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Abstract: Quantifying the contributions of climate change and human activities to ecosystem
evapotranspiration (ET) and gross primary productivity (GPP) changes is important for ad-
aptation assessment and sustainable development. Spatiotemporal patterns of ET and GPP
were estimated from 2000 to 2014 over North China Plain (NCP) with a physical and remote
sensing-based model. The contributions of climate change and human activities to ET and
GPP trends were separated and quantified by the first difference de-trending method and
multivariate regression. Results showed that annual ET and GPP increased weakly, with cli-
mate change and human activities contributing 0.188 mm yr and 0.466 mm yr~ to ET trend
of 0.654 mm yr?, and =1.321 g C m2yr?and 7.542 g C m yr? to GPP trend of 6.221 g C
m~2 yr?, respectively. In cropland, the increasing trends mainly occurred in wheat growing
stage; the contributions of climate change to wheat and maize were both negative. Precipita-
tion and sunshine duration were the major climatic factors regulating ET and GPP trends. It is
concluded that human activities are the main drivers to the long term tendencies of water
consumption and gross primary productivity in the NCP.

Keywords: evapotranspiration; gross primary production; contribution; process-based model; multi-regression;
North China Plain

1 Introduction

Evapotranspiration (ET) is the key component that couples energy balance and water budget,
and represents water consumption. Gross primary production (GPP) is the total carbon se-
questration, and is so intertwined with human well-being since it is the source for food and
timber production. ET and GPP are sensitive to climate and human interference (Bai ef al.,
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2014; Sun et al., 2016; Zhang et al., 2013). The interactions between climate change and
human activities are quite complicated and difficult to segregate, especially in
ago-ecosystem (Lobell ef al., 2011; Wang et al., 2016), which may affect the implementa-
tion of management practices. Separating and quantifying the contributions of climate
change and human activities to ET and GPP trends is essential for understanding the impacts
of climatic factors on water consumption, carbon sequestration and adaptation strategies.

Trends for ET differ between regions and ecosystems, and the driving factors are gener-
ally categorized as climate change and human activities (Li, 2014; Liu Q A ef al., 2010; Qiu
et al., 2008; Zhang et al., 2011). Studies showed that climate dominates the variability of
global ET during 1982-2008, and elevated atmospheric CO, concentration dominates ET
trends over the Asian, South American and North American regions (Shi X Y et al., 2013).
In the area with intensive human activities, the contribution of climate change to ET trend is
relative small (Bai et al., 2014). For example, the expansion of cropland area and the man-
agement practices explain 60.5% and 16.8% of the increased ET, while climate change ac-
counts for 4.7% in cropland of northwest China over the past 50 years (Bai et al., 2014).

Vegetation productivity shows increasing trend in most parts of the world, driven by cli-
mate change and human activities (Bai et al., 2016; Dai et al., 2016; Xiao et al., 2015). In
China, air warming explains 36.8% of the increasing trend in annual vegetation productivity
during 1982-2006, while afforestation and crop yield contribute 25.5% and 15.8%, respec-
tively (Xiao et al., 2015). In the Qinghai-Tibet Plateau, climate change is the main driver of
the alpine grassland NPP (net primary production) increasing in the first 20-year and human
activities dominate in the last 10 years during 1982-2011 (Chen et al., 2014). For cropland,
climate change generally exerts negative effects on crop yield associated with air warming
and sunshine duration decline, but these effects are usually compensated for by human ac-
tivities, such as genetic techniques and crop management (Bai et al., 2016; Guo et al., 2014;
LiuY A et al., 2010; Lobell et al., 2007).

Generally, methods for quantifying the contributions of climatic and human-induced fac-
tors are categorized as field experiments (Sun et al., 2016; Zhang et al., 2013), proc-
ess-based model simulations (Bai et al., 2016; Shi X Y et al., 2013) and statistical methods
(Shi W J et al., 2013; Tao et al., 2008; Wang et al., 2016). The experimental studies need
series of field measurement in a relative long time (Xiao et al., 2014; Zhang et al., 2013),
which are labor-demanding and time-consuming. Process-based models (e.g., crop growth
models) have been used to disentangle the contributions of different factors by comparing
the results of different simulations, in which input dataset of one factor varied while holding
other factors constant (Bai et al., 2016; Shi X Y et al., 2013). Process-based models can re-
veal mechanisms, but it is debatable that vary one factor while holding other factors constant
since factors may have interrelationships with each other. Statistical models, such as multi-
variate regression, are easy to conduct by using historical data to calibrate relatively simple
regression equations (Liu Y A et al., 2010; Shi W J et al., 2013; Wang et al., 2016). Statis-
tical models can be used at site or county level (Tao et al., 2008; Wang et al., 2016), and
also can be implemented at each pixel for a whole region. First difference de-trending
method has been used to dissolve the issues of non-climatic trend removal when using the
statistical method to evaluate the climatic contributions (Nicholls, 1997; Lobell et al., 2007;
Tao et al., 2008; Veron et al., 2015). And the contributions of human activities can be esti-
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mated by the non-climatic trends, such as the long-term changes in crop management
(Lobell et al., 2003).

As one of the main grain production regions of China, there is great challenge for the
North China Plain (NCP) to increase or maintain wheat and maize yields because of the wa-
ter shortage and climate change. Researches regarding to investigating the climatic and hu-
man-induced impacts on ET or GPP of the NCP are mainly based on field experiments under
specific conditions (Sun et al., 2016; Zhang et al., 2013). To better understand how ET and
GPP respond to climate change and human activities at different areas of the NCP, it is im-
perative to separate the contributions of climatic factors and human activities for each pixel
over the whole region.

In this study, a physical and remote sensing-based model (Mo et al., 2015; Mo et al., 2011)
is used to estimate ET and GPP of the NCP from 2000 to 2014. By using statistical analysis
methods, we aim to (1) find the dominant climatic factors associated with ET and GPP; (2)
separate and quantify the contributions of climate change and human activities to ET and
GPP trends.

2 Materials and methods
2.1 Study area

The North China Plain (NCP) involves Beijing, Tianjin and other five provinces, extending
from latitude 32°09'N to 40°23'N and longitude 112°51'E to 122°41'E (Figure 1) with an
area of 4 x 10° km®. 85% of the NCP is cropland (Figure la), with a prevailing winter
wheat-summer maize rotation system. It produces about 60% of wheat production and 45%
of maize production for China (Zhang et al., 2013).

The NCP is located in the East Asian Temperate Monsoon climate zone. The mean annual
temperature is about 8-15°C and shows an increasing trend from 2000 to 2014. The annual
precipitation is about 500-1000 mm and decreases gradually from the southeast to the
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Figure 1 Land-use/cover types (a) and annual NDVI trend (P<0.05) (b) in North China Plain during 2000-2014
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northwest. The precipitation, sunshine duration, relative humidity, wind speed and the ref-
erence evapotranspiration present decreasing trends (Ma et al., 2012; Wang et al., 2014),
while NDVI increases significantly in most parts from 2000 to 2014 (Figure 1 b).

2.2 Model description

The remote sensing ET model used in this paper was developed by Mo et al. (2011, 2015).
The total ET is the sum of three separated water vapor fluxes: evaporation of canopy inter-
ception, transpiration and soil evaporation. Evaporation of canopy interception equals to the
potential evaporation on the wetted surface. Transpiration is estimated based on the potential
transpiration and limited by water condition and temperature. Soil evaporation depends on
the potential evaporation and soil exfiltration which elapsed since the day following rainfall
or irrigation (Choudhury et al., 1998). Irrigation is set as three times in the growing season
for dryland. This model uses the fraction of vegetation cover to partition the net radiation
flux used for soil evaporation and transpiration. GPP is estimated by the photosynthetic ac-
tive radiation intercepted by canopy and the light use efficiency which is limited by water
condition and air temperature. ET and GPP of the NCP from 2000 to 2014 were simulated at
daily scale for each pixel with a spatial resolution of 250 m.

2.3 Data

Land-use/cover data (Figure 1a) was provided by Data Center for Resources and Environ-
mental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn), and con-
verted to raster data with 250 m spatial resolution.

Daily meteorological data at 83 stations inside and around the NCP was downloaded from
China Meteorological Administration website (http://data.cma.cn/). They were interpolated
with the spatial resolution of 250 m by gradient inverse distance square method (Lin ef al.,
2002; Mo et al., 2015) which considers the effects of topographical factors.

The 16-day composite 250-m NDVI data (MOD13Q1) from 2000 to 2014 was down-
loaded from MODIS products website (https://Ipdaac.usgs.gov/). The missing data at the
beginning of 2000 was filled up by that of 2001 since vegetation fraction in winter is small
and the inter-annual difference between two adjacent years can be negligible. Data with poor
quality was corrected by S-G filter (Savitzky et al., 1964). In order to match the temporal
scale of the model, the 16-day NDVI was interpolated to daily data by Lagrange polynomial
method.

MODIS monthly ET (MOD16A2) and GPP (MOD17A2) products (https://lpdaac.usgs.
gov/) were used to validate the simulated ET and GPP. Considering the difference of the
spatial resolutions between MODIS products (1 km) and our results (250 m), simulated ET
and GPP were resampled to 1 km by the bilinear interpolation method.

Eddy covariance flux measurements at Yucheng (116°38'1"E, 36°57'1"'N) (2003-2005),
Daxing (116°25'37"E, 39°37'16"'N) (2008-2010) and Guantao (115°07'38"E, 36°30'54"'N)
(2008-2010) Agro-ecosystem Stations were used for ET validation. The observed ET of
Yucheng Agro-ecosystem Station was provided by the Chinese Ecosystem Research Net-
work (CERN, http://www.cerndata.ac.cn/), and that of the other two stations were provided
by “Cold and Arid Regions Science Data Center at Lanzhou” (Jia et al., 2012; Liu S M et al.,
2013) (http://westdc.westgis.ac.cn). For data quality control, the half-hourly data was line-
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arly interpolated if data gaps in one day were less than 4.5 hours in daytime (Zhu et al.,
2015), otherwise the data of that day were rejected.

Considering 85% of the NCP is cropland and crop yield data is available in most counties,
the winter wheat and summer maize yields at county level were used as one of the data
sources to validate crop GPP. The crop yield data was excerpted from provincial rural statis-
tical yearbooks and then converted to GPP by the equation as follows:

Gpp=—ied___ (1)
FxRxHIxP
where Yield is the census data at county level; F is the proportion of biomass above the
ground to total biomass, taken as 0.9; R is the conversion coefficient of biomass to carbon;
HI is the harvest index, HI of winter wheat is specific for each administrative district refer-
ring to Ji et al. (2010), and HI of summer maize is set as 0.49 over the whole area (Xie et al.,
2011); P is the ratio of NPP to GPP (Zhang et al., 2009).

2.4 Analysis methods

The analysis methods include simple linear regression, the first difference de-trending
method, partial correlation analysis and multivariate linear regression. These analysis meth-
ods are all performed in each grid over the whole region.

The trends of ET, GPP and climatic factors are determined by the slope of the simple lin-
ear regression model. To segregate the impacts of climatic factors and human activities, we
use the first-difference de-trending method (i.e., the difference of values in one year to the
previous year) to get rid of the non-climatic influences (e.g., crop management) on ET and
GPP (Nicholls, 1997; Lobell et al., 2007; Tao et al., 2008; Veron et al., 2015).

Since the climatic factors have correlations with each other, the relationships between the
de-trending climatic factors and the de-trending ET (or GPP) are quantified by the partial
correlation analysis (rather than simple correlation analysis). The partial correlation analysis
explores relationship of two variables independent of the influences of other factors
(Nicholls, 1997; Xiao et al., 2015; Dass et al., 2016). The factor that has the highest partial
correlation coefficient is identified as the dominant climatic factor.

In order to quantify the contributions of climatic factors, multivariate linear regression
(Zhang et al., 2010) is conducted with the first differences of climatic factors as the predic-
tor variables and the first difference in ET (or GPP) as the response variable,

YdS :a]X]dY+a2X2dS+a3X3¢g Foeeeenn (2)

where, Y is the normalized de-trended ET or GPP; q; is the regression coefficient of each
predictor; Xy is the normalized de-trended climatic factor.

With the assumption that the responses of dependent variable to the climate trends and the
year-to-year climate variations are similar (Nicholls, 1997; Lobell et al., 2007), the climatic
contributions to ET (GPP) trends during 2000-2014 can be quantified by the above regres-
sion coefficients and the trends of climatic factors (Nicholls, 1997),

Qc = zaiXis_trend (3)

i=1

Qac = Y Qc * Ytrend (4)

s _trend




666 Journal of Geographical Sciences

where Xj; 4enq 15 the trend of normalized climatic factor; Q. is the climatic contribution to the
trend of normalized ET or GPP; Y, senq is the trend of normalized ET or GPP; Yenq is the
trend of ET or GPP; Q,. is the actual climatic contribution to the trend of ET or GPP.

The surplus of the whole ET (GPP) trend and the trend caused by climatic factors is iden-
tified as the trend caused by human activities, and thus the contributions of human activities
can be quantified (Lobell et al., 2003),

Qh = Ysitrend - Qc (5)
Qah = Qh * Ytrend (6)
Ys _trend

where @), is the contribution of human activities to the trend of normalized ET or GPP; Q,,
is the actual contribution of human activities to the trend of ET or GPP.

In addition, the relative contributions of climate change and human activities are calcu-
lated by the equations as follows,

10, |

C =————— 7

10 1+10, ] @
|0,

C,=—" 8

"T10. 1+10, | ®)

where RC. and RC), are the relative contributions of climate change and human activities,
respectively.

2.5 Selection of climatic predictors

The sunshine duration (or radiation), mean daily temperature, precipitation, vapor pressure
deficit (or humidity) and wind speed are the key climatic factors that influencing ET (Uk-
kola et al., 2013; Cao et al., 2014). In addition to these factors (except for wind speed), di-
urnal temperature range has also been reported as the driving climatic force of GPP
(Roderick et al., 2001; Zhang et al., 2013; Dass et al., 2016). However, due to the strong
auto-correlations between some of these factors, it is fallacious to conduct multivariate re-
gression model with all these factors being the predictors. As the simple correlation coeffi-
cients of every two de-trended climatic factors for each grid shown in Figure 2, the sunshine
duration (SD), diurnal temperature range (DTR) and vapor pressure deficit (VPD) are sig-
nificantly correlated with each other in more than 95% of the areas of the NCP. We will not
consider DTR and VPD as the predictors in our study. The subsequent analysis will focus on
the relationships between ET (or GPP) and the screened factors (SD, Ta, PPT and WS).
Considering that wind is the aerodynamic demand for evaporation but has no direct effect on
GPP, we will take wind speed as one of the main climatic predictors only for ET regression.

3 Results and analysis

3.1 Model validation

Figures 3a, 3b and 3¢ show the comparisons between daily ET estimations and observations
at three eddy covariance flux sites across the NCP. In order to reduce the uncertainty that
comes from the effects of flux footprint and geographical accuracy of remote sensing
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Figure 3 Comparisons between simulated daily ET and measured ET by eddy covariance in three flux towers,
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data, the estimated ET were averaged over the 3x3 pixel subsets (250%250 mz) around the
flux sites (Wang et al., 2010). In general, the model performed fairly well in estimating ET,
with the coefficients of determination (Rz) being 0.65 (P<0.05), 0.73 (P<0.05) and 0.67
(P<0.05), and the root mean square errors (RMSE) being 0.71, 0.58 and 0.78 mm day ' for
Yucheng, Daxing and Guantao sites, respectively. This model has also given a reliable re-
sults on ET estimations in paddy field (Taoyuan) and grassland (Xilinhot sites) (Mo et al.,
2015), and the estimated ET of China were consistent with those estimated by water balance
method (Mo et al., 2015). Figures 3d, 3e and 3f show the comparisons between simulated
crop GPP and retrieved GPP by statistic grain yields at county level with R* of 0.61 (P<0.05),
0.56 (P<0.05) and 0.63 (P<0.05), and RMSE of 181, 214 and 188 g C m*> yrﬁ1 for Hebei,
Tianjin and Shandong provinces, respectively. The scatters are all around 1:1 line. These
indicate that the simulated GPP is in good agreement with the yield converted GPP.

ET and GPP were compared with MODIS products in forest, grassland and cropland at
monthly scale (Figure 4). All correlation coefficients are larger than 0.9, which means that
the seasonal patterns of our simulations are consistent with the MODIS products. However,
the normalized standard deviations and the RMSE for cropland are relative higher than that
of forest and grassland. This is because in cropland, MODIS-ET algorithm did not consider
irrigation (Mu et al., 2011), and MODIS-GPP is usually overestimated in non-growth season
but underestimated in growth season (Gao et al., 2014; Liu et al., 2015; Liu et al., 2014).
Study stated that annual MODIS-GPP over irrigated cropland in the NCP only accounts for
about 1/5-1/3 of the ground truth GPP, which is attributed to the underestimations of maxi-
mum light use efficiency (LUE) and leaf area index (LAI, MOD15) (Zhang et al., 2008). In
our model, we considered irrigation for cropland and parameterized the minimum stomatal
resistance for each plant functional type to calculate ET, and optimized the maximum LUE
for estimating GPP according to recent study (Zhang et al., 2016). By this way, the accuracy
of ET and GPP estimation has been improved.
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Figure 4 Taylor diagram of the comparisons between monthly simulated ET and MODIS-ET (a); simulated GPP
and MODIS-GPP (b) over cropland (blue), forest (green) and grassland (red) during 2000-2014

3.2 Spatiotemporal variations of ET and GPP

Mean annual ET and GPP averaged across the NCP from 2000 to 2014 are 600 mm yr ' and
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1196 g C m 2 yr ', respectively, and ET and GPP of drought year (2000, 2001, 2002 and 2006)
are lower than the multi-year mean value, as shown in Figure 5. Regional averaged ET and
GPP increase with the trends of 0.654 mm yrﬁ2 and 6.221 gC m > yrﬁ2 (P<0.1) from 2000 to
2014. The PDFs (probability density functions) of ET are symmetrically distributed across
the blue line with concentrated variation range, and the coefficients of variation (CV) for the
spatial distributions of ET are about 0.2. However, GPP shows relative larger spatial differ-
ence with variation range from 0 to 2200 g¢ C m > yr ' and the modes of PDF being larger
than the mean values. In addition, the CVs of GPP are larger than 0.3 and show a signifi-
cantly (P<0.05) increasing trend (Figure 5).

cv -ET CV oGPP CV —-—— 2000—2014 Mcan -ET —GPP —_
~ 1500 04 T T 13000 T;‘

5999999999999999

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
Year

Figure 5 Probability density functions (PDF) and mean values (triangle symbol, upward or downward triangle
means larger or smaller than the multi-year mean value) of the spatial distributions of ET and GPP from 2000 to
2014. ET is shown on the left side in green and GPP is shown on the right side in red. The blue horizontal line
shows the multi-year mean value averaged over the whole region for ET and GPP. The series of blue thombus and
pink circles represent the variation coefficients of ET and GPP, respectively.

Generally, ET and GPP decrease with latitude and altitude (Figure 6a and 6b). They are
high in the southern and central cropland, especially in Jiangsu and Anhui provinces where
ET and GPP are higher than 700 mm ylf1 and 1400 g C m* yrﬁl. About 16% (P<0.05) and
29.2% (P<0.05) of the region show significant increasing trends while 9.5% (P<0.05) and
8.8% (P<0.05) show significant decreasing trends for ET and GPP, respectively (Table 1).
Decreasing ET and GPP mainly occur in the western and northern parts of the plain and
some areas of Shandong province (Figure 6¢ and 6d). Trends for ET averaged over the sig-
nificantly decreasing (P<0.05), insignificantly decreasing (P>0.05), insignificantly increas-
ing (P>0.05) and significantly increasing (P<0.05) regions are —6.86, —1.79, 2.03 and 5.71 mm
yr 2, while that for GPP are —28.66, —7.29, 8.58, and 24.04 g C m > yr 2, respectively (Table 1).

3.3 Dominant climatic factors of ET and GPP

Based on the de-trending data series which removed the impacts of non-climatic factors, the
dominant climatic factors of ET and GPP are identified by the highest partial correlation
coefficients for each grid of the NCP (Figure 7). It is shown that annual ET variations have
the largest partial correlation coefficients with precipitation variations in about 42.9% of the
region which mainly distributes in the central and northern part (Figure 7a). The western
piedmont plain and the northern part of Jiangsu province are widely dominated by tempera-
ture. Sunshine duration plays the major role in southwest NCP, mainly in central Henan and
north Anhui province. Areas discretely dominated by wind speed only accounts for 6.2% of
the NCP. In wheat growing stage, precipitation dominates ET in the largest area, followed by
temperature, sunshine duration and wind speed (Figure 7b). In maize growing stage, ET is
dominated by precipitation and sunshine duration in 60.7% areas of the NCP (Figure 7c).
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Figure 6 The spatial distributions of annual mean ET (a); annual mean GPP (b); trends of annual ET (P<0.05)
(c) and trends of annual GPP (P<0.05) (d) over the North China Plain from 2000 to 2014

Table 1 The area proportions and mean values of ET and GPP trends

Area ET trend (%)  ET trend (mm yr?)

Area_GPP trend (%) GPP_trend (g C m? yr?)

Decrease (P<0.05) 9.5 —6.864
Decrease (P>0.05) 29.5 -1.794
Increase (P>0.05) 45.1 2.034
Increase (P<0.05) 16.0 5.712

8.8 —28.655
22.7 —7.289
39.3 8.579
29.2 24.041

The role of precipitation indicates that water conditions are more critical than energy for
evapotranspiration in the water-shortage NCP at annual scale, while in maize growing stage
when precipitation is relative abundant, the role of sunshine duration is fairly important.

In most area, the partial correlation coefficients between de-trended annual GPP, GPP in
wheat growing stage and climatic factors (Figures 7d and 7e¢) are not significant. Annual

GPP in 17.1%, 14.4% and 12.2% areas of the NCP is

dominated by precipitation, tempera-

ture and sunshine duration, respectively. In wheat growing stage, it is conspicuous that tem-
perature dominates GPP, especially in western piedmont region (Figure 7¢). In maize growing
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Figure 7 Spatial distributions of dominant climatic variables of annual ET (a), ET in wheat growing stage (b),
ET in maize growing stage (c), annual GPP (d), GPP in wheat growing stage (e¢), and GPP in maize growing stage
() (P<0.05) from 2000 to 2014 after removing the non-climatic influences. (The white color represents that the
partial correlations between ET (or GPP) and climatic factors are insignificant. Wheat growing stage: during Oct,
Nov, Dec, Jan, Feb, Mar, Apr and May; Maize growing stage: during Jun, Jul, Aug and Sep.)

stage (Figure 7f), the effect of sunshine duration is prominent. SD dominates 26.8% of the
NCP discretely, except for the mountain area in south Shandong province in which precipi-
tation plays a major role.

Therefore, precipitation and sunshine duration are the dominant climatic factors of ET
and GPP.

3.4 Contributions of climate change and human activities to ET and GPP trends

3.4.1 Relative contributions of climate change and human activities

The relative contributions of climate change and human activities to ET and GPP trends for
each grid in the whole region are shown in Figure 8. Generally, human activities contribute
more than climate change to both ET and GPP. Averaged over the whole region, the relative
contributions of climate change to ET and GPP are 39.5% and 26%, while those of human
activities are 60.5% and 74%, respectively. Along the Yellow River and in the forests of
northwest NCP, ET trends are obviously dominated by climate change, of which the contri-
butions are greater than 50%. The relative contributions of human activities to GPP are more
than 90% in a large part of cropland, which highlights the role of agricultural management
practices.

3.4.2 Actual contributions of climate change and human activities

The actual contributions of climate change and human activities to ET and GPP trends are
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Figure 8 Relative contributions of climate change and human activities to annual ET and GPP trends. (The sum
of the relative contributions equals to 100%.)

summarized in Table 2. Climate change contributes 0.188 mm yr* (28.8%), and human ac-
tivities contribute 0.466 mm yr > (71.2%) to ET trend of 0.654 mm yr . ET trend over the
significantly (P<0.05) changing area (as shown in Figure 6¢) is 1.045 mm yrfz, of which
climate change contributes 0.416 mm yr > (39.8%), and human activities contribute 0.630 mm
yr 2 (60.2%). In the area ET shows significantly increasing trend (P<0.05), climate change
and human activities contribute 0.515 mm yr > (9%) and 5.197 mm yr > (91.0%), respec-
tively. In the area ET decreases significantly (P<0.05) with the trend of —6.864 mm yr >, the
trends induced by climate change and human activities are 0.247 mm yr > and —7.111 mm
yr 2, respectively.

For GPP trend, climate change contributes —1.321 g C m 2 yr > and human activities con-
tribute 7.542 g C m > yr * in the whole region. GPP trend averaged over the significantly
(P<0.05) changing region (as shown in Figure 6d) is 11.863 g C m > yr 2, of which the
changes induced by climate change and human activities are —1.876 g C m ™~ yr > and
13.739 g C m * yr 7, respectively. As for the significantly increasing areas (P<0.05), climate
change contributes —2.169 g C m > yr > and human activities contribute 26.210 g C m > yr >,
which prompt the GPP trend of 24.041 g C m> yr °. For the significantly decreasing areas
(P<0.05) with the trend of —28.655 g C m > yr %, the contribution of human activities ac-
counts for —27.752 g C m > yr *.
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Table 2 Mean actual contributions of climate change and human activities to annual ET trends (mm yr %) and
GPP trends (g C m 2 yr?)

Zones ET trend Q. to ET trend Qunto ET trend GPP trend Q.. to GPP trend Q.nto GPP trend

A 0.654 0.188 0.466 6.221 -1.321 7.542
B 1.045 0.416 0.630 11.863 -1.876 13.739
C 5.712 0.515 5.197 24.041 —2.169 26.210
D —6.864 0.247 -7.111 —28.655 —-0.903 —27.752

Note: A represents the whole area of the NCP; B represents the area where ET or GPP trends are significant; C and D
represent the areas that ET (or GPP) shows significantly increasing trend and significantly decreasing trend, respectively.
Q.. and Q. are the actual contributions of climate change and human activities as defined in section 2.4.

ET trends show difference among land use types (Figure 9a). Areas with decreasing ET
trends are mainly occupied by forest and built-up land (Figure 9a). In these two land use
types, human activities contribute negatively to ET trends, which offset the increasing trends
arose by climate change. Except for these two types, the contributions of human activities to
ET trends are all positive. In grassland, annual ET shows increasing trend, climate change
and human activities both show positive contributions in which climate change plays a
dominant role (Figure 9a). In water body and cropland, human activities have positive con-
tributions to ET while climate change contributes negatively. ET of winter wheat increases
0.802 mm yr ~, in which climate change and human activities contribute —0.110 mm yr > and
0.912 mm yr 2, respectively (Figure 9a). However, for summer maize, ET shows decreasing trend
of —0.028 mm yrf2 with climate change contributing negatively (—0.163 mm yrfz) and human
activities contributing positively (0.135 mm yr *) (Figure 9a).

For GPP trends, contributions of climate change are negative and that of human activities
are positive except for grassland. In grassland, contributions of climate change and human
activities both are positive (Figure 9b). Human activities contribute dominantly to GPP in-
creases in grassland, forest and cropland. For cropland, trend of GPP in maize growing stage
is 0.103 g C m 2 yr %, in which climate change and human activities contribute —1.712 and
1.815¢gC m? yrfz, respectively (Figure 9b). In wheat growing stage, the negative contribu-
tion of climate change is weak and human activities dominate the increase of GPP. GPP of
wheat increases with trend of 7.097 g C m > yr %, in which —0.099 g C m* yr  is attributed

=== Climate change === Human activities
Built-up @) ®

Water body
Grassland
Forest
Cropland
Maize
Wheat

-1 0 i 2 3 4 0 4 8 12
ET Trend (mm yr?) GPP Trend (g Cm 7?2 yr?)
Figure 9 Actual contributions of climate change and human activities to ET and GPP trends in different land use

types. (We further distinct the winter wheat and summer maize in cropland; GPP of water body is for the vegeta-
tion in wetland and benchland.)
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to climate change and 7.196 g C m yrf2 is attributed to human activities (Figure 9b).

In general, human activities dominate ET and GPP trends. For the regional average ET,
climate change and human activities both have positive impacts, while for the regional av-
erage GPP, climate change has negative effect but this effect is eventually offset by the
dominant positive impact of human activities. For cropland, the contributions of climate
change are negative while that of human activities are positive. The negative climatic con-
tributions on wheat are relative small than that on maize.

4 Discussion
4.1 ET, GPP and their trends

The annual mean ET of the NCP is 600 mm yr ', which is similar to the result of Lei ef al.
(2010) in which annual ET over an irrigated cropland in the NCP is 595 mm in the period of
20052006 and 609 mm in the period of 2006-2007, respectively. But compared with
MODIS-ET whose annual mean value is 485 mm, our result is much higher. The simulated
ET that is higher than MODIS-ET mainly distributes in the central and northern parts of the
NCP (Figure 10c) where NDVI is larger than 0.25 (Figure 11a). In these areas, crop irriga-
tion is prevailing (Mo et al., 2011). But MODIS-ET algorithm neglects the impact of irrigation.
This may be the main reason for the difference between our simulated ET and MODIS-ET.

It is reasonable that simulated annual mean GPP is 1196 g C m? yrf1 since GPP in pure
cropland approaches about 1500 ¢ C m > yr ' (Wang et al., 2015; Zhang et al., 2008). By
contrast, annual mean MODIS-GPP of the NCP is only 800 g C m * yr '. Large difference
was also observed between estimated GPP (Xiao ef al., 2010) and MODIS-GPP in United
States, particularly for croplands in the Midwest, in which estimated annual GPP and
MODIS-GPP are ~1200-1500 and ~700 g C m* yrﬁl, respectively. MODIS-GPP that is
lower than our simulation mainly distributes in the central and western NCP (Figure 10f)
where the land use type is mainly cropland (Figure 1a) and NDVI is larger than 0.3 (Figure
11b). This is mainly because the maximum light use efficiency is underestimated (only
0.68 g C MJ™") for cropland in MODIS algorithm (Xiao et al., 2010; Zhang et al., 2008). In
addition, MODIS-GPP is overestimated when NDVI is lower than 0.3 (Figure 11b). These
support the view that MODIS-GPP is underestimated at high productivity and overestimated
at low productivity areas (Turner et al., 2006).

In our study, annual ET exhibits increasing trends. Study based on measured data also in-
dicated that actual water use of the NCP increased in recent three decades (Zhang et al.,
2011). In the irrigated croplands of America, ET also showed increasing trend (Jaksa et al.,
2015). However, trend in annual MODIS-ET of the NCP is negative as shown in Figure 12a,
which is mainly due to the ET decline in maize growing stage. The correlation coefficient of
our predicted annual ET and the significantly increased NDVI (trend=0.004 (P<0.01)) is
0.51 (P<0.05), but only 0.06 for MODIS-ET and NDVI. Therefore, our estimated ET that
shows increasing trend captured the vegetation dynamic preferably compared to MODIS-ET.
Although there are discrepancies in GPP magnitudes between our simulations and MODIS
product, trends of them are similar as shown in Figure 12b. MODIS-GPP and simulated GPP
both have good relationships with NDVI with the correlation coefficients being 0.83 (P<0.01)
and 0.75 (P<0.01), respectively.
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Figure 10 Spatial distributions of annual mean simulated ET (a), annual mean MODIS-ET (b), difference be-
tween annual mean simulated ET and annual mean MODIS-ET (c), annual mean simulated GPP (d), annual mean
MODIS-GPP (e), difference between annual mean simulated GPP and annual mean MODIS-GPP (f)
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Figure 12 Changes of ET (a) and GPP (b) in the North China Plain from 2000 to 2014 (Mean ET and GPP are
all averaged over the areas where MODIS products have valid values.)
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4.2 Sensitivities of ET (GPP) to climatic variables

When using the first-difference de-trending method to remove the non-climatic influences
and then assessing the contributions of climate change by the linear regression model, there
is an assumption that the responses of ET (or GPP) to the trends of climatic factors and the
year-to-year variations are similar (Nicholls, 1997; Lobell et al., 2007). That means ET (or
GPP) and climatic variables are assumed to be linearly associated, which may introduce
some biases.

The sensitivities of ET (or GPP) to climatic factors are analyzed to illustrate this issue. If
ET (or GPP) and climatic variables are linearly associated, the sensitivities of ET (or GPP)
to climatic factors should be the same before and after climate change. If they are not line-
arly associated, the sensitivities are different and the differences of the sensitivities indicate
the biases arose from the non-linear relationships. By comparing the sensitivities of ET (or
GPP) to climatic factors under the present climate condition and the changed climate condi-
tion, it was found that the sensitivity of ET to Ta increasing 1°C when WS decreasing 20%
has the largest difference which is shown as the orange circle in the fourth column of Figure
13a. For GPP (Figure 13b), the difference of the sensitivities to SD under different Ta condi-
tions is the largest. Generally, the differences of the sensitivities of ET to SD (or Ta, PPT,
WS) under different climatic conditions are all less than 1%, and that of GPP are all less than
1%o, which means that the biases arisen by the non-linear associations are small and negligi-
ble. Therefore, the relationships between ET (or GPP) and climatic factors can be assumed
linear, and the sum of the effects of climate variables can represent their interactive roles in
affecting ET or GPP.

_ ®SD Ta ® PPT ® WS
N 0.1
e (a) (b)
o ] °
E 0 [ 0 ® ° -
Zg ° .
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E -1
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Figure 13 Differences of the sensitivities of ET (a) and GPP (b) to each climate factor under different climatic
conditions. (Specifically, assume that the sensitivity of ET to Ta increasing 1°C is A, and the sensitivity of ET to
Ta increasing 1°C when SD decreases 20% is B. The difference of A and B is shown as the orange circle in the
first column of (a). The differences of the sensitivities of ET (or GPP) to other factors are estimated similarly.
Changes of SD, PPT and WS are set as decreasing 20%, while change of Ta is set as increasing 1°C according to
the climatic conditions of the North China Plain.)

4.3 TImpacts of climate change and human activities on crops

Generally, technology advances and crop management practices adapted by farmers can
mitigate and offset the disadvantages of climate change for crop productivity. For example,
Lobell et al. (2007) indicated that global yields of wheat and maize response negatively to
increased temperatures, but these negative impacts are smaller than the impacts of technol-
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ogy. In China, Guo et al. (2014) demonstrated that technological progress contributes domi-
nantly to maize yield increase during 1981-2010, although climate change has negative ef-
fects on maize. In this study, our results support this view that crop productivities increase
over the NCP during 2000-2014, which are contributed mainly by human activities.

Table 3 Trends of climatic factors averaged over cropland from 2000 to 2014

Trend SD Ta PPT A
Wheat growing stage 0.010 0.007 -0.126 —0.046**
Maize growing stage —0.049* —0.001 -0.593 —0.043**

Note: ** indicates P<0.05; * indicates P<0.1

In the NCP, we find that climate change has negative impacts on both wheat and maize
for ET and GPP, but the effects on wheat are relative small. Climate change influences ter-
restrial eco-hydrological process by altering the spatiotemporal distribution of precipitation,
available energy, and air temperature. Positive response of crop yield to sunshine duration
has been concluded by the experimental researches (Sun ef al., 2016; Zhang et al., 2013). In
maize growing stage, sunshine duration decreases significantly (Table 3), which reduces
surface available energy, photosysthesis rate and biomass accumulation, and consequently
causes water consumption and crop yield decrease (Bai et al., 2016; Liu et al., 2005). Fur-
thermore, temperature in wheat growing stage shows weakly increasing trend (Table 3),
which may accelerate evapotranspiration and help winter wheat avoid freezing disaster. In
addition, precipitation in wheat growing stage and maize growing stage both show decreas-
ing trend, but the decreasing magnitude of PPT in maize growing stage is larger than that in
wheat growing stage (Table 3). These may be the major reasons for the different magnitudes
of the negative effects of climate change on wheat and maize.

5 Conclusions

Based on a remote sensing and physical model, the spatiotemporal patterns of ET and GPP
were estimated from 2000 to 2014 over the NCP with a 250-m resolution. Dominant climatic
factors of ET and GPP were identified by the partial correlation analysis, and the contribu-
tions of climate change and human activities to ET and GPP trends were separated and
quantified by the first-difference de-trending method and multivariate regression.

Annual mean ET and GPP averaged over the NCP from 2000 to 2014 were increasing
with trends of 0.654 mm yr > and 6.221 g C m > yr > (P<0.1), respectively. About 16% and
29.2% of the area in the NCP showed significantly increasing trends while 9.5% and 8.8%
showed significantly decreasing trends for annual ET and GPP, respectively. The relative
contributions of climate change and human activities to ET trends were 39.5% and 60.5%,
and those to GPP trends were 26% and 74%, respectively. Climate change and human activi-
ties contributed 0.188 mm yr * and 0.466 mm yr > to ET trend of 0.654 mm yr >, and —1.321
gCm?yr?and7.542 g C m?yr?to GPP trend of 6.221 g C m 2 yr °. Thus, human activi-
ties dominated ET and GPP trends. As for climatic factors, precipitation and sunshine dura-
tion were identified as the major variables regulating ET and GPP trends. For winter
wheat-summer maize double cropping system, the increasing trends of ET and GPP mainly
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occurred in wheat growing stage; the negative effect of climate change on wheat was less
than that on maize; at annual scale, the negative contributions of climate change were offset
by the positive contributions of human activities.
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