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Abstract

Vegetation is crucial in carbon sequestration, as it stores soil carbon and biomass. However, agricultural

droughts significantly reduce vegetation growth, directly impacting the amount of carbon sequestered through
photosynthesis. This study investigates the effects of agricultural drought on carbon emissions across four sub-
regions of China, Northwest China, North China, the Qinghai-Tibet region, and South China, from 2001 to 2020.
Three remote sensing-based drought indices, the Moisture Anomaly Index (MAI), Vegetation Anomaly Index (VAI),
and Temperature Anomaly Index (TAI) were used for drought monitoring. Advanced statistical techniques were
employed to explore the relationship between these indices and carbon emissions, including auto-correlation and
spatial cross-correlation. The results indicate that temporal variations between carbon emissions and agricultural
drought indices exhibit distinct regional patterns. Among the indices, VAl demonstrated the strongest correlation
with carbon emissions, with values ranging from r=0.56 to 0.76. Carbon emissions varied significantly across
regions, with the highest recorded in North China, followed by South China, Northwest China, and Qinghai-Tibet
regions. Spatial cross-correlation analysis revealed that the highest positive correlation (r>0.5) between carbon
emissions and drought indices was observed in South China, whereas a moderate correlation was found between
MAI and carbon emissions in Northwest China. The correlation between VAl and carbon emissions ranged from
r=-0.6 to >0.8. TAl exhibited a positive correlation with carbon emissions in South China, whereas negative
correlations were observed in Northwest China and northeast North China. These findings provide valuable insights
for mitigating drought-induced carbon emissions and promoting sustainable land management practices.
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Introduction

Agricultural drought, characterized by below-average
rainfall, reduces soil moisture, stunted crop growth, and
lower farm productivity [1, 2]. These droughts have far-
reaching consequences, affecting food security, economic
stability, and environmental sustainability [3, 4]. While
natural climatic fluctuations contribute to drought con-
ditions, anthropogenic factors such as land-use changes,
unsustainable water management, and climate change
exacerbate their severity [5, 6]. In China, particularly in
northern and western regions, agricultural drought has
become increasingly frequent and severe, significantly
impacting crop production and water resources [7]. As
one of the world’s most populous nations, China relies
heavily on agriculture for economic and food security,
making it highly vulnerable to drought-induced losses.
For instance, the 2019 drought in Liaoning province
caused agricultural losses exceeding 1.1 billion USD,
affecting more than 2.8 million people [8, 9].

To monitor and assess agricultural drought, remote
sensing-based indices such as the Normalized Difference
Vegetation Index (NDVI), Enhanced Vegetation Index
(EVI), and Vegetation Condition Index (VCI) have been
widely adopted [10-12]. These indices help evaluate veg-
etation health, soil moisture status, and drought severity
[13]. NDVI, for example, assesses the difference in reflec-
tance between near-infrared and red light, indicating veg-
etation density and photosynthetic activity. EVI improves
upon NDVI by reducing atmospheric interference and
enhancing sensitivity to vegetation cover changes, while
VCI quantifies deviations in vegetation health from
long-term norms, offering critical insights into drought
impacts [14—16]. These indices are instrumental in guid-
ing agricultural policies, water resource management,
and land-use planning, making them essential tools for
mitigating drought risks [17, 18].

Beyond agricultural productivity, droughts significantly
affect carbon emissions and climate change. Agricul-
tural drought reduces vegetation cover, limiting carbon
sequestration while increasing carbon release from soil
and decaying biomass [8, 18]. Prolonged drought condi-
tions intensify soil erosion and microbial activity, acceler-
ating the decomposition of organic matter and releasing
stored carbon into the atmosphere [19, 20]. Furthermore,
the reliance on energy-intensive irrigation practices dur-
ing drought increases greenhouse gas emissions [3, §,
21]. The cyclical nature of this interaction, where carbon
emissions drive climate change, exacerbating drought
conditions, creates a feedback loop that intensifies envi-
ronmental challenges [15, 21-23].

While previous research has explored the correla-
tion between agricultural drought and carbon emis-
sions, several gaps remain [22, 24, 25]. Many studies have
relied on singular indices or models, failing to capture
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the complexity of regional variations and the interplay
between environmental factors [3, 23, 26, 27]. Further-
more, existing studies often lack comprehensive spa-
tial analyses that account for heterogeneity in drought
impacts and carbon fluxes [3, 20, 26]. The interactive
mechanisms through which drought influences carbon
dynamics, such as changes in vegetation stress, soil mois-
ture depletion, and land-use alterations, have also been
inadequately examined [21, 28]. Although studies like Liu
et al. (2014) [19] and Wolf et al. (2023) [27] have iden-
tified drought-induced carbon losses in specific regions,
they have not fully addressed the underlying drivers or
the broader implications for global carbon cycles [19,
27]. The novelty of this study lies in its integrated, multi-
model approach, which combines advanced remote sens-
ing techniques, spatial analysis, and machine learning to
comprehensively assess the relationship between agri-
cultural drought and carbon emissions. Unlike previous
studies focusing on isolated factors, our research incor-
porates diverse datasets and considers spatial hetero-
geneity, allowing for a more nuanced understanding of
drought-induced carbon fluxes. Additionally, we analyze
drought impacts across varied environmental conditions,
providing insights applicable to regional and global con-
texts. By bridging the gaps in current research, this study
offers a deeper understanding of the mechanisms linking
agricultural drought and carbon emissions, ultimately
informing more effective mitigation strategies for climate
resilience and sustainable land management.

This study was initiated to address these shortcomings,
with a clear goal of (1) exploring the spatial and tempo-
ral variations in agricultural drought indices and carbon
emissions from 2001 to 2020 across China’s four sub-
regions and (2) identifying the link between agricultural
drought indices and carbon emissions during periods of
extreme drought and wet years. The findings of this study
are expected to enhance understanding of how agricul-
tural droughts affect carbon emissions, paving the way
for developing strategies to lessen the impact of agricul-
tural droughts on carbon emissions and to foster sustain-
able land management techniques.

Study area

China has significant differences in climate and eco-
logical conditions [29]. Consequently, the research area
divided its focus into four distinct geographical zones:
Northwest China, North China, the Qinghai-Tibet area,
and South China [30]. Northwest China experiences
arid and semi-arid conditions with scarce water avail-
ability, while a temperate continental climate character-
izes North China. On the other hand, the Qinghai-Tibet
region is known for its high elevation and alpine climate
[31]. In contrast, South China enjoys a subtropical cli-
mate with more abundant rainfall [7]. These climatic
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Fig. 1 Map of study area
Table 1 Showing data sources
Data Resolution Data Source Role
GLASS SM Daily Global 1-km http://glass.umd.edu/soil_moisture/ Soil moisture
MOD13Q1 16-Day Global 250 m http://earthexplorer.usgs.gov Vegetation Indices
MOD11C2 8-Day Global 0.05° http://earthexplorer.usgs.gov Land Surface Temperature
NBS Monthly https://www.ceads.net/ CO, emissions

differences significantly affect farming methods and the
carbon cycle.

Moreover, the vegetation and land use in these sub-
regions vary. The Qinghai-Tibet area primarily features
grasslands and alpine ecosystems, whereas North and
South China are marked by various agricultural land-
scapes [16]. The vegetation type and land use are crucial
in carbon cycling and emissions. Each area has its capac-
ity for carbon storage, whether through natural veg-
etation or agricultural activities [32]. Assessing carbon
sequestration capabilities across different ecosystems
is vital for creating practical mitigation approaches. An
understanding of how agricultural drought affects carbon
cycling in China can be gained by analyzing and compar-
ing these sub-regions.

The land use information in Fig. 1 was obtained from
the Global Land Cover Data (GLCNMO, version 3) pro-
vided by the National Mapping Organization. The data-
set, with a 500 m grid size, follows the FAO’s Land Cover
Classification System and has been validated by the Euro-
pean Space Agency’s Climate Change Initiative.

Data and methods

Remote sensing datasets

This research employed datasets including MODIS
NDVI, LST, GLASS SM, and CO, emissions within the
study area.
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Soil moisture

A comprehensive soil moisture product, GLASS SM,
offering a global resolution of 1 km and daily spatiotem-
poral continuity, was utilized to determine soil moisture
levels from 2000 to 2020. The creation of GLASS SM
involved integrating various datasets, such as albedo, land
surface temperature, and leaf area index from the Global
Land Surface Satellite (GLASS) suite. Additionally, it
incorporated the European reanalysis (ERA5-Land) soil
moisture product, ground-based measurements from the
International Soil Moisture Network (ISMN), and sup-
plementary data sources, including MERIT DEM and the
Global gridded soil information (SoilGrids). This product
quantifies explicitly the volumetric water content in the
top 0-5 cm of soil.

MODIS normalized difference vegetation index (NDVI)

The MODIS NDVI (MOD13Q1, Collection 6) was
obtained from (http://earthexplorer.usgs.gov), with a
temporal and spatial resolution of 16 days and 250 m,
respectively [33]. Further, 16 days of free NDVI pixel
composites were used for the entire period from 2000
to 2021. These 16 days of data averaged for the monthly
time step.

MODIS land surface temperature (LST)

Version 6 of the MOD11C2 product offers a Land Sur-
face Temperature and Emissivity series, which can be
accessed from (http://earthexplorer.usgs.gov). This da
taset features a spatial and temporal resolution of 0.05
degrees and eight days. The product consists of 17 layers
with day and nighttime observation. For quality control
assessments, the number of clear-sky observations, the
percentage of land in the grid, and emissivity from bands
20, 22, 23, 31, and 32.

Carbon emissions data

Data on carbon emissions was sourced from the China
Carbon Accounting Database, accessible at (https://w
ww.ceads.net/), and the National Bureau of Statistics of
China (NBS). Furthermore, this data was utilized to pre-
dict carbon emissions. The following formula was used to
calculate carbon emissions.

n t
COu =3 > (Eyx LOV;x COy x COFy) (1)

In this context, ‘CO,; represents the carbon emissions
for each sub-regional unit or province 7’. The variable ‘%’
represents the total number of provinces under consider-
ation, while ‘t’ signifies the analyzed energy sources. ‘Eij’
refers to the specific type of energy used in province .
‘LCVJj’ indicates the low calorific value of the %t/ type
of energy consumed in province ‘i. ‘CCy is the carbon
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content in the jth’ type of energy usage for province G,
and ‘COFijj” denotes the oxygen content in the jz/’ energy
type utilized in the same province.

Methods

Standardized anomalies

Standardized anomalies, often called z-scores or stan-
dardized deviations, represent a statistical metric that
indicates the extent of deviation of a specific data point
from the average of a dataset, measured in units of
standard deviations. This calculation method is widely
applied in diverse disciplines such as climate science,
meteorology, and economics. The formula for determin-
ing the standardized anomaly (ZA) can be described as
follows:

Xyt — fh o
2y = St M) 2)

Oy

In this context, ZA, ,, represents the Moisture Anomaly
Index (MAI), Vegetation Anomaly Index (VAI), or Tem-
perature Anomaly Index (TAI) for the current value at
coordinates (x, y) and time t. The symbol p( ,) denotes
the average of the reference field, computed at the exact
location across a similar period over multiple years. The
term o, , refers to the standard deviation of this reference
field. The resulting standardized anomaly (ZA) will be a
dimensionless value representing how many standard
deviations the data point (X) is away from the mean of
the dataset. A positive ZA indicates that the data point is
above the mean, while a negative ZA demonstrates that it
is below the mean.

Statistical analysis

A measurement known as cross-correlation examines
how two or more sets of time series data change over
time concerning one another [34]. It is used to assess how
well different time series match one another objectively
and to pinpoint the precise moment the best match takes
place when comparing various time series. The cross-
correlation values lie between the negative and positive.
A negative correlation links two variables where one vari-
able rises as the other falls and vice versa [6]. In statis-
tics, a correlation coefficient of -1.0 signifies a flawless
negative correlation, whereas a coefficient of 0 implies no
correlation. Conversely, a coefficient of +1.0 indicates a
flawless positive correlation. When there is a complete
negative correlation, it suggests that the two variables in
question consistently demonstrate an exact inverse rela-
tionship [35].

When two variables consistently show movement in
the same direction, this indicates a positive correlation.
For instance, if one variable increases and the other also
rises or decreases, and the other follows suit, it suggests a
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positive link between them. This parallel movement often
implies that the same external factors influence both
variables, leading to synchronized behavior [34]. In the
current study, spatial cross-correlation was used. Spatial
cross-correlation analysis can uncover the causal rela-
tionship between variables X and Y. Spatial cross-correla-
tion was computed using the following equations.

X = [z129. ... X n]T,Y = [y1y2...... yn}T (3)

where the letter “T” stands for transposition and ‘x; and
‘yi’ represent the two different measurements of the size
for each ith element, where ‘i’ ranges from 1 to n”

The centralized variables can be calculated by.

XCZX_MTINYC:Y_My? (4‘)

where p, and p, indicate the variables’ average values,
which are written as, respectively, x; and y;.

1 n 1 n
My = EZ Z_:lwivuy = ;Zizlyi (5)

The population variances of the two variables are as
follows:

o
2
= %Zz 1(‘7:1 - w)
=X XeaU (6)
= %Z — )’
Ly T Y

Therefore, ‘o’ and ‘o,’ denote the standard deviations of
the population for ‘x; and ‘y;, respectively. Similarly, one
can generate a pair of standardized vectors by scaling the

centered variables.

X_M,L Xe Y_‘U/!} 1/;

=t te sy v )
[ [ Oy Oy

what statisticians refer to as “standard scores” The
lengths of the two vectors, x and y, and their dimensions
or the number of system members, n, may be demon-
strated to be identical. That is known as the norm of || X ||
and ||y||. As a result,

To=n,|lyll=y"y=n (8)

|zf] = =
The foundational theories of spatial correlation, includ-
ing auto-correlation and cross-correlation, hinge on spa-
tial proximity or distance concepts. One can construct an
n-by-n unitary spatial weights matrix in this framework
as follows.
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W= [Wij]nx n )
This matrix is known as the Unitized Spatial Weights
Matrix (USWM). It exhibits three distinct characteristics,
which can be derived from a Spatial Contiguity Matrix
(SCM): (1) Symmetrical nature, meaning that wj; equals
wj; (2) Diagonal elements are zero, represented by|w;|
= 0, indicating that all diagonal entries are zeros; (3) A
requirement for unitization, which implies....

n n 1
D2

(10)

As a result, a novel metric for spatial cross-correlation
analysis can be established, drawing parallels to the
improved version of Moran’s Index used for spatial auto-
correlation. This new measurement is outlined as follows:
R.=zTWy (11)
The spatial cross-correlation index, often Rc, stands for
the spatial cross-correlation coefficient (SCI). The SCI,
which has a value between -1 and 1, can be used to dem-
onstrate that a relationship exists. Transposing Rc results
in another expression due to the spatial weights matrix’s
symmetry.
which has the same value as Eq in numbers (6). We can
construct several models for various applications of spa-
tial analysis from Egs. (9) and (10), as shown in the above
section.

Results

Temporal variations

Figure 2 illustrates the changes over time in agricultural
drought indices, precisely, the Moisture Anomaly Index
(MAI), Vegetation Anomaly Index (VAI), and Tempera-
ture Anomaly Index (TAI), as well as carbon emissions
in various sub-regions from 2001 to 2020. Generally, the
MALI bar and VAI curves show a consistent pattern. In
comparison, TAI with MAI or VAI shows a slightly dif-
ferent pattern. For example, in the northwestern region
of China, periods of drought and significant wet, as indi-
cated by values ranging from -2 to 2 in metrics such as
MAI, VAI and TAI, were recorded in 2001, 2004, 2011,
and 2017. The wet events occurred from 2006 to 2007
and 2015 to 2016.

Similarly, prolonged drought events occurred in North
China from 2001 to 2003 and 2009 to 2011. Similarly to
Northwest China and the Qinghai-Tibet area in North
China, persistent wet events occurred from 2014 to 2017.
The temporal variations exposed the notable drought and
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wet events in 2001, 2004, 2011, and 2017 across all sub-
regions. The temporal variation of the carbon emissions
exposed that agricultural drought conditions partially
impact carbon emissions. For example, in the Northwest
drought year 2011, the carbon emissions value reached
800 (Million Tons), while in the drought year 2001, the
carbon value was 231(Million Tons).

Similarly, in the North China drought spell 2003, the
carbon emissions value was low, and the carbon values
were high for the rest of the drought years. On the other
hand, in extremely wet years, the emissions are low com-
pared to normal years. For example, in the Qinghai-Tibet
area in the extreme wet years 2004 and 2017, lower car-
bon values of 189 and 211 million tons were observed.
Generally, the highest carbon emissions values were
obtained in South China.

Spatial correlation analysis

Furthermore, the spatial correlation was performed
between three couples of variables, Carbon emission/
MALI or VAI and/or TAI for four different seasons
across the four different sub-regions (Figs. 3 and 4). In
the winter, the correction between carbon emission/MAI
or VAI and/or TAI ranged from -0.72 to 0.78, respec-
tively. The correlation between MAI and carbon emission
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is the highest in January in North China and the low-
est in January and February in South China. In Febru-
ary, the Qinghai-Tibet area obtained a negative between
MAI and carbon emission. The correlation between the
VAI and carbon emission was mainly negative in the
winter season, while a positive correlation was obtained
in December in Northwest and North China. Generally,
the correlation between the TAI and carbon emission is
negative. However, a positive correlation was obtained
in December between South China and a small area of
North China.

Figure 5 illustrates the relationship between indices
measuring agricultural drought and carbon emissions
during spring across four distinct sub-regions in China. A
positive correlation between the MAI and carbon emis-
sions was obtained across North and South China. In the
Qinghai-Tibet region and Northwest China, a negative
correlation was observed. The correlation between the
VAI and carbon emission in South China and Qinghai-
Tibet area’s two-thirds area had a negative correlation in
March and May, while in April, the one-third area had a
negative correlation. On the other hand, when correlat-
ing the TAI and carbon emissions, a negative correlation
was obtained across all sub-regions during March, except
a small area of North China.

MALI and Carbon Emissions

VAI and Carbon Emissions

TAT and Carbon Emissions

December

January

February

Correlation

Fig. 3 Correlation between agricultural drought indices and carbon emissions in the winter season
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MALI and Carbon Emissions

VAI and Carbon Emissions

TAT and Carbon Emissions

June

July

August

Correlation

Fig. 4 Correlation between agricultural drought indices and carbon emissions in the summer season

A notable finding was observed when MALI correlates
with carbon emissions in the summer season (Fig. 4).
For example, a negative correlation was observed across
Northwest China in June, while a positive correlation was
observed in North and South China. On the other hand,
in August, a negative correlation was obtained between
North and South China, and a positive correlation was
obtained between Northwest China. That finding is rea-
sonable because most North and South China areas are
irrigated, and heavy monsoon rain enhances the moisture
level in August. Further, when we correlate the carbon
emission with VAI a significantly higher correlation was
obtained in North China, followed by the Qinghai-Tibet
area. In contrast, a negative correlation was observed in
Northwest and South China. The correlation between
carbon emission and TAI during the summer season was
observed over a majority of the study area.

Figure 6 shows the correlation between carbon emis-
sion and agricultural drought indices during autumn. In
September and November in North and South China,
MAI and carbon emission show a positive correlation
r=>0.5. The carbon emission shows an almost negative
correlation with VAI over South China. In contrast, the
rest of the study shows negative and positive correlations.
Additionally, a strong positive correlation between the

TAI and carbon emissions (r=0.76) was noted in a lim-
ited area of North China in September, whereas a pro-
nounced negative correlation (r = -0.69) was observed
in the Qinghai-Tibet area in October. Extreme climate
conditions like drought and flood may harm net carbon
uptake by restricting photosynthesis and/or boosting soil
respiration and litter decomposition. To better under-
stand, the current study examines the effect of agricul-
tural drought and wet conditions on carbon emissions.

Description of carbon emissions in extremely dry and wet
years

Figure 7 displays the geographical patterns of carbon
emissions across all sub-regions during drought years
(2001 and 2011) and wet years (2004 and 2017). Car-
bon emission shows significant regional differences. For
example, in 2001, in North China, the average emis-
sion was 365 million tons, while in South China, it was
314 million tons. North China’s highest emission was
observed, followed by South China, Northwest China,
and the Qinghai-Tibet region. These findings indicate
high carbon emissions in North and South China’s major
agricultural and critical manufacturing hubs. There-
fore, we further correlate the carbon emission with the
drought indicator.
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Fig.5 Correlation between agricultural drought indices and carbon emissions in the spring season

Spatial cross-correlation between the carbon emissions
and agricultural drought indices extreme dry and wet
years

Figure 8 illustrates the spatial cross-correlation between
carbon emissions and MAI. A negative correlation was
observed in the Northwest and a small area of North
China. In comparison, the highest positive>0.8 corre-
lation was obtained in South China. The finding is rea-
sonable because, in South China, commonly irrigated
agriculture enhances soil moisture and fully utilizes
carbon oxides. On the other hand, in Northwest China,
during the dry season, soil moisture decreases while veg-
etation does not fully utilize carbon oxides; therefore,
there is a negative correlation.

The correlation between VAI and carbon emission
illustrations is in Fig. 9. Overall, the correlation values
ranged between -0.5 to >0.8. During the drought year
2001, a positive correlation>0.5 was obtained in South
China, the Qinghai-Tibet area, and North China. At the
same time, Northwest China’s one-third area obtained a
negative correlation. In the wet year 2004, the two-third
study area shows a positive correlation. Generally, a high
positive>0.5 correlation is observed in South-North
China and the Qinghai-Tibet area, and a negative corre-
lation was obtained in Northwest China. That is sound

because healthy vegetation uptakes more carbon dioxide.
In South and North China, most vegetation is healthy
compared to Northwest China.

Generally, a positive correlation was observed in
South China, and a negative correlation was obtained in
Northwest China and northeast North China during all
drought and wet years (Fig. 10). That is logical; in the case
of South China, if the plant absorbs more carbon dioxide
(CO,) during photosynthesis, less CO, remains trapped
in the atmosphere, which can increase the temperatures.
Meanwhile, the typical temperature is low in Northwest
China and northeast North China, and vegetation does
not correctly utilize CO,,.

Discussion

Spatial and temporal variations

Temporal variations of agricultural drought indices,
Moisture Anomaly Index (MAI), and Vegetation Anom-
aly Index (VAI) show a similar pattern across the dif-
ferent sub-regions from 2001 to 2020. Meanwhile, the
Temperature Anomaly Index (TAI) with MAI or VAI
shows a slightly different pattern. The findings are logical
MALI and VALI are closely related to each other because
vegetation growth is directly dependent on soil moisture,
so when there is a shortage of water, vegetation health is
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Fig. 6 Correlation between agricultural drought indices and carbon emissions in the autumn season

also affected. This means that changes in moisture avail-
ability can significantly impact vegetation growth, and as
a result, MAI and VAI will show similar temporal pat-
terns. On the other hand, TAI is related to temperature,
which can have a different effect on soil moisture and
vegetation growth [36, 37]. Thus, temperature changes
may not always be synchronized with changes in mois-
ture availability, leading to differences in the patterns of
TAI with MAI or VAI [38].

Our results revealed that temporal variation of car-
bon emissions shows partial interaction with agricultural
drought indices. However, the VAI shows a relatively
high correlation with carbon emissions. The findings are
logical because, during a drought, plants may close their
stomata (pores on their leaves) to conserve water. This
closure limits the uptake of carbon dioxide necessary
for photosynthesis, leading to reduced photosynthetic
activity [16, 39]. As a result, the plant’s ability to convert
atmospheric carbon dioxide into organic carbon through
photosynthesis is diminished [28].

On the other hand, drought stress can lead to increased
plant respiration rates. When plants experience water
stress, they may respire more to maintain their cellular
functions, which can release stored carbon back into the
atmosphere as carbon dioxide. Alternatively, it may be

due to other factors; the soil is home to 80% of the terres-
trial carbon, and the study postulates that under condi-
tions of drought and soil surface cracking or desiccation,
this carbon is exposed to oxidation, thereby increasing
the carbon dioxide emitted into the atmosphere [40].

Relationship between carbon emissions and agricultural
drought indices in extremely dry and wet years

Our result exposed significant regional differences across
all sub-regions. South and North China have the high-
est emissions compared to the Qinghai-Tibet area and
Northwest China. South and North China are more
industrialized, with higher manufacturing, energy pro-
duction, and transportation levels than the Qinghai-Tibet
area and Northwest China. This industrialization leads to
higher carbon emissions, as industries and transportation
rely heavily on fossil fuels that emit greenhouse gases,
including carbon dioxide [20]. Furthermore, South and
North China have much higher population densities than
the Qinghai-Tibet area and Northwest China. This higher
population density means more people using energy,
transportation, and other resources, which leads to
higher carbon emissions. Qinghai-Tibet and Northwest
China have more extensive grassland areas, which admit
carbon dioxide through photosynthesis. In contrast,
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South and North China have a higher proportion of land
used for agriculture, industry, and urbanization, which
reduces the area available for carbon sequestration and
leads to higher carbon emissions [7].

Furthermore, a positive association was achieved across
all sub-regions when we correlated the drought indices
with carbon emissions in 2001 and 2011. The finding is
logical in dry years; a positive correlation between carbon
emissions and agricultural drought in dry years can harm
photosynthesis, as drought stress can lead to abridged
crop yield, changes in leaf physiology, changes in plant
community arrangement, and changes in soil moisture,
all of which can decrease rates of photosynthesis [21].
The results show a negative or lower correlation between
soil moisture and carbon emissions in North China and
Northwest China, while there is a Positive correlation in
South China. A region’s unique soil characteristics and
environmental conditions can influence the interaction
between soil moisture and carbon emissions. This is evi-
dent when comparing the regions of North, Northwest,
and South China. The varied climates and soil types in
these areas could be the reason behind the observed dif-
ferences in correlations. A negative or lower correlation
between soil moisture and carbon emissions is noted in

North and Northwest China, whereas the correlation is
positive in South China. This suggests that regional fac-
tors significantly affect the correlation between soil mois-
ture and carbon emissions [28]. The semi-arid to arid
conditions of North and Northwest China, characterized
by limited and unsuitable rainfall, can stress soil moisture
levels. This environmental stress can inhibit plant growth
and negatively affect soil microbial activities. Such condi-
tions may reduce carbon emission rates, as plant devel-
opment and soil microbial roles are critical in the carbon
cycle. This state highlights the exact impact of climatic
factors on soil health and related carbon dynamics.

The incidence of alkaline soils in North and North-
west China, known for having lower organic matter con-
tent and diminished microbial activity, could also affect
the lower carbon emissions examined in these regions.
Alkaline soils often challenge microbial processes inte-
gral to the carbon cycle, leading to reduced decomposi-
tion and carbon release. This soil trait and the regional
climatic conditions cause the unique carbon emission
patterns in North and Northwest China [7]. With its
ample and coherent rainfall, South China’s subtropi-
cal to tropical climate typically results in higher soil
moisture levels. This moist environment is promising
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for robust plant growth and heightened soil microbial
activity, which can hypothetically increase carbon emis-
sion rates. Furthermore, the superiority of acidic soils in
South China, which are typically richer in organic mat-
ter and exhibit more significant microbial activity, might
further enhance carbon emissions. The sequence of these
climatic and soil conditions in South China creates an
environment that contributes more to carbon release in
North and Northwest China [40].

Moreover, a positive association between the VAI and
carbon emissions was noted in South and North China
and the Qinghai-Tibet region, while a negative relation-
ship was monitored in Northwest China. The climatic
conditions in South and North China, along with the
Qinghai-Tibet area, typically more favorable to vegeta-
tion growth, such as higher rainfall and moderate tem-
peratures, result in elevated VAI values and carbon
emissions [28]. In contrast, the more severe climate of
Northwest China, characterized by limited precipitation
and extreme temperatures, tends to restrict vegetation
growth and carbon emissions [32, 40]. Another fac-
tor causing this is the specific vegetation types in these
regions. Forests and grasslands lead in South and North
China and the Qinghai-Tibet area and are associated

Page 12 of 15

Cross Correlation

0 05 =08

Cross Correlation N
i,

0 ; ; :

with higher carbon inclusion rates and emissions. How-
ever, desert vegetation, which is influential in Northwest
China, is linked to lower carbon uptake rates and emis-
sions [5, 7].

In South China, a positive correlation was found
between carbon emissions and the (TAI), while in North-
west China and the northeastern part of North China, a
negative correlation was noted during years of drought.
Several factors could explain the differences in the cor-
relation between carbon emissions and TAI in different
regions of China during drought and wet years. One pos-
sible explanation is that South China is surrounded by
the South China Sea and the East China Sea, which mod-
erate temperatures [41, 42]. In contrast, Northwest China
and northeast North China have a continental climate,
which means they are far from moderating influences of
large bodies of water. Inland regions often face extreme
temperature fluctuations than coastal areas [25, 43, 44].
In winter, cold air masses from Siberia and Mongolia
travel southward, causing particularly low temperatures
in Northwest China and Northeast North China [30].

Additionally, variations in natural elements like vegeta-
tion cover and water availability across different regions
can influence carbon dynamics. Areas experiencing
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droughts, especially those with sparse vegetation or con-
strained water resources, might significantly impact car-
bon uptake and storage [16]. This can result in increased
carbon emissions, as limited vegetation and water avail-
ability hinder the processes that typically sequester car-
bon [7, 28, 45]. Regions with more extensive vegetation
coverage or better water availability will likely maintain
their carbon sinks more effectively, even during drought
[4, 46]. This capability to preserve carbon sinks is cru-
cial in mitigating carbon emissions [31]. The presence
of abundant vegetation facilitates the absorption and
storage of carbon dioxide through photosynthesis [26].
Moreover, sufficient water availability supports this pro-
cess, ensuring that plants remain healthy and function as
effective carbon sinks. Consequently, these regions may
exhibit lower carbon emission rates than areas with less
vegetation or limited water resources, which struggle to
sustain their carbon sequestration capacity under similar
conditions.

Conclusions

This study highlights the critical role of agricultural
drought monitoring in managing carbon emissions.
Drought-induced changes in soil moisture and vegetation
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significantly impact the carbon cycle, reducing the abil-
ity of plants to sequester carbon and increasing atmo-
spheric CO, levels. Additionally, drought conditions
heighten plant vulnerability to diseases and pests, further
impeding carbon absorption. Effective drought monitor-
ing is essential for identifying stressed agricultural areas
and mitigating rising carbon emissions through adaptive
strategies such as improved irrigation and soil conserva-
tion practices. These proactive measures reinforce the
importance of sustainable agriculture in addressing cli-
mate change.

From 2001 to 2020, this study assessed the impact of
agricultural drought on carbon emissions across four dis-
tinct regions of China: Northwest China, North China,
the Qinghai-Tibet region, and South China. By utilizing
key indices, Moisture Anomaly Index (MAI), Vegetation
Anomaly Index (VAI), and Temperature Anomaly Index
(TAI), alongside statistical techniques such as auto-cor-
relation and spatial cross-correlation analyses, the study
explored the intricate relationship between drought indi-
cators and carbon emissions.

The results revealed significant regional variations,
with the VAI demonstrating the strongest correla-
tion with carbon emissions. North China exhibited the
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highest carbon emission levels, while spatial cross-cor-
relation analysis indicated a positive correlation in South
China and mixed correlations in other regions.

This study underscores the complex interplay between
agricultural drought and carbon emissions, emphasizing
the need for region-specific mitigation strategies. The
insights gained contribute to climate change adaptation
efforts and sustainable land management policies aimed
at reducing the adverse effects of droughts on carbon
emissions.
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