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Abstract. Urban expansion and land use/land cover change (LULCC), driven primarily by human
activities, have significant influences on the environment; in addition, the two factors, together with
climate change, have an impact on urban vegetation. This study explored spatiotemporal dynamics of net
primary productivity (NPP) and calculated relative contributions of driving factors from 2001 to 2013 in
Guangzhou City, China. The effects of climate variables, urban expansion, and subsequent LULCC on
interannual NPP variability were analyzed and compared. Results showed that NPP fluctuated and
generally declined in Guangzhou over the 13-year study period, especially significant in inner suburbs
(southern, eastern, and northern regions (p < 0.05), due to increasingly intensive human activities.
LULCC, especially the reduction of cropland due to urban sprawl, resulted in significant NPP losses and
positive relative impact index (RII) values, which indicated that LULCC played a negative role in NPP
accumulation. More than 67.2% of NPP variability was controlled by LULCC in the whole area under
study and mean RII values in all regions were higher than 50%, indicating that the influence of LULCC
on NPP variability was greater than that of climate change. Particularly noteworthy is the fact that local
climate change had a greater influence on NPP in forested areas (e.g. in the northeastern region), but it
should not be ignored that RII kept increasing annually in this region and therefore more efforts paid in
conservation were required. In conclusion, urban expansion and LULCC across the whole study area are
resulted from human activities, and this, rather than climate change, was the primary driving force for the
regional reduction in NPP.

Keywords: net primary productivity, urban expansion, climate change, land use/land cover change
(LULCC), human activities

Introduction

Net primary productivity (NPP), the amount of photosynthetically fixed carbon
available to the first heterotrophic level in an ecosystem (Field et al., 1998), is a key
component of energy and matter transformation in terrestrial ecosystems. NPP plays an
important role in global change and carbon balance as a key regulator of ecological
processes, and is often used to quantify ecosystem service values. A decline in
vegetation productivity is the primary manifestation of vegetation degradation, and NPP
is an important indicator of productivity. In recent years, many studies of NPP have
conducted long-term monitoring of vegetation dynamics in terrestrial ecosystems on
both local and global scales, and results showed that vegetated ecosystems are
susceptible to the effects of climate conditions and human activities, or the combined
effects of them (Fu et al., 2013; Zhang et al., 2016; Wu and Wu, 2018; Chao et al.,
2018; Fang et al., 2017).
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Climate change influences NPP variability by altering levels of photosynthesis,
respiration, and the decomposition of organic carbon in the soil (Gong et al., 2012; Pei
et al., 2013b, 2015; Wang et al., 2013). According to the study by Nemani et al. (2003),
the increase in global NPP from 1982 to 1999 was partly due to global climate change,
and this trend was observed in China over the same period (Piao et al., 2005). NPP
variability is highly sensitive to climate change, but the mechanisms involved are
complicated (Liang et al., 2014; Ahlstrom et al., 2012; Gu et al., 2017). Human-induced
change, especially urbanization, is another important influencing factor of NPP
variability with complex mechanisms (Buyantuyev and Wu, 2012; Zhang et al., 2015;
Peng et al., 2016). Growing evidence has shown that urban expansion has a great
influence on regional ecosystems due to increased levels of greenhouse gas in the
atmosphere, the destruction of the ozone layer, biodiversity loss due to deforestation
(Verburg et al., 2002), and the reduction in landscape-level photosynthetic activity
(Imhoff et al., 2000). In addition, urban expansion, together with land use/land cover
(LULC) change, has dramatically influenced hydrological systems, biogeochemical
cycles, and climate (Grimm et al., 2008). This has led to alterations in the distribution,
structure, and material cycling of terrestrial ecosystems, ultimately affecting carbon
storage and flux (Imhoff et al., 2000; Piao et al., 2009; Hutyra et al., 2011).
Urbanization often causes reductions in NPP due to land cover transformation and
carbon fixing potential drops greatly when the land converts from cultivated land or
forests to developed land, or when a region transforms from a suburban area into an
urban area (Zhao et al., 2012; Jiang and Wu, 2015; Chen et al., 2017). Therefore,
climate change and human activities are two of the most important driving forces of
NPP variability. With aggravating global climate change and increasing human
activities, quantifying the effects of different driving factors on vegetation dynamics has
become a critical issue for mitigation and management planning. To date, some studies
have attempted to quantify relative contributions of climate change or human-induced
LULCC to NPP within specific regions (Yan et al., 2016; Xu et al., 2011; Zhang et al.,
2016). However, such studies are often lack a spatial quantitative component relating to
climate change and LULCC, and they do not take the spatial differences in the impacts
of these different driving forces on NPP into account.

Guangzhou City is ideal for the study of climate change and human-induced impacts
on NPP because it has hot and humid subtropical monsoon climate that favors year-
round vegetation growth. The city has experienced dramatic urbanization and LULCC,
which have converted large patches of croplands and woodlands into built-up areas
within a matter of a decade or even a few years. Guangzhou’s urban development
strategy of “southern expansion, northern optimization, eastern advance, western union”
in its 11™ Five-year Plan will continue to accelerate urban sprawl, which may lead to
multiple ecological problems. Some studies have noted that climate variables and
human activities have led to a significant change in vegetation productivity in urban
areas over a short period, with clear spatial heterogeneity. Accordingly, the study of
NPP variability and the driving mechanisms in Guangzhou can be regarded as a
representative case for southern China. This paper attempts to achieve the following
goals: (1) to examine the spatiotemporal variability in NPP across five regions during
2001-2013; (2) to analyze the effects of climate variables, urban expansion, and
subsequent LULCC on NPP; and (3) to reveal the relative contribution of driving forces
on NPP accumulation and describe the spatial heterogeneity.
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Material and methods
Study area

Guangzhou City (112°57°E~114°3’E and 22°26°’N~23°56’N) is an important
political, economic, educational, scientific, and technological center within Guangdong
Province and South China (Fig. 1). It is located in the north end of the Pearl River Delta
region and adjoins the extension of the Nanling Mountains in the north and the South
China Sea in the south, with a total land area of 7,434.4 km® The topography of
Guangzhou consists of hilly areas and plains, with elevation decreasing from northeast
to the southwest. It has a subtropical, marine monsoon climate with an annual average
temperature of 22 °C and annual precipitation of 1,982.7 mm. Guangzhou has
experienced dramatic urbanization due to China’s reform and opening up policies. In
recent decades, Guangzhou’s economy has developed fast, which supports a population
of over 12.9 million. Its regional Gross Domestic Product (GDP) has grown from
$268.48 billion in 2001 to $1,542.01 billion in 2013 (http://www.gzstats.gov.cn/).
According to urban planning (Urban Master Development Plan of Guangzhou (2001-
2010); the 10™ Five-year Plan (2001-2005) and the 11™ Five-year Plan (2006-2010)),
the development of Guangzhou was predominantly in five regions, namely the central
part, the south, the east, the north, and the northeast (Fig. 1). The central region mainly
includes old districts with overwhelming urbanization and significant economic
development. The southern, eastern, and northern regions are inner suburbs with rapid
urban development. The northeastern region is composed of outer suburbs which are
mainly dominated by forests and agricultural land, with relatively slower urban
development.

Z
=3
S
&
ol
Z A
o
<4
54 :
&
ol
z Guangdong Province
o
=g
ol
on
o

A 1. Central region
. 2. Northern region
S| 3. Southern region
S 4. Eastern region
& ;
N 5. Northeastern region

4 Meterorological stations
& .
= Elevation (m)
er -
24 wem High: 1172
ol
p—
U LI 1Km Low: 0

Z 0510 20 30 40
o
o, 113°0'0"E 113°20'0"E ~ 113°40'0"E 114°0'0"E 114°20'0"E ~ 114°40'0"E 115°0'0"E 115°20'0"E
ol

Figure 1. Location of study area, five regions and topography
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Data collection and pre-processing

In this study, Terra MODIS data over the study area from 2001 to 2013 were selected
for the NPP simulation. Data included 16-day NDVI composites (MOD13Q1) at a
spatial resolution of 250 m, monthly land surface temperature (LST) (MOD11C3) at a
spatial resolution of 0.05° (5.55 km), and monthly evapotranspiration (ET) and potential
evapotranspiration (PET) (MOD16A2) at a spatial resolution of 1 km. All MODIS
datasets were downloaded from the National Aeronautics and Space Administration’s
(NASA) Earth Observation System. The monthly NDVI data were produced from the
MODIS 16-day products by using the maximum value composites (MVC) method,
which eliminated disturbances from clouds, the atmosphere, and altitude angle, and
minimized non-vegetation effects (Tucker et al., 1994). Other MODIS data were
aggregated to grid cells at a resolution of 250 m from their original Sinusoidal
Projection using the MODIS Reprojection Tool (MRT) to get the same spatial
resolution and projected coordinate system as the MODIS-NDVI data. All MODIS data
were checked using quality flags from the companion Quality Assurance (QA) images.
The MODIS LST products (MOD11C3) were used to estimate air temperature (T ) for
the CASA model. Other studies have used this method to estimate T, from MODIS
LST data, and confirmed that LST is highly correlated with T, (Vancutsem et al., 2010;
Fu et al., 2011; Benali et al., 2012). In this study, T, was estimated using LST data
based on cross validation across years (Fu et al., 2011). The results showed that the best
model had r?values ranging from 0.82 to 0.90 and RMSE values ranging from 1.64 to
2.17 °C, for 2001-2013.

The climate data included monthly mean air temperature, total precipitation, and total
solar radiation data derived from 13 meteorological stations in and around Guangzhou.
These three weather variables were used to analyze the correlation with NPP and
simulate NPPy,. and the percentage of sunlight was derived in order to calculate the total
solar radiation for simulating NPPp and NPP. These climate data were then interpolated
into raster format at 250 m spatial resolution by using the universal Kriging method to
match the MODIS NDVI data. All meteorological data were downloaded from the
Chinese  National  Metrological Information  Center/China  Meteorological
Administration (NMIC/CMA).

Finally, a time series of Landsat images were used to extract land cover over the
study areas. Data sources included Landsat Thematic Mapper (TM; bands 1-5 and 7)
images acquired on November 2005, December 2006, January 2009, October 2011;
Enhanced Thematic Mapper (ETM+; bands 1-5 and 7) images acquired on November
2001 and January 2003; and Operational Land Imager (OLI; bands 2-7) images
acquired on December 2013. These images were rectified to the Universal Transverse
Mercator (UTM) projection and World Geodetic System 1984 (WGS84) datum. After
Line-of-Sight Atmospheric Analysis of Spectral Hypercube (FLAASH) and image
mosaicking, the 2001 image was selected as the base image for automatic registration of
other images with Root Mean Square Errors (RMSE) of less than 0.5 pixels.
Subsequently, the images were masked using the boundary of the Guangzhou
Metropolitan area. A maximum likelihood supervised classification approach was used
to classify the Landsat images and they were combined with the actual land cover in
Guangzhou and the International Geosphere-Biosphere Program (IGBP) schemes.
Finally, land cover maps from seven years were classified into 12 categories (Table 1).
The overall accuracy of the classification results was higher than 82.5%.
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Table 1. Land use/land cover classification scheme

LULC types Description Emax
Lands dominated by broadleaf trees with a canopy cover great than 60% and
EBF . . - 0.985
height exceeding 2-m. Almost all trees remain green all year
Lands dominated by needleleaf trees with a canopy cover great than 60% and
ENF . . . 0.389
height exceeding 2-m. Almost all trees remain green all year
MF Lands with evergreen broadleaf and needleleaf forest 0.475
Lands dominated by broadleaf trees with a canopy cover great than 60% and
DBF height exceeding 2-m. Consists of seasonal broadleaf tree communities with an | 0.692
annual cycle of leaf-on and leaf-off periods
GL Lands with herbaceous, tree and shrub cover is less than 10% 0.542
SL Lands with woody vegetation less than 2-m tall and mainly shrub and lands with 0.429
herbaceous types of cover, shrub cover is greater than 60% '
WG Lands with herbaceous and with tree canopy between 10 and 30% 0.542
CL Lands covered with temporary crops followed by harvest and a bare soil period | 0.542
CL&NVM Lands with a mosaic of croplands_, forest, shrub-land, and grasslands in which no 0.542
one component comprises more than 60% of the landscape
wWB Oceans, seas, lakes, reservoirs, rivers and dike-pond 0.296
U&BL Land covered by buildings and other man-made structures 0.196
UL Exposed soil, sand, rocks, landfill sites, areas of active excavation 0.217

EBF: evergreen broadleaf forests; ENF: evergreen needleleaf forests; MF: mixed forests; DBF:
deciduous broadleaf forests; GL: grasslands; SL: shrub lands; WG: woody grasslands; CL: croplands;
CL&NVM: cropland/nature vegetation mosaics; U&BL: urban and built-up lands; UL: unused lands;
WB: water bodies

NPP estimation

NPP was assessed by using the Carnegie-Ames-Stanford Approach (CASA) model, a
parameter-based model based on light use efficiency (Potter et al., 1993). The CASA
model can be calculated as the product of the amount of photosynthetic active radiation
absorbed (APAR) (MJ-m™) and the actual light use efficiency (&) (g C-MJ-m™) factor.
NPP can be expressed as (EQ. 1):

NPP(x,t) = APAR x ¢ (Eq.1)

where NPP (x, t) (g C-m™) is the net primary productivity for grid cell x in month t. The
actual light use efficiency (¢) is affected by temperature and water, and can be
calculated by using Equation 2:

glx.t) = Ty(xt) % To(x, t) % W(x. £) X &gy (Eq.2)

where T1(x, t) and T,(X, t) are temperature stress coefficients; W (x, t) is a moisture stress
coefficient; and emax represents the maximum light use efficiency that needs to be
simulated for different vegetation types. emax differs greatly in different situations and is
mainly affected by temperature, water availability, soil type, etc. (Prince, 1991). In this
paper, the emax values for different land cover types were adopted from Zhu et al. (2006)
who computed emax according to the principle of minimal error based on simulated NPP
and measured ground NPP.
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APAR is the product of PAR and the fraction of photosynthetically active radiation
(FPAR) (Wang et al., 2009), and PAR depends on the solar surface radiation (SOL)
(MJ-m™). Thus, NPP at location x and time t becomes (Eq. 3):

NPP(x,t) = FPAR % 50L x 0.5 % T, (x.£) % To(x£) X W(x. ) X Epap (Eq.3)

FPAR is defined as a linear function of NDVI and the simple ratio (SR) (Eq. 4):

FPAR(x,t) = aFPARypy; + (1 — a)FPAR,; FPAR € [0.001,0.95] (Eq.4)

where a is set to 0.5; FPARnpvi and FPARgr are FPAR estimated by the NDVI-FPAR
model (Eg. 5) and the SR-FPAR model (Eqg. 6):

FPAR(x.t) = (WD 3.8)-NOVT i) X (PP AR max—FP AR min) + FPAR (Eq.5)

(NDVT mpr—=NDVI§ min)

I:-"'-R e |.'|.|:|::: H[FPARm gy —FPARmR]

FPAR(x,t) =

+ FPARLin (Eq.6)

(SR mar—SRimin]

where NDVI; max and NDVI; nin values correspond to 95% and 5% of the NDVI
population respectively, and i; SRi max and SR min correspond to NDVI; max and NDVI;, min
respectively. The relationship between NDVI and SR can therefore be expressed as

(Eq. 7):

SH{I t:] — [l+NDL’I|I tl] (Eq?)

L=-NDVI(x.L)

SOL is the total solar radiation over time period (M.J-m™), can be calculated based on
the percentage of sunshine, namely (Eq. 8-12):

soL=[a+bx2]xR, (Eq.8)

R, =5, x%x d 3 (W) = sing x sind + cosg X cosd x sinll}) (Eq.9)
d = 1/[1 4+ 0.033 % cos (27 x ] /363)] (Eq.10)

§ = 0,400 x sin (2m % J/365 — 1.39) (Eq.11)

W, = arcos (—tang x tand) (Eq.12)

where R, is the vertical incidence of solar radiation from the upper atmosphere; n/N is
the percentage of sunshine; a and b are set to 0.191 and 0.758, respectively, according
to Hou et al. (1993); So is a solar constant (0.082 MJ-m?-min™); d is a correction factor
for the relative distance between Earth and the Sun; ¢ is solar declination (unit: radians);
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W, is the hour angle between sunrise and sunset (unit: radian); ¢ is geographic latitude
(unit: radians), and is set to 0.540; and J is the number of days in a year.

Additionally, Ti(x, t), Ta(x, t) and W(x, t) are the temperature and moisture stress
coefficients, and can be calculated as (Eq. 13-15):

T, (x.t) = 0.8 4 0.02 x Ty, — 0.0003 X (Tppe)” (Eq.13)
T:':x.t] - J..J.B‘].'I.'r[J. + gl}:-:‘!’nru—].ﬂ'—‘!':rll]lf[l + gD!-:—anJL—LD+T:I||] (Eq14)
Wix,t) = 0.5+ 0.5 x ET (x, £) /PET (x, t) (Eq.15)

where Top IS the temperature at which NDVI reaches its maximum for the whole year,
and T, falls to half its value at Toy at temperatures 10 °C or 13 °C below Tqp. The
moisture stress coefficient (W) reflects the influence of the effective water condition of
plants and can be used for light utilization. It is determined by regional actual
evapotranspiration (ET) (mm) and potential evapotranspiration (PET) (mm), derived
from the MOD16A2 products.

Mann-Kendall trend analysis and Theil-Sen median slope estimator

In the present study, both spatial and temporal NPP change trends were analyzed
using a robust non-parametric Mann-Kendall (M-K) method, which is widely applied to
long-time series trend analysis of non-normal data (Prince, 1991; Wang et al., 2001,
2015b). It has been reported that the M-K test statistic Z is approximately normally
distributed with the sample size n > 8 (Neeti and Eastman, 2011). A positive or a
negative of Z value indicates an increasing or a decreasing trend, which is monotonic
(Neeti and Eastman, 2011). The M-K test statistic S is calculated as (Eq. 16; Kendall,
1975):

5= E:’:J} E?:HL Sﬂn':-rj' - -rl'] (Eq16)

where n is the number of data points; xjand x; are the data values in time series i and j
(j > 1), respectively; and sgn(x;- xi) is the sine function expressed as (Eq. 17):

Lifxj—x;=0
sgn{x_i-—.r,-}= Oifxj—x; =0 (Eq.17)
=1,if xXj—x; = 0
The variance is computed as (Eq. 18):
1.-’[1?’":5] — nn-L)(In+5-Le, titi—LI(26+5) (Eq18)

e

where n is the number of data points, m is the number of tied groups, and t; denotes the
number of ties with extent i. A tied group is a set of sample data that share the same
value. In cases where the sample size n > 8, the standard normal test statistic Zs is
calculated (Eg. 19) using Equation 18:
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% if5=0
z7={ 0 ifS5=0 (Eq.19)
2 ifs5<0

JFar(s)

In this study, the Z score thresholds used for testing significance over time were 1.96
for the 5% significant level (= = 0.05), and 2.576 for the 1% significant level (= = 0.01),
which provided both the significance and direction of the trend.

The Theil-Sen median slope estimator for estimating the slope of the trend in a
sample with N pairs of data, which is appropriate for assessing the rate of change in a
short or noisy time series (Wang et al., 2015a), can be calculated as (Eq. 20):

Xj=x

: __"-] fori=1..N (Eq.20)

J=K

B; = Median {

where xjand x are the data values at times j and k (j > k), respectively.

All analyses were conducted using ENVI 5.1 (Exelis Visual Information Solutions,
Boulder, CO, USA), ARCGIS 10.2 (ESRI, Redlands, CA, USA), and MATLAB
R2014a (The Mathworks, Inc., Natick, MA, USA).

Impacts assessment of LULCC on NPP

Based on the relative impact index (RII) from Wu et al. (2018), we applied RII to
assess the impact of LULCC driven by human activities on NPP. RIl was calculated
based on NPPjycc and NPP,, namely (Eq. 21):

RII = NPP e % 1008 = NPPp—NPPylce
NF !

P * P

* 100% (Eq.21)

where NPP ¢ is the NPP variability that is due to LULCC driven by human activities,
and NPP, is the NPP of potential vegetation. If RIl > 0, it implies that there is a negative
impact of LULCC on NPP and vegetation activity, and if RIl < 0, it implies that there is
either a limited human impact or more effective vegetation protection and management.
When |RIl| > 50%, it indicates that LULCC is the primary driver of NPP change. For
more details about RII and the calculation of NPP, see Wu et al. (2018).

Relative contributions of climate and LULCC on NPP

The correlation between climatic variables (temperature, precipitation and solar
radiation) and annual NPP can be expressed as (Eq. 22):

Ry = il (Eq.22)

\-E:= (X —FPEr, (V-T2

where R,y is the correlation coefficients between x and y, x; and y; is the value of NPP
and climatic variables in the ith year respectively;  and ¥ is the mean value of NPP and
climatic variables from 2001 to 2013.
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The method of Wu et al. (2014) was employed to compare the comprehensive impact
of climate change and LULCC on NPP on a spatial scale, using the variation slope of
NPP in different situations to quantify and compare the comprehensive impacts.
Assuming that the slope of NPP was K; and K in the situation of constant climate and
constant LULCC respectively, the slope of actual NPP was K, so the impact of climate
change and LULCC on NPP can be expressed as AClLi.NPP=K-K; and
ALULCC.NPP = K-K; respectively. The impact of other factors on NPP was
Alnter.NPP = (K1 + K3)-K. Therefore, the contributions of climate change, LULCC and
other factors on NPP change can be described by Equations 23-25:

Contryy = ACh P2 x 100% (Eq.23)

ALTLEE NPP|+|Aclivep |+ |dinterNpP

Contryy e = ATTLOC R x 100% (Eq.24)

ALDLCC NPP|+|ACli.NEP| +|dinter VPP

Contrigeer = 100 — Contry; — Contryycc (Eq.25)

The sum of the contributions of climate change, LULCC and other factors on NPP
change is equal to 1. The contributions of the three impact factors can be mapped
individually at the pixel scale, and the synthesized impact image can be derived from
the three images using a Maxwell Triangle.

Results
NPP model validation

There was little field data on NPP available for validating the CASA model outputs.
We compared our simulated average annual NPP values over the period from 2001 to
2013 with MOD17A3 NPP values and other domestic simulation results. As shown in
Figure 2, there was a strong agreement between our simulated NPP results and
MOD17A3 NPP values with a correlation coefficient of 0.860 and a mean relative error
of 24.88% across the 118 random sample points. The NPP values from our simulation
results were clearly different from those of other studies (Table 2), which may have
been due to differences in the study range, stand age and density, hydrothermal
conditions, vegetation coverage, input data sources, parameter values for the CASA
model, and so on.
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Figure 2. Correlation between simulated NPP values and MOD17A3 NPP values
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Table 2 Comparison of the mean annual NPP (gC-m’®) for different land covers and other
model output or datasets

e | sty | 2008 | 200 | 200 | zdis | Hua 2009 MODITAS
EBF 1,327.22| 1016.5 985.8 718.0 833.06 1,046.89 913.93
ENF 515.69 | 395.5 367.1 358.0 519.34 799.53 388.0
MF 595.68 - 347.1 707.0 533.49 874.36 456.0
DBF 827.43 | 671.8 642.9 472.0 T44.7 818.28 622.02
GL 582.00 | 230.6 382.8 208.0 470.04 384.4 317.0
SL 483.08 | 364.2 367.7 700.0 524.25 603.94 415.0
WG 634.63 - 465.0 - - 657.13 398.32
CL 644.06 | 532.9 426.5 577.0 534.74 416.9 609.91

CL&NVM | 661.62 - - - - - 566.02
WB 250.48 - - - 395.18 - -
U&BL 183.39 - - - 384.04 - -
UL 239.47 - - - 514.47 - -

The full names of the land types match those in Table 1

Spatial-temporal dynamics of NPP

The estimated mean NPP had an overall decreasing trend from 2001 to 2013 in
Guangzhou (from 807.45 gC m? in 2001 to 719.84 gC m? in 2013). From a
geographical perspective, the average mean NPP decreased markedly from the northeast
to the south and had clear geographic heterogeneity (Fig. 3a).
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Figure 3. Spatial pattern of mean NPP during 2001-2013 (a) and NPP variability between 2001
and 2013 in Guangzhou (b)

For individual grid cells, the annual mean NPP values ranged from 7 gC m?yr™ in the
central region to more than 1189 gC m?yr™ in the northeastern region. For different
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land cover types, the highest NPP values (greater than 850 gC m?) were found in
forests, which are mainly located in the northeast and the important conservation areas
within Guangzhou city. Low NPP values (less than 250 gC m™) were found in the areas
dominated by urban land cover with little green space, implying that NPP was closely
related to NDVI and the light use efficiency (&) of the land cover type. Fig. 3b details
the changed in NPP from 2001 to 2013 in Guangzhou city and the five regions. Average
NPP values across Guangzhou and the five regions between 2001 and 2013 varied
significantly and declined sharply by 2013. Estimated NPP values in the northern region
decreased the most (175.47 gC m?), followed by the eastern and southern regions
(108.26 gC m? and 86.52 gC m™ respectively). Values in the northern region also
decreased, and the lowest value was 46.90 gC m. The pattern overall showed that the
order of dynamic changes in annual NPP ranked from high to low was inner suburbs,
inner city, and outer suburbs.

To further assess the temporal changes and regional disparity in NPP under changing
land cover, land types in Guangzhou city and the five regions were analyzed for 2001,
2005, 2009, and 2013. The results showed that the mean NPP of land cover classes in
those regions varied significantly (Fig. 4). The lowest NPP values for all land cover
types were found in the central region, while land cover in the northeastern region
contained more NPP with more than 3,000 gC m™ in all year. The average NPP for all
land cover types decreased across the whole study area and all regions, with the most
significant decreases occurring in the northern region with a remarkable decline of -
183.78 gC m™ between 2001 and 2013, followed by the southern and eastern regions
with respective losses of -72.73 gC m? and -64.95 gC m™, respectively.
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Figure 4. Changes in the mean NPP across Guangzhou City and its five regions. (FR: forest;
CL: croplands; CL&NVM: cropland/nature vegetation mosaics; UGL: urban green lands:
mainly includes grasslands: shrub lands and woody lands; U&BL: urban and built-up lands;
Others: include water bodies and unused lands)

Spatial NPP trends and tests for significance across Guangzhou and the five regions
were analyzed at the pixel level (Fig. 5a-b). Results showed that NPP decreased in all
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regions over the duration of the study (slope < 0). About 70.2% of all NPP pixels had a
decreasing trend with an average slope of -10.94, and this was especially noticeable in
the central part of the northern region and most areas of the southern region. Pixels with
a significant decreasing trend (p < 0.05) accounted for 19.34% of the total pixels, and
only 3.44% of pixels had a significantly increasing trend (p < 0.05). Significant negative
trends (p < 0.05) were mainly observed in the northeastern region (7.75%) and in
portions of the northern region (5.34%). Of all pixels with significant positive trends
(p < 0.05), about 61.01% were concentrated in the forested lands of northeastern region
due to relatively less human interference and policy protection measures (e.g., Land Use
Master Plan of Guangzhou, 1997-2010); however, the increasing number of pixels with
a declining trend in this region cannot be ignored. Moreover, in the five regions where
human modifications of land cover occurred the most, the proportion of areas with
significant NPP decreases was much higher than the area of increase.
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< -20

Sig. tests

T1-2010-5 —ps

-5t0 = LjVS
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Figure 5. Change trends (a) and significance tests for NPP (b) from 2001 to 2013. (DS:
decreased significantly; IS: increased significantly; DVS: decreased very significantly; IVS:
increased very significantly; D-Is: decreased insignificantly; I-Is: increased insignificantly)

The influence of climate variability on NPP

Correlation analysis was performed between each climate factor (annual mean
temperature (TEM), total precipitation (PRE), and total solar radiation (SOL)) and
annual mean NPP across Guangzhou City and the five regions from 2001-2013
(Table 3). At the 13-year time scale, temperature and solar radiation tended to have
positive impacts on NPP over the entire region, while precipitation had a negative
relationship that was especially significant in the eastern and northeastern regions.
The results indicated that rising temperatures and increasing solar radiation were
associated with NPP increases, and solar radiation had a greater effect on NPP than
temperature did.
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il e B i
Rnpp-T 0.530 0.394 0.512 0.351 0.444 0.476
Rupp.p -0.301 -0.217 -0.166 -0.582" -0.645" -0.572"
Rupp-soL 0.654" 0.440 0.644 0.661" 0.779™ 0.304

Rnep-1, Rnppp @nd Rypp.soL are the correlations between NPP and temperature, precipitation and solar
radiation, respectively

For further analyzed the influence of each climatic factor (TEM, PRE, SOL) on NPP
dynamics, the proportion of areas whose NPP variability was influenced by climate
variables were calculated, and those percentages are shown in Figure 6. Across the
whole study area, the area proportion dominated by solar radiation variation was the
largest, being 37.9%, followed by temperature. For the five regions, solar radiation was
the most dominant; particularly, the figures in the northern and northeastern regions
reached 42.3% and 40.3%, respectively, while the figures in the areas dominated by
precipitation were always smaller (less than 30%). These results suggested that the
variability in solar radiation in the study area had the greatest influence on NPP,
followed by temperature. Furthermore, changes in solar radiation and temperature
strongly affected NPP in most areas of Guangzhou, while precipitation was a limiting
factor for NPP accumulation due to the regional rainy and humid climate characteristics.
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Figure 6. Pixels percentages dominated by climate variables

The response of NPP to LULCC

Since 1978, Guangzhou has experienced rapid urbanization and industrialization. A
trend of sustained and accelerating development has taken place from 2001 to 2013 (Wu
et al., 2016), and there was considerable change in land use types during this period. For
example, urban and built-up areas increased by 979.72 km?at an annual rate of 8.13%.
This was especially pronounced in the southern and eastern regions, where urban land
increased by more than 20.0% as cropland decreased significantly in both (Table 4). In
addition, there was a significant conversion from cropland, forest, and cropland/natural
vegetation patches to impervious surface. In most cases, this resulted in significant
losses of NPP.
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Results showed that about 0.59 Tg C of NPP was lost due to the transformation from
vegetated to non-vegetated areas between 2001 and 2013, and 85.1% of that was due to
the conversion to urban land. In the five regions, the most significant losses in total NPP
due to the conversion from other land cover types to urban land occurred in the
northeastern region (a 42.5% loss), followed by the eastern region (18.6%) and northern
region (17.9%). The greatest NPP losses due to conversion to other land cover types,
especially urban land, occurred in cropland. This process reduced the carbon
sequestration capacity of Guangzhou City. To further illustrate the impacts of urban
expansion and cropland reduction on NPP loss, NPP changes in the urban and built-up
coverage in 2013 and in the cropland coverage in 2001 during 2001-2013 were analyzed
and compared (Fig. 7). Results showed that within the coverage of urban and built-up of
2013, urban and built-up areas had increased by 1,133.82 km? from 2001 to 2013,
resulting a significant NPP loss of 0.55 Tg C of NPP with a decreased rate of
15.73 gC m?yr™ due to the conversion from vegetation to built-up areas over the 13-
year period, especially from cropland to construction lands. Based on the cropland
coverage of 2001, cropland declined sharply by 746.75 km? from 2001 to 2013, and
about 320.93 km?was swallowed up by urban expansion, this directly led to the decline
of the carbon fixation capacity of vegetation. During the 13-year period, NPP decreased
significantly with a loss of 0.40 Tg C, and about 0.19 Tg C loss was mainly ascribed to
the conversion from cropland to impervious surface. The above analysis showed that in
both coverages, NPP decreased very significantly from 2001 to 2013 due to gradually
reducing vegetation coverage and increasing built-up lands caused by anthropogenic
influence.

450

—— Linear fit of NPP —— Linear fit of NPP

400

-
o
o

[o2]
al
o

y =-15.921x + 659.6
R2=0.6336
p<0.01

D
o
o

y =-15.728x + 445.82
R2=0.7656
p<0.01

o
a
o

NPP (g C-m?)

a1
o
o

150 450

2001 | 2063 | 2065 | 2067 | 2069 | 20‘11 | 2013 2001 | 2603 | 2(;05 | 2607 | 2609 | 2(;11 | 2013
Figure 7. NPP changes from 2001 to 2013 based on the range of urban and built-up lands in
2013 (a) and cropland in 2001 (b)

Table 4. Change in three indices in the five regions from 2001 to 2013

In diceSRegion Central region |Southern region N?g;?ct)art]’n Eastern region Norrt:gei?)s;qtern

AU&BL (%) 19.84 20.73 15.85 22.16 6.48
ACL (%) -9.81 -14.36 -6.51 -12.23 -4.90
ARII (%) 4.62 6.52 9.19 7.27 5.98

AU&BL and ACL is the proportion of urban area and cropland change respectively; ARII is the
difference in RII between 2013 and the 13-year average
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The impacts of LULCC on NPP were further investigated by examining the RIl over
the whole study area and the five regions from 2001 to 2013. Results showed that more
than 91.0% of pixels in whole area had positive RIl values and the mean RII value was
greater than 50% across all regions, indicating LULCC driven by human activity had a
negative influence on NPP and was the primary cause for NPP losses. Moreover, there
was a clear increasing trend in RII across the five regions over the 13 years (Table 4)
that was especially significant in the northern region followed by the eastern and
southern regions, which suggested that intense human development radiated outward
from the central urban areas to the urban fringe, where the inner suburbs were the first
to be affected.

Comparison of the effects of LULC and climate change on NPP

In this study, we measured the relative contributions and synthesized the spatial
impacts of climate and LULCC on NPP (Fig. 8a). The results showed that there were
significant differences between the major factors controlling NPP at the pixel level.
Over 13 years in the study area, 67.2% of all pixels had NPP variability that was
dominated by LULCC due to increased human activities (Fig. 8b).
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Figure 8. Spatial distribution (a) and percentages (b) of the relative contributions of climate
change, land cover change, and their interaction on NPP. (Contryy: contributions of LULCC;
Contrg;: contributions of climate change; Contriy: contributions of the interaction effects)

These were mainly distributed in the northern, eastern, and southern regions, indicating
that LULCC had a negative influence on NPP. On the other hand, 26.6% of pixels with
NPP variability were more sensitive to climate change and mainly concentrated in the
northeastern region dominated by forested lands. Only 6.2% of the total pixels were
controlled by the interaction of climate and LULCC, and they were mainly concentrated
in central region and some areas of southern region. Moreover, the proportion of pixels
whose NPP changes were controlled by LULCC was higher than 50.0% across all
regions, indicating that LULCC dominated by human activities and had a greater
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influence on NPP variability than climate change, especially in the inner suburbs (about
76.66% of pixels with NPP variability were controlled by LULCC). Overall, results
showed that the influence of urban expansion and LULCC on NPP was much greater
than the influence of climate, and LULCC was the main cause of reduced NPP in most
of the areas under study.

Discussion
Uncertainties in NPP estimates

Compared with MODIS NPP, we found that our simulated NPP values for all land
cover types were higher than MOD17A3, which may be because the fact that MODIS
NPP is derived at the global scale with diverse climate and vegetation conditions and at
a relatively coarse spatial resolution (1 km). The NPP estimates in this study were also
very different from previous research studies of NPP change during China’s
urbanization (Table 2), which may be due to the fact that Guangzhou is a southern city
with a warmer climate, higher vegetation coverage, and better hydrothermal conditions
than that of other cities and the whole country.

In addition, there could be large uncertainties in this NPP estimation due to input
data, parameters, model structure, and the applicability of the model (Wu and Wu,
2018). Some parameters (e.g., emax and FPAR) in the CASA model may not be
appropriate across all areas of China and the process parameters should be optimized
(Wang et al., 2013; Gong et al., 2012; Zhang et al., 2009). Furthermore, there was a
large disparity in the spatial resolution of meteorological data and MODIS products in
this study, which may have caused bias in NPP estimation. Although we reduced these
errors by resampling, further adjustment and higher resolution data may be needed.
Additionally, ground NPP data-based site observations of biomass within the study
would have been better for validation than MODIS NPP. Overall, there were still some
uncertainties in the NPP estimates due to the factors mentioned above, and in future
studies, optimization of model parameters and more multisource data validation will be
needed to enhance the accuracy of NPP estimation.

Correlation between climate variability and NPP

Climate variables are important factors affecting vegetation conditions, for example,
temperature, precipitation and solar radiation can affect the vegetation distribution and
NPP dynamics of various biomes at regional, and even local, scales (Dekker et al.,
2007; Hu et al., 2009; Zhu et al., 2007a). In this study, the effects of these three climate
variables on NPP variability were different, however, negative correlations with NPP
and precipitation, and positive correlations with NPP and temperature and solar
radiation occurred in all regions (Table 3), indicating that precipitation was unfavorable
for vegetation growth, while temperature and solar radiation benefited NPP
accumulation. This was consistent with Fu et al.’s (2013) study on Guangzhou where an
increase in precipitation caused a decrease in temperature and radiation, which reduced
the solar radiation exposure and for photosynthesis for photosynthesis in plants and may
have decreased the soil organic matter content (Mohamed et al., 2004; Eisfelder et al.,
2014; Zhang et al., 2016), resulting in less absorption of photosynthetically active
radiation and the accumulation of vegetation biomass (Piao et al., 2003).
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Solar radiation serves as an important energy source for plant photosynthesis, and we
found it had a better regression coefficient with NPP than temperature and precipitation
across all regions (Table 3). This implied that the NPP distribution and production are
closely related to climatic variables and always dominated by a single climatic factor
(Zhao and Running, 2010; Wu et al., 2014), and in most areas of Guangzhou City, the
response of interannual NPP variability to solar radiation was the main controlling
factor (Fig. 6). The results also have been verified by other studies (Zhang et al., 2014;
Liang et al., 2014). Moreover, according to Zhu et al. (2007a), solar radiation had a
larger influence on vegetation NPP in the South China compared with temperature and
precipitation. Although other environmental factors may also affect NPP variability to
some extent, such as soil texture (Pan et al., 1996), topography (Gao et al., 2013),
drought (Pei et al., 2013a), CO; concentration (Mu et al., 2008), and so on, their effects
on NPP were less climatic factors on carbon storage of vegetation (Sui et al., 2013; Gao
et al., 2013).

NPP dynamics and associated urbanization and LULCC

Urbanization and subsequent LULC driven by human activities are important factors
affecting vegetation dynamics, particularly in highly urbanized areas that are
characterized by extremely fragile ecosystems (Wu and Wu, 2018; Zhang et al., 2014;
Liu et al., 2018). In this study, NPP exhibited spatial heterogeneity across the whole
area under study and decreased in the five regions from 2001 to 2013. Similarity,
previous studies found that vegetation was degraded at different levels in Guangzhou in
recent decades (Fu et al., 2013; Hu et al., 2009; Wu and Wu, 2018). In our study, a
significant reduction in NPP was concentrated in the inner suburbs (southern, eastern,
and northern regions; Fig. 5), this was mostly because that the amount of urban sprawl
increased gradually from center to the periphery from 2001 to 2013 (Wu et al., 2016),
and urbanization “hot spots” have moved from the center to the suburbs, resulting in a
substantial reduction in vegetation areas and vegetation carbon fixation. Following
intense urban development, ecological degradation slows and new urban ecosystems
develop (Peng et al., 2016), which always leads to large losses in NPP. Moreover, the
significant increase in RII in the inner suburbs implied that vegetation productivity in
these areas was still subjected to disturbance by human activities. Most studies have
demonstrated that the urban fringe is gradually emerging as the most human-disturbed
area and this phenomenon has been observed in most urban areas during urbanization
(Xu et al., 2007; Wu et al., 2014; Wu and Wu, 2018). Conversely, increased NPP and
smaller RIl values were widely distributed in the outer suburbs (northeastern region),
which are dominated by mountains and hills with higher elevations, and low population
density combined with conservation efforts that have effectively reduced the impacts of
humans on vegetation activity. This phenomenon has also been confirmed by other
studies (Peng et al., 2016; Hu et al., 2009).

Prior research has verified that different urbanization stages, finance aggregation,
and population growth may also be important factors affecting NPP variability (Peng et
al., 2016; Lu et al., 2010). Substantial environmental change occurs under increased
demand by city dwellers for green space and corresponding ecosystem services. Thus,
maintaining green spaces and adaptive urban planning could have benefits for the urban
ecosystem and a favorable impact on vegetation productivity. However, it should be
noted that growing human activity and urban sprawl are still a serious threat to
vegetation NPP accumulation, and more plausible adaptation strategies should be
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employed to cope with the conflict between urban development and ecosystem carbon
balance.

Dominant driving forces of NPP variability

Over the 13-year study period, temperature and solar radiation were generally
favorable for vegetation growth, whereas human activities had a negative impact. As
shown by the absolute values of the contributions made by climate and LULCC, the
influence of LULCC on interannual NPP variability in most parts of the area under
study was always greater than climate. Notably, negative impacts of LULCC on NPP
were most significant in the inner suburbs due to the conversion from vegetated to non-
vegetated land, especially from cropland to new urban areas. This finding was in
agreement with several studies (Pei et al., 2013b; Fu et al., 2013; Wu et al., 2014; Yang
et al., 2015; Liu et al., 2018). A considerable proportion NPP change was undeniably
dominated by climate factors in some croplands and wooded areas (e.g. the northeastern
region; Fig. 8), where LULCC actually caused an increase in NPP. This was closely
related to regional land cover types, population and economic conditions, terrain,
conservation policies, and so on. In addition to the roles of regional population,
economic conditions, and terrain, the effects of protection policies must be
acknowledged. For example, the Land Use Master Plan of Guangzhou (1997-2010)
effectively prevented excessive losses of agricultural land in this region. The Urban
Master Development Strategic Plan of Guangzhou (2010-2020) defined Conghua and
Zengcheng (the two districts are mainly in northeastern region) as eco-agricultural and
eco-tourism zones, which further promoted the protection of agricultural and forested
lands in the northeastern region and contributed to forest carbon accumulation. This
limited the NPP reduction caused by climate change.

RII is an effective index for evaluating the effects of LULCC alone, independent of
climate change, on NPP. In this study, we used RII to further assess the effects of
climate change and LULCC on NPP. The fit curve of frequency by pixels of RII
indicated that RII values were mostly positive (Fig. 9) in five regions, ranging from 50-
90%, indicating that human activity had a negative effect on vegetation productivity and
NPP.

Central region
R Southern region

ffffff Northern region
Eastern region
Northeastern region

Percentage (%)

RII

Figure 9. Fit curve of frequency by pixels of RIl in five regions
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In addition, mean RII values were greater than 50% in all regions and about 77.3% of
those pixels were concentrated in the inner suburbs, suggesting that NPP variability was
most affected by human activities. These findings were consistent with our results based
on the method of Wu et al. (2014). Especially, about 17.12% pixels in RIl were less
than 0 in northeastern region, which was benefited by the protection policies of
agriculture and forested lands. Nonetheless, it is worth noting that the increase in RII
over the five regions (Table 4) meant that human impacts on NPP through LULCC also
increased, and vegetation productivity was affected by human disturbance, especially in
inner suburbs. Although the creation and protection of urban green spaces, forests, and
wetlands contributed to the increase in NPP, the effects of some protection projects
were less than satisfactory. The effectiveness of restoration projects and urban and
industrial land use plans should be adjusted to balance environmental conservation and
economic development, and more plausible adaptation strategies should be applied to
cope with climate change.

Conclusions

NPP is one of the most significant factors characterizing ecosystem structure and
function, and can be used to describe the spatiotemporal pattern of urban carbon storage
and its driving mechanisms. The current study estimated NPP change in Guangzhou and
its five regions from 2001 to 2013 and examined the effects of driving forces on NPP
variability in a spatially explicit way. Nonlinear NPP trends indicated that NPP
decreased across the study area and most significantly in the inner suburbs (southern,
eastern, and northern regions) due to rapid urbanization and human interference, while a
slight increase of NPP was concentrated in the western part of the northeastern region.
Solar radiation and temperature strongly influenced NPP increases, while precipitation
was a limiting factor. NPP reductions were correlated with urban sprawl combined with
land conversions from vegetated areas to impervious surface, especially cropland to
built-up land. More than 91.0% of pixels had positive RII values, implying that LULCC
played a negative role in NPP accumulation.

Comparatively, there were significant differences in the effects of climate change
and LULCC on NPP. More than 67.2% of pixels exhibited NPP trends that were
dominated by LULCC, and absolute average RII values further confirmed that LULCC
had a greater impact than climate change on NPP. The interacting effects of climate
change and LULCC led to slight NPP variability. In the northeastern region, about
38.1% of pixel NPP trends were dominated by climate change, but it cannot be ignored
that the influence of human activities on vegetation productivity is still increasing and
prolonged efforts will be needed to protect and expand environmental resources in this
region. The above results revealed that LULCC due to urban expansion, rather than
climate variability, was the main cause for regional NPP reductions in Guangzhou.

NPP variability can also be an indicator of urban development intensity and will
provide further insights into terrestrial carbon change resulting from urbanization. In
particular, the obvious spatial heterogeneity in the effects of LULCC and climate
change on NPP change can provide valuable decision support information for ecological
conservation and management in this region. Moreover, it is noteworthy that with the
increase in impervious surface and decrease in vegetation cover resulting from human
activities, the urban heat island effect will likely be intensified and the decline of
cultivated land and forest will threaten food security and ecosystem function. Future
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work should aim to improve data resolution and delve further into the mechanisms
coupling land use change, climate change and the carbon cycle for a long time. And
further work is also needed to identify the mechanisms of cropland NPP and food
security to urban expansion.
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