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Abstract

As an important part of terrestrial carbon cycle research, net primary productivity is an
important parameter to evaluate the quality of terrestrial ecosystem and plays an important
role in the analysis of global climate change and carbon balance. Anhui Province is in the
Yangtze River Delta region in eastern China. Based on the theoretical basis of CASA
model, this paper uses MODIS NDVI, vegetation type data, meteorological data, and LUCC
to estimate the NPP of Anhui Province during 2001-2020 and analyzes its spatial-temporal
pattern. The results showed that the average NPP in Anhui province was 508.95 gC- (m? -a)
-1, and the spatial heterogeneity of NPP was strong, and the high value areas were mainly
distributed in the Jiangnan Mountains and Dabie Mountains. NPP increased in most areas
of Anhui Province, but decreased significantly in 17.60% of the area, mainly in the central
area affected by urban and rural expansion and the transformation of the Yangtze River.
The dynamic change of NPP in Anhui province is the result of climate change and land use
change. Meteorological data are positively correlated with NPP. Among them, the correla-
tion between temperature and solar radiation is higher, and the correlation between NPP
and precipitation is the lowest among the three. The NPP of all land cover types was more
affected by temperature than precipitation, especially forest land and grassland. The
decrease of cultivated land and the increase of Artificial Surfaces (AS) may have contributed
to the decrease of NPP in Anhui Province. Human activities have weakened the increase in
NPP caused by climate change. In conclusion, this study refined the drivers of spatial het-
erogeneity of NPP changes in Anhui province, which is conducive to rational planning of ter-
restrial ecosystems and carbon balance measures.

Introduction

Net Primary Productivity (NPP) refers to the energy remaining for plant growth, development
and reproduction after the total organic matter synthesized by photosynthesis is subtracted
from organic matter consumed by respiration. It is used to represent the carbon sequestration
number of green plants [1, 2]. NPP is the net photosynthetic production produced under the
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comprehensive action of the surrounding environment and the specific physiological charac-
teristics of plants [3-5]. It is the main factor to determine the carbon source and sink of the
ecosystem and regulate the ecological process and is one of the important contents in the
study of the carbon cycle process of the terrestrial ecosystem [6-11]. The intensification and
spatial expansion of human activities in recent centuries has profoundly altered the world’s
natural and cultural landscape and has had a significant impact on ecosystem processes and
their social functioning [12]. A comprehensive indicator of this global change is the mecha-
nism of change in vegetation productivity.

As a key feature of ecosystem conditions, vegetation productivity reflects the spatial distribu-
tion and change of vegetation cover. The main climate driving factors of vegetation productivity
are temperature, water supply and solar radiation [13]. NPP estimation models mainly include
climate productivity model, ecological process model and light energy utilization model.
Among them, the climate productivity model only considers climate factors and ignores many
other factors affecting the accumulation of plant dry matter and the feedback effect of plants on
the environment, so the error is large [14]. The ecological process model involves the acquisi-
tion of many complex parameters, which is very difficult. In contrast, the data acquisition of
light energy utilization model is relatively difficult and has high accuracy. In addition, it can be
assisted by remote sensing, saving a lot of complicated field test measurement steps. Driven by
the rapid development of remote sensing technology in recent years, it has gradually become
the mainstream of NPP measurement and research methods [14]. Among them, Carnegie
Ames Stanford Approach (CASA) model uses remote sensing data and meteorological data to
estimate NPP, which not only avoids the collection of complex parameters, but also can simu-
late a wide range of NPP more accurately [15]. After calibration by more than 1900 measuring
stations around the world, CASA model has been widely used in the inversion simulation of
carbon sequestration of different surface vegetation types in different regions at home and
abroad. MOD17 is an NPP product of MODIS (Moderate-resolution Imaging Spectroradi-
ometer), but the artificial surfaces and water in this series of data are all null values. This article
needs to use statistics and analysis to examine the NPP changes of various land use types, the
impact of meteorological factors on NPP of different land use types, and the impact of land use
changes on NPP. However, using the CASA model, NPP for all land use types can be simulated.
Therefore, this article uses the CASA model to estimate the NPP of Anhui Province.

In recent years, many scholars have used the CASA model to calculate NPP at the national
scale [16-18], provincial scale [19-22], and municipal scale [23, 24]. Some scholars have also
explored the relationship between NPP and climate change [25-27] or land use change [28-30].
Goroshi et al. [31] used CASA model to estimate the global NPP from 1982 to 2006 monthly,
and the consistency analysis with flux tower NPP showed that Willmott’s index ranges from
0.81 (Evergreen needle leaf forest) to 0.99 (Open Shrublands). Sun et al. [32] used three models
to estimate NPP, and compared with the measured data, found that CASA model was more
suitable for estimating NPP across China. WANG et al. [33] simulated NPP in the Weihe River
Basin of China based on CASA model and discussed its spatial-temporal coverage and dynamic
changes, and the results showed that NPP was related to climate parameters and altitude. Zhang
et al. [34] Combining remote sensing and climate data, NPP in Beijing-Tianjin- Hebei region
was simulated by CASA Model. Mahesh et al. [35] used CASA Biosphere Model in Hyderabad
and Roorkee Region in India; the results also demonstrate the practicability of CASA model in
estimating NPP. Grazieli et al. [36] used CASA model to calculate NPP in agricultural ecosys-
tems in Brazil, the results showed that NPP data obtained using the CASA model and remote
sensing data were in accordance with the observed data. Wu et al. [37] made use of improved
CASA model simulating net primary productivity of Qinghai Lake basin alpine grassland, com-
pared with the measured data, CASA simulates NPP with high accuracy. XU et al. [38]
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estimated the NPP of urban green space by using the optimized CASA model. Chen [17] also
used the CASA model to estimate the monthly NPP of Wuhan from 2017 to 2020 and evaluated
the impact of meteorology on it. Yan et al. [39] took Landsat as the data source of CASA model
and discussed the relationship between NPP, climate change and urbanization in Beijing. The
CASA model has been validated in Europe [15, 40], Korea [41], and India [35].

Early research on the CASA model assumed maximum light energy utilization efficiency
(Emax) 1s an invariant constant, and later research has shown that &,,,4 is related to vegetation
type [42], and it is necessary to estimate the impact of water stress on plants [43]. This article
uses CASA model improved by Zhu et al. [14], which incorporates vegetation type maps. €,y is
simulated using measured NPP data from China, and calculates water stress factors using meteo-
rological data. Previous studies have focused more on the relationship between NPP and temper-
ature precipitation, with limited analysis of the correlation between solar radiation; However,
there is even less analysis of the correlation between NPP of different land use types and three
meteorological factors. The unit area NPP varies among different land use types, so the transfer
between different land use types can lead to changes in NPP. The increase in low-density carbon
land use types and the decrease in high-density carbon land use types will lead to a decrease in
NPP. On the contrary, NPP will increase. Therefore, this paper takes Anhui Province as the
research object, using the improved CASA model and ArcGIS, ENVI and other software for
research and application. Using 250m resolution MODIS NDVI (normalized difference vegeta-
tion index) data, vegetation type data, meteorological data (precipitation data, temperature data,
total solar radiation) and land use data from 2001 to 2020, The analysis of driving factors of spa-
tial heterogeneity of NPP changes in Anhui province was detailed, to judge the spatial-temporal
pattern of NPP and the driving force of NPP influencing factors in Anhui province.

Materials and methods
Study area

Anhui Province is located in East China, the Yangtze River Delta region, the terrain from
north to south by plain, hills, mountains, within the Yangtze River, Huaihe River and Chaohu
Lake, can be divided into three areas north of the Huai River, Jianghuai area and south of the
Yangtze River (See Fig 1, Digital Elevation Model is downloaded for free from Geospatial Data
Cloud, https://www.gscloud.cn/sources/accessdata/310?pid=302). Anhui Province is a transi-
tional region between warm temperate zone and subtropical zone. North of Huaihe River is a
warm temperate semi-humid monsoon climate, south of Huaihe River is a sub-hot humid
monsoon climate. The average annual temperature is 14-17 °C, and the average annual precip-
itation is 773-1670 mm.

Data

There are five main types of data.

1. Vector boundary data. One type is the vector map of the entire region of China, and the
other is the administrative boundary map of Anhui province. These data are all sourced
from national catalogue service for geographic information (https://www.webmap.cn/
commres.do?method=result100W).

2. NDVI time series data (2001-2020). It is a grid file, derived from MODIS data, using the
NASA website MOD13Q1 series products (https://search.earthdata.nasa.gov), with 16 days
as the cycle of NDVI data of 250—meter resolution. It is obtained by batch clipping, trans-
projection, and maximum value synthesis. The NDVI data of 12 months of a year were
combined to form the average annual NDVI distribution map.
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Meteorological data. The climate dataset was derived from 77 climatological stations (Fig 1
(b)) in Anhui province, including three types of data from 2001 to 2020: temperature, pre-
cipitation, and solar radiation, and were provided by Resource and Environmental Science
Data Platform (https://www.resdc.cn/data.aspx?DATAID=349). To ensure the quality of
data, we delete the suspicious and missing records. Since many researches have demon-
strated that the Kriging method is an effective interpolation method, having been widely
used for regionalizing various variables at different scales [44, 45], these climatological data
were interpolated through the Kriging method, to produce raster images. All data were
resampled at a resolution of 250 mx 250 m and repeatedly projected for WGS_1984_Albers.
Time range consistent with NDVL

Vegetation type map is a raster file to determine the spatial distribution of various vegetation
types. Based on 1:1 million Chinese vegetation type map compiled by the Vegetation Map
Editing Committee of the Chinese Academy of Sciences in 2001 [46], all vegetation types
were re-screened, merged, and coded. The main vegetation types in Anhui province are nee-
dle leaved forest, broadleaved forest, bush, grassland, swamp, farmland, and water body.

land-use and land-cover (LULC). The remote sensing data with a resolution of 30mx30m
was provided by national catalogue service for geographic information (https://www.
webmap.cn/mapDataAction.do?method=globalLandCover). We resampled it to a resolu-
tion of 250 meters using the nearest neighbor method based on ArcGIS 10.8 [45]. Land use
types include divided into Cultivated Land, Forest, Grassland, Wetland, Water, Artificial
Surfaces and Bare land.
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Fig 1. Geographical location of the study area.
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Methods

As shown in Fig 2 below, this study is mainly divided into three steps. First, NPP is quantified
based on long-term NDVI, vegetation type map, meteorological data, and CASA model, and
compared with relevant research data and MOD17Q3 products for verification. Finally, the
spatial and temporal distribution of NPP is studied by trend analysis. This step mainly analyzes
the relationship between climate factors and NPP, including temperature, precipitation, and
solar radiation. At the same time, the temporal and spatial changes of land use and their effects
on NPP were further analyzed.

CASA model

This study builds upon Zhu Wenquan’s enhanced CASA model [14, 47], NDVI, ;. NDVIi,
and SR, of 9 vegetation types were configured. (the maximum value of simple ratio index,
Are the ratio of near infrared to infrared), SR i, and E ..« (gC/M]J) (ideally, maximum light
utilization) parameters. The calculation of NDVI,,., and SR, requires the vegetation type
map and the maximum data of NDVI time series in Anhui province.

Run the CASA model in ENVI and import the configured parameters to generate annual
and monthly net primary productivity of vegetation. Then the trend analysis was carried out
in ENVI and the correlation analysis was carried out in ArcGIS.

The methodological equation of the CASA model is outlined as follows:

NPP(x,t) = APAR(x, t) x &(x, ) (1)

The NPP measured by the model can be expressed in two key factors: the Absorbed Photo-
synthetic Active Radiation (APAR) and the actual light energy utilization ratio (€) of the plant.
NPP(x,t) represents the unit area NPP in the pixel x in month t. APAR(x,t) represents the
photosynthetically active radiation absorbed by the pixel x in month t and e(x,t) represents the
actual light energy utilization of pixel x in month t.

Trend analysis

The trend line method of univariate linear regression can reflect the trend characteristics of
pixel value changes in different periods by analyzing the size of pixel values [48]. This article
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uses this method to analyze the trend of simulated NPP changes in Anhui Province from 2001
to 2020, and the calculation formula is as follows [49, 50]:

slope = (n * Zj:l(i*y") - Z:lzl ¥ Zj:l Y")/(n * Z:l:l = (Z:':l i)2> (2)

Slope is the trend of NPP change, i is the annual variable, n is the number of years, and Y; is
the NPP value in the i-th year. When slope is greater than 0, NPP increases, otherwise it
decreases.

Simple correlation coefficient analysis

Simple correlation coefficient is the calculation of the correlation between simulated NPP val-
ues and climate factors (temperature, precipitation, and solar radiation). The calculation for-
mula is as follows [45, 51, 52]:

=3 (=00 =S =Y ) 3)

t,y is the simple correlation coefficient between x and y, x; is the NPP value for the i-th year or
month, y; is the correlation factor value for the corresponding year or month, X and y are the
average NPP value and the corresponding correlation factor average, respectively, and i is the

annual variable.

Partial correlation analysis

Coefficient of partial correlation is determined based on the simple correlation coefficient. The
partial correlation coefficient can be used to analyze the correlation between multiple vari-
ables, that is, to calculate the correlation coefficient between two variables after fixing one vari-
able, which can be used in many cases to assess a said relationship [53, 54]. This article
calculates the partial correlation coefficient between NPP and temperature by fixing solar radi-
ation and precipitation. Similarly, when calculating the partial correlation coefficient between
NPP and precipitation, two variables, temperature and solar radiation, were fixed. The calcula-
tion of the partial correlation coefficient between NPP and solar radiation involves two vari-
ables: fixed temperature and precipitation [54, 55]. The calculation formula is as follows [50]:

Mo = (ryl - ry2*r12)/\/(1 - rf,z)*(l —1r3) (4)

ty1> represents the partial correlation coefficient between variable y and variable x1 after fixed
variable x2. 1y, Iy, and 1y, represent the correlation coefficients between y and x1, y and x2,
and x1 and x2, respectively.

The trend analysis, simple correlation coefficient and partial correlation analysis were per-
formed in the R environment with package of ‘stats’ (version 3.4.4) and ‘ppcor’ (version 1.1),
respectively.

Validation of the CASA model

Validation of the CASA Model are listed in Tables 1 and 2. As shown in Table 3, two methods
are used to verify the results of CASA model. First, the results were compared with the results
of relevant studies, and it was found that the NPP results measured in this study showed signif-
icant similarities with the results obtained in relevant studies. Among the published studies on
NPP, the most widely used dataset is MOD17A3 [56, 57]. This dataset has been validated in
research on vegetation growth, environmental monitoring, and global change [1, 58], and can
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Table 1. Validation compared to findings of relevant studies.

Validation reference Measured Area Time (Year) NPP (gC-(m2 a)™h NPP of this study (gC-(m2 a) ™)
CASA(42) Yangtze River Delta urban agglomeration 2000-2018 538.69 508.95
Based on MOD17A3(33) Yangtze River Delta urban agglomeration 2000-2020 510.60 508.95

https://doi.org/10.1371/journal.pone.0307516.t001

Table 2. Validation compared to the MOD17A3 data (gC-(m2 a) ™).

Time (Year) 2001 2005 2010 2015 2020
NPP of MOD17A3 426.70 483.37 441.24 422.39 427.51
NPP of this study 479.77 547.61 496.01 500.02 477.27

https://doi.org/10.1371/journal.pone.0307516.t002

Table 3. Data sources.

Data Spatial resolution Sources
Vector boundary data of China and Anhui Province vector https://www.webmap.cn/commres.do?method=result100W
MOD13Q1 NDVI 250mx250m https://ladsweb.modaps.eosdis.nasa.gov/search/

monthly mean temperature - https://www.resdc.cn/data.aspx?DATAID=349, GST_ave
monthly total solar radiation - https://www.resdc.cn/data.aspx?DATAID=349, SSD

monthly total precipitation - https://www.resdc.cn/data.aspx?DATAID=349, PRE

Vegetation type 1kmx1km https://www.plantplus.cn/doi/10.12282/plantdata.0155
land-use and land-cover 30mx30m https://www.webmap.cn/mapDataAction.do?method=globalLandCover

https://doi.org/10.1371/journal.pone.0307516.t003

be used to validate the results of the CASA model [59]. Secondly, compared with MOD17A3
data, which was download from National Aeronautics and Space Administration (https://
ladsweb.modaps.eosdis.nasa.gov/search/), the spatial resolution of this data set is 500 meters,
which is 250 meters in this paper. In Table 2, it could be noted that both methods produced
highly similar NPP levels. Therefore, the NPP of Anhui Province obtained by CASA model in
this study is reliable and can be further analyzed on this basis.

Results
NPP temporal variation characteristics

From 2001 to 2020, the average annual NPP in Anhui Province showed a fluctuating upward
trend, and the increase rate was 1.2258 gC-(mZ a) ™ (Fig 3). The multi-year average is 508.95
gC-(m? -a) 1), with a maximum of 564.15 gC-(m” -a) '), which occurred in 2013. The lowest
value, 469.28 gC-(m2 -a) 1), occurred in 2011 (See Fig 3(a)). For the sub-regions, the area
north of Huaihe River grew the fastest (See Fig 3(b)), with a growth rate of 2.2097 gC-(m2 -a)
). the slowest growth is in the south of the Yangtze River (See Fig 3(d)), the growth rate is
only 0.1118 gC-(m” -a) ). And the average annual NPP was as follows: South of Yangtze River
(548.74 gC-(m2 -a) 1)) > North of Huaihe River (479.33 gC-(m2 a) ) > Jianghuai River
(479.01 gC-(m* -a) ).

Fig 4 shows the annual NPP trends of different land use types in Anhui Province. Overall,
NPP showed an increasing trend regardless of land use type. Different land use types for many
years, based on the relationship between the average NPP: forest (603.17 gC-(m” -a) ') >
grassland (487.06 gC-(m” -a) ") > cultivated land (462.71 gC-(m?* -a) ') > artificial surface
(431.68 gC-(m2 -a) ) > Wetland (332.32 gC~(m2 -a) 1) > bare land (250.57 gC-(m2 a) ) >
water (217.64 gC-(m* -a) ). Fig 5 shows that among all land use types, wetland has the highest
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Fig 3. Annual mean NPP and its change trend from 2001 to 2020: (a) the whole Anhui; (b) Northern Huaihe River; (c) Region between Huai River and
Yangtze River; (d) Southern Yangtze River.

https://doi.org/10.1371/journal.pone.0307516.g003

annual NPP growth rate, reaching 4.6282 gC-(m? -a) ', followed by cultivated land, water,
grassland, and forest. It could be noted that in Fig 6, the average annual NPP of grassland and
forest land was basically stable. The average annual NPP of artificial surface and bare land
showed a downward trend. The decrease rate of NPP on artificial surface was the highest,
reaching 1.6323 gC-(m? -a) ™.

The temporal variation of NPP is basically consistent with that of plant growth. Summer
NPP is the highest of the year, with 13 NPP peaks occurring in July and 7 NPP peaks occurring
in August. The four months from November to February of the following year are the trough
range of the annual NPP. NPP has been increasing gradually since March (Fig 6).

NPP spatial change characteristics

The spatial pattern of NPP in Anhui Province showed strong spatial heterogeneity from north
to south. Fig 7 shows that the average annual NPP in the south of the Yangtze River is higher
than that in the north of the Huai River and Jianghuai area. In the south of the Yangtze River,
the average annual NPP range from 100 to 800 gC-(m” -a) ', NPP below 300 gC-(m” -a) ' is
mainly distributed in the Yangtze River basin and lakes, and 300 to 500 gC-(m” -a) " is mainly
distributed in the middle and lower reaches of the Yangtze River plain. The NPP above 500
gC-(m? -a) " is mainly distributed in the mountainous areas of Jiangnan, and the average
annual NPP of Huangshan is above 700 gC-(m” -a) "' The average annual NPP in the Jianghuai
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Fig 4. Variation of NPP in different land use types.

https://doi.org/10.1371/journal.pone.0307516.9g004

area fluctuates widely, and the average annual NPP in the Huaihe River basin and Chaohu
Lake is less than 100 gC-(m?* -a) . 100 ~300, which is mainly distributed in urban centers,
such as Hefei, the capital city of Anhui Province, which is in the north of Chaohu Lake. 300-
500 gC+(m” -a) " is mainly distributed in the hilly area of Jianghuai River. The NPP above 500
gC-(m? -a) ! is mainly distributed in Dabie Mountains. North of Huaibei is mainly plain,
except for the area where the city center is located, the average annual NPP is less than 300 gC-
(m? -a) L. The rest are 400~600 gC-(m2 a) L

According to the change trend and significance test results of NPP in Anhui Province from
2001 to 2020, from the perspective of spatial distribution structure (See Fig 8), NPP in most
areas of Anhui Province has an upward trend, and 33.98% of the areas have a significant
increase, mainly distributed in the middle of Huaibei Plain, the north of Jianghuai Hills, Dabie
Mountains and the eastern part of the middle and lower reaches of the Yangtze River Plain.
27.13% of the regions increased slightly and the annual growth rate was scattered in the eastern
part of Huaibei Plain, Dabie Mountains and Jiangnan Mountains. 17.60% of the areas
decreased significantly, mainly distributed in the banks of the Yangtze River, reservoirs and
near urban centers. 21.29% of the regions were slightly reduced, and scattered in the Yangtze
River basin, the north of Huaibei Plain and the mountainous areas of Jiangnan.

Discussion
Spatiotemporal variation in vegetation NPP

The average NPP of the study area from 2001 to 2020 is 508.95 gC-(m? -a) ', with an overall
fluctuating upward trend. The average annual NPP is the highest in the south of the Yangtze
River, followed by the north of the Huai River and the lowest in the Jianghuai area, which is

PLOS ONE | https://doi.org/10.1371/journal.pone.0307516  September 6, 2024 9/26


https://doi.org/10.1371/journal.pone.0307516.g004
https://doi.org/10.1371/journal.pone.0307516

PLOS ONE

Land Use/Land Cover Change (LUCC) leading to spatial shifts in net primary productivity

Cultivated Land y= 2,/»46/x +434.08 Forest y =0.4558x+ 598.39
R*=0.2814 R*=0.0051
540 S
700.00
p<0.01 p<0.01
520 650.00
500 660.00
= 640.00
= 480 620.00
2 460 600.00
g & 580,00
5
X 440 = 560.00
g &
= 5o 7. 540.00
- 520,00
400 500.00
INSRVIRS IS N CEP AR IS IS N SRR SIS N IR SN SR AN S LR LT LRIOLNIIL QDI LI RXI D
(@) (b)
Grassland ¥ =0.5508x +450.96 Wetland
R~0.0158
560.00 450.00
p<0.01
540.00
| —~ 400.00
= 52000 T
= 500.00 o 350.00
(=) \ =
E  4s0.00 ‘ o
29 300.00
S 460.00 = °
= \ z
£ 440.00 S
|
420.00 |
400.00 l 200.00 L
o &6 & & ~ e S N A O PR FO QAN I DB LA IO
SPsg oo s oSS0 \\\\'a\\\i\\\ 2 TN ENENE AN N'/\\\‘\ N n/\\“i\\“ a/a\\na\ ISRANENENANMNINAN A>\>
©) (d)
Artificial Surfaces y =-1.6323x+448.82 Water
500.00
480.00 ;
460.00
T 440.00
é 420.00
£ 400.00
% 350.00
£ 36000 |
z \
340.00 |
320.00
300.00
R W S & D B G A % 59,5
ny\‘\,\>\° BN AN & ,;/e\\i\\\\wh/\\\\ .,9\\.\\\ NN »\)\\\n'\\\\a\\\ o o

210
200
2 D AR PP LA FTAIIT QI I D2IH LA DO D
AN AN N N N S S S A S S S S S A

€y

Fig 5. Variation trend of NPP in different land use types.
https://doi.org/10.1371/journal.pone.0307516.9005

the same as the conclusion of Yang et al. [59]. LI et al. [60] showed that the NPP was generally
on an increasing trend in the Yangtze River Delta region from 2000 to 2000 2019, with the
average NPP value of 550.17 gC-(m? -a) . Nearly half of the cities in Anhui province are
divided into the Yangtze River Delta, and the NPP average is smaller than LI’s because the
areas north of the Huai River are not part of the Yangtze River Delta, and they reduce the NPP
average. The results of Wang et al. [2] and Jia et al. [61] both showed that the average annual
NPP in the Yangtze River Basin showed an obvious upward trend over time. However, it also
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shows that due to the influence of the Yangtze River Economic Belt, the urbanization process
has accelerated rapidly, and in the cities and their surrounding areas, NPP shows a downward
trend, which is consistent with the results of this paper.

Forests in Anhui province are mainly concentrated in the Dabie Mountains and the Jiang-
nan Mountains. The average NPP is 603.17 gC~(m2 -a) L. Research by Sun et al. [32] and
Wang et al. [2] shows that In southern China, the evergreen broad-leaved forest is widely dis-
tributed and rich in resources, the annual average NPP is higher than 600 gC-(m” -a) '. The
values between 400 and 700 gC-(m? -a) ' were located in the middle and lower reaches of the
Yangtze River. Rich precipitation and groundwater are more conducive to the growth of vege-
tation. It is consistent with the conclusion of this paper. The NPP of forest land in this article
has shown an upward trend over the past two decades. The upward trend of forest NPP is con-
sistent with the increase of land vegetation NPP in China and the Northern Hemisphere [11,
62].

Correlation analysis of annual scale NPP and meteorological factors

Generally, climate factors such as temperature, rainfall and solar radiation value directly or
indirectly affect the accumulation of net primary productivity of vegetation to a certain extent.
Variables cooperate or counter with each other to regulate regional NPP value, and in turn,
changes in NPP value are a good reflection of climate change. In order to clarify the relation-
ship between multiple variables, it is necessary to conduct correlation research [63, 64].

The average annual temperature in Anhui Province from 2001 to 2020 is 15.69°C ~
16.86°C, with an average of 16.29°C. It grows slowly at 0.0143°C-a”". From 2001 to 2020, the
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total annual precipitation in Anhui Province ranged from 892.58 mm to 1641.89 mm, with an
average of 1215.41mm. The annual growth rate was 13.166mm. Based on the temperature and
precipitation data of Anhui Province, the linear correlation between inter-annual NPP and
temperature and precipitation in Anhui Province was established. As can be seen from Fig 9,
annual mean temperature and annual precipitation are not highly correlated with annual NPP
on an annual scale. Therefore, we need to consider the impact of monthly scale data on NPP
changes.

Simple correlation coefficient analysis of monthly scale NPP and
meteorological factors

The correlation between monthly scale NPP and meteorological factors is also calculated. Fig
10 shows the average correlation coefficients of monthly NPP and monthly temperature, pre-
cipitation, and solar radiation were 0.873. 0.591 and 0.669, respectively, showing that the vege-
tation NPP was more closely related to temperature. The proportion of regional area in the
total area was 99.50%, 95.01% and 99.07%, respectively (P<0.01). Among the three factors, the
significance of NPP and each factor is consistent, but the correlation difference is obvious. In
addition to the Huaihe River, Yangtze River, Chaohu Lake and some reservoir areas, NPP in
other areas showed a very significant correlation with temperature and solar radiation
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Fig 9. Relationship between temperature, precipitation and NPP.

https://doi.org/10.1371/journal.pone.0307516.9009

(P<0.01). The correlation between NPP and precipitation was slightly weaker, but the correla-
tion was much lower. In the Jiangnan Mountain area, especially in the southern part of Huang-
shan, the correlation coefficient was only about 0.15.

According to the correlation distribution map of NPP and temperature (See Fig 10(a)),
south of the Yangtze River > Jianghuai area > north of the Huai River. Except for the Yangtze
River, Huaihe River, Chaohu Lake and reservoir, the correlation coefficient between NPP and
temperature in the south of the Yangtze River is above 0.7, with an average of 0.8174. The cor-
relation coefficient in the Jianghuai area is above 0.6, with an average value of 0.7791, while the
correlation coefficient in most areas north of the Huaihe River is 0.4~0.7. The mean value is
0.6281. Multiple studies have demonstrated an elevation in NPP associated with warming tem-
perature, and such a positive correlation was observed in Anhui [34, 44].

From the correlation distribution map of NPP and precipitation (See Fig 10(b)), the Jian-
ghuai region was > north of the Huaihe River > south of the Yangtze River. In addition to the
Yangtze River, Huaihe River, Chaohu Lake and reservoir, the correlation coefficient between
NPP and precipitation in Jianghuai region is 0.4~0.7, with an average value of 0.4766. In the
north of the Huaihe River, the mean value was 0.2-0.7, and in the south of the Yangtze River,
the mean value was 0.1-0.5, and the mean value was 0.3075. Wang et al. [44] showed that the
changes of precipitation in the Yangtze River Delta region of China during 2000-2018 were
positively correlated with the changes of NPP, and the results in this paper were consistent
with his results. Precipitation is the main water source for vegetation growth and development,
and appropriate precipitation helps to maintain soil moisture, which is crucial for the normal
physiological activities of crop roots. In addition, the nutrients contained in rainwater play an
important role in the physiology and metabolism of vegetation and are indispensable condi-
tions for plant life systems [65].

From the correlation distribution diagram of NPP and solar radiation (See Fig 10(c)), south
of the Yangtze River > North of the Huaihe River > Jianghuai River region. In the south of
the Yangtze River, except for the Yangtze River system and reservoir, the rest areas are 0.6~0.8,
with an average value of 0.6931. The Jianghuai region is bounded by Dabie Mountain and
Chaohu Lake, and the correlation coefficient ranges from 0.6 to 0.8 in the south and from 0.4
to 0.6 in the north, with an average value of 0.5649. North of the Huai River, it is between 0.3
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Table 4. Correlation coefficient between NPP and climate factors in different land cover types.

Cultivated Land
NPP-Temperature 0.72
NPP-Precipitation 0.46
NPP-Solar radiation 0.54

https://doi.org/10.1371/journal.pone.0307516.t004

Forest Grassland Wetland Water Artificial Surfaces Bare land
0.85 0.82 0.59 0.50 0.63 0.59
0.37 0.47 0.31 0.27 0.39 0.32
0.69 0.60 0.47 0.38 0.43 0.42

and 0.5, with an average of 0.4566. This aligns with the findings of several studies that suggest
an increase in solar radiation can boost vegetation NPP levels [61, 66]. Solar radiation is a nec-
essary condition for vegetation photosynthesis, and suitable sunlight can promote the effective
absorption, transmission, and transformation of light energy by vegetation [67]. If other con-
ditions remain the same, the photosynthetic capacity of vegetation may also increase with
increasing solar radiation [68].

Fang et al. [69] indicated that temperature is the main factor controlling changes in NPP in
humid and semi-humid areas. Anhui Province belongs to the humid areas of warm temperate
and subtropical regions, we also found that temperature has the highest impact on NPP, fol-
lowed by solar radiation, and finally precipitation. A warm and humid climate, sufficient pre-
cipitation and heat are conducive to the increase of vegetation NPP in Anhui Province [70,
71]. Just like in most regions of the Northern Hemisphere, as temperatures rise, vegetation
enters the growing season earlier and grows longer, which enhances photosynthesis and pro-
motes vegetation coverage [72, 73].

The monthly mean NPP of different land cover types also has different feedback on
monthly scale climate factors such as temperature, precipitation, and solar radiation. In
Table 4, among the relationship between NPP and temperature, forest land has the greatest
correlation, reaching 0.85 (P<0.1). And then the grass, Cultivated Land (0.72) > Artificial Sur-
faces (0.63) > Wetland \ Bare land (0.59) > Water (0.50). In the relationship between NPP
and precipitation, the correlation of grassland was 0.47 (P<0.1). The correlation coefficient of
cultivated land was 0.46. The correlation coefficient of other land cover types was less than
0.40. In the relationship between NPP and solar radiation, the correlation of forest land is still
the largest, reaching 0.69(P<0.1). It was followed by grassland with correlation coefficient of
0.60. Then it was cultivated land > Wetland > Artificial Surfaces > Bare land > Water. And
the correlation with temperature is highly consistent. It shows that temperature and solar radi-
ation have a high degree of consistency. In general, the effect of monthly mean temperature on
NPP of all land cover types was greater than that of monthly precipitation, especially for forest
land and grassland. It may be because the water system in Anhui province is developed, and
the carbon sequestration capacity of vegetation is more affected by temperature. Zhang et al.
[74] showed in his paper that the correlation between air temperature and forest NPP in the
Yangtze River Basin was stronger than that between precipitation and forest NPP, which was
consistent with the results of this paper. Our results showed that precipitation had a lower cor-
relation with forest NPP than temperature and solar radiation, this is in agreement with Du
et al. [62], which indicating that precipitation has a smaller impact on forest vegetation growth
than temperature and solar radiation. Our findings even showed that a positive correlation
between grassland NPP and precipitation. This is in agreement with Ma et al. [50], who found
that the increased precipitation could significantly increase the annual NPP of temperate
grasslands.
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Partial correlation analysis of monthly scale NPP and meteorological
factors

On the basis of correlation analysis, we further conduct partial correlation analysis. Fig 11(a)
displayed the partial correlation distribution between NPP and temperature. The results show
that after fixed precipitation and solar radiation, the average partial correlation coefficient
between NPP and temperature is 0.03, range from -0.89 to 0.84. The area of the region that
reached a significant level (P<0.05) only accounts for 4.34% of Anhui Province, and 44.99% of
the regions showed a negative correlation. The partial correlation distribution between NPP
and precipitation is presented in Fig 11(b). The average partial correlation coefficient is 0.26,
and the area that reaches a significant level (P<0.05) accounts for 13.35% of the total area.
After ignoring the effects of temperature and precipitation, the average partial correlation coef-
ficient between NPP and solar radiation is 0.47, and the area ratio that reaches a significant
level (P<0.05) is 37.42% (Fig 11(c)).

Previous studies have shown that warming and wetting of climate can promote vegetation
growth [1, 69, 75]. However, after eliminating the effects of precipitation and solar radiation,
this article found that the correlation between NPP and temperature rapidly decreased, and
the area that reached a significant level also rapidly decreased. Some areas also showed a nega-
tive correlation, mainly distributed on cultivated land on both sides of the Yangtze and Huaihe
Rivers. Rice is planted on both sides of the Yangtze River, and wheat is planted on both sides
of the Huaihe River. High temperatures can inhibit the growth of two types of crops, which
rely more on water and light hours. Du et al. [55] reached a similar conclusion when studying
the partial correlation analysis between NDVI and temperature, which is that there is a nega-
tive correlation in the western and southern parts of Anhui Province. After eliminating the
effects of temperature and solar radiation, the correlation between precipitation and NPP has
also weakened, with negative correlations appearing on both sides of the Yangtze River and
around lakes where soil moisture is abundant and excessive precipitation can inhibit vegeta-
tion growth. After eliminating the effects of temperature and precipitation, the correlation
between solar radiation and NPP slightly decreased. Similar to the results of simple correlation
analysis, except for water, all other regions showed a positive correlation. The explanation is
that any unilateral change in climate factors is not sufficient to cause significant changes in
NPP of large-scale pixel groups, but rather the result of the coupling effect of heat, water, and
energy.

The response of NPP to climate factors varies among different land cover types. The partial
correlation coefficients between cultivated land and temperature, precipitation, and solar radi-
ation are 0.03, 0.29, and 0.46, respectively, with some showing a negative correlation. This may
be because some crops in Anhui Province that are suitable for low-temperature growth are
limited in carbon accumulation during high temperatures, while sufficient rainfall and longer
sunshine hours result in more carbon accumulation. Especially in the Jianghuai region, it is
greatly affected by precipitation, due to the fact that the vegetation in this area is mainly dry
land. In forested areas, the partial correlation coefficients of temperature, precipitation, and
solar radiation are 0.01, 0.21, and 0.55, respectively. The forest land in Anhui Province is
located in relatively high-altitude mountainous areas, with a large distribution of warm and
cool vegetation and strong drought resistance. The longer the sunshine hours, the more favor-
able it is for carbon accumulation. This is similar to Du et al. [62], who mentioned in his article
that the partial correlation coefficient between forest NPP in Anhui Province and temperature
and precipitation is around 0, while the partial correlation coefficient with solar radiation is
around 0.45. The partial correlation coefficients between grassland and temperature, precipita-
tion, and solar radiation are 0.03, 0.29, and 0.48, respectively. The partial correlation

PLOS ONE | https://doi.org/10.1371/journal.pone.0307516  September 6, 2024 17/26


https://doi.org/10.1371/journal.pone.0307516

PLOS ONE Land Use/Land Cover Change (LUCC) leading to spatial shifts in net primary productivity

(a) (b)

Wl 09--05 Il 09--05
I -05--03 [ -05--03
[1-03-0 [-03-0
[Jo-03 [@o-03
B o03-05 B o3-0s
I 05-09 Wl os5-09
0 15 30 60 90 120 b 0 1530 60 90 120
O KM O KM

(€)

Il -09--05
I -05--03
[1-03-0
[o0-03
B o03-05
W 05-09

0 1530 60 90

120
KM

Fig 11. Spatial distribution of the partial correlation analysis between NPP and meteorological factors. (a) partial correlation analysis between NPP and
temperature. (b) partial correlation analysis between NPP and precipitation. (c) partial correlation analysis between NPP and solar radiation.

https://doi.org/10.1371/journal.pone.0307516.9011
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Table 5. Land use transfer matrix of Anhui Province from 2001 to 2020 (km?).

2001

2020 Cultivated Land Forest Grass Land Wetland Water Artificial Surfaces Bare land Total
Cultivated Land 72541.03 3359.48 802.33 110.85 1149.51 7377.80 9.79 85350.80
Forest 3392.90 32212.68 885.75 46.42 450.29 406.27 3.81 37398.12
Grass Land 589.82 821.07 1004.99 36.08 106.75 122.69 4.38 2685.78
Wetland 251.09 21.13 23.60 131.71 404.57 4.39 5.42 841.91
Water 1206.06 144.55 81.18 200.56 4223.79 113.71 7.44 5977.30
Artificial Surfaces 3317.5 41.15 44.30 5.95 60.90 4499.67 0.47 7969.95
Bare land 7.66 2.23 1.15 0 17.29 1.13 11.83 41.29
Total 81306.06 36602.29 2843.33 531.56 6413.08 12525.67 43.14 140265.10

https://doi.org/10.1371/journal.pone.0307516.t005

coefficients between cities and temperature, precipitation, and solar radiation are 0.03, 0.31,
and 0.42, respectively Relatively speaking, vegetation in grasslands and cities has a higher
dependence on precipitation than other land cover types. Increasing precipitation can pro-
mote vegetation growth and increase the annual NPP of grasslands by increasing soil moisture
in the region [76]. The more precipitation, the longer the sunshine hours, which are beneficial
for carbon accumulation. Among other land cover types, the proportion of correlation with
NPP reaching a significant level is relatively small. Overall, through partial correlation analysis,
it was found that solar radiation has the greatest impact on the NPP of Anhui Province, fol-
lowed by precipitation, and the least impact on temperature.

NPP changes and effects of human activities

Land use and land cover change (LUCC) will directly affect the types, structures, and functions
of ecosystems, and then have important impact on NPP. The most important land cover
changes in Anhui Province from 2001 to 2020 was cultivated land to artificial surfaces, as well
as the transformation between cultivated land and forest (See Table 5). Among all land cover
types, the average annual NPP decreased most obviously, followed by bare land, and the aver-
age annual NPP increased for other land cover types. In order to understand the impact of
land use change on NPP, we focused on studying the transformation from various land use
types to artificial surfaces [28]. The area of artificial surfaces has increased by 4555.71 km* in
the past two decades. From Table 5, it can be seen that a total of 7377.80 km? of cultivated land
was converted into artificial surfaces, 406.27 km? of forest has been converted into artificial
surfaces, and 122.69 km? of grassland has been converted into artificial surfaces. The unit area
NPP of cultivated land, forest, and grassland are larger than that of artificial surfaces, so this
transformation will cause losses in NPP. At the same time, water, wetlands, and bare land are
converted into artificial surfaces, and their unit area NPP are smaller than that of artificial sur-
faces, which can lead to an increase in NPP. The urban expansion in Anhui Province is mainly
derived from the conversion of cultivated land, so the urban expansion in Anhui Province has
led to a decrease in NPP. The conclusion of Wang et al. [33] also verified the significant nega-
tive effect of urbanization on the productivity of vegetation cover system in Anhui province.
Urban sprawl offsets the increase in NPP caused by climate change. The results of Yang et al.
also indicate that the changes of NPP in the Yangtze River Basin are jointly influenced by
LUCC changes and climate changes [59, 75].

Since the land use type in the study area is variable and the size of NPP varies with the land
use type, the change between land use types will further lead to the change of NPP. Table 5
indicated the direction and area of land use changes in Anhui between 2001 and 2020. For
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example, from 2001 to 2020, 3,392.90 km? and 589.82 km? of cultivated land will be converted
to woodland and grassland, respectively. Since the NPP of forest land and grassland is higher
than that of cultivated land, the NPP can be increased by 0.49 TgC through the above land use
change. In fact, the NPP of Anhui Province showed an annual increase of 0.122 TgC, because
it was also affected by urban expansion. The decrease of cultivated land and the increase of
Artificial Surfaces may lead to the decrease of NPP in Anhui province, which is consistent with
the results of Wang et al. [44]. Cai et al. [18] also drew a similar conclusion in his article that in
northeast China, East China and central and southern China, the changes of NPP were caused
by land use changes, mainly the changes of cultivated land, forest land and grassland.

The impact of human activities on vegetation ecology includes vegetation destruction and
ecological construction. Since 2002, Anhui Province has implemented the project of returning
farmland to forest and grassland, the project of protecting natural forest resources in key areas,
the restoration of mining environment, and the construction of ecological barriers in southern
and western Anhui. A series of ecological protection activities have ensured that the vegetation
in Anhui Province has not been seriously damaged and stopped indiscriminate deforestation
and illegal use of ecological land, resulting in the transfer of land use. The transfer of land use
mode is the most direct and controllable factor of human activities on vegetation NPP.

Uncertainty

Although this study provided a comprehensive analysis of NPP changes and climate effects in
Anhui Province, there may still be some limitations. Firstly, there are deficiencies in the accuracy
verification of the CASA model. Due to the inability of local relevant departments to provide
on-site measurement data, this article only compares it with existing research data and
MOD17A3 data. This is also one of the problems that many scholars face in studying NPP,
which may cause some uncertainty [77]. This article uses NDVI and meteorological data to cal-
culate NPP, NPP data could contain some inaccuracies which may affect the results of this
study. The interpolation method of meteorological data may also affect the results of NPP [50,
52]. In addition, this article analyzes the effects of temperature, precipitation, solar radiation and
urbanization on NPP, though there are some other factors (such as humidity, LUCC, etc.) that
can also affect NPP. Future studies are still needed to further explore the impacts of temperature
and precipitation on NPP and the effects of other climatic factors on NPP in Anhui Province.

Conclusions

This paper takes Anhui Province as the research area, uses remote sensing data, meteorological
data and LUCC, and establishes a CASA model based on the law of conservation of light
energy to calculate the NPP of Anhui Province from 2001 to 2020, and analyzes the temporal
and spatial distribution changes of NPP in Anhui Province in the past 20 years. The response
of NPP to environmental factors in Anhui province was discussed, and the following conclu-
sions were reached:

(1) During 2001-2020, the average value of NPP in Anhui Province was 508.95 gCo(m2 -a)
!, and the maximum value was 564.15 gC-(m” -a) !, which appeared in 2013. The lowest value
was 469.28 gC-(m” -a) "' in 2011. The spatial heterogeneity of NPP is strong, and the mean
value of NPP is the highest in the south of the Yangtze River, and slightly higher in the north
of the Huai River than between the Jianghuai River. The high value of NPP is mainly distrib-
uted in the Jiangnan Mountains and Dabie Mountains, and the average annual NPP of Huang-
shan is greater than 700 gC-(m” -a) .

NPP increased in most areas of Anhui Province, 33.98% of which increased significantly,
mainly in the middle of Huaibei Plain, the north of Jianghuai Hills, Dabie Mountains and the
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east of the middle and lower reaches of the Yangtze River plain. 27.13% of the regions
increased slightly and the annual growth rate was scattered in the eastern part of Huaibei
Plain, Dabie Mountains and Jiangnan Mountains. 17.60% of the areas decreased significantly,
mainly distributed in the banks of the Yangtze River, reservoirs and near urban centers.
21.29% of the regions were slightly reduced, and scattered in the Yangtze River basin, the
north of Huaibei Plain and the mountainous areas of Jiangnan.

(2) In simple correlation analysis, temperature, precipitation, and solar radiation are posi-
tively correlated with NPP. Among them, the correlation between temperature and solar radia-
tion is higher, and the correlation between NPP and precipitation is the lowest among the
three. In addition to Huaihe River, Yangtze River, Chaohu Lake and some reservoir areas,
NPP was significantly correlated with temperature and solar radiation in other areas (P<0.01).
The NPP of all land cover types was more affected by temperature than precipitation, espe-
cially forest land and grassland. In partial correlation analysis, solar radiation has the greatest
impact on NPP in Anhui Province, followed by precipitation, and temperature has the smallest
impact. The explanation is that any unilateral change in climate factors is not sufficient to
cause significant changes in NPP of large-scale pixel groups, but rather the result of the cou-
pling effect of heat, water, and energy.

(3) The dynamic change of NPP in Anhui Province was also affected by human activities.
The most important land cover change in Anhui Province from 2001 to 2020 is the transfor-
mation of cultivated land to artificial surfaces and cultivated land and forest. The urban expan-
sion in Anhui Province is mainly derived from the conversion of cultivated land, the NPP unit
area value of cultivated land is much larger than that of urban areas, and their conversion leads
to a decrease in NPP in Anhui Province. Human activities have weakened the increase in NPP
caused by climate change.

In conclusion, NPP in Anhui Province showed different response mechanisms to climate,
land cover and other related factors.
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