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Abstract: In-depth analysis of the decoupling state between cultivated land carbon emissions and 
cultivated land use factors can provide a basis for coordinating the relationship between food secu-
rity and ecological environment. On the base of systematically calculating the carbon source of cul-
tivated land, this paper calculated the carbon emission of cultivated land in China’s main agricul-
tural production areas from 2000 to 2020, and explored its temporal and spatial pattern and evolu-
tion process. Then, using the LMDI decomposition method and the improved kaya identity, the 
factors affecting the carbon emissions of cultivated land are divided into five effects: structure, econ-
omy, technology, society and population, and then the Tapio decoupling theory is used to analyze 
the relationship between carbon emissions and these five effects. At the same time, to explore the 
further relationship between carbon emissions and cultivated land structure, we also studied the 
decoupling state between carbon emissions and the cultivated land area of 6 main crops. The results 
showed: during the study period, carbon emissions experienced three stages: fluctuating growth, 
accelerated growth and slow decline. In the most recent stage, structural, economic and population 
effects still have some impact on the carbon emissions of cultivated land, changes in cultivated land 
area where cotton, sugar and tobacco are planted will still affect its carbon emissions. To intervene, 
policy measures such as promoting the use of clean energy, increasing agricultural imports, and 
increasing carbon taxes for some industries can be considered. 

Keywords: cultivated land carbon emissions; food security; carbon neutrality; LMDI  
decomposition; decoupling analysis 
 

1. Introduction 
Food security has always been a major strategic issue related to the overall situation. 

China accounts for one-fifth of the world’s population and only 8% of the world’s culti-
vated land [1]. Food security faces multiple challenges. If the climate continues to warm 
in the medium and long term, it will seriously affect food production. According to 
China’s “National Population Development Plan (2016–2030)”, the population of China 
will reach 1.45 billion in 2030, and the food demand will be 484–609 million tons. Due to 
the huge demand for agricultural products, China must maintain a cultivated land utili-
zation model characterized by high-intensity input of agricultural materials, but the envi-
ronmental consequences that follow cannot be ignored: in planting, irrigation and other 
links, agricultural energy, chemical fertilizers, pesticides, agricultural film and other ma-
terials are important sources of carbon emissions, carbon emissions from cultivated land 
contribute to 17% of China’s carbon emissions [2]. Under the influence of the dual strate-
gic pressure of “big grain concept” and “carbon neutrality”, it is necessary to rationally 
adjust China’s cultivated land use structure, grasp the bottom line of food security, and 
at the same time achieve the emission reduction target. 
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In the current research on food security and carbon emissions, the main consensus of 
scholars is “low carbon and high yield”, but each scholar has chosen different entry points. 
Some scholars focus on comparative studies in different regions, such as Yang constructed 
a global EBM model to estimate the grain production efficiency of 30 provinces and three 
functional areas in China from 2001 to 2018 by considering the net carbon sink and non-
point source pollution emissions in grain production, the conclusion shows that compared 
with the high-efficiency provinces, the distribution liquidity is stronger, and the low-effi-
ciency provinces have obvious “poverty traps”, and the vicious circle of low-level food 
development is not easy to break through [3]. Other scholars have paid attention to carbon 
sequestration in agriculture and carbon sequestration technologies, such as Yan studied 
the carbon emission characteristics of crop production and the important role of carbon 
sequestration, and concluded that if the import of agricultural products in China is not 
significantly affected, the carbon emission of crop production has already shown a peak 
trend [4]. In the policy research on the joint realization of food security and carbon emis-
sions, some studies have shown that in the short term, agricultural operators should be 
encouraged to reasonably expand the scale of food production and improve the produc-
tion efficiency of chemical inputs and machinery. In the long run, it is necessary to con-
tinue to popularize and promote green production technology, reduce the dependence of 
food production on chemicals, and gradually transform to a low-carbon production model 
[5]. In this article, we believe that the development of China’s rural areas, the use of culti-
vated land and the way it is used will change the food security situation from the perspec-
tive of food structure, and will also have a certain degree of impact on carbon emissions. 

At present, the issue between carbon emissions and cultivated land use has received 
extensive attention from the academic community. Scholars’ research mainly focuses on 
the relationship between carbon emissions and the utilization efficiency of cultivated land 
resources [6,7], agricultural output value [8] and grain yield [9], and discusses the tem-
poral and spatial characteristics [10] and influencing factors [11] of carbon emissions. At 
the same time, it also discusses the policy of economic compensation mechanism for cul-
tivated land protection [12] and the improvement of cultivated land [13]. However, the 
issue of food security does not only represent the increase of agricultural output value or 
the improvement of production efficiency, but also involves the organization of the agri-
cultural industry and the way of cultivated land use. The relationship between these and 
carbon emissions has rarely been paid attention to by scholars, and in our study, we not 
only included the change of cultivated land area as the main factor of the study, but also 
related to the main crops (such as grains, cotton, oil, sugar, tobacco, vegetables and fruits, 
etc.) to conduct subdivided research, in order to make recommendations for the adjust-
ment of food structure under the dual pressures of carbon emissions and food security. 

In the study of carbon emission related issues, various theoretical methods, such as 
ARIMA models [13], BP neural network [14] are widely used. However, decoupling anal-
ysis, which originated from the concept of physics, has become an important method of 
research, and it was originally applied to explain the reduction or absence of interrelation-
ships between physical quantities [15]. Later, it was first introduced to research in the field 
of resources and environment of the Organization for Economic Cooperation and Devel-
opment (OECD) in the 21st century [16]. There are then numerous studies using this ap-
proach to study the interrelationships between economic growth and energy consumption 
and GDP and the environment and resources. Among them, the log-mean-division expo-
nential method (LMDI), as the most representative IDA decomposition method, performs 
the best due to the advantage of no residual decomposition. Therefore, it is considering to 
be the most accurate and practical method in the current decomposition system. Recently, 
this method is still widely used by scholars. For example, Chen used this method to study 
carbon dioxide emissions in the OECD [17]. Monika used this method to study the energy 
policies of EU countries [18]. In terms of land use, Guo also used this method to study the 
relationship between utilization land and economic growth [19]. The above studies have 
drawn reliable conclusions and have been widely recognized. However, few studies have 
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been conducted on the relationship between cultivated land use and carbon emissions 
using this method. This paper mainly provides the following contributions to the relevant 
literature: (1) The current situation of cultivated land use in the study area is analyzed, 
and the influencing factors of cultivated land carbon emissions are decomposed using the 
LMDI model and the kaya identity; (2) Use the Tapio model to study the decoupling rela-
tionship between various factors in cultivated land use and carbon emissions; (3) The de-
coupling relationship between the planting area and carbon emissions of the main crops 
in cultivated land is studied in detail, and the results are expected to provide policy refer-
ence for the adjustment of grain structure. 

2. Data and Methodology 
2.1. Study Area 

According to the “Opinions on Reforming and Improving Several Policies and 
Measures for Comprehensive Agricultural Development” promulgated by the Ministry 
of Finance, China’s main agricultural producing areas mainly include 13 provinces (Fig-
ure 1), which are important agricultural commodity production bases in China [20]. Ac-
cording to the data released by the “China Statistical Yearbook 2021”, the total cultivated 
land area of crops in these areas in 2020 is 116,063,400 hectares, accounting for 69.27% of 
China’s total cultivated land area, the effective irrigated area is 42,490,500 hectares, ac-
counting for 61.44% of China’s total effective irrigated area, and the agricultural output 
value is 4373.49 billion yuan, accounting for 60.95% of China’s total agricultural output 
value. Meanwhile, the crops produced in these provinces are mainly used to meet China’s 
domestic demand, and the products produced in these areas account for about 80% of the 
total sales in China [21]. Therefore, studying the relationship between cultivated land car-
bon emissions and cultivated land use in this region is of great significance to China’s crop 
production security and agricultural economic stability in the future. 
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Figure 1. Location of China’s main agricultural producing areas. (Note: This map is based on the 
standard map with the approval number GS (2019) 1676 issued by the Standard Map Service Web-
site of the Ministry of Natural Resources of China, the base map has not been modified.). 

2.2. Cultivated Land Carbon Emission Accounting Method 
At present, the academic worlds mainly believed that the carbon emission of culti-

vated land utilization is the carbon emission of cultivated land resource utilization is lim-
ited to the direct or indirect greenhouse gas carbon emission effect caused by human pro-
duction activities in the process of cultivated land utilization [22].The purpose of this pa-
per is to provide ideas and references for the low-carbon policy of cultivated land use, and 
the low-carbon use of cultivated land is mainly manifested in the reduction of high-carbon 
material input and soil damage in the process of cultivated land utilization. Based on this, 
this paper believes that the carbon emissions from the utilization of cultivated land re-
sources are mainly manifested as greenhouse gas emissions directly or indirectly caused 
by planting behaviors or farmers’ behaviors, and existing literatures have not yet formed 
a unified method for carbon emission measurement of cultivated land utilization. Based 
on IPCC carbon emission factor method, combined with the research results of Ding [10] 
and Xie [6],in the formula C represent the total carbon emissions during the use of culti-
vated land, Cj represents the quantity of carbon source produced by fertilizers, pesticides, 
agricultural plastic films, and the total power of agricultural machinery, plowing, and ir-
rigation during the cultivated land use, and βj Indicates the carbon emission Coefficients, 
the calculation formula is as follows: 

( )j j jC C C= = ×∑ ∑ β  (1) 

The carbon emission calculation formula and carbon emission coefficient table of cul-
tivated land resource utilization are as Table 1. 

Table 1. Carbon emission coefficient of cultivated land utilization. 

Carbon Source Carbon Source Input/Unit 
Carbon Emission Coeffi-

cient 
Fertilizer (C1) Fertilizer scalar volume/kg 0.8956 (kg/kg) 
Pesticide (C2) Pesticide usage/kg 4.9341 (kg/kg) 

Agricultural plastic film 
(C3) 

Agricultural plastic film us-
age/kg 

5.18 (kg/kg) 

Agricultural machinery 
power (C4) 

Total power of agricultural ma-
chinery/kW 0.5927 (kg/kw) 

Plowing (C5) Crop sown area/hm2 3.126 (kg/hm2) 
Irrigation (C6) Effective irrigation area/hm2 20.5 (kg/hm2) 

2.3. LMDI Decomposition Analysis 
To formulated the cultivated land use policy under the carbon neutrality goal, it is 

necessary to further clarify the influencing effects of cultivated land use after knowing the 
cultivated land utilization status in the region. Therefore, this paper adopts the improved 
Kaya identity and the LMDI decomposition method to explore the factors of cultivated 
land utilization, and it is expected to obtain the direction and specific impact of the influ-
encing factors on the cultivated land use. 

The Kaya identity was first proposed and named by Japanese professor Yoichi Kaya, 
which links the carbon dioxide produced by human activities with economic, policy, pop-
ulation and other factors to establish an identity relationship [23]. The LMDI analysis 
method proposed by ANG B.W. in 1998 allows for an additive full decomposition of the 
difference in carbon emissions [24]. This method can effectively solve the “zero value” 
problem and eliminate the impact of decomposition residuals [25] and is an effective tool 
to explore the factors influencing CO2 emissions. The LMDI method has been the most 
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popular method of the IDA methods, this popularity will likely increase over time [17]. 
The LMDI method is an effective tool to explore factors affecting CO2 emissions. This pa-
per aims to explore the factors that affect carbon emissions in the process of cultivated 
land use (the carbon emissions mentioned below all represent the cultivated land carbon 
emissions). Therefore, using the Kaya identity and the LMDI decomposition method, the 
CO2 emissions of the main agricultural producing areas in China are decomposed into the 
following forms, the calculation formula is as follows: 

P
P
B

B
Y

Y
L

L
CC

i i

i
××××= ∑  (2) 

A description of each variable in the Equation (2) is indicated in Table 2. 

Table 2. Variable descriptions. 

Variable Definition 
C Total CO2 emissions (million tons) 
Ci Carbon emissions from the production of the i-th crop (million tons) 

L Total cultivated land 
(here it is expressed in terms of crops sown area) (thousand hm2) 

Li Sown area of the i-th crop (thousand hm2) 
Y agriculture GDP, here represents the GDP of the planting industry (billion yuan in RMB) 
B Number of laborer engaged in agricultural production (millions) 

P 
The population of agricultural supported in the study area (thousand million) 

(According to Jiang’s research [2], the number of the study areas‘ agricultural supported is 80% of 
the entire Chinese population) 

(Note: The crops in the study area are divided into 6 main types: grain, cotton, oil (seeds), sugar, 
tobacco, vegetables/fruits and “the others”, the types of the crops are represented by i, i = 1,2,...,7). 

Set: 
P
BBP

B
YYB

Y
LLY

L
CCL i

i ==== ,.,
i

 

Equation (2) can be transformed into: 

i
i

C CL LY YB BP P= × × × ×∑  (3) 

In Equation (3) CLi is the carbon emissions from panting the i-th crop, which repre-
sents the structural effect. The larger the CLi, the more carbon emissions from growing the 
i-th crop and the planting structure is more unfavorable for carbon emission reduction. 
LY is the cultivated land depletion caused by ten thousand RMB agriculture GDP, which 
represents the economic effect. The larger the LY, the more cultivated land is needed to 
achieve the goal of agricultural GDP and the lower the economic efficiency of cultivated 
land. YB is the output per unit of agricultural laborer, which represents the technical ef-
fect. The larger YB, the higher the technical level of agricultural production, the less man-
power required by ten thousand RMB agriculture GDP. The BP is ratio of population in-
volved in agricultural labor to population they supported, which represents the social ef-
fect. The larger BP is, the higher the agricultural participation of the society and the higher 
the degree of agricultural intensification in the study area. P is the population supported 
by agriculture in the study area, which represents the population effect. The larger P, the 
more pressure on agricultural supply, which may lead to an increase carbon emissions. 

Under the addition decomposition method of LMDI, the change of C from a base year 
0 and a target year T, represented by ∆C, and it can be decomposed into five effects as 
follows: (i) the changes in the structural effect (represented by ∆CCL); (ii) the changes in 
the economic effect (represented by ∆CLY); (iii) the changes in the technical effect (repre-
sented by ∆CYB); (iv) the change in the labor social effect (represented by ∆CBP), and (v) the 
changes in the population effect (represented by ∆CP), as shown in Equation (4). 
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ΔC = CT − C0 = ∆CCL + ∆CLY + ∆CYB + ∆CBP + ∆CP (4) 

Each effect in the right-hand side of Equation (4) can be expressed as follows: 

)

iCL

T
iCL

()i,CT
iC

i
L(ΔCCL

0
ln0 ×∑=  (5) 

)
LY
LY()i,CT

iC
i

L(ΔC
T

LY 0ln0 ×∑=  (6) 

)
YB
YB()i,CT

iC
i

L(ΔC
T

YB 0ln0 ×∑=  (7) 

)
BP
BP()i,CT

iC
i

L(ΔC
T

BP 0ln0 ×∑=  (8) 

)
P
P()i,CT

iC
i

L(ΔC
T

P 0ln0 ×∑=  (9) 

Here, )C,(C
CC

CC
)， CL(C i

T
i

i
T
i

i
T
i

i
T
i

0
0

0
0

lnln
≠

−
−

=  

2.4. Decoupling Analysis 
In 1993, the OECD [26] first proposed the concept of “decoupling”, which described 

the relationship between economic driving factors and environmental pressure factors, 
and divided the decoupling relationship into two states: absolute decoupling and relative 
decoupling, in which absolute decoupling represented economic growth and resource 
consumption remained unchanged or negatively increased, the relative decoupling 
showed that the economic growth rate was faster than that of resource consumption. 
However, the OECD decoupling model has obvious defects. Firstly, it has high sensitivity 
to the base period and end-of-period values of variables, which is prone to calculation 
bias. Secondly, the classification of decoupling relationship types is too general and can-
not subdivide the relationship between economic growth and environmental pressure 
[27]. In 2005, Tapio [28] further proposed the concept of “decoupling elasticity” based on 
the OECD decoupling model, which refers to the ratio of economic growth rate to the 
degree of change in carbon emission, which can better reflect the sensitivity of changes in 
carbon emissions to economic growth. According to the value of decoupling elasticity, 
TAPIO defines 8 decoupling states, namely expansive negative decoupling, strong nega-
tive decoupling, weak negative decoupling, weak decoupling, strong decoupling, weak 
decoupling, expansive coupling and recessive coupling, (Table 3 presents eight grades 
corresponding to decoupling elasticity). 

Table 3. Descriptions of decoupling states. 

States  DC,X 

Decoupling Strong decoupling (SD) 0,0,0 <>< CXXC εδδ  

 Weak decoupling (WD) 8.00,0,0 <<>> CXXC εδδ  

 Recessive decoupling (RD) 2.1,0,0 ><< CXXC εδδ  

Negative decoupling Expansive negative decoupling 
(WND) 

2.1,0,0 >>> CXXC εδδ  

 
Strong negative decoupling 

(SND) 
0,0,0 <<> CXXC εδδ  
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Weak negative decoupling 

(WND) 
8.00,0,0 <<<< CXXC εδδ  

Coupling Expansive coupling (EC) 2.18.0,0,0 <<>> CXXC εδδ  

 Recessive coupling (RC) 0 0 0 8 1 2CXC , X , . .δ δ ε< < < <  

(Note: X refers to variables such as L, Li, CL, LY, YB, BP, P, etc. DC,X refers to the decoupling states 
between carbon emission and X. εCX refers to the elasticity index of carbon emissions and X). 

Therefore, based on this theory and Equations (4)–(9), the decoupling elastic indexes 
between carbon emission intensity of the five effects can be illustrated as: 

δC/δCL
CLCL

CPBPYBLYCL
ΔCL/CL
ΔC/CεCCL =

∆
∆+∆+∆+∆+∆

== 0

0

0

0

/
/)(  (10) 

δC/δLY
LYLY

CPBPYBLYCL
ΔLY/LY
ΔC/CεCLY =

∆
∆+∆+∆+∆+∆

== 0

0

0

0

/
/)(  (11) 

δC/δYB
YBYB

CPBPYBLYCL
ΔYB/YB
ΔC/CεCYB =

∆
∆+∆+∆+∆+∆

== 0

0

0

0

/
/)(  (12) 

δC/δBP
BPBP

CPBPYBLYCL
ΔBP/BP
ΔC/CεCBP =

∆
∆+∆+∆+∆+∆

== 0

0

0

0

/
/)(  (13) 

δC/δP
PP

CPBPYBLYCL
ΔP/P
ΔC/CεCP =

∆
∆+∆+∆+∆+∆

== 0

0

0

0

/
/)(  (14) 

Here, εCL, εLY, εYB, εBP, εP denotes decoupling elasticity index of carbon emissions and 
structural effect, economic effect, technical effect, social effect and population effect, re-
spectively. δCL, δLY, δYB, δBP, δP represent the growth rate of structural effect, economic 
effect, technical effect, social effect and population effect, respectively. 

According to the Tapio, the decoupling elasticity index between carbon emissions 
and cultivated land can be illustrated as: 

L
/)(
/)(

00

0

0

0

δC/δ
LLL
CCC

ΔL/L
/CΔC

ε T

OT

CA =
−
−

==  (15) 

i00

0
i

0

0

/)(
/)(

L/δC
LLL
CCC

/LΔL
/CΔC

ε i
ii

T
i

o
i

T
i

ii

ii
CAi

δ=
−
−

==  (16) 

Here, εCA denotes decoupling elasticity index of carbon emissions and total cultivated 
land area. δC and δL represent the growth rate of carbon emission and total cultivated 
land area from a base year 0 to a target year T, ∆L represent the change area of cultivated 
land. εCAi denotes decoupling elasticity index of carbon emissions and total cultivated land 
area planting the i-th crop, δLi represent the growth rate of the cultivated land area plant-
ing the i-th crop from a base year 0 to a target year T. ∆Li represent the change area of 
cultivated land planting the i-th crop. 

2.5. Data Source 
China’s main agricultural producing areas include the following 13 provinces: Hei-

longjiang, Jilin and Liaoning in Northeast China; Hebei, Inner Mongolia in North China 
Area; Shandong, Jiangsu and Anhui in East China Area; and Henan, Hunan, Hubei and 
Jiangxi in Central China Area. In the China Central Economic Work Conference held at 
the end of December 2013, it was mentioned that these 13 provinces are responsible for 
more than 75% of China’s grain output, more than 80% of commercial grain, and more 
than 85% of the annual increase in demand for grain comes from these 13 provinces. It can 
be said that these 13 provinces bear the largest agricultural output and the greatest pres-
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sure on agricultural resources. Although other provinces also undertake a part of agricul-
tural labor, according to the total comparison of factors such as yield level, sown area and 
labor force structure, among these 13 provinces, agriculture has almost reached its yield 
limit [29]. Therefore, we believe that the research on these 13 provinces will be more rep-
resentative, and can conduct research on some urgent problems in China’s agriculture. To 
calculate carbon emissions, the data of fertilizer scalar volume, pesticide usage, agricul-
tural plastic film usage, total power of agricultural machinery, crop sown area and effec-
tive irrigation area during the planting process of each type crops in each province is from 
the “China Rural Statistical Yearbook 2001–2021”, the data range is 2000–2020. The data 
of cultivated land area, agricultural GDP and Chinese population are from “China Statis-
tical Yearbook 2001–2021”, the data range is 2000–2020. The data of population of agricul-
tural is from Statistical yearbooks 2001–2021 for provinces in the study area, the data range 
is 2000–2020. 

3. Results and Analysis 
3.1. Changes in Carbon Emissions and Agriculture GDP 

Figure 2 describes the cultivated land carbon emissions and growth rates of China’s 
main agricultural producing areas, calculated by the Equation (1). As seen in Figure 1, 
carbon emission of cultivated land has increased by 19.33 million tons (25.85%) from 2001 
to 2016. This may be due to the increase in the input of agricultural materials such as 
chemical fertilizers, pesticides, agricultural films and agricultural machinery or the degree 
of soil damage caused by agrochemical and mechanization. This conclusion can be con-
firmed by the results of data calculation. According to the coefficients in Table 1, it can be 
seen that the carbon emissions from agricultural irrigation, farming and other behaviors 
accounted for only 0.18% and 1.48% of the total carbon emissions of cultivated land on 
average from 2000 to 2020, and the use of agricultural machinery and fertilizer application 
accounted for 13.31% and 41.44%, respectively. It can be seen that these factors have a 
significant impact on cultivated land carbon emissions. At the same time, carbon emis-
sions from agricultural diesel were 6.66 million tons at the end of 2000, peaked at 15.23 
million tons at the end of 2016, and dropped to 8.85 million tons at the end of 2020. At the 
end of 2000, the carbon emission from chemical fertilizer application in cultivated land 
was 28.69 million tons, reached a record high of 40.16 million tons by the end of 2016, and 
dropped to 34.91 million tons by the end of 2020. However, after 2009, the growth rate of 
cultivated land carbon emissions gradually declined slightly, especially after 2016, it en-
tered a negative growth stage, which indicates that the cultivated land carbon emissions 
in the study area were declined rapidly. In only three years, from 2016–2019, the carbon 
emissions of cultivated land was dropped from 9.41 to 8.80 million tons, down by 6.44%. 
It indicates that China has achieved some positive results with regards to carbon emis-
sions reduction in recent years. It is worth noting that, the growth rate of carbon emissions 
from2019 to 2020 was increased slightly, which may indicate that the growth rate of car-
bon emissions will change from the rapid decline state to a stable state in the future. 
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Figure 2. Cultivated land carbon emissions and growth rates of China’s main agricultural producing 
areas (2001–2020). 

The annual change in carbon emissions was calculated in Microsoft Excel and the 
results are shown in Table 4. As it indicates that in the period of 2000–2005, the carbon 
emissions from grain cultivation fluctuated widely, and in the period of 2015–2020, the 
carbon emissions from grain and vegetable & fruit cultivation fluctuated widely, and 
other types of carbon emissions changes are relatively stable. Overall, the change of car-
bon emissions in the study area still mainly comes from the carbon emissions change of 
grain cultivation. 

Table 4. Changes of carbon emission (in total cultivated area and 6 main crop area)/million tons. 

Year ∆C ∆C1 ∆C2 ∆C3 ∆C4 ∆C5 ∆C6 
2000–2001 3.6670 1.8132 0.4699 0.0037 0.0454 −0.0197 0.9754 
2001–2002 0.8093 −0.0268 −0.2419 0.2629 0.0247 −0.0149 0.6825 
2002–2003 −1.9272 −2.6503 0.4939 0.0646 0.0278 −0.1764 −8.8108 
2003–2004 6.1184 5.0669 0.5230 0.2095 −0.1869 0.1654 7.9340 
2004–2005 2.1099 2.4621 −0.4118 0.0556 0.0023 0.0292 0.0980 
2005–2006 −1.2735 −0.5700 0.0698 −0.5708 0.0305 −0.0069 1.2295 
2006–2007 5.1295 5.7762 0.1882 −0.8085 −0.0458 −0.0741 0.1163 
2007–2008 0.4506 −0.0579 −0.0872 0.7664 0.0250 0.0968 0.1945 
2008–2009 1.8691 1.6203 −0.3143 0.5316 −0.0415 0.0430 0.2371 
2009–2010 1.9777 1.0608 −0.0557 0.2136 0.0196 −0.0341 0.3811 
2010–2011 1.1127 0.8525 0.0137 0.0370 0.0155 0.0230 0.2979 
2011–2012 1.2236 1.0065 −0.3168 0.1403 −0.0050 0.0425 0.4610 
2012–2013 0.8369 0.5784 0.0197 0.0887 0.0013 0.0056 0.1118 
2013–2014 0.6017 1.0899 −0.5162 0.0619 −0.0576 −0.0460 0.3326 
2014–2015 0.0439 0.2716 −0.2967 −0.0198 0.0008 −0.0492 0.1787 
2015–2016 0.2440 0.5327 −0.3035 −0.1242 0.0104 −0.0122 −0.2089 
2016–2017 −1.3675 2.3110 −0.4502 −0.8082 0.0007 −0.0626 −1.9318 
2017–2018 −2.2072 −1.6016 −0.1063 −0.4024 0.0298 −0.0334 −0.0699 
2018–2019 −2.4864 −2.2771 −0.0587 −0.1026 −0.0002 −0.0263 −0.1004 
2019–2020 −1.5356 −1.3759 −0.1064 0.0364 −0.0216 −0.0213 −0.1021 

As shown in Figure 3, from 2001 to 2020, the agriculture GDP in China’s main agri-
cultural producing areas was generally on the rise. In 2001, the agriculture GDP was only 



Sustainability 2022, 14, 5145 10 of 25 
 

963 billion yuan (RMB), and in 2020, the agriculture GDP has risen to 4373.49 billion yuan 
(RMB), with an increase of 354.15%. From 2010 to 2017 the agriculture GDP growth 
slowed, but picked up after 2017. 

 
Figure 3. Agriculture GDP and growth rates of China’s main agricultural producing areas (2001–
2020). 

From 2000 to 2016, carbon emissions and agriculture GDP increased, and from 2017 
to 2020, carbon emissions decreased while the agriculture GDP was still increasing. This 
indicates that changes in carbon emissions and the agriculture GDP were not consistent 
in recent years. It is demonstrated that carbon emissions reduction can be achieved with-
out sacrificing agriculture economic growth in China’s main agricultural producing areas 
in recent years. Wu et al. [9] have drawn similar conclusions in their studies. That’s means 
carbon emissions from cultivated land use and economic benefits was possible to achieve 
a win-win situation. 

3.2. Changes in Crop Areas 
Figure 4 describes the changes of the total cultivated land area (here it is expressed 

in terms of crops sown area) in China’s main agricultural producing areas during 2001–
2020. As shown in Figure 4, the area of cultivated land in the study area has increased by 
11,090 thousand hm2 (10.56%) from 2001 to 2020.Compared with the growth of agricul-
tural GDP shown in Figure 3, it’s indicated that the agricultural production efficiency in 
the study area has been greatly improved in these years. From 2003 to 2015, the culti-
vated land area was in a state of steady growth, in 2016 the cultivated area has increased 
by 3998 thousand hm2 (3.55%), and from 2016 to 2020 the cultivated land area has not 
much volatility and keep it around an average of 115,840.04 hm2. 
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Figure 4. Total cultivated land area and growth rates of China’s main agricultural producing areas 
(2001–2020). 

Figure 5 describes the changes of 6 main types of crop sown area. It is worth noting 
that the difference between the total cultivated land area and the sum of the sown area of 
the 6 main crops is represents “the others” sown area, since “the others” types and sown 
areas cannot be accurately counted, they are not shown in the figure. As shown in Figure 
5, the sown area of grain was in a state of consistent growth while the sown area of cotton 
was in a state of decreasing. The sown area of oil (seeds) and tobacco leaves fluctuates 
greatly. The sown area of sugar, vegetables & fruits are relatively stable except for indi-
vidual years that fluctuate greatly. As can be seen from the figure, from 2003 to 2005 the 
growth rates of 6 each main type of crops have a large fluctuations, this indicates that in 
these few years, the plating industry structure in the study area has been greatly adjusted. 
This coincides with the time when carbon emissions increased significantly in Figure 2, 
and at the same time, the growth rate of agricultural GDP has also increased significantly 
after 2003 (Figure 3). This proves that the adjustment of the plating industry structure was 
stimulated the agricultural GDP, improved cultivated land use efficiency but increased 
carbon emissions. This is consistent with the relevant research drawn by B. Kuang, et al. 
[30] on China’s cultivated land and carbon emissions. Fortunately, in recent years, alt-
hough the structure of the plating industry has not been greatly adjusted compared with 
2003–2005, with carbon emissions have been controlled. Therefore, maintaining this struc-
ture of the plating industry will have a positive impact on further carbon emissions control 
and the development of a low-carbon agricultural economy. 

The annual change in cultivated land area was calculated in Microsoft Excel and the 
results are shown in Table 5. As it indicates that the change of total cultivated land area 
and total carbon emissions are basically consistent, and this trend is also reflected in every 
major crop. This shows that the carbon emissions produced by planting different crops 
are not very different. Thus, take the ratio of carbon emissions and cultivated land area 
planting in each type of crop (represented by CCL) as the structural effect and the ratio of 
cultivated area and agriculture GDP (represented by CLY) as the economic effect, they can 
reflect the impact of planting structure on carbon emissions and the impact of economic 
efficiency of agricultural production on carbon emissions respectively. 
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. 

Figure 5. 6 main types of crop sown area and growth rates of China’s main agricultural producing 
areas (2001–2020). 
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Table 5. Changes of cultivated land area (total and 6 main types of crop)/thousand hm2. 

Year ∆L ∆L1 ∆L2 ∆L3 ∆L4 ∆L5 ∆L6 
2000–2001 459.9 −735.50 531.12 −511.89 46.79 −55.40 856.89 
2001–2002 −528.3 −1172.93 −387.69 190.53 27.46 −29.40 750.48 
2002–2003 −1187.9 −2683.27 736.15 253.03 45.54 −239.66 −12,164.61 
2003–2004 788 1834.10 421.13 −524.79 −278.58 195.37 10,288.65 
2004–2005 1251.6 2177.62 −588.21 −82.10 −0.18 30.68 −30.79 
2005–2006 1117.1 1175.92 187.29 −465.29 46.05 4.75 1919.03 
2006–2007 −435.5 2444.87 −7.40 −1660.84 −73.50 −124.91 −687.18 
2007–2008 1419.9 544.95 −78.21 1025.72 32.69 123.87 342.48 
2008–2009 1291.8 1274.63 −422.77 563.99 −53.34 48.16 172.51 
2009–2010 1372.3 546.56 −99.44 161.89 22.31 −47.13 342.10 
2010–2011 686.2 560.69 −2.51 −18.46 17.68 24.75 281.98 
2011–2012 473 497.36 −409.96 74.53 −7.98 46.19 433.21 
2012–2013 481.6 319.93 10.67 56.96 0.54 3.88 68.64 
2013–2014 527.4 1166.26 −622.42 55.85 −69.27 −56.04 373.78 
2014–2015 355.5 544.71 −350.13 5.01 1.29 −57.56 253.24 
2015–2016 3998 3339.83 −317.37 195.69 17.37 0.79 221.32 
2016–2017 −547.1 3740.74 −548.76 −903.09 2.47 −73.51 −2269.24 
2017–2018 −667.9 −401.13 −118.49 −329.13 40.89 −34.99 143.47 
2018–2019 −222.5 −659.27 −55.75 118.27 4.89 −24.52 202.81 
2019–2020 916.8 420.26 −123.44 300.48 −23.79 −19.43 197.27 

3.3. Changes in Population and Number of Agricultural Laborer 
Figure 6 describes the trend of changes in the population supported by the agricul-

tural in the study area from 2001 to 2020. As seen in Figure 6, the population rose almost 
in a straight line during this period, increasing from 10.21 thousand million in 2001 to 
11.30 thousand million in 2020, with an increase of 10.64% and an average annual growth 
rate of 0.54%. However, the number of laborer engaged in agriculture production kept a 
plummeting trend from 2001 to 2020, decreasing from 216.60 million in 2001 to 107.15 
million in 2020, with a drop of 50.53% and an average annual reduction rate of 3.45%. Take 
the ratio of agriculture GDP and the number of agriculture labor can reflect the technical 
effect to carbon emission (represented by CYB). While the area of cultivated land and the 
population supported by agriculture kept increasing trend, the number of laborer en-
gaged in agriculture continued to decrease, it is clearly proved the improvement of agri-
cultural technology, especially in 2009–2020, the gap between the population and the 
number of agricultural laborer increased widened significantly. In this case, it is worth 
exploring that whether the reduction in the number of laborer willing to engaged in agri-
culture can also force the development of agricultural technology. Based on the above 
analysis, we take this factor as one of the effects (represented by CBP) of cultivated land 
carbon emission, and this is also an unavoidable problem when discussing the social ben-
efit of cultivated land use [31]. 
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Figure 6. The population of agricultural supported and number of laborer engaged in agricultural 
production in the study area (2001–2020). 

Summarizing the above data description, it can be seen that according to the change 
data of carbon emissions in 2000–2020, the carbon emissions can be divided into three 
stages, namely: the shock rise period (2000–2007), the uniform rise period (2007–2016) and 
slow decline period (2016–2020). During these three periods, the agricultural GDP in the 
study area showed a slow increase, a decelerated increase and an accelerated increase, 
while the total cultivated land area showed a fluctuating increase, a rapid increase and 
remained stable. From 2000 to 2020, the planting area of 6 main food crops was dominated 
by grain and maintained an upward trend, while the sown area of cotton was in a state of 
decreasing, the sown area of oil(seeds) and tobacco leaves fluctuates greatly and the sown 
area of sugar, vegetables & fruits are relatively stable except for individual years that fluc-
tuate greatly. In terms of population, in the past 20 years, while the total population has 
risen steadily, the number of people engaged in agricultural labor is slowly declining. 

3.4. Effects of All Factors on Changes in Carbon Emissions 
According to the analysis in Section 3.1, we can divide the changes in carbon emis-

sions into three periods:2000–2007, 2007–2016, 2016–2020. According to the decomposition 
results of LMDI, through the calculation of Equations (4)–(9), the effects of the influencing 
factors on changes in carbon emissions during these three periods were calculated and the 
results are shown in Table 6. 

Table 6. Results of decomposition analysis (three periods)/million tons. 

 ∆CCL ∆CLY ∆CYB ∆CBP ∆CP ∆C 
2000–2007 13.55 −45.34 57.75 −14.58 3.25 14.63 
2007–2016 −0.21 −64.81 96.53 −27.23 4.08 8.36 
2016–2020 −7.19 −14.67 42.59 −30.23 1.90 −7.60 
2000–2020 7.16 −114.97 179.48 −64.77 8.49 15.40 

As shown in Table 6, from 2000 to 2007, the carbon emissions increased by 14.63 mil-
lion tons. The carbon emissions reduced by economic effect, and population effect were 
45.34 and 14.58 million tons, respectively. While the carbon emissions increased by struc-
tural effect, technical effect and social effect were 13.55, 57.75 and 3.25 million tons, re-
spectively. As evident, between 2000 and 2007, carbon emissions were most affected by 
economic and technical effects. 
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Between 2007 and 2016, carbon emissions increased by 8.36 million tons. Among 
them, the growth caused by technical effect and population effect was 96.53 and 4.08 mil-
lion tons respectively. However, affected by structural effect, economic effect, and social 
effects, carbon emissions decreased by 0.21, 64.81 and 27.23 million tons respectively. 
Therefore, carbon emissions were most affected by economic and technical effects during 
this period. 

Between 2016 and 2020, carbon emissions decreased by 7.60 million tons. The reduc-
tions in carbon emissions due to structural effect, economic effect and social effect were 
7.19, 14.67 and 30.23 million tons, respectively. During this period, carbon emissions in-
creased by 42.59 and 1.90 million tons only due to technical effect and population effect. 
It can be seen that between 2016–2000, carbon emissions were most affected by technical 
and social effects. 

Overall, between 2000 and 2020, carbon emissions increased by 15.40 million tons. 
Among them, economic and technical effects have the greatest impact, technical effect in-
crease carbon emissions, while economic effect reduce carbon emissions. The influence of 
these two effects tends to become smaller as time goes by, and the influence of structural 
effect is changing from positive to negative. 

To assessing the impact of each effect on carbon emissions in more detail, the decom-
position analysis results of each year are listed in Table 7. 

Table 7. Results of decomposition analysis (each year)/million tons. 

Year ∆CCL ∆CLY ∆CYB ∆CBP ∆CP ∆C 
2000–2001 3.35 −3.72 4.96 −1.43 0.51 3.35 
2001–2002 1.19 −2.64 3.47 −1.69 0.48 1.19 
2002–2003 −1.07 1.45 −0.75 −2.00 0.45 −1.07 
2003–2004 5.54 −17.10 19.42 −2.19 0.45 5.54 
2004–2005 1.14 −4.52 7.12 −2.10 0.48 1.14 
2005–2006 −2.13 −7.24 10.08 −2.41 0.43 −2.13 
2006–2007 5.47 −12.06 14.06 −2.77 0.43 5.47 
2007–2008 −0.69 −2.67 5.46 −2.08 0.44 −0.69 
2008–2009 0.83 −13.99 16.53 −1.93 0.42 0.83 
2009–2010 0.86 −15.22 19.20 −3.29 0.43 0.86 
2010–2011 0.55 −10.51 13.23 −2.59 0.43 0.55 
2011–2012 0.83 −9.38 12.41 −3.10 0.45 0.83 
2012–2013 0.44 −7.93 9.43 −1.56 0.46 0.44 
2013–2014 0.16 −4.15 9.60 −5.49 0.49 0.16 
2014–2015 −0.25 −3.84 7.52 −3.85 0.47 −0.25 
2015–2016 −3.03 2.83 3.74 −3.84 0.55 −3.03 
2016–2017 −0.93 2.13 1.15 −4.21 0.50 −0.93 
2017–2018 −1.68 −4.69 7.16 −3.34 0.35 −1.68 
2018–2019 −2.31 −5.31 9.41 −4.58 0.30 −2.31 
2019–2020 −2.23 −6.51 24.10 −17.64 0.75 −2.23 

For a clearer observation, the impact of each effect on carbon emissions is listed in 
Figure 7, in the form of a percentage bar graph. 
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Figure 7. Contributions of all effect to carbon emissions in each year. 

As can be seen from Table 7 and Figure 7, technical effect has the most impact on 
increasing carbon emissions, it accounts for 36–49% of the incremental contribution to car-
bon emissions most of the time. Particular in 2015–2016 and 2016–2017, the contribution 
rate of technical effect was only 27% and 13%. And in 2002–2003, the contribution rate of 
technical effect was even −13%, resulting in a reduction of 0.75 million tons of carbon 
emissions. Economic effect was the greatest contributor to reducing carbon emissions 
most of the time. Economic effect is the effect that contribute the most to reducing carbon 
emissions, except for the low contribution rate in 2019–2020, which was only 13%, even in 
2002–2003, 2015–2016 and 2016–2017 caused carbon emissions to increase by 1.45, 2.83 and 
2.13 million tons, the rest of the time the contribution rate was between 21% and 42%. The 
contribution rate of social effect to the reduction of carbon emissions tends to increase year 
by year, except in 2002–2003, the contribution rate once reached 35% (resulting in a reduc-
tion of 2 million tons of carbon emissions), and in recent years, it is almost between 28–
34%. The impact of structural effect on carbon emissions has gradually turned from posi-
tive to negative, in 2015–2016, its contribution rate even reached 22% (a decrease of 3.03 
million tons of carbon emissions). The impact of population effect on carbon emissions is 
small and relatively stable. 

To sum up, whether it is divided into three periods or analyzed year by year, the 
conclusions are generally consistent. That is, technical effect has the greatest impact on 
carbon emissions, followed by economic and social effect, and the impact of structural 
effect has gradually changed from increase to decrease, and there is an expanding trend, 
the impact of population effect is small and stable. 

3.5. Decoupling Analysis Results 
According to the decoupling analysis method listed in Table 3, the decoupling rela-

tionship between carbon emissions and various effects decomposed by LMDI decompo-
sition method, as well as the decoupling relationship between carbon emissions and cul-
tivated land area can be judged. 

3.5.1. Decoupling State of Each Effect 
Through the calculation of Equations (3)–(13), the decoupling elasticity of the effects 

affecting cultivated land carbon emissions can be obtained. The decoupling status can be 
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obtained by querying Table 3. The decoupling elasticity is listed in Table 8, and the de-
coupling status is listed in Table 9. 

Table 8. Decoupling elasticity of carbon emissions and each effect. 

Year εCL εLY εYB εBP εP 
2000–2001 0.000010  −1.5924  0.0432  −0.7800  1.0319  
2001–2002 0.000006  −0.4473  0.0139  −0.1357  0.2279  
2002–2003 0.000017  −1.8571  0.1585  0.2648  −0.5847  
2003–2004 0.000011  −0.5215  0.0197  −0.7651  1.9081  
2004–2005 0.000018  −0.5020  0.0221  −0.2467  0.5778  
2005–2006 0.000006  0.1744  −0.0100  0.1235  −0.3795  
2006–2007 0.000009  −0.3918  0.0332  −0.4272  1.5578  
2007–2008 −0.000006  −0.1263  0.0084  −0.0454  0.1272  
2008–2009 0.000021  −0.0966  0.0122  −0.1973  0.5434  
2009–2010 0.000021  −0.0783  0.0131  −0.1169  0.5621  
2010–2011 0.000018  −0.0526  0.0130  −0.0788  0.3055  
2011–2012 0.000013  −0.0570  0.0174  −0.0696  0.3184  
2012–2013 0.000017  −0.0411  0.0177  −0.0902  0.2150  
2013–2014 0.000033  −0.0513  0.0137  −0.0179  0.1444  
2014–2015 −0.000002  −0.0038  0.0014  −0.0017  0.0110  
2015–2016 −0.000001  0.0278  0.0170  −0.0094  0.0518  
2016–2017 0.000013  −0.2131  −0.3230  0.0458  −0.3238  
2017–2018 0.000011  0.1620  −0.0857  0.0903  −0.7593  
2018–2019 0.000009  0.1571  −0.0813  0.0733  −1.0281  
2019–2020 0.000006  0.0766  −0.0224  0.0115  −0.2608  

Table 9. Decoupling state of carbon emissions and each effect. 

Year DC,CL DC,LY DC,YB DC,BP DC,P 
2000–2001 WD SND WD SND EC 
2001–2002 WD SND WD SND WD 
2002–2003 WND SD WND WND SD 
2003–2004 WD SND WD SND END 
2004–2005 WD SND WD SND WD 
2005–2006 WND WND SD WND SD 
2006–2007 WD SND WD SND END 
2007–2008 SND SND WD SND WD 
2008–2009 WD SND WD SND WD 
2009–2010 WD SND WD SND WD 
2010–2011 WD SND WD SND WD 
2011–2012 WD SND WD SND WD 
2012–2013 WD SND WD SND WD 
2013–2014 WD SND WD SND WD 
2014–2015 SND SND WD SND WD 
2015–2016 SND WD WD SND WD 
2016–2017 WND SD SD WND SD 
2017–2018 WND WND SD WND SD 
2018–2019 WND WND SD WND SD 
2019–2020 WND WND SD WND SD 

It can be seen from Table 8 that from 2000 to 2020, the decoupling elasticity of carbon 
emissions and cultivated land structure is very close to 0 and is positive most of the time, 
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indicating that the two are positively correlated in most times. This is mainly due to the 
fact the overall cultivated land area kept increasing in this period. Before 2007, carbon 
emissions and structural effect showed a situation of weak decoupling (WD) and weak 
negative decoupling (WND) alternated. From 2007 to 2016, they showed a shift from weak 
decoupling (WD) to strong negative decoupling (SND). After 2016, the performance of 
structural effects became stable in the weak negative decoupling (WND) state. This shows 
that there is always a certain correlation between carbon emissions and structural effects, 
but the degree of correlation is not obvious. To further explore the driving effect of culti-
vated land structure on carbon emissions and explore ways to improve this state, we will 
discuss the decoupling state of carbon emissions and cultivated land area in more depth 
in Section 3.5.2. 

In 2000–2020, the elasticity between carbon emissions and economic effect (i.e., the 
cultivated land consumed per billion yuan of agricultural GDP) was negative for most of 
the time, as carbon emissions generally realized an overall increasing trend, while the eco-
nomic effect is decreasing in this period, so the decoupling state between carbon emissions 
and economic effect is mainly a strong negative decoupling (SND). But from 2016, they 
gradually lost this relationship and turned into a weak negative decoupling (WND) or 
strong decoupling (SD) state, which shows that since this time, carbon emissions always 
subject to some influence from economic effect. And from the absolute value of the de-
coupling elasticity, this relationship still has an increasing trend, which is more obvious 
in 2017–2019. 

The technical effect represents the economic amount produced by each agricultural 
laborer. The decoupling elasticity between carbon emissions and technical effects is al-
ways close to 0 and is positive most of the time. From 2000 to 2016, the relationship be-
tween carbon emissions and technical effect nearly remained weak decoupling (WD), after 
2016 entered a strong decoupling (SD). This shows that agricultural technology has im-
proved, which is what we want, but we would prefer to see a reduction in carbon emis-
sions at the same time. In recent years, the decoupling state of carbon emissions and eco-
nomic effects has always been, while carbon emissions still maintain an upward trend, 
which shows that technical effect is not the main effect affecting cultivated land carbon 
emissions changing, and may continue to do so in the future. 

The ratio between agricultural laborers and the number of people they support re-
veals participation in agricultural labor and represents social effect. The decoupling elas-
ticity between carbon emissions and social effect was mainly negative before 2016 and 
positive after that, and the absolute value keeps increasing. This means that people’s will-
ingness to participate in agricultural labor is decreasing while carbon emissions are gen-
erally on the rise. After 2016, the decoupling state between carbon emissions and social 
effect also changed from strong negative decoupling (SND) to weak negative decoupling 
(WND). Before 2016, the growth rates of carbon emissions and social effect were both on 
the rise, and the relationship between the two was weak and negative decoupling. How-
ever, after 2016, the growth rate of carbon emissions slowed down, and the two became 
strong decoupling, which shows that the growth of society’s willingness to engage in ag-
ricultural labor can reduce the driving effect of carbon emissions. 

Before 2007, the decoupling elasticity between agricultural carbon emissions and 
population effect showed an unstable state and the absolute value of elasticity is closer to 
0.5. From 2007 to 2016, this state changed to a weak decoupling (WD), indicating that since 
2007, the number of population driving changes in carbon dioxide emissions to some ex-
tent. But after 2016, the decoupling elasticity value between the two became negative, and 
the absolute value is increasing, which led to the decoupling state showing strong decou-
pling (SD). This suggests that the population’s impact on carbon emissions has generally 
been slowly decreasing, with almost unrelated in recent years. 

To determine the main effects of carbon emissions, the average decoupling elasticity 
of each effect at each stage is listed in Table 10. 
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Table 10. Average values of decoupling elasticity for each effect (three periods). 

Year Average of εCL Average of εLY Average of εYB Average of εBP Average of εP 
2000–2007 0.000010 −0.7910  0.0412  −0.2565  0.4636  
2007–2016 0.000012 −0.0871  0.0147  −0.1054  0.3837  
2016–2020 0.000011 0.0457  −0.1281  0.0552  −0.5930  
2000–2020 0.000012 −0.2717  −0.0059  −0.1186  0.2123  

As can be seen from Table 10, in 2000–2007, only the values of εYB and εP were the 
closest to 1, which means that during this period, the driving effect of technical and pop-
ulation on carbon emissions was the most obvious. From 2007 to 2016, the influence of 
technical effect and population effect gradually declined, while the impact of economic 
and social effects on carbon emissions was increasing. In 2016–2020, the driving role effect 
on carbon emissions becomes the economic effect and social effect, while the impact of 
technical and population effects will continue to weaken. In general, the driving role of 
technological effect and population effect on carbon emissions was declined, while the 
impact of economic and social effects continued to get stronger. The overall impact of 
structural effect on carbon emissions does not change much. To further explore the driv-
ing role of land structure on carbon emissions, we will conduct a more in-depth discussion 
in Section 3.5.2. 

In summary, population effect, technical effect and population effect have a certain 
driving effect on the change of cultivated land carbon emissions. Among them, the popu-
lation effect is the most significant but keeps decreasing. Economic and social effects did 
not show obvious left and right in the past but have shown in recent years. Therefore, to 
follow the development trend in recent years, the focus on controlling carbon emissions 
should be shifted to structural, economic and social effects. 

3.5.2. Decoupling State of Carbon Emissions and Cultivated Land Area 
Substitute the data in Tables 4 and 5 into Equations (15) and (16), the decoupling 

elasticity of carbon emissions and cultivated land area can be calculated and the decou-
pling state can be judged. The calculation results of the decoupling elasticity are listed in 
Table 11, and the judging results of the decoupling state are listed in Table 12. 

Table 11. Decoupling elasticity of carbon emissions and cultivated land area. 

Year εCA εCA1 εCA2 εCA3 εCA4 εCA5 εCA6 
2000–2001 11.72 −3.62 1.30 −0.01 1.43 0.52 1.67 
2001–2002 −2.15 0.03 0.88 1.94 1.26 0.71 1.28 
2002–2003 2.24 1.37 0.93 0.35 0.84 1.02 1.00 
2003–2004 10.89 3.87 1.74 −0.56 0.94 1.19 1.08 
2004–2005 2.20 1.47 0.91 −0.88 −16.30 1.24 −4.15 
2005–2006 −1.47 −0.62 0.48 1.58 0.85 −1.86 0.82 
2006–2007 −15.55 3.12 −33.56 0.64 0.82 0.78 −0.22 
2007–2008 0.39 −0.13 1.38 0.92 0.94 0.97 0.70 
2008–2009 1.80 1.58 0.93 1.17 0.97 1.11 1.71 
2009–2010 1.78 2.40 0.69 1.63 1.08 0.89 1.38 
2010–2011 1.98 1.86 −6.67 −2.45 1.07 1.13 1.29 
2011–2012 3.14 2.46 0.94 2.29 0.77 1.12 1.29 
2012–2013 2.09 2.18 2.22 1.88 2.77 1.73 1.96 
2013–2014 1.37 1.12 0.99 1.33 1.00 0.98 1.07 
2014–2015 0.15 0.60 1.01 −4.72 0.72 1.02 0.84 
2015–2016 0.07 0.19 1.15 −0.76 0.72 −18.56 −1.13 
2016–2017 3.10 0.77 1.02 1.11 0.38 1.06 1.05 
2017–2018 4.14 5.00 1.12 1.53 0.91 1.20 −0.61 
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2018–2019 14.24 4.40 1.34 −1.11 −0.06 1.37 −0.63 
2019–2020 −2.19 −4.28 1.13 0.16 1.19 1.43 −0.68 

Table 12. Decoupling state of carbon emissions and cultivated land area. 

Year DC,L DC,L1 DC,L2 DC,L3 DC,L4 DC,L5 DC,L6 
2000–2001 END SND END SND END WND END 
2001–2002 SND WND RC END END WND END 
2002–2003 RD RD EC WD EC RC RC 
2003–2004 END END END SND RC EC EC 
2004–2005 END END RC SND SND END SND 
2005–2006 SD SD WD RD EC SD EC 
2006–2007 SND END SND WND RC WND SND 
2007–2008 WD SD RD EC EC EC WD 
2008–2009 END END RC EC RC EC END 
2009–2010 END END WND END EC RC END 
2010–2011 END END SND SND EC EC END 
2011–2012 END END RC END WND EC END 
2012–2013 END END END END END END END 
2013–2014 END EC RC END RC RC EC 
2014–2015 WD WD RC SD WD RC EC 
2015–2016 WD WD RC SD WD SD SD 
2016–2017 RD WD RC RC WD RC RC 
2017–2018 RD RD RC RD EC RC SD 
2018–2019 RD RD RD SD SD RD SD 
2019–2020 SD SD RC WD RC RD SD 

As can be seen from Table 12, before 2007, the decoupling status of several indicators 
in the table showed obvious instability. The main reason is that in 2000–2007, although 
carbon emissions showed an upward trend, their growth rates fluctuated greatly, result-
ing in large changes in the numerators in Equations (15) and (16). 

At this stage of 2007–2016, since the growth rate of cultivated land is far less than the 
growth rate of carbon emissions, DC,L continuously presented the state of expansive neg-
ative decoupling (END) in 2008–2014, and εCA > 1.2, indicated that the total cultivated area 
of the study area is driving the change in carbon emissions to some extent. However, in 
the periods of 2007–2008 and 2014–2016, the decoupling elasticity remained positive but 
0 < εCA < 0.8, DC,L showed a weak decoupling (WD) state, indicating that the growth rate 
of carbon emissions was smaller than the growth rate of cultivated land area, and the 
changes in cultivated land area during this period also led to changes in carbon emissions, 
but the driving effect was far less pronounced than during 2008–2014. The relationship 
between grain planting area and its carbon emissions and the relationship between total 
area and total carbon emissions generally show a relatively consistent trend of change. 
The decoupling elasticity of carbon emissions in cotton planting and its cultivated land 
area is 0.8 < εCA2 < 1.2 in most of the time, and the decoupling state shows a recessive 
coupling (RC), which shows that both the growth rate of carbon emissions and the culti-
vated land area are decreasing in the cotton planting area, and the change of carbon emis-
sion is almost completely affected by the cultivated land area. The absolute value of εCA3, 
which represents the decoupling elasticity of oil planting areas, is mostly greater than 1.2 
during this period, indicating that the carbon emission and of cultivated land area is far 
less than the carbon emissions, when the growth rate of carbon emissions is negative, the 
decoupling state is mostly realized as strong decoupling (SD), and when growth rate of 
carbon emissions is positive, it shows expansion negative decoupling (END) or strong 
negative decoupling (SND), which indicates that carbon emissions are less affected by 
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cultivated land area in oil planting areas. The absolute value of εCA4, which represents the 
elasticity of carbon emissions in sugar planting area and its cultivated land area, is always 
greater than 0 but has a gradually decreasing trend, and its decoupling state DC,L4 also 
gradually changed from expansive coupling (EC) or recessive coupling (RC) to weak de-
coupling (WD), this shows that the impact of carbon emissions by planting area in sugar 
planting areas is gradually weakening. The absolute value of εCA5, which represents the 
elasticity between tobacco planting area, is greater than 0 and 0.8 < εCA5 < 1.2 in most of 
the time, and its decoupling state DC,L5 is mostly shown as expansive coupling (EC) or 
recessive coupling (RC), this shows that carbon emissions in tobacco growing areas are 
closely related to their growing areas. εCA6 represents the elasticity in the vegetable and 
fruit planting area, during 2007–2013, the overall change trend was similar to εCA, and its 
decoupling state was also similar, but in 2013–2016, the absolute value of the decoupling 
elasticity became smaller and closer to 1, and the decoupling state became expansive cou-
pling (EC), but due to the obvious downward trend of the decoupling elasticity, it quickly 
changed to a strong decoupling (SD) state after that, this shows that carbon emissions 
from vegetable and fruit cultivation is affected by the area of cultivated land, which has 
experienced a process of gradually increasing but then decreasing rapidly. 

In the stage of 2016–2020, the decoupling elasticity value and decoupling state of each 
indicator basically tend to be stable. DC,L, DC,L1, and DC,L6 are gradually changing to a strong 
decoupling (SD) state, which indicates that in general, the change in carbon emissions is 
less affected by the area of cultivated land, and carbon emissions are unbound from 
change in the planting area of grains and vegetables and fruits. DC,L2, DC,L3 and DC,L5 gradu-
ally changed from coupling to decoupling, indicating that in the planting areas of cotton, 
oil and tobacco, carbon emissions are gradually less affected by the area of cultivated land. 
However, the relationship between carbon emissions and the area of cultivated land in 
the sugar planting area is still in a large fluctuation. 

To judge the main effects of carbon emissions under the change of cultivated land 
area in the three stages, the average value of the decoupling elasticity in the three stages 
is listed in Table 13. 

Table 13. Average values of decoupling elasticity for each type of cultivated land (three periods). 

Year Average of 
εCA 

Average of 
εCA1 

Average of 
εCA2 

Average of 
εCA3 

Average of 
εCA4 

Average of 
εCA5 

Average of 
εCA6 

2000–2007 3.91 0.42 1.04 0.40 −1.83 0.47 0.28 
2007–2016 −0.28 1.54 −3.09 0.19 1.09 −0.88 0.89 
2016–2020 4.82 1.47 1.15 0.42 0.60 1.26 −0.22 
2000–2020 2.00 1.19 −1.00 0.30 0.12 −0.05 0.49 

As can be seen from Table 13, in 2000–2007, only the average of εCA2 of the decoupling 
elasticity had an absolute value between 0.8 and 1.2, it shows that the change in carbon 
emissions has the highest correlation with the cotton planting area during this period. In 
2007–2016, the absolute value of the average of εCA4, εCA5 and εCA6 were between 0.8–1.2, 
which indicates that the change in carbon emissions during this period is closely related 
to the planting area of sugar, tobacco, vegetables and fruits. In 2016–2000 only absolute 
values of the average of εCA2 was between 0.8 and 1.2, which means that carbon emissions 
were most affected by cotton planting area during this period. Overall, only the absolute 
values of the average of εCA1 and εCA2 were between 0.8 and 1.2, indicating that during the 
study period, change in carbon emissions were greatly affected by changes in grain and 
cotton planting area. 

In summary, the change of carbon emissions is gradually reduced by the change in 
cultivated land area. Generally speaking, it is most affected by the changes in the areas of 
cotton planting, and this trend has not been improved in recent years. In 2007–2016, the 
correlation between carbon emission changes and cultivated land area changes was 
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higher, and the effects of changes in sugar and tobacco planting areas were greater than 
in other periods, but after 2016, these effects were moderately weakened. 

4. Conclusions and Suggestions for Policy Makers 
4.1. Conclusions 

In this paper, the LMDI decomposition method and the Kaya identity framework are 
used to decompose the factors affecting cultivated land carbon emissions, and the influ-
encing effects driving cultivated land carbon emissions from 2000 to 2020 are divided into 
five: structural effect, economic effect, technological effect, social effect and population 
effect. Then, the Tapio decoupling analysis method is used to analyze the impact of culti-
vated land carbon emissions and structural effect, economic effect, technological effect, 
social effect and population effect on carbon emission increments, as well as the decou-
pling elasticity, and the decoupling state is obtained. In addition, this paper decomposes 
the plant types of cultivated land, and substitutes the carbon emissions and planting area 
of the six types of plants into the Tapio model for analysis to explore the contribution of 
each crop to the increase in carbon emissions of cultivated land during the production 
process. 

The results of the study can be summarised as follows. 
First, according to the change trend and growth rate data of cultivated land carbon 

emissions from 2000 to 2020, the change of carbon emissions can be divided into three 
stages: 2000–2007 is the fluctuation period, 2007–2016 is the growth period, 2016–2020 is 
the emission reduction period. In these three periods, among the five effects decomposi-
tion by LMDI method (structure, economy, technology, society and population), the pos-
itive effect of technical effect is the largest, while the negative effect of economic effect is 
the largest. The negative effect of social tends to increase, and the positive effect of popu-
lation is always small. Among them, the structural effect gradually turns from positive to 
negative over time, and in the third stage, the negative effect it brings has been very sig-
nificant. The technical effect represents the agricultural GDP per labor engaged in agricul-
ture. With the improvement of technical means, the output will of course be higher, and 
with the increase in the use of mechanical technology, carbon emissions will inevitably 
increase. On the contrary, the reduction in the cultivated land area used to produce every 
1 billion yuan of agricultural GDP also brings about a decrease in carbon emissions, which 
shows that the increase in agricultural output can reduce carbon emissions. At the same 
time, the reduction of people’s willingness to engage in agricultural labor will obviously 
reduce the carbon emissions of cultivated land. All the above are in line with theories 
related to economics and management, and the impact of structural effects cannot be 
clearly analyzed through panel data, and needs to be further discussed in the decoupling 
analysis. 

Second, through the decoupling analysis of the Tapio model,, in the first stage, the 
factors affecting carbon emissions are mainly structural effect, technical effect and popu-
lation effect. This relationship tends to be stable in the second stage, but in the third stage, 
the effects affecting carbon emissions have become structural effect, economic effect and 
social effect, while technical effect and population effect have shown a state of strong de-
coupling. At the same time, after decomposing the cultivated land structure, we used the 
Tapio model to decouple it again and found that in the cultivated land planting structure, 
cotton planting has the greatest impact on carbon emissions, while the impact of sugar 
planting has increased in the third stage, and the impact of tobacco planting has gradually 
declined and has almost decoupled in the past two years. The decoupling results show 
that the adjustment of agricultural technology has not been as effective as before on carbon 
emissions in recent years, while changing the area of cultivated land (attention should be 
paid to the planting area of cotton, sugar and tobacco), optimizing the structure of agri-
cultural production, and adjusting people’s willingness to engage in agricultural produc-
tion should be the main interventions in cultivated land carbon emissions. 
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4.2. Suggestions for Policy Makers 
4.2.1. Promote the Use of Clean Energy and Increase Agricultural Imports 

In China’s main agricultural producing areas, the carbon emissions of cultivated land 
and the structure of cultivated land, agricultural economic development and population 
have not yet been decoupled, while the carbon emissions caused by technological effects 
are the most, but due to the strong decoupling effect, it is not easy to control. Based on the 
above conclusions, to control the carbon emission of cultivated land in China’s main agri-
cultural producing areas, it is necessary to promote the use of clean energy in agricultural 
machinery, irrigation and other high-energy-consuming machinery while adjusting the 
agricultural industrial structure. At the same time, it can also be considered to increase 
the import of agricultural products to reduce the pressure on agricultural production 
caused by the population. 

4.2.2. Focus on Industries That Are Highly Related to Carbon Emissions, Increase Car-
bon Tax, and Promote Low-Carbon Development 

At present, in the cultivated land producing cotton, sugar and tobacco leaves in 
China’s main agricultural production areas, the carbon emissions and the expansion of 
cultivated land have not been decoupled. Especially the production of sugar, which has 
contributed more and more to the increase in carbon emissions in recent years. Therefore, 
in the next adjustment of the agricultural industry structure, the pressure of emission re-
duction must be take into account, such as incorporating a higher carbon tax into these 
industries, such as to establish a policy model with optimal output, structure and emission 
reduction effect. At the same time, priority should be given to improving green and clean 
technologies in the cultivation of these three types of crops, improving waste disposal 
methods, and promoting the transformation of cultivated land use to low carbon. 

4.3. Future Perspectives 
The conclusions showed that to achieve carbon emission reduction in cultivated land, 

China should give more consideration to cooperation and imports with other countries, 
and due to the current complex international situation, food security has received wide-
spread attention, especially in a country with a large agricultural and population like 
China. In China, some top journals have begun to solicit manuscripts on food security 
from the academic community, which shows that in the current form, research on food 
security needs urgent attention and innovation. At the same time, after China’s commit-
ment to carbon neutrality, the technological development of various industries is inevita-
bly constrained by the use of energy. We only studied the relationship between food se-
curity and carbon emissions from the perspective of cultivated land. Under the dual pres-
sures of food security and carbon neutrality in the future, how will China or other regions 
in the world choose a development model? The impact of food security and carbon emis-
sions may become a hot topic of future research. 

Our next research will focus on the cooperation and synergy between various regions 
in China, such as the synergy between energy utilization, or the synergy in the distribu-
tion of agricultural product output, to further study the measures for simultaneous gov-
ernance of food security and carbon emissions. 
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