
Agricultural and Forest Meteorology 149 (2009) 1266–1278
Modelling the impacts of weather and climate variability on crop productivity
over a large area: A new super-ensemble-based probabilistic projection

Fulu Tao a,*, Zhao Zhang b, Jiyuan Liu a, Masayuki Yokozawa c

a Institute of Geographical Sciences and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China
b State Key Laboratory of Earth Surface Processes and Resource Ecology, Beijing Normal University, Beijing 100875, China
c National Institute for Agro-Environmental Sciences, 3-1-3 Kannondai, Tsukuba, Ibaraki 305-8604, Japan

A R T I C L E I N F O

Article history:

Received 7 November 2008

Received in revised form 12 February 2009

Accepted 19 February 2009

Keywords:

Agriculture

China

Climate change

Food security

Impact

Uncertainty

Water stress

A B S T R A C T

Estimates of climate change impacts are plague with uncertainties from many physical, biological, and

social-economic processes. Among the urgent research priorities, more comprehensive assessments of

impacts that better represent the uncertainties are needed. Here, we develop a new super-ensemble-

based probabilistic projection approach to account for the uncertainties from CO2 emission scenarios,

climate change scenarios, and biophysical processes in impact assessment model. We demonstrate the

approach in addressing the probabilistic changes of maize production in the North China Plain in future.

The new process-based general crop model, MCWLA [Tao, F., Yokozawa, M. Zhang, Z., 2009. Modelling

the impacts of weather and climate variability on crop productivity over a large area: a new process-

based model development, optimization, and uncertainties analysis. Agric. For. Meteorol. 149, 831–850],

is used. MCWLA accounts for the key impact mechanisms of climate variability and is accurate over a

large area. We use 10 climate scenarios consisting of the combinations of five GCMs and two emission

scenarios, the corresponding atmospheric CO2 concentration range, and 60 sets of crop model

parameters representing the biophysical uncertainties from crop models. The planting window is set to

allow planting shift within the window, although the crop cultivar and management practice in future

were assumed to be same as the level during the baseline period. The resulting probability distributions

indicate expected yield changes of �9.7, �15.7, �24.7% across the maize cultivation grids in Henan

province during 2020s, 2050s, and 2080s, with 95% probability intervals of (�29.4, +15.8), (�45.7, +24.0),

(�92.8, +20.3) in percent of 1961–1990 yields, respectively. The corresponding value in Shandong

province is �9.1, �19.0, �25.5%, with 95% probability intervals of (�28.4, +17.4), (�45.4, +15.9), (�60.1,

+12.8). We also investigate the temporal and spatial pattern of changes and variability in maize yield

across the region. Besides the new findings on the probabilistic changes of maize productivity in the

North China Plain, our study demonstrated an advanced super-ensemble-based probabilistic projection

approach in addressing the impacts of climate variability (change) on regional agricultural production

and the uncertainties.

� 2009 Elsevier B.V. All rights reserved.
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1. Introduction

Climate change in the last few decades have been documented
in affecting crop growth and development, agricultural water
resource and production in broad regions of the world (e.g.,
Nicholls, 1997; Lobell and Asner, 2003; Tao et al., 2003a, 2006,
2008a; Peng et al., 2004; IPCC, 2007). The key vulnerabilities and
risks from future climate change in terms of regional agricultural
production and food security have, therefore, been of considerable
attention (Tao et al., 2003b, 2008b, in press; IPCC, 2007). Extensive
studies have projected the potential impacts of future climate
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change on agricultural productivity by driving crop models with
global climate models (GCMs) output (e.g., Tao et al., 2003b,
2008b; Parry et al., 2004; Challinor et al., 2005; Xiong et al., 2007).

Estimates of climate change impacts are often characterized by
large uncertainties that reflect ignorance of many physical,
biological, and socio-economic processes, and which hamper
efforts to anticipate and adapt to climate change (Heal and
Kriström, 2002; Lobell and Burke, 2008). Although uncertainty
about climate change has received growing attention in recent
years, much of this has focused on the description of scientific
uncertainties in the climate system (Carter et al., 1999; Murphy
et al., 2004; Palmer et al., 2004) and to a lesser extent in climate
change impact assessments (Jones, 2000; Dessai et al., 2007).
Uncertainties in climate change impact assessment studies
originate mainly from greenhouse gases emissions scenarios,
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climate change scenarios output from GCMs, and the physical and
biological processes in impact assessment models. Among the
urgent research priorities, we need more comprehensive assess-
ments of impacts that use probabilistic output from ensembles of
climate models to better represent uncertainty, and which clearly
communicate what we know and do not know about how regional
climate may change (IPCC, 2007; Tao et al., 2008b). We need use
multiple impact assessment models and/or multiple sets of
parameters to better represent uncertainties from physical and
biological processes (Tao et al., 2009). Also there is a widely
recognized need in the scientific and policy communities for
probabilistic estimates of climate change impacts (Tao et al.,
2008b; Tebaldi and Lobell, 2008). Recent progresses in impact
assessment studies have tried to take accounts of such uncertain-
ties to different extent by use of more than one CO2 emission
scenarios, climate change scenarios, and/or impact assessment
models (e.g., Aggarwal and Mall, 2002; Cantelaube and Terres,
2005; Challinor et al., 2005; Marletto et al., 2005; Challinor and
Wheeler, 2008; Iizumi et al., 2009; Tao et al., 2008b, 2009; Tebaldi
and Lobell, 2008).

Tao et al. (2009) have applied the Bayesian probability inversion
(Tarantola, 1987) and a Markov chain Monte Carlo (MCMC)
technique (Hastings, 1970) to a crop model to analyze system-
atically the uncertainties associated with the physical and
biological parameters in the model. As a continuous work, here
we aim to: (1) develop a super-ensemble-based probabilistic
projection approach which accounts systemically for the uncer-
tainties not only from the emission and climate change scenarios
(Tao et al., 2008b), but also from the biophysical processes in
impact assessment model (Tao et al., 2009); (2) investigate the
probabilistic changes of maize productivity in the major produc-
tion areas of China temporally and spatially in the 21st century.

In this study, we focus on the Maize (Zea mays) production in
the Henan and Shandong provinces on the North China Plain
(Fig. 1), a major agricultural production area, although the
crop model and the proposed super-ensemble-based probabil-
istic projection approach can be widely used for other crops and
regions.

2. Materials and methods

2.1. Model description

The new process-based general Model to capture the Crop-
Weather relationship over a Large Area (MCWLA) developed by
Fig. 1. Maize cultivation fraction in China at 0.58 � 0.58 grid res
Tao et al. (2009) is applied in this study. The details on model
development, parameters optimization, and uncertainties analysis
have been described in Tao et al. (2009). Briefly, MCWLA simulates
crop growth and development in a daily time-step. It is designed to
investigate the impacts of weather and climate variability (change)
on crop growth, development and productivity at a large scale.
Growing degree-days provide the driving force for the processes of
canopy development, flowering, and maturity. The daily growth of
the crop leaf area is simulated by heat-dependent potential growth
rate and stresses from water, which is improved from the GLAM
(Challinor et al., 2004). Soil hydrology is modelled following the
semi-empirical approach of Haxeltine and Prentice (1996a), which
was simplified from the model developed by Neilson (1995).
MCWLA adopts the robust, process-based representation of the
coupled CO2 and H2O exchanges in the Lund–Postdam–Jena (LPJ)
dynamic global vegetation models (Haxeltine and Prentice,
1996a,b; Sitch et al., 2003; Bondeau et al., 2007). In the meantime,
the impacts on yield due to factors other than weather (e.g., pests,
disease and management factors) are modelled in a simplified way
as GLAM (Challinor et al., 2004). Biomass is accumulated from the
photosynthate and further transferred into crop yield by harvest
index. Crop yield hindcasts by MCWLA captured significantly the
interannual variability in crop yield at all the four investigated
provinces from 1985 to 2002 (Tao et al., 2009). Furthermore,
MCWLA simulates crop response to elevated CO2 concentration
([CO2]) and extreme temperature by adopting photosynthesis–
stomatal conductance coupling. Its simulations on crop response
to elevated [CO2] agree well with the controlled-environment
experiments, suggesting its validity also in future climate (Tao
et al., 2009).

2.2. Data

The MCWLA requires daily weather inputs for mean tempera-
ture, precipitation, vapour pressure, and fractional sunshine hours.
Daily weather for maximum and minimum temperature, pre-
cipitation and solar radiation is an alternative set of inputs. In this
study, the MCWLA is run at each 0.58 � 0.58 grid with maize
cultivation fraction �0.05 across two major production provinces:
Henan and Shandong (Fig. 1). There are totally 47 grids in Henan
province and 54 grids in Shandong province. Monthly data on
mean temperature, precipitation, vapour pressure, wet days and
fractional sunshine hours for the 0.58 � 0.58 resolution grids from
1901 to 2002 are obtained from the Climatic Research Unit,
University of East Anglia, UK (Mitchell and Jones, 2005).
olution and the provinces and grids analyzed in this study.
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For the future climate change scenarios, the 10 scenarios for
monthly fields of mean temperature, precipitation, vapour
pressure and fractional sunshine hours on a 0.58 grid from 2001
to 2100 are also taken from the Climatic Research Unit, University
of East Anglia (Mitchell et al., 2004). The scenarios comprise all 10
combinations of two emission scenarios (A1FI, B1) and five GCMs
(HadCM3, PCM, CGCM2, CSIRO2, ECHAM4), using GCMs outputs
from the IPCC Data Distribution Centre. The detailed information
on the GCMs can be found at http://www.ipcc-data.org/. The
complete method of dataset construction was described in
Mitchell et al. (2004). Ten different futures are used to represent
the uncertainty in climate impacts arising from two distinct
uncertainty sources: uncertainty in the future emissions of
greenhouse gases and uncertainty in climate modelling. Each of
the 10 permutations was treated as equally likely (Mitchell et al.,
2004). In the development of the dataset, to remove the effects of
multidecadal variability, the variability observed in the 20th
Century was superimposed on the mean changes projected for the
21st Century (Mitchell et al., 2004). Thus, the climate scenarios of
the 21st Century replicate the observed month-to-month, inter-
annual, and multidecadal climate variability of the detrended
20th-Century climate data. One consequence of this approach is
that possible future changes in multidecadal or interannual
variability are not included in these scenarios.

The monthly means of mean temperature, vapour pressure and
fractional sunshine hours were interpolated to daily values using
spline interpolation (Press et al., 1992). In our previous study (Tao
et al., 2009), daily precipitation at 0.58 � 0.58 resolution grids from
1980 to 2002 was from the APHRODITE project (Asian Precipita-
tion—Highly-Resolved Observational Data Integration Towards
Evaluation of the Water Resources), which were developed
primarily with data obtained from a rain-gauge observation
network. Here, in projecting the impacts of future climate change,
to match future climate change scenarios, monthly precipitation
under both baseline climate condition and future climate scenarios
is interpolated to daily values using a weather generator, with
monthly total precipitation and wet days as inputs, after Gerten
et al. (2004). We validate MCWLA using the dataset and
interpolation method at both crop model grid (0.58 � 0.58) and
province scale. The monthly wet days in the 21st Century are
Table 1
Mean and standard deviation (S.D.) of the 60 sets of model parameters used in this stu

Parameters Mean S.D.

Phenological parameters

Tb (8C) 8.98 0.10

To (8C) 30.20 0.43

Tm (8C) 34.34 0.86

TDD0 (degree-days) 167.57 11.62

TDD1 (degree-days) 564.31 52.36

TDD2 (degree-days) 658.43 12.57

TDD3 (degree-days) 981.35 9.63

TDD4 (degree-days) 1696.56 13.05

Light, water use, and yield formation parameters

Ygp 0.74 0.14
@HI
@t

0.015 0.001

Rr:l 3.20 0.99

Scr 0.46 0.19

Sle 0.35 0.05

a 0.05 0.005

TTmax (mm m�2 d�1) 13.29 1.11

gm 9.62 0.33

li 0.29 0.04

Rm25 (g C m�2 d�1) 0.41 0.19

mr (g C m�2) 55.41 24.68

ag 0.33 0.05

Wo (g C m�2) 0.11 0.06
assumed to replicate the observed values in the 20th Century,
because the variable is not available in the future climate change
scenarios.

As in the previous study (Tao et al., 2009), soil texture and
hydrological properties data are based on the FAO soil dataset
(Zobler, 1986; FAO, 1991). Soil parameters include the soil-
texture-dependent percolation rate (mm d�1) at field capacity and
available volumetric water holding capacity (i.e., the water holding
capacity at field capacity minus water holding capacity at the
wilting point, expressed as a fraction of soil layer depth).

Yearly district-, county-, or subprovince-level (usually includ-
ing five to eight counties) data on maize yield and growing area
were obtained from the statistical yearbook of each county or
province. Yearly maize phenology at the grid cell of Zhengzhou,
including planting, flowering, and harvest dates, were obtained
from the agricultural meteorological stations at Zhengzhou (Tao
et al., 2006). Yearly growing-area-weighted yields at some
0.58 � 0.58 grids (Fig. 1) were calculated from their district-level
data on growing area and yield. Yearly growing-area-weighted
yields for the Henan and Shandong provinces (Fig. 1) were
calculated from the county- or subprovince-level data on growing
area and yield. The growing-area-weighted yields at the 0.58 � 0.58
grids and provinces were detrended to produce yield data at the
production technology of the base year, and these data (referred to
as ‘observed yields’) were used in the model calibration and
evaluation procedure.

2.3. Developing a super-ensemble-based probabilistic projection

approach

Tao et al. (2009) have applied the Bayesian probability inversion
and a Markov chain Monte Carlo (MCMC) technique to the MCWLA
to analyze uncertainties in parameter estimation and model
prediction and to optimize the model. For summer maize, using the
observed datasets of flowering date, maturity date and yields at the
grid cell of Zhengzhou (Fig. 1) from 1995 to 2002, 55,000 sets of
parameters for MCWLA have been sampled by the Metropolis–
Hastings (M–H) algorithm and have been validated in Henan and
Shandong province. Tao et al. (2009) ran MCWLA using all the
55,000 sets of parameters to investigate the uncertainties from the
dy.

Definition

Base temperature

Optimum temperature

Maximum temperature

Thermal time for growing stage 0

Thermal time for growing stage 1

Thermal time for growing stage 2

Thermal time for growing stage 3

Thermal time for growing stage 4

Yield gap parameter

Change of harvest index with time

Relative growth rate of root depth and leaf area index

Critical threshold value of water stress to affect growth

Scaling factor for absorbed PAR at ecosystem versus leaf scale

Effective ecosystem-level quantum efficiency

Maximum transpiration rate

Empirical parameter in calculating atmospheric demand water

Parameter balancing the partial pressure of CO2 between the

intercellular and ambient

Maintenance respiration at 25 8C
Empirical parameters in calculating maintenance respiration

Growth respiration parameter

Initial biomass at emergence

http://www.ipcc-data.org/


Fig. 2. Time series in the modelled and observed maize yield at the grid of Luoyang (a), Pingdingshan (b), Luohe (c), Xinxiang (d), Jinan (e), Qingdao (f), Weifang (g) and Taian (h).
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Fig. 3. Time series in the modelled and observed yield at the province scale in Henan

(up) and Shandong province (down). *Correlation is significant at p < 0.05.
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physical and biological parameters in the model, resulting in an
ensemble-based prediction. Here, instead of using all the 55,000
sets of parameters, from the 55,000 sets of parameters, we firstly
select the optimal 60 sets of parameters that produce the
minimum root mean-square error (RMSE) between the modelled
and observed historical crop-yield series. The information and
statistics of the 60 sets of parameters are shown in Table 1. Then,
using the optimal 60 sets of parameters, MCWLA is driven by the
baseline climate conditions (1961–1990) and the 10 future climate
scenarios for 2020s (2011–2040), 2050s (2041–2070), and 2080s
(2071–2100), respectively, resulting in a super-ensemble-based
projection. The mean [CO2] would be 436.0 ppm v during 2020s,
602.5 ppm v during 2050s, and 842.0 ppm v during 2080s under
A1FI scenario. Under B1 scenario, the corresponding values would
be 424.5 ppm v, 498.5 ppm v, and 541.0 ppm v, respectively (IPCC,
2001). Finally, for each maize cultivation grid in Henan (total 47
grids) and Shandong (total 54 grids) provinces, we have 60 sets of
parameters � 30 years = 1800 sets of simulation results for 1961–
1990, and 60 sets of parameters � 30 years � 10 climate scenar-
ios = 18,000 sets of simulations results for 2020s, 2050s, and 2080s,
respectively. We calculate the changes of maize productivity using
every set of simulation result during 2020s, 2050s, and 2080s,
respectively, relative to the corresponding simulation during
1961–1990. We further derive the probability distribution
functions (PDFs) of maize productivity changes based on the large
number of simulation results.

2.4. Analysis

The performance of MCWLA using the dataset and interpolation
method is evaluated by calculating the Pearson correlation
coefficient (r) and root mean squared error (RMSE) between the
modelled and the corresponding observed yield series at both the
crop model grid scale and province scale.

We analyze the temporal and spatial changes of maize
productivity in a probabilistic framework, based on the large
number of simulation outputs from the super-ensemble-based
projection. We derive the PDFs of maize yield changes during
2020s, 2050s, and 2080s, respectively, relative to 1961–1990, at
the representative crop grid cells (i.e., Qingdao, Weifang, Jinan and
Taian in Shandong province, and Luoyang, Pingdingshan, Luohe,
and Xinxiang in Henan province) (Fig. 1). Across all the maize
cultivation grids in a province, we also derive the histogram and
cumulative distribution function (CDF) of maize yields during
1961–1990, and maize yield changes during 2020s, 2050s, and
2080s, respectively. Finally, we plot the spatial changes of mean
and standard deviations of maize productivity during 1961–1990,
and their changes during 2020s, 2050s, and 2080s, on a resolution
of 0.58 � 0.58 grids across the study region.

3. Results

3.1. Model validation at both grid and province scale

At crop model grid scale, the observed data at the grid of
Luoyang from 1985 to 2002, Pingdingshan from 1992 to 2002,
Luohe from 1994 to 2002, Xinxiang from 1994 to 2002, Jinan from
1989 to 2002, Qingdao from 1991 to 2002, Weifang from 1992 to
2002 and Taian from 1993 to 2002, are used for model evaluation.
Agreement between observed and modelled yield series is variable
across the grids, with r ranging from 0.00 to 0.53, and RMSE
ranging from 534 to 1386 kg/ha (Fig. 2).

At province scale, r and RMSE between observed and modelled
yield series from 1979 to 2002 is 0.362 (p = 0.083) and 468 kg/ha,
respectively, in Henan province (Fig. 3). In Shandong province, the
corresponding value is 0.484 (p = 0.017) and 404 kg/ha, respectively.
Using the present dataset, MCWLA can generally simulate
crop yield reasonably well in most of years at crop model grid
scale, although the skills are less than the previous simulations
using the observed daily precipitation dataset (Tao et al., 2009).
At province scale, MCWLA can still significantly capture the
interannual variability in crop yield in Shandong province from
1979 to 2002.

3.2. Probabilistic changes of maize yield

The resulting PDFs of maize yield changes during 2020s,
2050s, and 2080s at the representative grid cells, relative to
1961–1990, are presented in Fig. 4. Each of the PDF is based on
the projected yield changes from 60 sets of parameters � 30
years � 10 scenarios = 18,000 simulation results. All PDFs have a
general form of Gaussian distribution. However the mean (or
peak) could shift more to the negative side, and standard
deviation (S.D.) could become larger, and the negative tail of PDF
could become more extended and stronger from 1961–1990 to
2080s. The changes in the PDFs suggest that mean yield could
decrease more, the probability of yield decrease could increase,
and maize yield could become more variable in future at these
grids.

For all the maize cultivation grids across Henan province, the
histogram and CDF of maize yield changes, based on the large
number of super-ensemble simulations (47 grids � 60 sets of
parameters � 30 years � 10 scenarios = 84,600 simulations), show
that with 60% probability maize yields could decrease by 8.4%
(Fig. 5b), 13.3% (Fig. 5c), and 18.1% (Fig. 5d) during 2020s, 2050s,
and 2080s, respectively, relative to 1961–1990 yields (Fig. 5a).



Fig. 4. Probability density functions of maize yield changes during 2020s, 2050s, and 2080s, relative to 1961–1990, at the grid of Luoyang (a), Pingdingshan (b), Luohe (c),

Xinxiang (d), Jinan (e), Qingdao (f), Weifang (g), and Taian (h).
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Fig. 5. Cumulative probability functions and histograms of maize yield during 1961–1990 (a) and its changes during 2020s (b), 2050s (c), and 2080s (d), across the maize

cultivation grids in Henan province.

Table 2
Statistics of projected yield changes across the maize cultivation grids in Henan and

Shandong province for 2020s, 2050s, and 2080s, relative to 1961–1990.

Province Period Samples Mean (%) S.D. (%) P5 (%) P50 (%) P95 (%)

Henan 2020s 846,000 �9.7 15.0 �29.42 �11. 2 15.8

2050s 846,000 �15.7 23.3 �45.68 �18.4 24.0

2080s 846,000 �24.7 30.5 �92.76 �23.2 20.3

Shandong 2020s 972,000 �9.1 14.5 �28.35 �11.2 17.4

2050s 972,000 �19.0 19.7 �45.41 �21.6 15.9

2080s 972,000 �25.5 23.7 �60.11 �26.5 12.8

S.D. represents standard deviation, P5 represents the 5th percentile, P50 represents

median value and P95 represents the 95th percentile.
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Maize yield could decrease averagely by 9.7% with S.D. of 15.0,
15.7% with S.D. of 23.3 and 24.7% with S.D. of 30.5% during 2020s,
2050s, and 2080s, with 95% probability intervals of (�29.4, +15.8),
(�45.7, +24.0), and (�92.8, +20.3) in percent of 1961–1990 yields,
respectively (Table 2).

For all the maize cultivation grids across Shandong province,
the histogram and CDF of maize yield changes, based on the large
number of super-ensemble simulations (54 grids � 60 sets of
parameters � 30 years � 10 scenarios = 97,200 simulations), show
that with 60% probability maize yields could decrease by 8.3%
(Fig. 6b), 17.0% (Fig. 6c), and 21.9% (Fig. 6d) during 2020s, 2050s,
and 2080s, respectively, relative to 1961–1990 yields (Fig. 6a).



Fig. 6. Cumulative probability functions and histograms of maize yield during 1961–1990 (a) and its changes during 2020s (b), 2050s (c), and 2080s (d), across the maize

cultivation grids in Shandong province.
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Maize yield could decrease averagely by 9.1% with S.D. of 14.5,
19.0% with S.D. of 19.7 and 25.5% with S.D. of 23.7% during 2020s,
2050s, and 2080s, with 95% probability intervals of (�28.4, +17.4),
(�45.4, +15.9), and (�60.1, +12.8) in percent of 1961–1990 yields,
respectively (Table 2).

3.3. Temporal and spatial change and variability of maize yield

The spatial patterns of mean and S.D. of simulated maize yields
during 1961–1990, and their changes during 2020s, 2050s, and
2080s are presented as Fig. 7. For each grid, the results are
computed from 60 sets of parameters � 30 years � 10 scenar-
ios = 18,000 simulation results. At some grids in the northeast
Shandong province, with relatively higher mean yield during
1961–1990 (Fig. 7a), yield could increase to some extent or
decrease relatively less, particularly during 2020s (Fig. 7c). At some
grids in the southeast Henan province, with relatively lower mean
yield during 1961–1990 (Fig. 7a), projected yield changes in future
could have relatively larger S.D. (Fig. 7d, f and h). At most of the
grids in the major production area, relative to 1961–1990, maize
yield would decrease approximately by up to 14% (Fig. 7c) with S.D.
up to 25% (Fig. 7d), 25% (Fig. 7e) with S.D. up to 35% (Fig. 7f), and
31% (Fig. 7g) with S.D. up to 43% (Fig. 7h), during 2020s, 2050s, and
2080s, respectively.



Fig. 7. Spatial pattern of mean (a) and standard deviation (b) of maize yield during 1961–1990, and the projected yield changes (c, e, g) and standard deviation (d, f and h)

during 2020s, 2050s, and 2080s, respectively.
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Fig. 8. Spatial patterns of mean changes in maize growing-period (a), evapotranspiration (c), the rate of transpiration and potential transpiration (e), and their standard

deviation (b, d and f) during 2050s, relative to 1961–1990.
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4. Discussion

4.1. Climate change and maize production in the North China Plain

Decrease in crop growing-period (i.e., from planting to
maturity), particularly decrease in grain-filling period, has been
indicated to be one of major reasons for crop yield decrease under
climate change (e.g., Wang and Lin, 1992; Fischer et al., 1996; Tao
et al., 2008b). As an example, we show that maize growing-period
in the region would generally decrease by up to 15% during 2050s
(Fig. 8a), with S.D. up to 12.1% (Fig. 8b). Furthermore, the spatial
pattern of maize growing-period change is quite similar to that of
yield change (Fig. 7e), suggesting that decrease in growing-period
could play a key role in reducing maize yield.

Water availability and water use is crucial for rainfed crop in
arid, semi-arid and semi-humid regions. MCWLA calculates
evapotranspiration (E) as the minimum of a crop- and soil-limited
supply function (Esupply) and the atmospheric demand (Edemand)



Fig. 9. Comparison between probability density functions of projected yield

changes during 2050s based on different number of climate change scenarios and

sets of parameters across the maize cultivation grids in Shandong (a) and Henan

province (b).
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(Tao et al., 2009). As an example, we show the cumulative E during
growing period would decrease by up to 25% during 2050s (Fig. 8c),
with S.D. up to 17.0% (Fig. 8d). The spatial pattern of cumulative E

changes is also quite similar to that of yield changes (Fig. 7e).
MCWLA uses the soil water stress factor, S, to simulate the

impacts of soil water on crop growth, development and
productivity. S is calculated as the rate of transpiration and
potential transpiration, which begins to affect crop growth at
values less than a critical threshold value (Tao et al., 2009). The
projected spatial pattern of changes in cumulative S during
growing period during 2050s is shown as Fig. 8e, which is also
similar to that of yield change (Fig. 7e). At most of the grids, S could
decrease by about 5–16% during 2050s (Fig. 8e), with S.D. up to
21.0% (Fig. 8f), due to drought and reduction in growing period. The
effects of elevated [CO2] on stomata conductance, transpiration
and consequently water use efficiency have been well accounted in
MCWLA (Tao et al., 2009). Therefore the water availability and
water stress, which is comprehensively controlled by several
climate variables such as temperature, precipitation, vapour
pressure, etc., could play a crucial role in affecting maize yield
in the region.

4.2. Uncertainties in climate change impact studies and the super-

ensemble-based probabilistic projection approach

Climate change impact studies are plague with uncertainties.
Previous projections on maize productivity in China have a wide
range, depending on emission scenarios, GCMs and crop models
used. As examples, Wang and Lin (1992), using CERES-Maize
model and there climate scenarios from doubled CO2 simula-
tions of three GCMs (i.e., GFDL, MPI and UKMO), showed that at
most of 35 investigated sites across China, simulated yields of
both rainfed and irrigated maize would decrease under climate
change scenarios, primarily because of increases in temperature,
which could reduce maize growing period, particularly the
grain-filling period. Based on CERES-Maize model and three
climate scenarios from doubled CO2 simulations of three GCMs
(i.e., GISS, GFDL and UKMO), Fischer et al. (1996) showed that
maize yield could decline much in many countries with direct
CO2 effects, probably due to its lower response to the
physiological effects of CO2 on crop growth. Using CERES-Maize
model and the A2-based and B2-based climate scenarios from a
regional climate model, Xiong et al. (2007) showed that maize
productivity in the North China Plain would decrease by up to
25% under irrigation condition; however rainfed maize pro-
ductivity would increase by up to 350% during 2080s because of
CO2 fertilization effects. The CO2 fertilization effects posed a 9–
15% production increase compared to those without CO2 effects
in their study (Xiong et al., 2007). Recent re-analyses of Free-Air
Carbon Dioxide Enrichment studies indicate that, at 550 ppm
[CO2], yields increase under unstressed conditions by 10–25% for
C3 crops, and by 0–10% for C4 crops (IPCC, 2007).

The uncertainties mentioned above warrant the super-
ensemble-based probabilistic projection approach proposed here.
The approach takes account into the uncertainties from CO2

emission scenarios, atmospheric [CO2], climate scenarios, and
biophysical processes in impact assessment models, etc. More-
over, the results can be addressed in a probabilistic framework,
which is so necessary information for stakeholders and policy-
makers to manage the climate risk.

4.3. The relative contributions to uncertainties in projecting climate

change impacts

To further understand the relative contributions of climate
change scenarios and biophysical processes to uncertainties in
projecting climate change impacts on crop productivity, for all the
maize cultivation grids in each province, we compare the PDFs of
projected yield changes during 2050s based on (1) 10 climate
change scenarios and 60 sets of parameters, (2) 10 climate change
scenarios and 1 set of optimal parameters, (3) 10 climate change
scenarios and 1 set of parameters (except the set of optimal
parameters, select another set from the left 59 sets of parameters)
and (4) HadCM3 A1FI climate change scenarios and 60 sets of
parameters, (5) HadCM3 A1FI climate change scenarios and 1 set
of optimal parameters, (6) ECHAM4 B1 climate change scenarios
and 60 sets of parameters, (7) ECHAM4 B1 climate change
scenarios and 1 set of optimal parameters (Fig. 9). In comparison
with the resulting PDF based on only one set of parameters, the
resulting PDF based on only one climate change scenario could
shift more from the resulting PDF based on 10 climate change
scenarios and 60 sets of parameters, suggesting climate change
scenarios could generally contribute more uncertainties than
biophysical processes. Nevertheless the contributions from
biophysical processes could be much variable depending on
climate change scenarios. For example, in comparison with using
ECHAM4 B1 scenario, using HadCM3 A1FI scenario the resulting
PDF based on only one set of parameters could shift more from
that based on 60 sets of parameters (Fig. 9), suggesting biophysical
processes could contribute more uncertainties using HadCM3
A1FI scenario.
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4.4. Uncertainties of the study

In the study, we develop the super-ensemble-based probabil-
istic projection approach to account for the uncertainties from
CO2 emission scenarios, atmospheric [CO2], climate change
scenarios, and biophysical processes in impact assessment
models. The crop model we used, i.e., MCWLA, accounts for the
key impact mechanisms of climate variability and is accurate over
a large area. We use ten climate scenarios consist of the
combinations of five GCMs and two emission scenarios (A1FI
and B1). The A1FI and B1 emission scenario actually cover the
others because they represent, respectively, the highest and
lowest emission scenario during most periods of 21st century. We
account for the atmospheric [CO2] ranging from 424.5 to
436.0 ppm v during 2020s, from 498.5 to 602.5 ppm v during
2050s and from 541.0 to 842.0 ppm v during 2080s. We account
for the biophysical uncertainties in impact assessment models by
using 60 sets of optimal crop model parameters. We address the
results in a probabilistic term based on the large number of
ensemble simulations.

As for the crop adaptation, the planting window is set to allow
automatic planting once the condition was met or planting
regardless at the end of planting window. The crop cultivar and
management practice in future are assumed to be same as the
level during baseline period. Although the uncertainty in the
phonological parameters of crop cultivar is taken into accounted
to some extent, the parameters are calibrated based on the
current cultivars. The possible future changes in multidecadal or
interannual variability in precipitation and precipitation char-
acteristic such as rainfall frequency and intensity are not
included in any single climate scenario. Although the use of 10
climate scenarios may reduce the uncertainty to some extent, the
possible increases in extreme weather events with global
warming are not enough addressed in our climate scenarios.
While the direct use of GCMs daily outputs is problematic (Ines
and Hansen, 2006; Semenov, 2007), the use of probabilistic
seasonal climate ensembles from regional climate model can
improve such studies.

5. Conclusion

We develop an advanced super-ensemble-based probabilistic
projection approach to address the impacts of climate variability
(change) on regional agricultural production.

The approach takes account into the uncertainties from CO2

emission scenarios, climate change scenarios, and biophysical
processes in impact assessment models. We demonstrated
its applications in addressing the probabilistic change of
maize production in the North China Plain in future and the
uncertainties.

At most of maize cultivation grids in the regions, relative to
1961–1990, maize yield would decrease approximately by up to
14% with S.D. up to 25%, 25% with S.D. up to 35%, and 31% with S.D.
up to 43% during 2020s, 2050s, and 2080s, respectively. The spatial
pattern of maize yield changes shows that decrease in growing
period, water availability and water stress could play major roles in
reducing maize productivity in future in the region.

Climate change scenarios could generally contribute more
uncertainties than biophysical processes in projecting climate
change impacts on crop productivity. Nevertheless the contribu-
tions from biophysical processes could be much variable depend-
ing on climate change scenarios.

The super-ensemble-based probabilistic projection approach
can be effectively applied for other crops and regions, the use of
probabilistic seasonal climate ensembles from regional climate
model can further improve such studies.
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