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A B S T R A C T   

The evaluation and early warning of the ecological security of cultivated land are crucial to food security and 
social stability in the post-epidemic era. In this study, we construct a cultivated ecological security assessment 
index system based on the pressure-state-response (PSR) model in the main grain-producing areas of China. The 
entropy method and the multi-factor comprehensive weighting method are used to evaluate the ecological se-
curity of the cultivated land in the study area from 2007 to 2018. We propose an integrated model that combines 
random forest (RF) and multilayer perceptron (MLP), i.e., RF-MLP, to estimate ecological security levels of 
cultivated lands in the study area from 2019 to 2028. We also present specific policy suggestions to improve the 
ecological status of cultivated lands. We found that: (1) the ecological security index (E index) of cultivated land 
showed an overall upward trend from 0.6379 in 2006 to 0.7754 in 2018, despite the fact that this increasing 
pattern was not considerably strong. The warning situation was changed from medium warning to light warning. 
The warning levels present a notable spatial imbalance, with higher warning levels occurring in the northern 
provinces. (2) From 2019 to 2028, although the E index of cultivated land in the main grain-producing areas is 
expected to be further improved, its values are between 0.7 and 0.8, with most provinces lying in the light 
warning grades. During the forecasting period, the spatial pattern of the warning situations is stable. In some 
regions, e.g., North and Northeast China, the cultivated land ecology is expected to be developed towards a 
positive direction. Although the ecological security of cultivated land in the middle and lower reaches of the 
Yangtze River region is generally satisfactory, the E index presents a declining trend, thus demanding further 
attention. The results from this study are expected to benefit decision-makers in designing mitigating strategies 
for better ecological security management and maintenance of cultivated lands in China’s main grain-producing 
areas.   

1. Introduction 

Increasingly prominent ecological and environmental issues pose 
threats to the sustainable development of mankind(Liang et al.,2010). 
The urgency of ensuring ecological security has been widely discussed in 
the academic community. Cultivated land, including paddy fields, irri-
gated land and dry land, is essential for agricultural production (Cos-
tanza et al., 1997). As one of the important artificial ecosystems(Deng, 
2014), cultivated land provides food and raw materials for human be-
ings, playing an important role in ensuring national food security, 
ecological security, and maintaining social stability(Deng et al.,2006; 

Niu et al.,2011; Zhou et al.,2021). The continuous acceleration of 
industrialization and urbanization has largely increased the demand for 
cultivated land for non-agricultural construction. The ecological secu-
rity crisis in the process of cultivated land utilization has become 
increasingly prominent (Siva Kumar and Ndiang’ui,2007; Skog and 
Bjørkhaug,2020; Song and Liu,2017). The ongoing COVID-19 pandemic 
led to fluctuations and even temporary retreats in the process of eco-
nomic globalization (Ruiz Estrada,2020). As many countries started to 
restrict food exports, the ongoing pandemic has sounded the alarm for 
food security issues around the world (Yan et al.,2020). With the 
comprehensive advancement of China’s ecological civilization 
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construction, on the basis of strengthening the protection of the quantity 
and quality of cultivated land, the ecological protection of cultivated 
land has been placed in an important position (Hansen et al.,2018). It 
has been widely acknowledged that the ecological security of cultivated 
land is the core of sustainable development, and it is also the demand of 
the people’s growing beautiful ecological environment (Wang and 
Tian,2021). Therefore, an efficient evaluation procedure of cultivated 
land ecology and the establishment of an early warning framework are 
much needed. Efforts have been made to conduct investigations on 
ecological security in regional reservoirs, scenic spots, mountainous 
plateau areas, and regions undergoing rapid urbanization(Guo 
et al.,2020; Yang et al.,2020; Zhang et al.,2016; Zhou et al.,2014). 
However, the systematic, in-depth investigations on the ecological se-
curity of cultivated land remain limited. 

The concept of ecological security was first proposed by the famous 
American environmental expert R. Brown (1984). Existing studies 
mainly focus on the discussion of concepts (Fan and Fang,2020), the 
selection of evaluation indicators (Wu et al.,2019), and the maintenance 
and management of ecological security (Karpets et al.,2021). The 
research objects of ecological security mainly include research on land 
use change, vegetation change, accessibility of urban green space, etc 
(Aksoy et al.,2022; Cetin,2015; Varol et al.,2021). At present, in-
vestigations on ecological security prediction and early warning are 
rare, especially for studies focusing solely on the ecological security of 
cultivated land. The ecological security of cultivated land refers to a 
state in which cultivated land is healthy without being threatened (Nie 
et al.,2015). The goals of ecological security early warning on cultivated 
land are defined as assessing and predicting the impact sources, 
threatened states, and response effects of cultivated land ecological se-
curity to comprehensively judge whether alarms should be raised from 
spatiotemporal perspectives (Chen and Wang,2020; Xuemei 
et al.,2021). The commonly used early warning methods of ecological 
security mainly include regression analysis, grey prediction model, 
autoregressive integrated moving average(ARMIA) model, Back- 
Propagation (BP) neural network model, radial basis function (RBF) 
neural network model, Bayesian averaging model (BMA), to list a few 
(Feng et al.,2017; Jiang et al.,2019; Wang et al.,2018; Wu and Xie,2019; 
Zhang et al.,2021). These methods have their own advantages over 
specific data types. In particular, neural networks learn from historical 
data and are able to grasp the intrinsic nonlinear data dependence, 
showing certain advantages in ecological security forecasting (Zhang 
et al., 2020a,b). Recent years have seen a growing number of efforts in 
organically integrating the relevant theories of cultivated land ecolog-
ical security with artificial intelligence algorithms, aiming to achieve 
scientific early warning and response control of cultivated land 
ecological security. However, BP neural network models have a number 
of notable weaknesses that include fixed learning rate, slow conver-
gence, and proneness to local minimums in prediction (Zhang et al., 
2019a,b,c). Although the RBF neural network models have been greatly 
improved on the basis of BP in the process of solving practical problems, 
they are prone to under/over-fitting in function approximation given 
their massive hidden node (Liu et al.,2020). Therefore, the applicative 
potentials of neural networks in evaluating ecological security deserve 
further exploration. 

The random forest (RF) algorithm is less sensitive to missing data and 
can handle unbalanced data in a robust manner (Band et al.,2022; Chen 
et al.,2022). It has been widely used in soil organic matter prediction, 
lake level prediction, electricity load prediction, PM2.5 concentration 
prediction, diabetes risk prediction, etc. (Ahmad and Chen,2019; 
Mohammadi et al.,2020; Hu et al.,2017; Liu et al.,2021; López 
et al.,2018). The great performance of RF in feature selection can 
compensate for the deficiencies of neural networks. Therefore, we pro-
pose a model that integrates RF and a multilayer perceptron (MLP), 
called RF-MLP. This integrated model improves the prediction accuracy 
while avoiding the over-fitting issue. In addition, the proposed inte-
grated model does not need human intervention and can automatically 

identify feature sets of the specified size with the highest correlation. 
Compared with separated RF or MLP, the proposed integrated model is 
expected to achieve higher generalization ability and robustness. 

The main grain-producing areas are the mainstay of maintaining 
China’s food security (Bi et al.,2013). In 2019, global food production 
was 2,722 billion kg, of which China’s production was 664 billion kg, 
accounting for nearly a quarter of the global grain production (Fao and 
Unicef, 2020). Recent editorials and viewpoints stressed the COVID-19 
impact on sustainable development goals (SDGs) and advocated for in- 
depth research (Fagbemi,2021; Fenner and Cernev,2021). The first 
two of the 17 Sustainable Development Goals are no poverty (SDG1) and 
zero hunger (SDG2), and food security is directly related to the 
achievement of these two goals (UN General Assembly 2015).It can be 
said that once there is a crisis in the ecological security of cultivated land 
in China’s main grain-producing areas, a global food crisis will be 
inevitable. Thus, early warning and protection of the ecological security 
of its cultivated land are essential to China’s food security and social 
stability in the post-epidemic era.China’s main grain-producing areas 
include 13 provinces/autonomous regions, i.e., Inner Mongolia Auton-
omous Region, Liaoning, Jilin, Heilongjiang, Shandong, Hebei, Henan, 
Jiangsu, Anhui, Jiangxi, Hubei, Hunan, and Sichuan. According to their 
geographical orientation, the study area is divided into five regions, 
including the Northeast region (Liaoning, Jilin, Heilongjiang), the North 
China region (Shandong, Hebei, Henan), the middle and lower reaches 
of the Yangtze River region (Jiangsu, Anhui, Jiangxi, Hubei, Hunan), 
Inner Mongolia Autonomous Region, and Sichuan Province. This study 
aims to provide a decision-making basis for the management and 
maintenance of cultivated land ecological security by assessing and 
warning the ecological security status of cultivated land in China’s main 
grain-producing areas using the proposed RF-MLP model. We combine 
the relevant theories and methods of cultivated land ecological security 
with artificial intelligence technology by establishing a cultivated land 
ecological security early warning system. First, we establish an index 
system for the ecological security of cultivated land based on the PSR 
model and then use the entropy method and multi-factor comprehensive 
weighting method to evaluate the ecological security of cultivated land 
in the main grain-producing areas from 2006 to 2018. Subsequently, the 
proposed RF-MLP model is used to predict and warn the ecological se-
curity level of cultivated land in the main grain-producing areas from 
2019 to 2028. Finally, we provide specific policies and suggestions for 
improving the ecological security of cultivated land. This study is ex-
pected to greatly benefit decision-makers in making timely responses to 
ecological threats. 

2. Materials and methodology 

2.1. Study area 

The grain sown area in China’s main grain-producing areas accounts 
for 79% of the country’s total grain output. Since the “Reform and 
Opening Up policy”, these regions have contributed to more than 3/4 of 
the country’s grain output and have experienced a significant increase 
(more than 90%) in grain production (Zhang et al.,2017) (Fig. 1). The 
ecological environment of the cultivated land in the main grain- 
producing areas has been improved to some extent through the gov-
ernment’s basic farmland improvement and cultivated land fallow pol-
icies (Zhang et al., 2019a). However, with urbanization and continuous 
increase in population, the degradation of cultivated land quality and 
soil erosion are becoming severer, posing great challenges to ecological 
protection and food security. 

2.2. Index system and datasets 

We selected various indicators of cultivated land in China’s main 
grain-producing areas from 2006 to 2018 to calculate the ecological 
security value. The evaluation indicators were selected from the 
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perspective of “Pressure-State-Response” (PSR), which can generally 
reflect the relationship between the cultivated land ecosystem and 
economic development and human activities (Bai and Tang,2010). The 
index system we adopted has strong logical causality, which has been 
widely recognized and applied in numerous applications (Feng 
et al.,2011; Neri et al.,2016). Our indicator system was constructed of 19 
evaluation indicators (Ye et al.,2011). The maximum difference stan-
dardization method was used for standardization, and the entropy 
method was used to determine weights (Bai and Tang,2010). The eval-
uation indexes, index attributes, and weights determined by the entropy 
method are shown in Table 1. 

2.3. Methods 

2.3.1. Research framework 
Making early warnings for cultivated land ecological security re-

quires the monitoring of various ecological safety indicators of culti-
vated land and applying the obtained values for analysis, aiming to assist 
the decision-making of corresponding measures to eliminate or reduce 
the ecological risks of cultivated lands. According to the requirements of 
cultivated land ecological security early warning, we designed three 
modules: 1) cultivated land ecological security evaluation, 2) cultivated 
land ecological security early warning, and 3) pre-warning recommen-
dations. Fig. 2 presents the framework of this study: 

2.3.2. Evaluation method 
We used the multi-level weighted comprehensive index method to 

calculate the ecological security index (i.e., E index) of cultivated land, 
which was used to judge the ecological security of cultivated land in the 
study area (Chen and Wang,2020). The E index is positively correlated 
with the ecological security of cultivated land. Its calculation follows: 

E =
∑n

j=1
WijNj (1)  

Fig. 1. The study area of this study. Basemap resource: http://bzdt.ch.mnr.gov.cn/ (Ref. GS (2019) No. 1697).  

Table 1 
The index system of the evaluation of cultivated land ecological security.  

Criterion 
layer 

Index layer Indicator 
attributes 

Weights 

Pressure Urbanization rate (%) − 0.0495 
Land reclamation rate (%) + 0.0293 
The population density (%) − 0.0425 
Cultivated land area per capita (capita/ 
km2) 

+ 0.0658 

agricultural film load per unit of arable 
land (kg / km2) 

− 0.0359 

Fertilizer load per unit of arable land 
(kg / km2) 

− 0.0401 

Pesticide load per unit area of arable 
(kg / km2) 

− 0.0366 

Forest cover rate (%) + 0.0876 
State Grain yield per unit area (kg/ km2) + 0.0338 

The primary industry output value / 
GDP (%) 

+ 0.0554 

Multiple crop index (%) + 0.0266 
Per capita net income of farmers (yuan/ 
capita) 

+ 0.0504 

Area affected by natural disasters/total 
area (%) 

− 0.0469 

Response Change rate of soil erosion control area 
(%) 

+ 0.0653 

Effective irrigation area/irrigation area 
(%) 

+ 0.0319 

Sewage treatment rate (%) + 0.0865 
Environmental pollution control 
investment-GDP ratio (%) 

+ 0.0974 

Per capita food consumption (kg/ 
capita) 

+ 0.0710 

Total power of agricultural machinery 
per unit of arable land (kW/km2) 

+ 0.0475 

“+”: Positive indicators; “− ”: negative indicators. 
Other supplementary datasets were derived from the 2006–2019 China Statis-
tical Yearbook, China Rural Statistical Yearbook, China Environment Statistical 
Yearbook, and official statistics of 13 provinces and autonomous regions in 
China’s main grain-producing areas. 
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Positive indicators : Wij =

⎧
⎨

⎩

1,Xi ≥ Si

Xi

Si
,Xi ≤ Si

; Negative indicators : Wij

=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1,Xi ≤ Si

2 −
Xi

Si
, Si < Xi ≤ 2Si

0,Xi ≥ 2Si

(2)  

where E, ranging from 0 to 1, is the ecological security index of culti-
vated lands. Wij is the security index of each index, Nj is the weight of the 
index (determined by the entropy weight method), n is the number of 
evaluation indexes, Xi is the actual value of the evaluation index, and Si 
is the arithmetic mean of the evaluation index. 

2.3.3. Early-warning method  

(1) Random Forst (RF) 
RF is an ensemble classifier that integrates a number of deci-

sion trees. If the decision tree is regarded as an expert in a clas-
sification task, an RF model can benefit from many experts (Aria 
et al.,2021). The steps to generate a random forest follow:  
1) From the original training data set, a total of K new self- 

service sample sets are randomly selected with replacement 
using the bootstrap method, and K decision trees are therefore 
constructed. The samples not drawn constitute K out-of-bag 
(OOB) data.  

2) Given n features, mtry(mtry ≤ n) features are randomly selected 
at each node of each decision tree. By calculating the amount 
of information contained in each feature, one of the mtry fea-
tures is selected to split the node.  

3) Each decision tree grows to the maximum without any 
tailoring. 

Fig. 2. The framework of this study.  

S. Zou et al.                                                                                                                                                                                                                                      



Ecological Indicators 141 (2022) 109059

5

4) The generated decision trees form an RF, whose decisions in 
the classification tasks are determined by the number of votes 
of each tree classifier.  

(2) Multilayer Perceptron (MLP) 
MLP, having outstanding advantages in solving complex 

nonlinear problems (Panahi et al.,2021; Zhang et al., 2019a), is a 
feedforward neural network expanded on the basis of a single- 
layer perceptron (Velasco et al.,2019). In the early warning of 
farmland ecological security, MLP can learn the features after RF 
optimization to obtain the predicted value of the farmland 
ecological security evaluation index data with higher accuracy. 
An MLP model contains numerous layers of neurons. The input 
layer neuron receives the input signal, and each neuron in the 
hidden layer and the output layer is connected to all the neurons 
in the adjacent layer (note that neurons in the same layer are not 
connected). In the hidden layer, given m input variables, the 
input value xl

j of the l layer can be expressed as: 

xl
j = f (

∑m

i=1
yl− 1

i *wl
ij + bi

j) (3)  

where yl− 1
i represents the output of the previous layer; wl

ij represents the 
weight connecting the i-th input to the neuron; bi

j corresponds to the bias 
value brought by the j-th neuron; f(⋅) represents the activation function. 

MLP can be divided into two stages, i.e., signal forward propagation 
and error backpropagation. The backpropagation starts at the output 
layer with a loss function: 

E = E(yl
1, ⋅⋅⋅, yl

h) =
∑h

j

(
yl

j − tj

)2
(4)  

where the l-th layer is the output layer and tj is the expected output of the 
j -th neuron in the output layer. Model weights are updated using a 
gradient descent method (Lindner et al.,2014): 

wl
im = wl− 1

im − η ×
∂E

∂wl− 1
im

(5)  

where η is the learning rate.  

(3) Rf-MLP 
In this study, the selected 19 cultivated land ecological security 

evaluation indicators (features) all have temporal and spatial 
correlations, leading to the difficulty in removing the subjectivity 
of artificial feature selection using a single model. Therefore, we 
proposed an RF-MLP integrated model by combining the advan-
tages of RF in feature selection and the outstanding performance 
of MLP in model training, thus avoiding the impact of the cor-
relation among features. 

The proposed RF-MLP model first feeds all the features into the RF 
model to obtain the importance ranking of each feature. Further, fea-
tures with the lowest importance are removed, and this process is 
repeated until the optimal feature set is obtained. Finally, the entire 
dataset is divided into training and testing sets. The optimal feature 
subset selected from the training set is fed to the MLP for training, during 
which the weights and thresholds of the MLP are updated. Then, the 
optimal feature subset selected from the test set is fed to the well-trained 
model for prediction. 

2.3.4. Security classification standard 
To our best knowledge, no unified evaluation standard for the clas-

sification of the ecological security of cultivated land has been estab-
lished. Considering the actual conditions of our study area and referring 
to relevant studies (Ye et al., 2011; Chen and Wang, 2020) and profes-
sional opinion, we divided the ecological security of cultivated land into 
five grades from low to high, as shown in Table 2. Note that the grading 
standard can be adjusted given the varying condition of investigated 

areas. 

2.3.5. Model accuracy verification 
To verify the capability of the proposed RF-MLP model, the ecolog-

ical security index data of cultivated land from 2006 to 2013 were fed 
into the proposed model and other competing models. These competing 
models include MLP, LR-MLP (Lasso Regression coupled with MLP), and 
SVM-MLP (Support Vector Machine coupled with MLP). LR and SVM are 
two commonly used machine learning algorithms (Le et al.,2021; Mor-
eira et al.,2019; Emamgholizadeh and Mohammadi,2021). We 
compared the predictions from RF-MLP and other competing models 
with the actual value of the E index in the main grain-producing areas 
from 2014 to 2018. For RF-MLP, LR-MLP, and SVM-MLP, the most 
relevant 4, 8, 12, and 16 features were selected by RF, LR, and SVM, 
respectively, and were fed into MLP for prediction. The performance of 
MLP, RF-MLP, LR-MLP, and SVM-MLP under different feature selections 
is shown in Table 3. 

From Table 3, we notice that MLP methods combined with RF, LR, 
and SVM perform notably better than MLP in terms of predicting the E 
index, evidenced by their higher R2 and lower RMSE, MAPE in both the 
training set and testing sets. Compared with the other two methods, RF- 
MLP has the highest prediction accuracy. When the number of feature 
selections is 16, the overfitting is the lowest, and the prediction results 
are in the highest agreement with the actual data. The above results 
prove the great effectiveness of RF in feature selection and also illustrate 
the advancement and effectiveness of our proposed RF-MLP model in 
predicting the E index. 

3. Results and analysis 

3.1. Current situation assessment 

We calculated the E index of China’s main grain-producing areas 
from 2006 to 2018(Fig. 3) and presented the classification standard and 
the spatial patterns of cultivated land ecological security (Fig. 4). 

From Fig. 3, the E index of China’s main grain-producing areas 
presents fluctuating patterns with a generally increasing trend. How-
ever, the overall increase is not notably large, rising from 0.6379 in 2006 
to 0.7754 in 2018. The ecological security situation of cultivated land 
has increased from critical secure to nearly secure while the warning 
situation changes from medium warning to light warning. In addition, 
the E index of each region also shows different growth trends during the 
study period. Among them, the Northeast region has the largest absolute 
growth, from 0.4836 in 2006 (huge warning) to 0.6908 (medium 
warning) in 2018. The middle and lower reaches of the Yangtze River 
region show the second-largest absolute growth (from 0.6544 to 
0.8162), followed by the Inner Mongolia Autonomous Region (from 
0.6317 to 0.7257), Sichuan Province (from 0.6794 to 0.7511), and 
North China region (from 0.7528 to 0.8168). 

As shown in Fig. 4, provinces that include Heilongjiang, Liaoning, 
and Anhui in the study area have huge warnings, while Jilin has a 
serious warning. The warning situations of the remaining nine provinces 
are all medium warning or minor. 

In 2011, all provinces and autonomous regions in the main grain- 
producing areas transitioned from the huge warning situation; only 
Heilongjiang and Jiangxi were in the serious warning situation, while 

Table 2 
The classification standard.  

E index Grading Security situation Warning situation 

< 0.5 V Very insecure Huge warning 
0.5 ~ 0.6 IV insecure Serious warning 
0.6 ~ 0.7 III Critical secure Medium warning 
0.7 ~ 0.8 II Nearly secure Light warning 
>0.8 I Secure No warning  
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Henan and Hubei entered the no warning situation. The remaining 
provinces were in the middle and light warning situation. In 2018, 
except for Heilongjiang Province with a serious warning, the rest of the 
provinces were in the medium warning or minor situations. Among 
them, Liaoning, Hebei, Henan, Jiangsu, Hubei, Hunan, and Jiangxi 
presented no warnings. 

In general, during the investigated period, the ecological security 
level of cultivated land in the main grain-producing areas has been 
improved to varying degrees. In addition, the spatial pattern of the 
warning situation as a whole presents a distributing pattern where the 
warning situation of northern regions is generally higher than that of 
southern regions, showing notable regional differences. 

3.2. Early warning process and results 

We fed the data of the ecological security evaluation index of culti-
vated land in the main grain-producing areas from 2006 to 2018 into the 
proposed RF-MLP model and obtained the predicted evaluation index 
that spans from 2019 to 2028 from the well-trained model. We first 
applied Bootstrap to randomly sample samples to form 247 different 
datasets and randomly selected 80% of the datasets (197 groups in total) 

as training samples for model training and another 50 datasets as testing 
samples. Second, we set the number of RF features to 16, according to 
the findings in Section 3.1. For the MLP component, we empirically set 
the minimum error, the number of iterations, and the learning rate to 
0.02, 50, and 0.1, respectively. 

After model training, the predicted values of various indicators of the 
ecological security of cultivated land in the main grain-producing areas 
from 2019 to 2028 were obtained. The dynamics of the E index in main 
grain-producing areas from 2019 to 2028 are presented in Fig. 5. 

It can be seen from Fig. 5 that the predicted E index of the study area 
from 2019 to 2028 shows an overall upward trend but with a small 
magnitude. E index is between 0.7 and 0.8, suggesting a nearly secure 
situation (light warning). North China presents the highest E index, as its 
E index remains above 0.8 (no warning) during the predicting period 
and shows a steady upward trend. Northeast China, Sichuan Province, 
and Inner Mongolia Autonomous Regions show varying degrees of 
growing trends. Among them, Northeast China has the largest increase, 
from 0.6956 in the initial forecast period to 0.7604 in the end period, 
and the warning situation has changed from medium to light. In com-
parison, changes in Sichuan (from 0.7537 to 0.7911) and Inner 
Mongolia (0.6932 to 0.7308) are relatively insignificant. Our prediction 

Table 3 
The performance of MLP, RF-MLP, LR-MLP, and SVM-MLP under different feature selections.  

Methods Feature number Training set(R2) RMSE MAPE Test set(R2) RMSE MAPE Overfitting 

MLP 19  0.938  0.085  0.108  0.806  0.116  0.139  0.221 
RF-MLP 4  0.953  0.072  0.089  0.802  0.109  0.138  0.197 

8  0.958  0.059  0.079  0.799  0.115  0.147  0.188 
12  0.961  0.053  0.070  0.807  0.103  0.132  0.163 
16  0.978  0.031  0.045  0.849  0.096  0.125  0.140 

LR-MLP 4  0.945  0.077  0.093  0.745  0.137  0.174  0.236 
8  0.960  0.055  0.078  0.776  0.119  0.155  0.192 
12  0.971  0.039  0.051  0.790  0.114  0.147  0.168 
16  0.969  0.043  0.058  0.789  0.117  0.151  0.173 

SVM-MLP 4  0.958  0.060  0.085  0.761  0.128  0.162  0.227 
8  0.957  0.063  0.070  0.803  0.110  0.140  0.193 
12  0.961  0.057  0.082  0.798  0.115  0.149  0.172 
16  0.964  0.048  0.064  0.795  0.118  0.154  0.175  

Fig. 3. Dynamics of E index in five identified regions in China from 2006 to 2018.  
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suggests that Sichuan is likely to maintain the light warning, and Inner 
Mongolia is expected to transition from medium warning to light 
warning. The prediction results indicate that the cultivated land ecology 
in these areas is expected to be developed towards a positive direction, 
especially in the Northeast. The ecological security of cultivated land in 
the middle and lower reaches of the Yangtze River during the forecast 
period is satisfactory, but the E index follows a downward trend. If 
effective measures are not taken, the E index is expected to fall from 
0.8121 in 2019 to 0.7811 in 2028, leading to the transition from no 
warning in 2019 to light warning in 2028. 

Fig. 6 presents the spatial distribution of the predicted ecological 
security grades of cultivated land in China’s main grain-producing areas. 
The spatial pattern of cultivated land ecological security levels in the 

entire study area is stable during the forecasting period. From 2019 to 
2023, Heilongjiang has transitioned from serious warning to medium 
warning, while Inner Mongolia has transitioned from medium warning 
to light warning. The ecological security warnings of the remaining 
provinces are not expected to change. From 2023 to 2028, the warning 
grades of some provinces in the middle and lower reaches of the Yangtze 
River region may increase. For example, Hunan and Jiangxi are pre-
dicted to transition from no warning to light warning in 2028, while 
Anhui is predicted to transition from light warning to medium warning 
in 2028. 

Fig. 4. Spatial patterns of cultivated land ecological security (2006, 2011, 2018). Basemap resource: http://bzdt.ch.mnr.gov.cn/ (Ref. GS (2019) No. 1697).  

Fig. 5. Ecological security value of cultivated land in main grain production areas (2013–2028).  

S. Zou et al.                                                                                                                                                                                                                                      

http://bzdt.ch.mnr.gov.cn/


Ecological Indicators 141 (2022) 109059

8

4. Discussion 

4.1. The ecological security warning of cultivated lands in China 

The results show that the ecological security status of cultivated land 
in China’s main grain-producing areas is predicted to be further 
improved, but with strong spatial imbalance. In terms of the evaluation 
results, although the overall situation of cultivated land ecological se-
curity in the southern region was better than that in the northern region 
from 2006 to 2018, the northern region presents a stronger increasing 
tendency in the E index. In 2018, except for Heilongjiang Province, 
located in the northeast region with a serious warning, the rest of the 
provinces were in the medium warning or minor situations. Insufficient 
economic investments, low management levels, frequent natural di-
sasters, and severe soil erosion are presumably responsible for the severe 
warning in the Heilongjiang Province (Wang et al., 2022a; Zhang et al., 
2020a,b). During the forecast period, the E index of the entire study area 
showed an overall upward trend, with a small magnitude. Numerous 
drivers are behind such improvement, including the continuous 
upgrading of agricultural infrastructure (Schiavon et al.,2021), the 
implementation of reasonable land consolidation projects (Zhang 
et al.,2014), the improvement of farmland conservation and intensive 
utilization (Wang et al., 2022b), the continuous enhancement of 
farmers’ environmental protection awareness (Poltimäe and Peter-
son,2021), and the implementation of government ecological, environ-
mental protection projects. However, we notice that the early warning 
level in the middle and lower reaches of the Yangtze River with a great 
ecological security status of cultivated land may increase. This shows 
that although the natural conditions in the middle and lower reaches of 
the Yangtze River are relatively good, if no active and effective coun-
termeasures are taken to strictly control the occupation of cultivated 
land, publicize ecological knowledge, and continuously promote the 
construction of ecological civilization, the ecological security of culti-
vated land will gradually deteriorate, which requires urgent attention. 

4.2. Advantages and limitations 

The ecological security of cultivated land is a very important public 
issue, especially in the context of rapid urbanization and the ongoing 
COVID-19 pandemic (Lewis et al.,2021; Liu and Zhou, 2021). The early 
warning of cultivated land ecological security can improve the ability of 

land managers to effectively control and assist in decision-making on the 
ecological changes of cultivated lands, greatly benefiting the effective 
protection of the cultivated land ecosystem. The quality of cultivated 
land in China is generally low, and the distribution of land suitable for 
grain production is imbalanced (concentrated in the main grain- 
producing areas). The ecological security of cultivated land is essential 
for the sustainable development of the region, and the sustainable 
development of cultivated land in the main grain-producing areas (our 
study area) has become a bottleneck restricting China’s food security 
(Jiao et al., 2021; Yan et al., 2021). 

Existing studies only focused on the monitoring and early warning of 
cultivated land soil, discussing soil heavy metal pollution, soil degra-
dation, soil erosion and other issues (Ahmad and Chen,2019; Pan 
et al.,2021; Saco et al.,2018), the results provide a practical reference for 
speeding up the formulation of agricultural land pollution management 
policies, but the overall discussion on the ecological security of culti-
vated land is limited. In this study, we select evaluation indicators from 
multiple perspectives that include socio-economic pressures, current 
arable land loads, and artificial arable land management, aiming to 
achieve a comprehensive evaluation. The combination of cultivated land 
ecological security-related theories and artificial intelligence algorithms 
is one of the contributions of this work. Compared with existing early 
warning methods (Bahraminejad et al.,2018; Chen and Wang,2020), our 
model presents stronger reliability. 

However, it is important to recognize the limitations of this study. 
First, due to data limitations, we are unable to include soil texture, soil 
nutrients, and other factors that measure the quality of cultivated land in 
the index system. Given the large extent of our study area, the index 
system of each sub-region can be further improved according to the 
unique characteristics of local regions. Second, investigations on 
ecological security early warning, especially warnings on cultivated 
lands, are still in the exploratory stage. The standards for the warning 
levels are not uniform, which affects the comparability of results from 
other studies. Finally, despite that our study has proved the superiority 
of the proposed RF-MLP in predicting the E index, Makariou et al. (2021) 
has shown that the RF model may fall short when dealing with large- 
scale feature sets. The capability of our RF-MLP in dealing with a 
massive number of indicators deserves further investigation. 

Fig. 6. Spatial distribution of predicted ecological security grades of cultivated land in China’s main grain-producing areas in years 2019, 2023, and 2028. Basemap 
resource: http://bzdt.ch.mnr.gov.cn/ (Ref. GS (2019) No. 1697). 
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4.3. Policy implications 

Cultivated land resources are the foundation of people’s livelihood 
and high-quality development of society. In the past 20 years, the Chi-
nese government has implemented a series of cultivated land protection 
measures at the national level, such as one of the world’s most stringent 
cultivated land protection systems, high-standard farmland construc-
tion, and cultivated land rotation and fallow (Tang et al.,2019; Xie 
et al.,2018). At the same time, the scientific community is also seeking 
technological innovations, striving to realize farmland restoration and 
improve dynamic monitoring (Jin et al.,2019; Sun and Li,2021). From 
the results of this study, however, challenges still remain, despite the 
fact that the ecological security of cultivated land has been improved. 
Moreover, given that China owns various climatic conditions, resource 
endowments, and economic development status, efforts are needed to 
designate relevant policies according to local conditions in addition to 
responding to the call of the national farmland protection policy. 

First, policymakers should insist on scientific governance and 
strengthen ecological protection and restoration of cultivated land. 
Inner Mongolia, Sichuan, and Northeast China are facing severe soil 
erosion issues. Although our study shows that the ecological security of 
cultivated land in these places is gradually improving, bad warning 
grades still exist. Effective measures should be taken to build reservoirs, 
increase scientific and technological investment, and restore soil 
fertility. The economic development level in the middle and lower 
reaches of the Yangtze River and North China is relatively high. 
Although the warning situation is satisfactory, the E value presents a 
decreasing trend. Additional attention should be paid to repairing heavy 
metal pollution in cultivated land, reducing the use of chemical fertil-
izers, pesticides, and mulching film, strictly controlling the encroach-
ment of high-quality cultivated land by urban construction, and 
promoting farmers’ ecological knowledge. 

Second, policymakers should innovate ecological compensation 
mechanisms for arable cultivated land protection and encourage culti-
vated land protection behavior. A generalizable evaluation index system 
should be established to ensure a reasonable distribution of compensa-
tion funds. At the same time, different levels of economic development 
in various regions should be considered so that specific policies for 
poverty-stricken regions can be issued and implemented. 

Finally, a new ecological protection concept for cultivated land 
should be established. Cultivated lands in the main grain-producing 
areas are widely distributed, with geographically varying topography, 
precipitation, and climatic conditions. Therefore, it is not feasible to 
adopt a uniform policy. Differentiated management plans should be 
carried out according to different land types. In addition, more efforts 
are encouraged to protect arable lands. 

5. Conclusion 

In this study, we evaluate and predict the ecological security status of 
cultivated land in the main grain-producing areas using the multi-factor 
comprehensive weighting method and the RF-MLP model. In terms of 
the evaluation results, the E Index in China’s main grain-producing areas 
from 2006 to 2018 presented an overall upward trend from 0.6379 in 
2006 to 0.7754 in 2018. Among them, the Northeast region has the 
largest absolute growth, from 0.4836 in 2006 (huge warning) to 0.6908 
(medium warning) in 2018. The middle and lower reaches of the 
Yangtze River region show the second-largest absolute growth (from 
0.6544 to 0.8162), followed by the Inner Mongolia Autonomous Region 
(from 0.6317 to 0.7257), Sichuan Province (from 0.6794 to 0.7511), and 
North China region (from 0.7528 to 0.8168). In general, the security 
situation of cultivated land changed from critical secure to nearly 
secure, while the warning situation has been changed from medium to 
light. The warning grades present a notable spatial imbalance, with 
higher warning levels occurring in China’s northern provinces. 

The forecasting results show that during the period 2019–2028, 

although the E index of the main grain-producing area is expected to 
increase, its values are between 0.7 and 0.8, with light warning grades 
for most provinces. During the forecasting period, North China shows 
the highest E index, as its E index remains above 0.8 (no warning) and 
presents a steady upward trend. Northeast China, Sichuan Province, and 
Inner Mongolia Autonomous Regions show varying degrees of growing 
trends. Among them, Northeast China has the largest increase, from 
0.6956 in the initial forecast period to 0.7604 in the end period, and the 
warning situation has changed from medium to light. In comparison, 
changes in Sichuan (from 0.7537 to 0.7911) and Inner Mongolia (0.6932 
to 0.7308) are relatively insignificant. Sichuan is expected to maintain 
light warning, and Inner Mongolia is likely to transition from medium 
warning to light warning. Overall, the spatial patterns of cultivated land 
ecological security in the entire study area are stable and the ecological 
status of cultivated land is expected to develop in a positive direction. 
However, the ecological security of cultivated land in the middle and 
lower reaches of the Yangtze River presents a deteriorating tendency, 
the E index is expected to fall from 0.8121 in 2019 to 0.7811 in 2028 
(from 0.8121 to 0.7811). We suggest the following policies to further 
improve the ecological status of farmland in China’s main grain- 
producing areas: upgrading agricultural infrastructure, implementing 
reasonable land improvement projects, improving farmland conserva-
tion and intensive use, enhancing farmers’ environmental protection 
awareness, and implementing government ecological, environmental 
protection projects. 
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Poltimäe, H., Peterson, K., 2021. Role of environmental awareness in implementing 
farmland conservation measures. J. Rural Stud. 87, 58–66. https://doi.org/10.1016/ 
j.jrurstud.2021.08.021. 

Ruiz Estrada, M.A., 2020. COVID-19: Economic Recession or Depression? Estudios 
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