [15]. However, due to the
complex nonlinear relationships among variables, regression results often exhibit low and
controversial explanatory power. Moreover, the primary factors influencing crop growth
can vary across different geographical locations, seasons, and crop varieties, making it
challenging to extrapolate these models to larger regions [16,17]. In contract, however, the
ML methods can overcome the limitations posed by complex nonlinear relationships [18,19]
inherent in many traditional regression models [20]. For example, recent studies have
successfully utilized models based on high-resolution images to predict crop yield within
fields at a resolution of 3 m, highlighting the enhanced practicality of machine learning
methods [21,22].

Climate variables alone are used as the primary inputs for many crop yield prediction
models [23–25]. However, only a few studies have considered the combination of multi-
source datasets for simulating crop yield comprehensively [26,27]. For instance, plant
growth is co-regulated by both abiotic factors and biotic factors [28,29], in which climate
variables could be restricted to describing abiotic factors that limits maize growth, rather
than detecting biotic factors that reflect maize growth conditions [30,31]. Hence, maize
yield predictions solely based on climate variables are insufficient.

The combination of various spectral bands, multiple satellite datasets (e.g., the nor-
malized difference vegetation index (NDVI), the enhanced vegetation index (EVI), the
sun/solar-induced chlorophyll fluorescence (SIF), and the leaf area index (LAI)) are recom-
mended for maize yield predictions [32,33]. Other determinants, such as soil information,
are also suggested as important indicators for crop yield predictions [34]. Previous studies
have successfully utilized various combinations of datasets throughout the entire maize
growing season to accurately predict maize yield [35,36]. However, the optimal period
for predicting maize yield using different datasets has not yet been determined. Addi-
tionally, only a few studies have considered the variations in the relative contributions of
the combination of climate and satellite datasets to maize yield prediction across different
maize growth stages [20]. This highlights the need for further enhancements in maize yield
prediction models by combining the maize growth conditions.

China is the world’s second-largest maize-producing country, accounting for 21% of
the global production with less than 9% of the global maize planting areas [37]. However,
limited studies on the combination of different datasets and the use of ML algorithms in
China’s maize planting regions have reduced the precision of county-level maize yield
prediction. A timely and accurately predicted maize yield in China is therefore vital for
ensuring both regional and global food security. Here, we have integrated satellite datasets,
climate datasets, and soil datasets, to construct a reliable prediction model for maize yield in
China. Seven algorithms were analyzed, including the random forest (RF), support vector
machine (SVM), extreme gradient boosting (XGB), BP neural network (BPNN), long short-
term memory network (LSTM), K-nearest neighbor (KNN), and least absolute shrinkage
and selection operator (LASSO) algorithm, respectively. Overall, the main objectivities
of this research were as follows: (1) to develop and select optimal models for predicting
county-level maize yield in China; (2) to determine the contributions of satellite datasets
and climate datasets at different growth stages of maize to the prediction of maize yield;
(3) to evaluate the performance of selected maize yield prediction models in China’s four
maize regions and identify the dominant factors influencing maize yield prediction.
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2. Materials and Methods
2.1. Study Area

Based on the cultivation characteristics, management practices, and geographical
environments, the planting regions of maize in China are divided into four zones: the north
maize region (Zone I), the Huang-Huai-Hai summer maize region (Zone II), the southwest
maize region (Zone III), and the northwest maize region (Zone IV) [38] (Figure 1). These
four zones are predominantly influenced, respectively, by the continental monsoon climate,
semi-humid monsoon climate, subtropical monsoon humid climate, and monsoon climate
of medium latitudes. The annual mean temperature in all four zones is around 9–25 ◦C,
which is the optimum temperature range for maize growth (9–29 ◦C) [39].
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2.2. Data Sources

We collected multi-source datasets with various spatial and temporal resolutions, includ-
ing annual maize planting areas, county-level yield, satellite dataset, and climate dataset. An
overview of these datasets is included in the Supplementary Materials (Table S1).

2.2.1. Satellite Dataset

We used the enhanced vegetation index (EVI) extracted from the MODIS Terra monthly
product from 2000 to 2010, featuring a spatial resolution of 1 km (MOD13A2V061, avail-
able from https://doi.org/10.5067/MODIS/MOD13A2.061, accessed on 13 January 2022).
The leaf area index (LAI) was extracted from the MODIS Terra monthly product from
2000 to 2010, featuring a spatial resolution of 500 m (MOD15A2V061, available from
https://doi.org/10.5067/MODIS/MOD15A2H.061, accessed on 13 January 2022). These
products are calculated based on atmospheric BRDF (bidirectional reflectance distribution
function) correction for bidirectional surface reflectance. The reflectance values have been
masked for the effects of water, clouds, heavy aerosols, and cloud shadows through QA
quality control bands. Specifically, the correction algorithm considers the interactions
between atmospheric components, solar radiation, and surface reflectance. This helps
eliminate atmospheric absorption and scattering effects while considering the BRDF of
the Earth’s surface, ensuring that the final reflectance data more accurately reflect the true
characteristics of the Earth’s surface. EVI has demonstrated a strong correlation with crop
yield, as evidenced by previous studies [40–42], and LAI was an important indicator of
plant productivity and photosynthetic capacity [43,44].

We used a global, long-term, spatially continuous sun/solar-induced chlorophyll
fluorescence (SIF) product from CSIF, covering the period from 2000 to 2010, with a spa-
tial resolution of 0.05 degree (https://doi.org/10.6084/m9.figshare.6387494, accessed on
13 January 2022). The CSIF product was generated through discrete Orbiting Carbon
Observatory-2 (OCO-2), SIF soundings, and meteorological reanalysis data based on a
data-driven method. Specifically, these data were generated by training a neural network
(NN) using surface reflectance from the MODIS and SIF from the OCO-2. SIF has been
developed and increasingly applied to crop yield predictions in recent years, as it can
directly reflect the dynamic changes in actual plant photosynthesis and responds to crop
stress [45,46].

2.2.2. Climate and Soil Dataset

The monthly climate dataset was derived from TerraClimate datasets (http://doi.
org/10.7923/G43J3B0R, accessed on 13 January 2022) from 2000–2010, and it was com-
monly used for regional maize yield prediction with a high spatial resolution (1/24◦,
~4 km) [47,48]. This dataset was created by using climatically aided interpolation, com-
bining high-spatial-resolution data from the WorldClim version 1.4 and version 2 datasets
with coarser-resolution time-varying (i.e., monthly) data from CRU Ts4.0 and JRA-55 to pro-
duce a monthly dataset. Here, we selected multiple features including monthly maximum
temperature (TMAX), monthly minimum temperature (TMIN), monthly total precipitation
(PRE), monthly actual evapotranspiration (AET), monthly potential evapotranspiration
(PET), monthly downward surface shortwave radiation (SRAD), monthly vapor pressure
deficit (VPD), and monthly Palmer drought severity index (PDSI).

The soil moisture (SM) dataset was also derived from TerraClimate datasets (1/24◦,
~4 km). In addition, seven features describing the physical and the chemical properties
of the soil from the Harmonized World Soil Database (HSWD) were selected [49]. These
features are subsoil gravel content (GRAVEL), sand fraction (SAND), subsoil silt fraction
(SILT), subsoil clay fraction (CLAY), subsoil reference bulk density (BULK), subsoil organic
carbon (OC), and subsoil pH (pH). This dataset spans from 2000 to 2010, and its spatial
resolution is 1 km.

https://doi.org/10.5067/MODIS/MOD13A2.061
https://doi.org/10.5067/MODIS/MOD15A2H.061
https://doi.org/10.6084/m9.figshare.6387494
http://doi.org/10.7923/G43J3B0R
http://doi.org/10.7923/G43J3B0R
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2.2.3. Maize Yield

The county-level maize yield dataset (kg/ha) from 2000–2010 was obtained from
the Agricultural Statistical Yearbook, compiled by the Ministry of Agriculture of China
(http://www.stats.gov.cn, accessed on 19 March 2022). The maize planting area data are
from a 1 km grid crop phenological dataset for three main crops from 2000–2010, with
errors of the retrieved phenological date being less than 10 d [40]. Overall, we selected a
total of 1021 counties for further analysis, choosing those counties that had maize yield
data for over 8 years after removing outliers and that had more than 10 planting grids.

2.2.4. Data Preprocessing

First, we cleaned the data by removing counties where no yield was reported. To
address missing data, we directly removed rows containing missing values. Given our
focus on county-level maize yield in China, we resampled the climate, soil, leaf area index
(LAI), and solar-induced fluorescence (SIF) datasets to a 1 km resolution using nearest
neighbor interpolation. This ensured spatial alignment across all datasets.

Next, we used the maize planting area data to mask the climate, satellite, and soil
datasets. This step eliminated the influence of other crops and vegetation types, further
ensuring spatial consistency. For the satellite dataset, we employed maximum value
compositing to synthesize the enhanced vegetation index (EVI) and normalized difference
vegetation index (NDVI) monthly. This allowed us to temporally align the satellite dataset
with the climate dataset. Considering the typical growing season of maize in China, which
is generally sown in April and harvested in October [40,50], we selected satellite and climate
data for the six-month period from April to September. The soil dataset, which only has
one value per year, was treated as a static variable in our analysis. On the other hand, the
satellite and climate datasets, which vary over time, were treated as dynamic variables.

Finally, we aggregated all datasets to the county level by calculating mean values and
matched them with county-level maize yield. This comprehensive preprocessing approach
ensured that our analysis was based on accurate and spatially/temporally aligned data. A
total of 79 variables were considered across all datasets, as detailed in Table S2.

2.3. Methods for Predicting Maize Yield

This study primarily utilized six machine learning methods and a linear regression
method for model construction, and the parameters of the machine learning models are
shown in Table 1.

Table 1. Machine learning model parameters.

Models Parameters

RF n_estimators, max_depth, max_features, min_samples_leaf, min_samples_split
SVM C, kernel, gamma, epsilon
XGB n_estimators, max_depth, eta, gamma, min_child_weight, subsample

BPNN learning rate, epochs, batch size, activation function, regularization parameters, optimizer, hidden layers
LSTM learning rate, epochs, batch size, activation function, regularization parameters, optimizer, hidden layers
KNN n_neighbors, weights, algorithm

2.3.1. Random Forest

Random forest (RF) is an ensemble learning algorithm that performs regressions
or classifications by combining a large number of decision trees [51]. The algorithm
introduces additional randomness when growing trees and searches for the best trees in
a subset of random features. This situation leads to greater tree diversity and usually
produces an overall better model [52]. RF is a reasonable method for variable selection,
as it could quantify the relative importance of measured variables [53] and efficiently
handle high-dimensional datasets [54]. Here, we employed the “GridSearchCV” to tune
five hyperparameters: “n_estimators = 355”, “max_depth = 20”, “max_features = 20”,
“min_samples_leaf = 1”, and “min_samples_split = 2”.

http://www.stats.gov.cn
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2.3.2. Support Vector Machine

Support vector machine (SVM) is a supervised non-parametric algorithm, and it is
based on the usage of kernels and action on the margins [55]. The input is mapped to
a high-dimensional feature space using a kernel function, and then a linear regression
model is constructed in the new feature space to balance between minimizing errors and
overfitting [56]. In this study, we sequentially tuned the following four hyperparameters as
follows: “GridSearchCV”: “C = 0.1”, “kernel = rbf”, “gamma = 0.01”, “epsilon = 0.1”.

2.3.3. Extreme Gradient Boosting

Extreme gradient boosting (XGB) is an optimized distributed gradient-boosting library
designed for efficiency, flexibility, and portability [57]. The algorithm fits the first learner
to the entire input and fits the second learner to the residuals of the first learner. The
algorithm also simplifies the objective function by allowing regularization terms to prevent
overfitting and is very useful for large data and high-dimensional data. By comparing
different kernels, we can find the optimized kernel that reflects whether the relationship
between the climate dataset and maize yield are linear or non-linear. Here, we tuned the
six hyperparameters as follows: “n_estimators = 261”, “max_depth = 10”, “eta = 0.05”,
“gamma = 0”, “min_child_weight = 1”, “subsample = 0.8”.

2.3.4. Back Propagation Neural Network

Neural networks consist of different elements that are highly interconnected. A back
propagation neural network (BPNN) is a multi-layer feed-forward network trained by an
error back-propagation algorithm; it belongs to one of the most widely used artificial neural
networks [58]. Its learning rule is to use the gradient descent method to continuously
adjust the weights and thresholds of the network by back-propagation to minimize the
sum of squared errors of the network [59]. The topology of the BPNN model includes
input layers, hidden layers, and output layers. A BPNN usually has the ability to detect
complex relationships between variables [60] and is suitable to the complex nonlinear
problem between maize yield and variables in this study. In this study, the climate dataset,
satellite dataset, and soil dataset were processed into three hidden layers, each consisting of
150 neurons and employing a “ReLU” activation function. RMSprop was used to select the
optimal learning rate, and L2 regularization was applied to adjust the model’s complexity
and fitting capacity.

2.3.5. Long Short-Term Memory Neural Network

A long short-term memory neural network (LSTM) is a special kind of recurrent neural
network (RNN) [61]. LSTM was used to deal with the inherent problem of RNN: with
the prolongation of training time and the increase of network layers, the original RNN
is prone to gradient explosion or gradient disappearance during training, resulting in
the inability to process longer sequences of data and thus to obtain information about
long-range data [62]. In this study, the optimal parameter search was conducted with
respect to the activation function, hidden size, learning rate, and batch size. As a result, the
activation function, hidden size, epochs, learning rate, and batch size were determined as
hard sigmoid function, 150, 0.01, and 84, respectively.

2.3.6. K-Nearest Neighbor Regression

The K-nearest neighbor (KNN) is a theoretically mature method and one of the simplest
machine learning algorithms [63]. The idea of the method is very simple and intuitive: if
most of the K most similar (i.e., most neighboring) samples in the feature space belong to
a certain category, then the sample also belongs to that category. KNN can tolerate noise
and unrelated properties, but it has higher complexity and is also more time-consuming
compared to other methods. For KNN in this study, key parameters to tune included
“n_neighbors = 10”, “weights = distance”, and “algorithm = auto”.
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2.3.7. Least Absolute Shrinkage and Selection Operator

The least absolute shrinkage and selection operator (LASSO) was first proposed by
Robert Tibshirani in 1996 [64]. It is a regularization technique based on linear models, used
to address regression problems with multiple features. It compresses some coefficients by
constructing a penalty function, and sets some coefficients to zero to get a more refined
model [65].

2.4. Experiment Design

To reduce the complexity of the model and enhance its stability, we conducted initial
feature selection using Pearson correlation analysis. Then, we removed features within
the same category that exhibited high correlation and had low or insignificant correlation
with maize yield. Subsequently, through multiple comparative experiments, we assessed
the model’s performance before and after removal to ensure that eliminating features did
not adversely impact model performance. We conducted three groups of comparative
experiments to achieve the objectives mentioned in the introduction: (1) To investigate
model performance based on different datasets, all variables were categorized into three
groups and input into seven models: the climate group (climate dataset and soil dataset),
the satellite group (satellite dataset and soil dataset), and the combined group (satellite
dataset, climate dataset, and soil dataset). (2) To determine the model performance for
maize yield prediction for each period, variables were categorized into three stages: early—
April to May (from planting to V3 (maize vegetative stages of third leaf, the first critical
growth stage of maize); peak—June to July (from V3 to silking), and late—August to
September (from silking to maturity), respectively. (3) To evaluate regional differences in
maize yield prediction, we applied prediction models to each region, determining the order
of feature importance and assessing model performance. Then, we input the three dataset
groups from April to September into the model sequentially to evaluate how different
categories of datasets contribute to variations in maize yield prediction across different
growth stages. The flowchart of this study is shown in Figure 2.

Here, six ML methods (RF, SVM, XGB, BPNN, LSTM, KNN) and one linear regression
method (LASSO) were applied to predict the maize yield, as detailed in Section 2.3.1. To
eliminate the scale and unit effects of different variables and enhance the efficiency and
accuracy of data analysis, the datasets were standardized using the min-max normalization
method before fitting the model:

Xnomal =
X − Xmin

Xmax − Xmin
(1)

where Xmax is the maximum value of the dataset, and Xmin is the minimum value of
the dataset.

All models were implemented using the “sklearn” package in Python 3.7. We ran-
domly split the dataset from 2000 to 2009 into training and test sets with a 7:3 ratio using
the “train_test_split”. The dataset from 2010 was reserved for prediction purposes. Cross-
validation (CV) is a widely used strategy for algorithm selections [66]. We used ten-fold
cross-validation to test the performance of the above-mentioned methods.
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2.5. Model Results Evaluations

The coefficient of determination (R2), the root-mean-square error (RMSE), and the
mean absolute error (MAE) were used to evaluate model performance. They can be
calculated as follows:

R2 =

(
∑n

i=1(yi − yi)
(

fi − f i

))2

∑n
i=1(yi − yi)

2 ∑n
i=1

(
fi − f i

)2 (2)

RMSE =

√
1
n

n

∑
i=1

(yi − fi)
2 (3)

MAE =
1
n

n

∑
i=1

|yi − fi| (4)

where n (i = 1, 2, . . ., n) is the number of samples input in the machine learning models,
yi is the recorded maize yield, yi is the corresponding mean value, fi is the predicted
maize yield, and f i is the corresponding mean value. The closer R2 is to 1, the higher
the prediction performance of the model is. Small RMSE and MAE values indicate less
discrepancy between the recorded yield and predicted yield.

We used percentage error to measure the accuracy error of the model in different
agricultural regions. The percentage error is calculated by (predicted yield—recorded
yield)/recorded yield × 100.
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3. Results
3.1. Selections of the Key Features for Maize Yield Predictions

As shown in Figure 3, EVI (R = 0.23, p < 0.001) and SIF (R = 0.16, p < 0.001) were found
to be highly correlated with maize yield. There were no significant correlations between
PDSI and maize yield. All water-related features (SM, PRE, VPD, PET, and AET) showed
higher correlations with maize yield than those of temperature-related features (TMIN and
TMAX). Moreover, soil-property-related features (CLAY, GRAVEL, PH, BULK, and SLIT)
showed slightly stronger correlations with maize yield than that of SAND. Eventually,
15 features significantly correlated with maize yield (p < 0.001) were selected for further
model simulations. They were, separately, EVI, SM, PRE, VPD, PH, SIF, GRAVEL, TMIN,
AET, PET, CLAY, BULK, SILT, TMAX, and SRAD, by the sequence of correlation coefficient
from high to low. There were six months of data for each feature in the satellite dataset and
climate dataset, resulting in a total of 65 input variables (Table 2).
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Figure 3. Pearson correlations between the observed maize yield and its related features at monthly scale.
LAI: leaf area index; EVI: enhanced vegetation index; SIF: sun/solar-induced chlorophyll fluorescence;
TMAX: maximum temperature; TMIN: minimum temperature; PRE: total precipitation; AET: actual
evapotranspiration; PET: potential evapotranspiration; SRAD: downward surface shortwave radiation;
VPD: vapor pressure deficit; PDSI: monthly Palmer drought severity index; GRAVEL: subsoil gravel
content; SAND: sand fraction; SILT: the subsoil silt fraction; CLAY: subsoil clay fraction; BULK: subsoil
reference bulk density; OC: the subsoil organic carbon; PH: subsoil pH; SM: soil moisture. *, **, and
*** represent significance levels at p < 0.05, p < 0.01, and p < 0.001, respectively.
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Table 2. Input variables for models.

Variables Variable Descriptions

Climate variables (total of 42)
TMAX4-TMAX9 Monthly maximum temperature for each month from Apr to Sep (◦C)
TMIN4-TMIN9 Monthly minimum temperature for each month from Apr to Sep (◦C)

PRE4-PRE9 Monthly total precipitation for each month from Apr to Sep (mm)
SRAD4-SRAD9 Monthly solar radiation for each month from Apr to Sep (MJ/m2)

PET4-PET9 Monthly potential evapotranspiration for each month from Apr to Sep (mm)
AET4-AET9 Monthly actual evapotranspiration for each month from Apr to Sep (mm)
VPD4-VPD9 Monthly vapor pressure deficit for each month from Apr to Sep (h PA)

Satellite variables (total of 12)
EVI4-EVI9 Monthly enhanced vegetation index for each month from Apr to Sep
SIF4-SIF9 Monthly solar-induced chlorophyll fluorescence for each month from Apr to Sep

Soil variables (total of 11)
SM4-9 Monthly soil moisture for each month from Apr to Sep (mm)

GRAVEL Gravel content (%)
SILT Silt fraction (%)

CLAY Clay fraction (%)
BULK Bulk density (g/cm3)

PH pH

3.2. Multi-Model Performances in Estimating China’s Maize Yield
3.2.1. The Performance of Predicted Maize Yield Models

We extracted the maize yield datasets from 1021 counties from 2000 to 2009 to train the
model. After several trials, we found the optimal model performance when 70% of data
samples were randomly chosen as the training set and the remaining 30% were used as the
test set. Results (Figure 4) showed that three methods, RF, SVM, and XGB, stood out in terms
of model performance in estimating China’s maize yields during the period 2000–2009, with
R2 from 0.75 to 0.80, RMSE < 610 kg/ha, and MAE < 435 kg/ha. In terms of the three variable
groups, the prediction performance of the combined group was constantly higher than that of
the satellite group and climate group (Figure 4a–c). Finally, the three top-performing machine
learning methods (i.e., RF, SVM, and XGB) were applied to predict county-level maize yield
in China, leading to the following analysis. Descriptive statistics of the performance of the
seven models are included in the Supplementary Materials (Table S3).
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Figure 4. The performance of seven models in predicting China’s maize yield from 2000 to 2009 in
the test set. Inter-model comparisons were conducted among three groups (satellite, climate, and
combined) based on ten-fold cross-validation. The accuracy among the seven models was assessed
using (a) R2, (b) RMSE, and (c) MAE. Climate: climate dataset and soil dataset; satellite: satellite
dataset and soil dataset; combined: satellite dataset, climate dataset, and soil dataset.
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3.2.2. Comparison of Models in Predicting China’s Maize Yield in 2010

We further used China’s maize yield in 2010 as an independent dataset to verify the
models’ performance with RF, SVM, and XGB. When a single dataset group (satellite group
or climate group) was fed into these models, R2 results were lower than 0.6, and RMSE was
greater than 1100 kg/ha (Figure 5d–i). The performance of the models trained with the climate
group datasets (R2 = 0.53–0.6, RMSE = 1119–1168 kg/ha, and MAE = 790–832 kg/ha) was
better than that of the models that trained with the satellite group datasets (R2 = 0.43–0.54,
RMSE = 1151–1203 kg/ha, and MAE = 821–878 kg/ha; Figure 5d–i). The performance of
models trained by the combined dataset group (R2 = 0.75–0.81, RMSE = 824–875 kg/ha, and
MAE = 626–651 kg/ha) was much higher compared with the models trained by either of the
individual dataset groups (i.e., climate or satellite group; Figure 5a–c). Overall, three machine
learning models (RF, XGB, and SVM models) trained by the combined dataset group can
better predict China’s maize yield in 2010. The performance ranking in terms of prediction
accuracy was: RF > SVM > XGB.
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Figure 5. Scatter plots between observed maize yield and the model predictions from the RF, XGB,
and SVM models. The red line represents the fit line, and the blue line represents the 1:1 line.
These models were run using different dataset groups ((a–c) combined group, (d–f) climate group,
(g–i) satellite group)) at the county level in 2010. RF: random forest; XGB: extreme gradient boosting;
SVM: support vector machine. Climate: climate dataset and soil dataset; satellite: satellite dataset
and soil dataset; combined: satellite dataset, climate dataset, and soil dataset.
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3.2.3. Comparisons of Maize Yield Prediction at Different Growing Stages

To find out whether the performance of maize yield models was related to maize
growth stages or not, we used all stage data from 2000 to 2009 to train the model to
predict the maize yield in 2010 separately. We divided the maize growing season into
three phases, as indicated in Figure 6 (the early stage: April to May; the peak stage: June
to July; and the late stage: August to September). For all three models (RF, XGB, or
SVM), the highest model accuracies were discovered during the peak stage (R2 = 0.65,
RMSE = 941 kg/ha, MAE = 686 kg/ha); it was much higher than the early-stage simulation
(R2 = 0.45, RMSE = 1143 kg/ha, MAE = 810 kg/ha) and slightly higher than the late-stage
simulation (R2 = 0.56, RMSE = 1024 kg/ha, MAE = 752 kg/ha). Thus, the satellite and climate
datasets at the peak stage were essential for predicting maize yields.
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Figure 6. The performance of maize grain yield predictions ((a) R2, (b) RMSE, and (c) MAE) under
three distinct maize growth phrases (the early stage: April to May; the peak stage: June to July; and
the late stage: August to September) using the combined group. RF: random forest; XGB: extreme
gradient boosting; SVM: support vector machine; combined group: satellite dataset, climate dataset,
and soil dataset.

Figure 7 reveals the contributions of the climate dataset and satellite dataset from
different growing stages to maize yield prediction. Figure 7a–c indicates that the R2 of all
three models consistently increased from April to September. For both the combined- and
single-dataset groups, the model performance increased with the progression of time and
reached the highest in September. From April to September, the models combined with
the dataset group were quantified as the best models in predicting China’s maize yield.
Across the three models, the predictions of models based on the climate dataset group
generally outperformed those of the satellite dataset group. While the predictiveness of
these models continuously increased from April to September, the predictive accuracy of
the satellite dataset group increased much more than that of the climate dataset group.
The three models showed that the contribution of the satellite dataset (bottom panels in
Figure 7) increases from the early to the peak stages (from April to July), and then stagnates.
In contrast, there was an overall decreasing trend in the contribution of the climate datasets,
and the gaps between the contribution of the climate dataset and satellite dataset gradually
decrease. This means that as the growing season progresses, the influence of climate
information could be gradually compensated by satellite information, and that the satellite
dataset could closely track the growth of the maize.
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Figure 7. The temporal variations of the model performance of (a) RF, (b) XGB, and (c) SVM (the
prediction at any specific month contains input data covering from the beginning of the growing season

to that specific month, thus the later period contains more inputs and usually has a higher per-
formance). R2 (prediction) presented in the solid lines indicates the performance of maize yield
prediction models, while R2 (difference) presented in the bars shows the contribution of satellite
data and climate data to maize yield prediction. Climate: climate dataset and soil dataset; satellite:
satellite dataset and soil dataset; combined: satellite dataset, climate dataset, and soil dataset.

3.3. Regional Differences in Predicting Maize Yield in China
3.3.1. Spatial Patterns of Predicted Maize Yield in China

The high-maize-yield counties in China were mainly observed in the Huang-Huai-Hai
maize planting area and in northeastern and northwestern China (Figure 8a). Counties with
relatively low maize yield were concentrated in the farming–grazing ecotone of northern
China and the mountainous areas of southwestern China (Figure 8a). The predicted maize
yield showed a similar spatial pattern as the recorded maize yield (Figure 8b–d). This
finding indicated that the three models (RF, XGB, and SVM) were suitable for county-level
maize yield predictions in China. Nonetheless, the difference between predictions and
observations suggested that maize yields were underestimated in high-yielding counties
and overestimated in low-yielding counties (Figure 8a–d).
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Figure 8. The spatial patterns of the recorded (a) and the predicted maize yield in 2010. The maize
yield was predicted by RF (b), XGB (c), and SVM (d) models (RF: random forest; XGB: extreme gradient

boosting; SVM: support vector machine) using combined group (satellite dataset, climate dataset,
and soil dataset).

3.3.2. Model Comparisons in Different Agricultural Zones

Across the four agricultural zones, the ranking of the prediction accuracy was RF > SVM
> XGB (Figure 6). RF was the best in simulating China’s maize yield, with a relatively lower
simulating error of −1.69% (Figure 9). The prediction accuracies of the machine learning
methods varied by the maize planting zones. SVM was the optimal model in Zones I and
III, with percentage errors of −2.58% and 1.60%, while RF performed best in Zones II and IV,
with percentage errors of −4.23%, −3.63%. All three models overestimated maize yield in
Zone III, which featured a relatively lower maize yield (Figure 6).
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Figure 9. The percentage errors of maize yield in China and four maize planting zones (Zone I: the
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3.3.3. The Relative Importance of Individual Variables in Maize Yield Prediction

Given the good performance, we used RF to identify the important influencing
variables in the four maize planting zones and their relative importance among the top
14 variables (Figure 10). As for China and its four maize planting zones, some satellite vari-
ables (EVI7, SIF7) in July were consistently important in influencing maize yield forecasting
accuracy (Figure 10a–e), and it was consistent with previous conclusions that satellite
variables contribute the most to maize yield prediction at the peak stage. Although EVI7
was the most important variable throughout the study area, the order of variable impor-
tance varies across regions, as shown in Figure 10a. In Zone I, the temperature-related
variable (TMIN7) was identified as the most important variable in maize yield prediction
(Figure 10b). Satellite variables were relatively more important than climate variables in
Zone II and Zone III (Figure 10c–d). In Zone IV, the water-related variable (VPD6) was the
most important influencing variable (Figure 10e). In addition, soil variables (PH, CLAY,
SM, GRAVEL, and SLIT) were also important influencing factors in maize yield predictions
(Figure 10).
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Figure 10. Feature importance values for the top 14 variables via RF models in the whole of (a) China
and the four agricultural zones ((b) Zone I, (c) Zone II, (d) Zone III, (e) Zone IV). EVI: enhanced
vegetation index; SIF: sun/solar-induced chlorophyll fluorescence; TMAX: maximum temperature;
TMIN: minimum temperature; PRE: total precipitation; AET: actual evapotranspiration; PET: potential
evapotranspiration; SRAD: downward surface shortwave radiation; VPD: vapor pressure deficit;
GRAVEL: subsoil gravel content; SAND: sand fraction; SILT: subsoil silt fraction; CLAY: subsoil clay
fraction; BULK: subsoil reference bulk density; OC: subsoil organic carbon; PH: subsoil pH; SM: soil
moisture (numbers represent the number of months).

4. Discussion

Based on analysis of the seven methods, the machine learning methods were found
to be superior to the LASSO algorithm. This can be primarily attributed to the capacity
of machine learning methods to unravel intricate relationships between maize yield and
variables [67]. Machine learning methods exhibit significant superiority over traditional linear
statistical regression methods, boasting higher computational efficiency and enhanced spatial
generalization capabilities. RF, XGB, and SVM showed better advantages in predicting China
county maize yield. The sequence of the prediction accuracy was RF > SVM > XGB (Table S3),
and RF showed the greatest improvement over linear regression models (R2 increased by 0.37,
RMSE decreased by 494 kg/ha, and MAE decreased by 441 kg/ha). These improvements
highlight the reliability and effectiveness of the RF model for maize yield prediction in China.
The data used in this study are highly complex in terms of dimensions (a total of 65 input
variables), with intricate nonlinear relationships among the variables. RF, known for its
robustness, exhibits adaptability to complex nonlinear relationships and high-dimensional
data, enabling it to capture specific patterns or relationships within the data [54]. Traditionally,
county-level maize yield estimation was conducted through surveys, which were both time-
consuming and costly. Furthermore, traditional methods could only estimate maize yield after
harvest, making it impractical for making policy decisions before harvest. In contrast, the
machine learning models used in this study accurately predicted county-level maize yield and
provided forecasts 1–2 months before harvest. Hence, these models can be widely employed
for pre-harvest yield predictions, significantly saving resources, and enabling timely maize
yield estimation based on the current year’s climate conditions and environmental factors,
thus facilitating policymaking processes.

Many studies suggest that the inclusion of multi-source datasets in yield prediction
models usually increases the model accuracy when predicting maize yield. The satellite
datasets provide mostly the biotic information related to crop growth [68,69], while the
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climate datasets contain the abiotic information that also influences the crop yield [70–72].
Yet studies have suggested that various factors related to maize yield showed disparate
sensitivities to the growing season [73,74]. For instance, the silking stage of maize in
China can happen in July or August. During this stage, maize exhibits heightened sensi-
tivity to environmental conditions. Satellite datasets possess the capability to capture the
physiological activities of maize, encompassing its growth and photosynthetic intensity.
These factors were closely linked to the yield performance of maize during critical growth
stages [75]. Drought and high temperatures during critical growth stages, particularly
silking, significantly impact maize yield. Soil moisture reduction limits the availability of
water for plant growth, while decreased photosynthetic efficiency reduces the production
of energy necessary for plant development. Accelerated growth processes due to high
temperatures can also alter the accuracy of yield predictions [76]. These factors explain
why the random forest model achieves higher accuracy at the peak (silking) stage of maize
in our study, as it captures the complex interactions between these critical environmental
factors and plant growth.

The satellite dataset at early growth stages of maize, when used independently in
the model, was weakly associated with the yield. Between the two, the climate dataset
presented higher performance than the satellite dataset at this stage, probably because
the early seasonal climatic information should have captured some spatial patterns of
the maize yield [20]. For example, temperature shows a clear spatial pattern from the
early to the late growing season, with significant differences between different maize
growing areas [38]. If maize yield is correlated with the temperature, the early season
temperature could capture the spatial maize yield patterns, consequently leading to a
better performance in model accuracy. On the contrary, the distribution of EVI or SIF in
space is uniformly low in the early stage of maize growth, with little variation between
different maize growing areas, and provides little information about spatial patterns [77].
Hence, the relatively higher predictive performance obtained in the early stage based on
climate-related dataset groups (e.g., climate dataset and combined dataset) is found to be
largely attributable to the spatial patterns of climate variables and could capture the more
spatial maize yield patterns [20]. Additionally, we recognized that the satellite dataset can
provide supplementary information for yield prediction models, further enhancing crop
yield forecasts.

The maize yield would vary not only from season to season but also from location
to location [16], and the regional differences in model performance are mostly caused by
regional differences in environmental characteristics such as temperature and precipita-
tion [78,79]. In Zone I, the colder climate prolongs the growth cycle, affecting pollination
and grain formation. This underscores the importance of temperature-related features in
predicting maize yield, as colder temperatures can restrict nutrient uptake and exacerbate
pest and disease impacts [80]. In Zones IV and III, water-related variables emerge as crucial
factors (Figure 10d,e). In the Northwest (Zone IV), the importance of VPD6 highlights
the region’s dependence on water availability for optimal yield [81]. In the Southwest
(Zone III), excessive moisture can lead to rapid nitrogen loss in the soil, affecting maize
yield [38,82]. The high ranking of soil moisture variables (SM5, SM6) reflects this region’s
sensitivity to soil moisture conditions (Figure 10d). We argue that for an accurate maize
yield prediction in different areas of China, the models should be adapted to appropriate
methods and variables. For example, in Zones II and IV, we recommend using RF for maize
yield prediction, while in Zones I and III, the SVM is used. Additionally, the observed
impact of excessive moisture on maize yield suggests that cumulative precipitation and
cumulative temperature may significantly influence maize growth [82]. Therefore, incor-
porating variables such as cumulative precipitation and cumulative temperature for the
growing season into the model could potentially enhance its accuracy.

Yet there are some limitations in our study. Ground truth data may have inherent
biases and limitations. The methods of data collection and environmental conditions
can impact results, and the representativeness of samples and data gaps can affect the
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comprehensiveness of the analysis. In our study, despite implementing rigorous quality
control measures, differences in data collection across different years and regions may lead
to inconsistencies in the data. Future research could improve data collection methods,
enhance sample diversity, utilize advanced technologies to increase data accuracy and
comprehensiveness, and employ more robust uncertainty analysis methods to enhance
the credibility and utility of the study. In addition, human management practices, such
as irrigation, fertilization, and the selection of correct maize varieties as per season and
location, are critical for maize growth and yield [83]. Their inclusion in the model could
significantly improve predictions. Moreover, machine learning inherently operates as
a black box, where model inputs and operations are not visible, posing challenges in
comprehending internal decision-making processes and interpreting results [74]. This
limitation restricts the informativeness of the conclusions drawn from our analysis in
terms of plant physiology. Hence, it is still challenging to provide testable hypotheses
giving biological explanations for crop growth and the final yield formation. Employing
interpretability techniques to enhance understanding of model decisions, such as local
interpretability methods and integrating crop process models, could improve the model’s
credibility, making it more acceptable in practical applications. Future applications of
process-based models may help elaborate the mechanisms behind the relationships between
variables and yield. Therefore, the issue of combining machine learning with crop process
models is an intriguing approach that could be explored in further research [84].

5. Conclusions

In the present study, we improved the prediction accuracy of China’s maize yield,
specifically by employing a combination of multi-source datasets through various models.
The performance of maize yield prediction was not sufficient when only the single satellite
dataset or climate dataset was inputted into these models. As expected, machine learning
methods outperformed traditional regression models. For example, RF, XGB, and SVM
showed prominent advantages in predicting China’s maize yield, while RF was the best
method. Nonetheless, it is worth noting that the climate dataset contributed more to the
maize yield prediction than that of the satellite dataset. The satellite dataset was able to
closely track the growth cycle of crops; its contribution to maize yield prediction, however,
generally reached a maximum at the peaking growth stage. We also found that the model
accuracy and maize yield prediction varied across China’s maize planting regions. The ML
methods clearly showed advantages of spatial generalizations in providing new insights
into crop yield prediction over a larger scale, and even a global scale. Our research could
advance our understanding of the contributions of different growth stages of crops and
multi-source dataset combinations in predicting maize yield at a larger spatial scale.
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