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Spatial-temporal changes of
NDVI in the three northeast
provinces and its dual response
to climate change and human
activities

Rina Wu, Yan Wang, Buyun Liu and Xueming Li*

School of Geographical Sciences, Liaoning Normal University, Dalian, China

As the most important ecological barrier in eastern China, the three northeast
provinces have extraordinary ecological significance. Their geographical location
and climatic conditions make the distribution pattern of vegetation unique. Among
them, climate change and human activities are the main factors affecting the
richness and complexity of vegetation, climate change dominates the overall
pattern of vegetation distribution, and regional human intervention locally
changes the growth state of vegetation. Therefore, based on NDVI data of
vegetation, meteorological data and socio-economic data, statistical methods
such as Sen’s slope estimator, Mann-Kendall trend test, center of gravity
transfer model, Hurst index and coefficient of variation were adopted to analyze
the spatio-temporal changes and future trends in vegetation coverage; The use of
Geographic detector to understand the relationship between NDVI to climate
change and human activities. The results suggested that: 1) The three northeast
provinces of China experienced an overall increasing NDVI at a rate of 0.016%/year
from 2001 to 2020. The NDVI shows intensive heterogeneity in space, exhibiting a
landscape of high in the East, low in the west, high in the north and low in the south;
2) The results of geographic detectors show that the temporal and spatial
distribution pattern of vegetation NDVI is mainly determined by > 10°C
accumulated temperature, > 0°C accumulated temperature, annual average
temperature and land use type. The interaction between factors presents a bi-
variable enhancement and nonlinear enhancement, and human activity factors
enhance the contribution of climate factors. 3) Future changes in NDVI indicated
that the vegetation coverage showed a trend of “overall improvement and regional
degradation” from 2001 to 2020, and showed reverse persistence. The degraded
area of vegetation will be more than the improved area. The research results will
help the three northeast provinces cope with global climate change, enrich the
research on the vegetation in the three northeastern provinces, and provide a
scientific basis for formulating appropriate regional ecological protection policies.
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1 Introduction

Vegetation is the connecting link between atmospheric, soil
and other ecological activities. Vegetation, as an important
section of the terrestrial ecosystem, connects the material
circulation and energy flow between the layers of the earth,
and plays an indispensable role in regulating terrestrial carbon
balance and climate system. Vegetation absorbs carbon dioxide
and releases oxygen through photosynthesis to realize the value
of carbon fixation and oxygen release (Zhang et al, 2017). In
addition, the growth state of vegetation reflects the positive and
negative feedback of human beings to natural vegetation ,(Liu
et al, 2015) as well as whether environmental protection policies
(Ma et al, 2021) and ecological construction (Jiang et al, 2015)
have achieved initial results. Therefore, dynamic monitoring of
the vegetation is used to study and analyze the relationship
between vegetation change and climate change and human
activities (Jiang et al, 2017). With the rapid development of
remote sensing technology, many countries, organizations and
institutions have formulated plans for global satellite data
receiving, processing and generating remote sensing datasets
(Kaku, 2019). Making it possible to obtain long-time series
and multi-scale standard data integration, which provides
convenience for vegetation dynamic monitoring. NDVI
(normalized vegetation index) is the ratio between difference
between near infrared band and visible band and the sum of the
values (Roy et al, 2016). It is an important evaluation index
reflecting vegetation growth status and vegetation coverage
(Wang et al, 2020), which is widely used in vegetation
dynamic monitoring because it can well reveal the evolution
of regional ecological environment. The three northeast
provinces in China are geographically in the humid and semi
humid areas of China, with the largest natural forest areas in
China - Northeast
Mountains and Changbai Mountains (Dong et al, 2015). It is

Daxing’an Mountains, Xiaoxing’an
the most important ecological barrier in northeast China.
Consequently, studying its vegetation change trend and
driving factors has important practical significance for
regional ecological protection, confronting with global climate
change and realizing the goal of carbon neutralization.
Currently, the relevant research on NDVI is mainly carried
out at the global scale (Fensholt and Proud, 2012; Eastman
et al,2013), the regional scale (Chuai et al,2013; Zhang
et al,2013), and the time scale includes the annual scale (Mo
etal, 2015), the seasonal scale (Baniya et al, 2018) and the growth
season scale (Wang et al, 2014), the research content mainly
focuses on the spatial-temporal distribution characteristics and
change trends of NDVL. (Pan et al, 2019; Meng et al, 2020), the
driving factors affecting vegetation (Yang et al, 2019) and the
future prediction of vegetation (Wang et al., 2020; Zhou et al,
2020). For Northeast China, many scholars have explored the
temporal and spatial distribution pattern of NDVI in growing
season (Guo et al, 2017; Chu et al, 2019) and interannual scale
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(Wang et al, 2009; Dehua et al, 2012). The research shows that
NDVI shows an increasing trend both on an interannual scale
and a seasonal scale. In terms of driving factors, most scholars
conduct correlation analysis from the perspective of climate
factors such as temperature and precipitation (Guo et al,
2007; Li et al,, 2021) and the relationship between NDVI and
spei (Li et al, 2020), PDSI (Zheng et al, 2015). The research shows
that NDVI is positively correlated with temperature and
precipitation and negatively correlated with drought, however,
there is less comprehensive consideration of climate and human
activities; In terms of future prediction of NDVI, there is a
comparative lack of relevant research in Northeast China.
Climate factors directly influence the trend of vegetation
change, and human social and economic activities will also
directly affect the temporal and spatial evolution of vegetation
in the region. In view of this, it is necessary to conduct an overall
study on the dynamic change monitoring, driving factor analysis
and future change trend of vegetation NDVI in the three
northeast provinces, so as to deepen the overall understanding
of the coupling system of “vegetation-climate - human
activities”. In terms of climate change, Pei et al. (2019) and
Wang et al., 2020 respectively analyzed the impact of climate
change on the wetlands in the Songnen Plain of Inner Mongolia
and Northeast China. These studies showed that there was a
certain correlation between temperature and precipitation and
NDVI of vegetation. However, they only analyzed the impact of
climate on NDVI. When analyzing the response of NDVI of
vegetation to climate, they only considered such indicators as
temperature and precipitation, and the selection of climatic
factors affecting vegetation was not comprehensive. Therefore,
I considered temperature, precipitation, accumulated
temperature Dryness, humidity index and other indicators,
which makes the relationship between climate and NDVI
more comprehensive. In terms of research methods, many
scholars choose correlation analysis (Qu et al, 2018; Liu et al,
2019; Gao et al, 2021), but this method is weak in the connection
and interpretation of polygenes. In contrast, geographic detectors
are more suitable for detecting the impact of multiple factors on
vegetation NDVT (Huo and Sun, 2021; Wang et al, 2021; Zhang
et al, 2022).

In terms of regional human activities, the advantages and
disadvantages of human activities in the three northeastern
provinces to the natural environment also need to be
comprehensively considered (Cheng et al, 2021). Due to
industrial and agricultural construction, the unreasonable
development and utilization of resources has led to the
depletion of forest resources, the reduction of grassland
resources and the saturation of cultivated land development
(Wang and Cheng, 2022), which to some extent has an
adverse impact on the vegetation coverage. However, the
ecological environment management in the three northeast
provinces has achieved initial results in human activities. With
the national attention to the ecological environment, the three
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northeast provinces have introduced the green transformation of
traditional industries (Du et al, 2019), and the transformation of
their development path has provided a positive driving force for
the vegetation construction and ecological environment in the
three northeast provinces.

In addition, many scholars choose the dual perspectives
of climate change and human activities in studying the
response of vegetation. For example, Zheng et al. (2019)
the
affecting the Loess Plateau, and concluded that the slope

analyzed climatic factors and human activities
repaired by the “conversion of farmland to forest project” is
the main influencing factor of human activities; Li et al., 2021
explored the relationship between vegetation, climate change
and human activities at the Chinese scale, and further
concluded that the

vegetation can be divided into destruction and restoration;

impact of human activities on
Xue et al. (2022) analyzed the contribution of climate change
and human activities to the vegetation in Northeast China. In
addition, the main driving force of vegetation improvement
in this region is human activities.

Therefore, it is necessary to further study the driving
mechanism of climate change and human activities on
vegetation change. In the study, we can neither focus on the
negative impact of human activities and ignore the favorable
climate conditions, nor exaggerate the positive impact of human
the

industrialization. Unreasonable research and consideration of

activities and ignore ecological risk caused by
these two aspects may lead to wrong implementation of
environmental protection policies and ecological construction
in the study area, as well as misunderstanding of climate change
and human activities on vegetation change. Referring to previous
studies, combined with the current situation, we should focus on
the relationship between NDVI and climate factors and human
activities, and pay special attention to the future prediction of
NDVI in the three northeast provinces. This will be of great
significance to the ecological protection and sustainable
development of the ecological environment in the three
northeast provinces, coping with global change and
implementing the goal of carbon neutralization.

To sum up, this study has some characteristics compared
with the papers on NDVT at this stage. First, the study area is
selected from the three northeastern provinces, and the
complex and diverse vegetation types formed by its unique
hydrothermal conditions provide good vegetation conditions
for the study of NDVT; Secondly, the research angle is climate
change and human activities, which perfectly combine the
current hot issue—climate change and human’s master
position in nature; In addition, compared with correlation
analysis, selecting NDVI factors driven by geo detector
research is more comprehensive and intuitive. Finally,
compared with the same type of NDVI papers, the research
aspects of this study are more comprehensive, including the
distribution, and future

development, driving factors
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prediction of NDVI, which enriches the related research on
NDVI of vegetation in the three northeastern provinces.

2 Materials and methods

2.1 Study area

The three northeast provinces are situated in the high
latitudes of China and at the edge of the temperate monsoon
climate zone. Which are located at 48° N ~ 55" N and 118°E ~
135° E (Figure 1). There are certain differences among the
three provinces due to different natural conditions. Liaoning
Province has the same rainy and hot season, rich sunshine,
high accumulated temperature, long winter and warm
summer, short spring and autumn, and four distinct
seasons. The rainfall is uneven, wet in the East and dry in
the West Jilin Province transits from humid climate to semi
humid climate and then to semi-arid climate from southeast to
northwest. The annual average precipitation is 400-600 mm.
The climate of Heilongjiang Province is characterized by low
temperature and drought in spring, warm and rainy in
summer, easy waterlogging and early frost in autumn, cold
and long winter, short frost free period, and large regional
differences in climate. The three northeast provinces are vast
and sparsely populated, with a high level of industrialization,
mainly dry farming. Vegetation types are complex and
diverse, including cold temperate deciduous coniferous
forest, temperate coniferous and broad-leaved mixed forest,
temperate forest grassland, meadow grassland and dry
grassland (Qian et al, 2003). Because of the unique
the
provinces have become one of the sensitive areas for global

vegetation distribution pattern, three northeast

change research (Huang et al, 2019).

2.2 Data sources

MOD13A2 NDVI16d dataset is a MODIS vegetation index
product provided by LPDAAC of the United States. MODIS-
NDVI data improve the spatial resolution and chlorophyll
sensitivity, and eliminate the interference of atmosphere and
water vapor. The time span of NDVI data used in this study is
2001-2020, and the spatial and temporal resolution are 1 km
and 16 d. The meteorological data are from the Resource and
Environment Science and Data Center (http://www.resdc.cn).
The meteorological data comes from China’s Meteorological
background data set. The data of population, Gross Domestic
Product (GDP) and sowing area of main crops are sorted into
excel table by querying the statistical yearbook of the three
northeast provinces.

Table 1, and then associated with the vector map of the
three northeast provinces by ArcGIS; The data of land use
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FIGURE 1

Map of the study area (A): Location map of the study area; (B) annual average temperature map of the study area; (C) annual precipitation map of
the study area; (D) vegetation type map of the study area; (E) land use type map of the study area).

TABLE 1 Data sources.

Aspect Factor index

I Urban and rural residential land

I Unused lnd

0 200 400
—km

40N

NO°E. 120°E. 130°E.

Resolution ratio Source

Climate change Average annual temperature 500 m x 500 m
Annual precipitation
>0°C accumulated temperature
>10°C accumulated temperaturen
Aridity
Moisture index
Human activity factor ~ Population -
GDP

Sowing area of main crops

1km x 1 km
1km x 1 km

Land use type

Vegetation NDVI

China Meteorological background data set (http://www.resdc.cn)

2001-2010 statistical yearbook of the three northeast provinces

(https://tjj.In.gov.cn/)

(http://tjj.jl.gov.cn/)

(http://tjj.hlj.gov.cn)

Remote sensing monitoring data of land use in China in 2020 (http://www.resdc.cn)

MOD13A2 NDVIl6d dataset (https://Ipdaac.usgs.gov/)

types are derived from the remote sensing monitoring data of
land use status in the three northeast provinces (Ning et al,
2018), and then generated by mosaic.

The preprocessing of NDVI data includes format conversion,
coordinate conversion, data clipping, maximum synthesis and so on
(Dai et al., 2021).Among them, the maximum value synthesis is used
to process the monthly maximum value data to obtain the annual
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maximum value data of NDVI (Yang et al., 2019). Other data are
data clipping
transformation of the administrative boundary of the three

processed  through  vector and  projection
northeast provinces in 2020. The statistical unit of the sowing
area of main crops is set as the county-level administrative
division, which is converted into a unified unit (hectare). Spatially
associating statistical data with corresponding administrative unit
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TABLE 2 NDVI grade of vegetation in the three northeast provinces.

Vegetation coverage grade Value
Low vegetation coverage <0.2
Medium and low vegetation coverage 0.2-0.4
Medium vegetation coverage 0.4-0.6
Medium and high vegetation coverage 0.6-0.8
High vegetation coverage >0.8

using ArcGIS 10.2, at the same time, feature to raster were carried out
to obtain the grid map of sowing area of main crops.

2.3 Methods

2.3.1 NDVI classification

To intuitively characterize dynamic changes of vegetation, the
NDVI of vegetation in the three northeast provinces from 2001 to
2020 was reclassified into five vegetation coverage grades by equal
interval algorithm (Peng et al, 2019) (Table 2).

2.3.2 Center of gravity transfer model

The shift of center of gravity represents the spatial evolution
process of object elements, and can reflect the development and
change trend of a certain phenomenon or activity in the region. In
addition, the overall change trend and spatial distribution of NDVI
can be described by the center of gravity transfer process of different
levels of vegetation coverage (Cong et al, 2019). The Formula 1 for
calculating the center of gravity transfer of vegetation cover in year t is
as follows:

Z?:l (Cie x Xi) Z:‘:l (Cit X Yy)
Z?:lcit Z?:lcit

Where, the longitude coordinate of the distribution center of

X = Y, = (1)

different levels of vegetation coverage is expressed as X, and the

10.3389/fenvs.2022.974988

latitude coordinate is expressed as Yy Cj, represents the area of
the ith vegetation cover patch in year t; X;; and Y;, respectively
represent the longitude and latitude coordinates of the center of
gravity of the ith vegetation covered patch in the t year.

2.3.3 Index information extraction

In this study, comprehensively considering the principles
of typicality,
quantifiability and availability, six climatic factors and

systematicness, dynamics, scientificity,
four human activity factors were selected to explore their
effects on vegetation NDVT in the three northeast provinces
(Table 3). In order to judge whether there is a strong linear
relationship between independent variables, it is necessary to
select the appropriate independent variable factors and carry
out collinearity diagnosis on the independent variable
factors. After collinearity diagnosis by SPSS software, the
Vif value is 1-7.9, of which the Vif values of > 10°C
and > 0°C
temperature are greater than 10. Because the accumulated

accumulated temperature accumulated
temperature is the main factor affecting the vegetation
growth stage, it is necessary to retain the accumulated
temperature when studying climate change.

The annual average temperature, annual precipitation, >
0°C 10°C
temperature, aridity, moisture index, population, GDP,

accumulated temperature, > accumulated
land use type and sowing area of main crops are divided
into six categories by the natural breakpoint method (Table 3
and Figure 2). Using the fishing net tools of ArcGIS 10.2,
create 10km x 10km grids within the three northeast
provinces, generate 16361 sampling points, extract the
attribute values corresponding to X and Y in space to
generate the attribute table, and then replace the attribute

table into the geo detector software for processing.

2.3.4 GeoDetector model
GeoDetector is a new spatial statistical method based on
factors, ecology, interaction and risk to detect spatial

TABLE 3 Selection of vegetation NDVI influencing factors in the three northeast provinces.

Type Factor
X1
X2
X3
X4
X5
X6
X7
X8

Climatic factors

Human activity factor

X9
X10

Frontiers in Environmental Science
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Index Unit
Average annual temperature °C
Annual precipitation mm

>0°C accumulated temperature °C

>10°C accumulated temperature °C

Aridity

Moisture index

Population 10* people
GDP 10%uan km™
Land use type -

Sowing area of main crops hm?*
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FIGURE 2
NDVI drivers and spatial distribution in the three northeast provinces. (A): Annual average temperature map; (B) Annual precipitation map; (C) >
0°C accumulated temperature map; (D) > 10°C accumulated temperature map; (E) Moisture index map; (F) Aridity map; (G) Population map; (H) GDP
map; (I) Land use type map; (J) Sowing area of main crops map).
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differentiation and reveal driving factors (Ouyang et al,
2021).

1) The factor detector focuses on exploring the spatial
differentiation of dependent variable y, that is, the
interpretation of independent variable X to dependent
variable Y. Measured by Q value, formula (2) and (3)
are (Chen et al, 2020):

YNaap L Ssw

— 2
No? ST @)

q=1

L
SSW =) Ny}, SST = No?
h=1

3

Where, the value of Q measures the interpretation of factor X to Y,
and the value range of Q is (0, 1). The greater the value of Q, the
stronger the interpretation of each factor, that is, the greater the
impact on the spatial differentiation of NDVTI. L is the category or
division of X or Y; Nh and N represent the number of units in layer
h and the entire area; 0}21 and o2 are the variances of layer h and the
entire area, respectively, and SSW represents sum of intralayer
variances; SST represents regional total variance.

2) Ecological detector used to measure whether the influence
of factor X on the spatial distribution of Y is significant, as
shown in formula (4):

_NXl X (Nxz—l)XSSWXl
_Nxzx (Nx1 —1) x S8SWx,

)

Where, Nx; and Ny, represent the sample sizes of the two
factors respectively;SSWx; and SSWx, respectively represent
the sum of the intralayer variance of the stratification formed by
two factors (Zhu et al, 2020).

3) Interaction detector used to identify the interaction

between factors, that is,
of Y is
independent when the two factors interact together.

to evaluate whether the

interpretation enhanced, weakened or
The calculation result is obtained by comparing the Q

value of each single factor with the Q value of interaction.
4) Risk detector was used to detect the appropriate range or

type of impact of different factors on vegetation cover, and
use the t-statistic as shown in Formula 5:
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Vie = Vi
t= I 6]
Var(Yyoy) | Var(Yp) | 2
np=1 np=2

Where, Y}, is mean value of NDVTI attribute in sub-region h, ny, is
the number of samples in sub-region h; Var denotes Variance
(Wang et al., 2021).

2.3.5 Theil-Sen median trend analysis and Mann-
Kendall nonparametric test

The Theil-Sen median ananlysis, also known as Sen slope
estimation, is a nonparametric statistical method. It is rarely
affected by outliers and is suitable for analyzing the trend of long-
time series data (Yuan et al, 2020). The calculation Formula 6 is:

X - X
ﬁzmean( I >,Vj>i
j—i

(6)

Where, X j and X are time series data, when f3 > 0, the time series
shows an upward trend, and when f <0, the time series shows a
downward trend.

Mann-Kendall is rated as a nonparametric statistical test
method because its samples do not need to follow the normal
distribution and are rarely disturbed by outliers. The statistical
test method is shown in Formulas 7-11. For time series, X;,i=1,
2,.. d,...j,. . »,n. Define standardized test statistic Z:

S
Wars) 7"
Z=40(8S=0) 7)
S+1
v Var (S) (§<0)
n-1 n
S=Y Y sign(x;-x;) ®)
i=1 j=i+1
1(6>0)
sign(6) = 4 0(0=0) 9)
-1(0<0)
E(S)=0 (10)
Var(S):n(n—ll)éZn+5) a1

Where x j and x; are time series; n is the number of data; sign is
the sign function; The range of Z is (- co, + 00). Under a given
significance level, when|Z|>Z,_,;, , it means that there is a
significant change in the research sequence at level «, generally
a = 0.05. This study judges the significance of the change trend of
NDVT time series at a confidence level of « = 0.05.

2.3.6 Coefficient of variation

The coefficient of variation can measure the variation degree of
observation sequence values, reflect the variation difference of spatial
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data in time series, and evaluate the stability of data. The calculation
Formula 12 is (He et al, 2021):

1
(n—1)4

C‘/NDVI = (12)

K| =

n
(x; — x)°
=1

WhereCVypyr is the variation coefficient of NDVI, i is time
series,x; is NDVI in year i; andx is the average value of NDVI
from 2001 to 2020.

2.3.7 Hurst index

Hurst can predict the future development trend of a time or
space-time series. Wherein the main principle is to construct a time
series {& (1)}, t=1,2,..., for any positive integer 7 = 1, define the mean
series (Zhang et al, 2021), the Formula 13 is:

1 T
E'r:_ f(t) T:1)2)~-‘ (13)
2
The cumulative dispersion Formula 14 is:
t
X(h1) =) (Ew)-E)<t<t (14)
u=1
The range is Formula 15:
R(7) = max X(t, 1) — lrgi? tnTr=12,... (15)
Standard deviation is Formula 16
1 B
S(T) = I:;Z(g(t)_f‘r)z] T=12,... (16)
t=1
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FIGURE 3

NDVI change trend of annual average vegetation in the three

northeast provinces from 2001 to 2020.
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FIGURE 4
Spatial distribution of NDVI in the three northeast provinces
from 2001 to 2020.
If R/SoctH exists, it indicates that there is Hurst

phenomenon in time series {£(¢)}, t = 1,2,..., and H value
represents Hurst index, which can be fitted by least square
method in  double logarithmic  coordinate  system
(In(7),InR/S) (Han et al, 2018). The Hurst index is bounded
by H value = 0.5, and H > 0.5 indicates that the future trend is
positive and sustainable; H < 0.5 indicates that the future trend is
reverse and sustainable.

3 Results

3.1 Temporal and spatial distribution
characteristics of NDVI

3.1.1 NDVI temporal distribution characteristics

Analyzing the interannual variation trend of average
NDVI in the three northeast provinces from 2001 to
2020 by using linear regression (Figure 3). The results
showed that the annual average value of NDVI remained
between 0.79 and 0.84 during the whole study period, with
the maximum NDVI of 0.837 recorded in 2017, and the
minimum of 0.796 recorded in 2001. Overall, the annual
average NDVI of vegetation in the three northeast
provinces showed an increasing trend of fluctuation from
2001 to 2020, with a trend rate of 0.16 x 10-°/year,
vegetation growth generally shows a good development
trend.
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FIGURE 5
Center of gravity migration of different vegetation coverage in the three northeast provinces from 2001 to 2020.

3.1.2 NDVI spatial distribution characteristics
Calculating the average value of 20 years, and classifying into
five levels using the equal spacing method in ArcGIS 10.2,
(Figure 4). It can be seen from the Figure 4 that the spatial
heterogeneity of vegetation coverage in the three northeast
provinces from 2001 to 2020 is strong, mainly manifested in
the distribution pattern of high vegetation coverage in the east,
low in the west, high in the north and low in the south. From the
spatial distribution of NDVI levels, the area of high vegetation
coverage accounts for the largest, reaching 74.98%; followed by
medium and high vegetation coverage, with an area ratio of
20.09%; medium vegetation coverage area, medium and low
vegetation coverage area and low vegetation coverage area the
proportion of regional area is small, which is 3.37, 0.9 and 0.66%
respectively, where is mainly distributed in the south of Daqing,
Baicheng, Songyuan, Jixi and the coast of Liaodong Bay. There
are medium and high vegetation coverage areas and high
vegetation coverage areas in the rest of the three northeast
provinces, which shows that the vegetation growth in the
three northeast provinces is good to a certain extent.
According to the classification of vegetation coverage in
Table 1, introducing the center of gravity transfer model. The
results (Figure 5) showed that the center of gravity points of
different vegetation coverage levels have obviously moved, which
better presents the spatial change orientation of vegetation NDVI
in the three northeast provinces in the past 20 years. The center
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of gravity of low vegetation coverage area (0 < NDVI <0.2) is
concentrated in Siping City of Jilin Province and shifted
southward to Tieling City of Liaoning Province; The center of
gravity of the middle and low vegetation coverage area migrated
southeast from Songyuan to Siping City (0.2 < NDVI <0.4). The
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FIGURE 6
Influence factor Q value of NDVI in the three northeast
provinces.
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FIGURE 7

Statistical significance of detection factors (confidence level
95%). Note: Y indicates that there is significant difference (95%
confidence) between the two factors on NDVI; N indicates no
significant difference.

center of gravity of the vegetation coverage area is mainly
concentrated at the junction of Baicheng city and Songyuan
City, moving from southeast to Southeast, and moving to Siping
City by 2020 (0.4 < NDVI <0.6). The main moving direction of
the center of gravity in the medium and high vegetation coverage
area is southwest-southwest, starting from Songyuan City to
Siping City (0.6 < NDVI <0.8). The center of gravity of the
high vegetation coverage area is mainly concentrated in Harbin,
and the moving direction of the center of gravity is southwest-
northeast (0.8 < NDVI <1).

3.2 Geographical detection model for
NDVI drivers

3.2.1 Influence analysis of detection factors

The results of the factor detector reflect the influence of the
magnitude of each. Driver on the NDVT in the three northeast
provinces, as expressed by the q value of each driver. As shown in
Figure 6, climate factors and human activity factors have an
impact on NDVT in the three northeast provinces. The influence
order of each factor is >10°C accumulated temperature, > 0°C
accumulated temperature, average annual temperature, land use
type, aridity, moisture index, population, sowing area of main
crops, annual precipitation > GDP.
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Interpretation of detection factor interaction.

3.2.2 Significance difference analysis of
detection factors

Whether the impact of each driving factor on NDVT in the
three northeast provinces is significant is reflected by ecological
detection. The results with significant statistical difference
between each two factors show that if there is significant
difference between row factor and column factor, it is marked
as “Y”, otherwise it is marked as “N”. It can be seen from Figure 7
that there is a significant difference between the annual average
temperature and >0°C accumulated temperature and >10°C
accumulated temperature, and there is no significant
difference with other factors. There were significant
between
accumulated temperature >10°C accumulated temperature,
aridity and moisture index, but there was no significant
difference with other factors. There was significant difference
between land use types and annual precipitation, aridity,

differences annual  precipitation and >0°C

moisture index, population and GDP, but there was no
significant difference with other factors. There was no
significant difference between the sowing area of main crops
and other factors.

3.2.3 Interaction analysis of detection factors
The interaction detection is used to evaluate the impact of the
interaction of different influencing factors on NDVT in the three
northeast provinces, and to judge whether the interaction of the
two factors will increase or weaken the interpretation of NDVI in
the three northeast provinces. It can be seen from the Figure 8
that there is interaction between various factors on NDVTI in the
three northeast provinces. The interaction between factors
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Suitable range of each factor index in the three northeast provinces (A-J).

presents the relationship of bi-variable enhancement and
nonlinear enhancement, and there is no relationship of
the
interpretation of all factors after interaction is stronger than
that of a single factor. X1 N X2, x1 N X8,X2 N X3,X2NX7,X2N
X8,X2Nx9,X2NnX10,X5NX8,X5nX8,X7NX8,X7Nx9,X7N
X10, X8 N x9, X8 N X10, x9 N X10 showed nonlinear
enhancement, and other combinations showed bi-variable
When  >0°C
and >10°C accumulated temperature with the strongest

mutual independence and weakening. Moreover,

enhancement. accumulated ~ temperature

interpretation of single factor were combined with other
factors, the interpretation of each factor was improved.
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Among them, the interpretation of the interaction between
0°C
accumulated temperature and >10°C accumulated temperature
reached more than 40%, and the interpretation of >10°C

land use type and annual average temperature, >

accumulated temperature N land use type [Q (x4 N x9) =
0.447] on NDVI was the strongest. It can be seen that the
interpretation of four human activity factors including
population, GDP, land use type and sowing area of main
crops increases significantly after combined with six climate
factors. In the combination of climate factors and human
activity factors, > 10°C accumulated temperature N land use

type has the strongest interpretation for NDVI in the three
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FIGURE 10

NDVI change trend of vegetation in the three northeast provinces (A-C).

northeast provinces. Within the climatic factors, the combination
of >0°C accumulated temperature and annual precipitation has
the strongest interpretation, reaching 0.335. Within the human
activities factors, the land use type N sowing area of main crops
[Q (x9 N X10) = 0.35] has the strongest interpretation for NDVI
in the three northeast provinces, and the interpretation of GDP
with the weakest interpretation of single factor increases
significantly after combined with other factors.

3.2.4 Analysis of suitable range of detection
factors

Based on the geographic detector method, the suitable types
or ranges of climatic factors and human activity factors on
vegetation growth were analyzed (Figure 9), and the results of
each factor passed the statistical test at 95% confidence. Risk
detection can study the appropriate range for various factors to
promote vegetation growth. The greater the NDVI value of
vegetation, the more suitable the characteristics of this factor
for vegetation growth. As shown in the Figure 9, the NDVT value
is the highest when the annual average temperature is—0.9-1.5°C
and the lowest when the annual average temperature is
6.4-11.1°C; The mean value of the NDVI reached a maximum
when the annual precipitation was 967-1,504.9 mm. It can be
seen that good hydrothermal combination is a necessary
condition for vegetation NDVI growth. Compared with the
high accumulated temperature, the vegetation grows better
when the accumulated temperature is low. The possible
explanation is that the increase of temperature will reduce the
soil water content, which has an adverse impact on the growth of
vegetation. When the aridity is the lowest and the moisture index
is high, it is conducive to vegetation growth; Among the land use
types, the NDVI value of woodland is the highest, which is
mainly distributed in the north end of Daxing’an Mountains,
Xiaoxing’an Mountains and Changbai Mountain. These areas
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have a wide forest area and high vegetation coverage; In addition,
when the population is small (417000-77000 people) and the
GDP level is the lowest (138.6-33.64 billion yuan km™), the
NDVI value is higher. This is because there is little human
intervention and the surface vegetation maintains the original
natural state.

3.3 NDVI change trend and future trend

3.3.1 Analysis of NDVI change trend

Combined with Theil-Sen median trend analysis and Mann-
Kendall test, this study monitors the change trend of NDVT in the
three northeast provinces. We reclassify the Sen trend into three
regions, they are stable region (-0.0005 < Sypy; < 0.0005),
improved region (Sxpyr = 0.0005) and degraded region
(Sxpvi < 0.0005). The significance of Mann-Kendall test
results at the 0.05 confidence level is reclassified as significant
change (z > 1.96 or Z <-1.96) and insignificant change (-1.96 <
Z < 1.96) (Figure 9). Finally, the final trend division diagram is
obtained through the superposition calculation of the ArcGIS
grid calculator (Figure 10). On the whole, NDVI in the three
northeast provinces shows a good trend, and the vegetation
improvement area is much larger than the vegetation
degradation area. The area of obvious NDVI improvement is
the largest, accounting for 42.9% of the total area, followed by
slight improvement area, accounting for 35.7% of the total area,
and the stable area, slight degradation area and serious
degradation area are small, accounting for 11.7%, 8%, 1.7% of
the total area respectively.

The vegetation improvement area occupies most of the three
northeast provinces, of which the areas with obvious vegetation
improvement are mainly distributed in the north and west of
Heilongjiang Province, the west of Suihua City, Yanbian Korean
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TABLE 4 Variation coefficient grade of NDVI in the three northeast
provinces.

Variation grade CVnpvi Percentage (%)
Very low fluctuation area CVypyr < 0.026 35.31

Lower fluctuation area 0.026 < CVypyr < 0.0278 2.54

Moderate fluctuation area 0.0278 < CVypyy < 0.0483  26.48

High fluctuation area 0.0483 < CVypyr < 0.3393 3474

Very high fluctuation area  0.3393 < CVypy < 44721 0.93

Autonomous Prefecture and Baishan City in the West and east of
Jilin Province. Southeast of Liaoning Province. Areas with slight
vegetation improvement are distributed all over the three
northeast provinces, with the significantly improved areas as
the boundary and distributed inward. The stable areas mostly
occur in the junction of Heihe City, Qiqihar city and Suihua City
in Heilongjiang Province and in Jilin Province and the central
part of Liaoning Province. The degraded area accounts for a small
proportion of the overall area, of which the slightly degraded
areas are scattered in the three northeast provinces, and are
partially concentrated in Shenyang City, Jinzhou City, Panjin
City, Liaoyang City and the west of Anshan City in Liaoning
Province. The severely degraded areas are mainly located in the
west of Harbin, the northwest of Changchun, the south of
Shenyang and the coastal area of Dalian.
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FIGURE 11
NDVI variation coefficient of vegetation in the three northeast
provinces.
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3.3.2 NDVI stability analysis

The interannual variation of NDVTI in the three northeast
provinces from 2001 to 2020 is generally stable, with CV value of
0.01-4.47 and average value of 0.057. The interannual NDVT of
the three northeast provinces was reclassified into five grades by
using the geometric interval segmentation method (Table 4). It
can be seen from Figure 11 that there are obvious spatial
differences in NDVI of vegetation in the three northeast
provinces. The fluctuation pattern is low in the middle east
and high in the west. The extremely low fluctuation area and
the low fluctuation area mostly coincide, which are roughly
distributed in most areas of Heilongjiang Province, Southeast
Jilin Province and northeast Liaoning Province. The moderate
fluctuation area is roughly distributed on both sides of the low
fluctuation area. The high volatility areas are located in the
Midwest the
northwest of Jilin Province, the northwest of Liaoning

and northeast of Heilongjiang Province,
Province, Panjin City, Dalian City, Daqing City, Harbin City,
the northwest of Jilin Province and the coast of Liaodong Bay,
and sporadically distributed with areas with high volatility.

3.3.3 Future trend analysis

This study uses MATLAB to calculate the Hurst index of the
three northeast provinces. The Hurst index of NDVT in the three
northeast provinces is low, with maximum, minimum, and mean
values of 0.88, 0.1 and 0.44, respectively. The proportion of areas
with a Hurst index less than 0.5 was 76.21%, while that of areas
greater than 0.5 was 23.79%, indicating that the reversal of the
vegetation trend in the future is likely in most areas of the three
northeast provinces. This shows that the change trend of NDVI
in most areas of the three northeast provinces in the future is
opposite to that in the past 20 years, and the degraded area is
greater than the improved area. In order to further study the
future trend of NDVT in the three northeast provinces, the NDVI
trends were coupled with the Hurst index classification results to
obtain the spatial distribution of future changes of vegetation
cover in the three northeast provinces (Figure 12), and the future
change trends were classified into the following six levels:
continuous improvement accounting for 19.73% of the total
area and are distributed evenly in the three northeast
provinces. The area from increase to decrease accounting for
64.91% of the total area, are concentrated in other areas except
Jinzhou City, Shenyang City, Fuxin City and Liaoyang City. The
area of continuous degradation accounts for 3.73% of the total
area, scattered in the three northeast provinces, it is concentrated
in Jinzhou City, Shenyang City, Fuxin City, Liaoyang City and
Dalian coastal area. Meanwhile, the area from decreasing to
increasing accounts for 10.24% of the total area, which is
mainly distributed in the west of Heihe City, the border area
between Harbin and Changchun, the middle of Mudanjiang,
Shenyang, Liaoyang, Anshan, Panjin and the coastal area of
Dalian. The random change area accounts for 0.05% of the

frontiersin.org


https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.974988

Wu et al. 10.3389/fenvs.2022.974988
129" E 130|° E 120° 130°E
1 1
A N N
g Y :
z - z Z
o4 5 LS
7 e 2 A
-
[ Continuous improvement
z z [ From increase to decrease |~
&7 re [ Continuous degradation | ¥
[ From decrease to increase
0 200 AOﬁm I Random variation
[ Not significant
T T
120°E 130°E
FIGURE 12

NDVI Hurst index and future trend of the three northeast provinces (A,B).

total area, which is scattered in the three northeast provinces;
Furthermore, there are few areas with no significant change,
accounting for 1.34% of the total area.

4 Discussion

4.1 Discussion on the spatiotemporal
dynamics of NDVI in the three northeast
provinces

The NDVI values in the three northeast provinces showed a
fluctuating increase trend from 2001 to 2020, with strong spatial
heterogeneity. Meanwhile, most areas of the three northeast
provinces are affected by the southeast monsoon and the
precipitation on the windward slope of Daxing’an Mountains
and Changbai Mountains, which are conducive to the growth of
vegetation. This is in good agreement with the research results of
Lin et al. (2020) and Yuan et al. (2015). Additionally, the overall
good situation of vegetation is enough to prove that the fourth
and fifth phases of the three North Shelterbelt plans proposed by
China have achieved good results (Figure 3). However, the
increased frequency and intensity of global extreme climate
events, can lead to significant downward trend in vegetation
cover , especially for the vegetation NDVT in the high latitudes of
the northern hemisphere (Wang et al, 2016). It can be seen that
NDVT decreased significantly in 2009, which is related to the
severe snow disaster in 2008, and the response of vegetation
growth to climate change has a lag effect (Na et al, 2018).
Therefore, NDVI of vegetation showed a downward trend in
2009. The breakpoint appeared again in 2013, which is related to
the flood of northeast China in 2013. The flood caused serious
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damage to vegetation and significantly reduced vegetation
coverage. The obvious decline in 2019 is considered to be due
to the impact of El Nino, alternating drought and flood disasters
in 2019, and the growth capacity of vegetation is reduced due to
the impact of extreme climate events (Xu et al, 2019).

4.2 Discussion on the results of
geographical detectors in the three
northeast provinces

The results of factor detection show that climate factors and
human activity factors jointly affect vegetation differentiation.
the has
interpretation than precipitation, which is closely related to

Among climate factors, temperature stronger
the high latitude of the three northeast provinces and their
climate characteristics. This research conclusion is consistent
with the research results of Mao et al. (2012) and Mao et al., 2012.
The interpretation of human activities is lower than that of
climate factors, but the interpretation of land use types is
higher, which indicates that the impact of human activities on
NDVT is mainly reflected in the change of land use mode, which
is consistent with the results of Nie et al. (2021). This may be
attributed to the economic development, the improvement of
human consciousness, the enhancement of human ability to
transform the natural environment, and the land use
distribution pattern changes with human activities. Interactive
detection shows that the interpretation after interaction is more
significant than that of single factor, which further proves that the
NDVI change of vegetation in the three northeast provinces is
mainly affected by climate factors and human activity factors

(Ma et al, 2019; Zheng et al., 2019; Sun et al, 2020). The risk
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detection indicates that the vegetation grows well under good
hydrothermal conditions and small human intervention,
consistent with findings of Li et al. (2018).

4.3 Discussion on NDVI of future
vegetation in three northeast provinces

Vegetation trends in the future present reverse persistence in
the three northeast provinces. This indicates that the degraded
area is greater than the improved area, which is consistent with
the relevant research results of Yuan et al, 2020, With global
warming and the sudden and frequent occurrence of extreme
climate events, the temperature increases, the precipitation
decreases (Peng et al, 2012), the evaporation increases, and
the groundwater level decreases, which creates adverse
conditions for vegetation growth. At the same time, it will
inevitably have a significant impact on the three northeast
provinces where the temperature dominates the distribution of
vegetation. In addition, human transformation of the natural
environment has gradually transformed cultivated land and
grassland into construction land, and vegetation coverage has
been reduced (Yin et al, 2020).

4.4 Advantages and limitations of the
study

Based on the above, this study has certain advantages and
limitations. MODIS data with large amount of data, many bands,
wide application range and high precision are selected for the
research data, which ensures the quality of the data to a certain
extent; In terms of time scale, the selected NDVI data from
2001 to 2020 are of great practical significance; On the spatial
scale, the three northeast provinces are selected as the research
area, which enriches the research results of the research theme in
the region. Previously, the research on the three northeast
provinces mostly focused on Liaoning Province, Heilongjiang
province or Jilin Province, and there are few studies on the three
northeast provinces as a whole; In addition, from the perspective
of multiple factors, this study uses geographic detectors to
the affecting NDVL
correlation analysis (Nanzad et al, 2019) geographic detectors

explore factors Compared  with
have certain advantages, which can analyze the influence of
multiple factors on NDVI, as well as the influence and
suitability range after factor interaction. The influencing
factors are from two aspects, comprehensively considering
meteorological factors and human activities (Guo et al, 2021),
which are of great practical significance for regional ecological
protection and vegetation restoration. However, the altitude and
geomorphic factors in the natural factors are not considered,
which can be emphasized in the later research, so as to make the
analysis of the influencing factors of NDVI in the three northeast
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provinces more comprehensive. In addition, in view of the
frequent occurrence of extreme climate events and the
the
environment, the development of efficient prediction models
will be the focus of future work (Li et al, 2021).

strengthening of human intervention in natural

5 Conclusion

Considering the three northeast provinces as the study area,
based on Meteorological background data, socio-economic data,
farmland management data and MODIS-NDVI, with the help of
geographic detector model, MATLAB, ArcGIS, and using the
methods of center of gravity transfer, geographic detector,
coefficient of variation, Sen + MK trend and Hurst index, this
study explored the temporal and spatial evolution law, driving
factors and future development trend of NDVI The main
conclusions are as follows:

1) Considering the temporal trends in NDVI, the NDVI values
in 2001-2020 in the three northeast provinces show an overall
increasing trend in the range of 0.79-0.84, with small
fluctuations and a growth rate of 0.16 x 10—7/year.
Spatially, the annual average NDVI has great spatial
heterogeneity, showing a pattern of high in the east, low in
the west, high in the north and low in the south. Among them,
the areas with high vegetation coverage and medium and high
vegetation coverage are large, and the vegetation NDVT in the
three northeast provinces is growing well. The center of
gravity of each vegetation coverage grade has obviously
moved in all directions from 2001 to 2020.

2) The influence of climate factors is greater than that of human
activities, and human activities increase the interpretation of
climate factors. The influence of each factor is ranked as:
>10°C accumulated temperature, > 0°C accumulated

temperature, average annual temperature, land use type,

aridity, moisture index, population, sowing area of main
crops, precipitation, GDP,
dominated the distribution of vegetation NDVI in the
three northeast provinces. Nevertheless, the interactions

annual and temperature

between factors exhibited mostly bi-variable enhancement
and nonlinear enhancement. The interaction of the two
factors enhances the influence of a single factor. The
combination with the strongest interpretation is >10°C
accumulated temperature N land use type, and the
interpretation is 0.447.

From 2001 to 2020, the overall fluctuation of NDVT in the three
northeast provinces is small and has favorable stability, and the

w
~

vegetation improvement area is much larger than the
vegetation degradation area. According to Hurst’s prediction
results, the future change trend of NDVT in the three northeast
provinces has the characteristics of reverse persistence, that is,
the degraded area will be greater than the improved area.
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