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PU

Deliverable 6.18
Assessment of historical and future climate impacts simulated with fully coupled
models

Introduction
This Deliverable describes the work done under Task 6.1.5 in Work Package 6.5,
which was led by the Met Office and involved CNRS-IPSL. The work is an
evaluation of the Hadley Centre fully coupled model against terrstrial observational
data including input from CNRS-IPSL.
The write up is divided into two sections, the first covers ecosystem processes
including net primary production and ecosystem CO2 exchange (pages 3 to 26), while
the second part covers runoff (pages 27 to 55).
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Part 1:

Responses and uncertainties in projections from a fully coupled
global climate model of terrestrial net primary productivity with
doubled atmospheric CO2.

Deborah Hemming1*, Richard Betts1, Matthew Collins1 , Mark Webb, David Sexton.

1. Met Office Hadley Centre, Fitzroy Road, Exeter. EX1 3PB. U.K.
* Corresponding author: debbie.hemming@metoffice.gov.uk
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Abstract

Net Primary Productivity (NPP) represents a leading order measure that may be used to gain
insights into the effects of climate change on vegetation cover: changes that may affect areas
such diverse as food security and carbon cycle feedbacks. There are significant uncertainties
in the projections of future climate change, especially at regional scales. Here, we utilise a
relatively large

“perturbed-physics” ensemble of complex general circulation model

simulations to examine the implications of uncertainties in regional climate change for the
responses of NPP to a doubling of pre-industrial atmospheric CO2 concentration. We further
consider the robustness of these responses in relation to the uncertainties in NPP that are
associated with different specifications of 35 key parameters which control physical climate
feedbacks in the model. We find that a doubling of CO2 increases the global average NPP by
57 % to 0.46 KgCm-2yr-1. The largest mean changes in NPP occur across the tropics where
plant productivity is greatest. Large decreases (~ -0.45 KgCm-2yr-1) occur across the northeast of South America in association with the largest decreases in precipitation. Increases in
NPP (of up to ~ 0.75 KgCm-2yr-1 across tropical Africa and Indonesia) are simulated in
regions where both temperature and precipitation are projected to increase. In general, the
uncertainties in the NPP responses to doubled CO2 are smaller than the average NPP changes.
Furthermore, in most regions, NPP changes show a consistent sign for nearly all ensemble
members. However, in some regions, particularly north-eastern South America and Central
America, the ensemble spread is larger than the average NPP change.

By exploiting the ensemble design, we find that the ensemble-mean increase is achieved
through a larger 75% increase due to physiological forcing alone, offset by a 21 % decrease
that arises because of changes in physical climate driving variables. Uncertainties in regional
climate change are of greater significance for the sign of regional NPP responses when
physiological forcing is assumed to be zero.
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Introduction

General Circulation Models (GCMs) provide our main means of integrating the current
understanding of all components of the global climate system in order to assess the potential
impacts of future climate changes. Many GCMs now go beyond the assessment of physical
climate feedbacks by including, for example, terrestrial carbon cycle components; although
results from these have shown sometimes large differences in the magnitude and even sign of
the carbon cycle responses to climate change (Cox et al, 2000; Berthelot et al, 2002; Betts,
2004; Dufresne et al, 2002; Friedlingstein et al, 2003; Jones et al, 2003; Cox et al, 2004;
Zeng et al, 2004; Berthelot et al, 2005; Crucifix et al, 2005).

Uncertainties in vegetation and carbon cycle responses to climate change reflect hugely
different implications for food supply (Rosenzweig and Parry, 1994; Tubiello et al, 2002;
Parry et al, 2004; Challinor et al, 2005), forestry and carbon cycle feedbacks (Cox et al,
2000). First quantifying and ultimately reducing these uncertainties are an important research
focus for improving climate change projections and their interactions with the global carbon
cycle (Friedlingstein et al, 2006).

Much of the existing research assessing uncertainties in GCM projections has compared
climate output from small ensembles of runs, either involving the same GCM with different
initial conditions (e.g. Hennessy et al, 1997; Giorgi and Francisco, 2000; Palmer and
Räisänen, 2002) or different GCMs which vary in their initial conditions, structural setup
and/or parameterisations (e.g. Cubasch et al, 1994; Kharin and Zwiers, 2000; Meehl et al,
2000; Covey et al, 2003; Meehl and Tebaldi, 2004; Berthelot et al, 2005). Recently, large
perturbed-physics ensembles have been developed to quantify the uncertainties in GCM
projections that arise from assigning specific values to uncertain model parameters (Hewitt
and Mitchell, 1997; Allen and Stainforth, 2002; Murphy et al, 2004; Stainforth et al, 2004;
Barnett et al, 2005). Such parameterisations are one of the major uncertainties in GCM
simulations and projections, and by perturbing those parameters it is possible to
systematically explore those uncertainties within the context of a single GCM framework.
Significant further effort is required to process the output of these perturbed physics
ensembles to produce estimates of the probability distribution functions of future climate
variables (e.g. Collins, 2007; Murphy et al, 2007; Sexton et al, 2008a; Sexton et al, 2008b).
Nevertheless, an investigation of the mean response and ensemble spread, as is presented
here, gives a useful leading-order estimate of changes and their uncertainties.
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Net Primary Productivity (NPP) provides us with an indicative measure of the impact of
climate on vegetation. We utilise a 224 member perturbed-physics ensemble to examine the
average response of terrestrial NPP to a doubling of pre-industrial atmospheric CO2
concentrations. The standard deviation across ensemble members is used to quantify the
uncertainties in NPP due to uncertainties in model parameterisations, and the global and
regional robustness of the average NPP changes are assessed relative to those uncertainties.
As one of the perturbed parameters in the ensemble is a logical switch which controls whether
the direct plant physiological response to atmospheric CO2, often known as the ‘fertilisation
effect’, is active or not, we are also able to separate the relative NPP responses and
uncertainties into those associated with radiatively-forced climate change and those
associated with direct plant physiological responses to carbon dioxide changes
(“physiological forcing”, Betts et al, 2007.)

Methods

The Climate Model
All model runs were generated using the HadSM3 General Circulation Model (e.g. Webb et
al, 2006). HadSM3 is the computationally efficient, mixed layer-, q-flux- or slab-ocean
version of the third generation Hadley Centre Climate Model, HadCM3 (Gordon et al, 2000),
which consists of a fully-dynamic atmospheric GCM, HadAM3 (Pope et al, 2000), coupled to
a 50m mixed layer ocean model. It is configured to a regular horizontal grid resolution of 2.5°
latitude by 3.75° longitude, has 19 vertical levels, and is run on a 30 minute time-step.

While HadSM3 retains the full atmospheric complexity of HadCM3, the simplified ocean
model does not include explicit ocean dynamics, such as ocean circulation and associated
biogeochemical feedbacks to the atmosphere. Instead, spatial and seasonal variations in ocean
heat transport are prescribed (Hewitt and Mitchell, 1997) following a calibration phase in
which the model is relaxed to the observed seasonally-varying SSTs. While no variations in
the prescribed horizontal heat transports are possible under climate change, SSTs can vary as
a result of changes and variability in surface fluxes. The use of a slab model facilitates the
assessment of equilibrium changes and allows us to perform a relatively large number of
simulations with perturbed values of parameters.

Land surface processes are modelled interactively within HadSM3 using the Met Office
Surface Exchange Scheme (MOSES) (Cox et al, 1999). Exchanges of carbon and water
vapour by photosynthesis and stomatal conductance are simulated by leaf-level physiological
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models for C3 and C4 plants (Collatz et al, 1991; Collatz et al, 1992) and scaled-up to canopy
exchanges using leaf area index. Soil respiration rate is assumed to double with every 10ºC
temperature increase (Q10 = 2) (Raich and Schlesinger, 1992), and a prescribed observation
field describes the terrestrial vegetation distribution, which remains constant in future
simulations (Wilson and Henderson-Sellers, 1985). NPP is calculated as the net of
photosynthesis minus autotrophic respiration, and is expressed in KgCm-2yr-1.

Perturbed-physics ensemble
Experts were asked to select 35 GCM parameters which were considered most dominant and
uncertain, and to specify their plausible range of values. These are shown in Table 1. Some of
the parameters comprise a logical switch, where, for example, a process may be activated or
not, while others are specified as ranges.

An ensemble of 224 different model experiments was generated by running the GCM with
different combinations of the selected parameter values. In some members, just one parameter
is perturbed from its standard values to the extremes of its plausible range (Murphy et al.,
2004), while in other members perturbations are made to multiple parameters simultaneously
and parameter values are drawn from within those ranges (Webb et al, 2006). Two
simulations were made for each ensemble member; one with atmospheric CO2 fixed at an
approximate pre-industrial concentration of 0.00044 kg/kg (~290 ppmv), and the other with a
doubled CO2 concentration (~580 ppmv). All simulations were continued for at least 20
model years after equilibrium had been reached (Barnett et al, 2005), and the average values
over these 20-year periods are used for the analyses.

One of the parameters perturbed in the ensemble is a logical switch, termed ‘PF’, which
controls whether the direct physiological response to atmospheric CO2 is active or not. Here,
we made use of this switch to gain insight into the relative contributions of climate change
and physiological forcing to the NPP response. Our ensemble of 224 members included 81
members for which PF was switched on. This is the standard parameterisation setting for PF
where NPP is influenced both by the direct physiological response of plants to doubled CO2
and the “indirect” effect of CO2 on plants via the climatic response to radiative forcing, which
induced changes in physical variables such as temperature and precipitation. This subensemble is termed ‘RadPhys’ (following Betts et al, 2007). For the remaining 143 members
PF was switched off, such that only radiative forcing and changes in physical climate
variables influence NPP. This sub-ensemble is termed ‘Rad’. We use this to examine the
importance of the uncertainty in regional climate change for NPP with and without PF – we
do not explore the uncertainty in PF itself in this study.
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The uneven number of members in RadPhys and Rad occurred because the experiment was
designed for the general study of parameterisation uncertainties, rather than specifically for
this work. Despite these differences, a t-test comparing the pre-industrial global average NPP
values of RadPhys and Rad showed that their populations are not significantly different
(P<0.01). In comparison, for the doubled CO2 simulations, NPP values were significantly
different between RadPhys and Rad (P>>0.01). This provides confidence that the dominant
differences in NPP between Rad and RadPhys are the result of NPP responses to radiative and
physiological forcings, rather than any underlying offset due to experimental design.
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Results & discussion

Average NPP response to doubled CO2
The spatial variation in the ensemble average NPP for the RadPhys pre-industrial simulations
(Figure 1) ranges between 0 and 2.12 KgCm-2yr-1, and the average global NPP is 0.293
KgCm-2yr-1 (~36 PgCyr-1). These values are generally comparable with the lower range of
previous estimates of global NPP based on observations (Zaks et al, 2007) and models of
varying complexity (Lieth, 1973; Rozenzweig, 1968; Foley, 1994; Cramer and Field, 1999;
Cox et al, 2001; Zaks et al, 2007). As most of these estimates are for current climate and CO2
concentration, the lower pre-industrial CO2 concentration used in our simulations may
explain, in part, the somewhat lower mean of

NPP values across all model versions.

Nevertheless, the modelled values provide a credible baseline from which to assess the
contribution of uncertainties in physical feedbacks on NPP changes under enhanced CO2
conditions.

For a doubled atmospheric CO2 concentration, the global NPP of RadPhys increases by 57 %
to 0.46 KgCm-2yr-1 (Table 2). Spatially, the increases in ensemble-average NPP for RadPhys
apply to just over 91% of the ~123,000,000km2 of current vegetated land area (Figure 2a).
Regions with the largest absolute increases (>0.6 KgCm-2yr-1), including tropical Africa, the
coastal margin of north-west South America, eastern Asia and Indonesia, coincide with areas
of currently high plant productivity, and increases in both temperature and precipitation under
doubled CO2 (generally between 3-4ºC and 0-200 Kgm-2yr-1, respectively, see Figure 3).
More moderate increases in NPP (between 0.15 and 0.3 KgCm-2yr-1) are simulated for large
parts of Siberia, northern Europe, India, China, eastern Canada, Alaska and central South
America. In comparison, the largest absolute decreases in NPP (<-0.3 KgCm-2yr-1) are
simulated along the coastal margin of north-east South America in association with large
reductions in precipitation (between 300-400 Kgm-2yr-1) and relatively large increases in
temperature (4-6 ºC). More moderate decreases (>-0.15 KgCm-2yr-1) occur in south-west
Africa and the Mediterranean Sea region, where temperatures are projected to increase
between 4-5ºC and precipitation generally decrease by about -200 Kgm-2yr-1 in the ensemble
mean.

These spatial changes in ensemble-average NPP for RadPhys can also be decomposed into
their radiative and physiological components (Figure 2b and c). By separating the Rad and
Phys components, our simulations show that radiative and physiological forcings exert
opposing influences on global average NPP. Radiative forcing alone (Rad) results in a 21 %
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decrease in global NPP in the ensemble-mean, whereas physiological forcing (Phys) resulted
in a 75 % increase. This high sensitivity of NPP to physiological forcing is within the range of
NPP increases associated with doubled CO2 concentrations that have been demonstrated by
various controlled CO2 enrichment experiments (Kimball et al, 1993; Norby et al, 2002), and
is similar to results from other GCM simulations (Friedlingstein et al, 2006). The global
reduction in NPP in response to the radiative forcing from doubled CO2 is consistent with
results from some GCMs (Berthelot et al, 2005), although, a later GCM intercomparison
showed no general consensus among GCMs on the direction of the NPP response to radiative
forcing (Friedlingstein et al, 2006). We return later to the issue of the uncertainty in this
ensemble-mean change in order to highlight the importance of assessing uncertainties.
With doubled atmospheric CO2, radiative forcing alone results in decreases in NPP across 79
% of the vegetated land area (Figure 2b). The largest absolute decreases (approximately -0.45
KgCm-2yr-1) occur across the Amazon basin in association with the largest decreases in
precipitation (Figure 3b), which is a potential “structural” feature of HadCM3 (Cox et al,
2004). Slight increases are noted across many temperate and boreal regions, where increases
in both precipitation and temperature are simulated in the ensemble mean. Similar responses
of NPP to climate changes are also noted in other GCMs (Berthelot et al, 2005).

By subtracting the mean NPP in Rad from that in RadPhys, we infer that physiological
forcing alone would result in increases in average NPP across all vegetated land areas (Figure
2c). The largest increases (up to 0.95 KgCm-2yr-1) coincide with the regions of highest plant
productivity in the tropics. In these areas, the positive effect of physiological forcing on NPP
generally outweighs the negative effects from radiative forcing (changes in physical driving
variables), except, most notably, in the north-east of South America where climate drying is
associated with large net decreases in ensemble-average NPP (Figure 2a). Such opposing
influences of radiative and physiological forcing have also been used to explain recent
changes in carbon cycle dynamics that have been observed across Europe (Harrison and
Jones, 2007).

Although the ensemble-average changes in NPP detailed in this study are in broad agreement
with results from other controlled environment and modelling studies, these studies have also
shown a wide range in the climate responses to CO2 changes with consequently wide ranges
of impacts on vegetation (Cox et al, 2000; Berthelot et al, 2002; Dufresne et al, 2002;
Friedlingstein et al, 2003; Berthelot et al, 2005; Friedlingstein et al, 2006). Cox et al (2000),
for example, simulated large future decreases in NPP across the north-east Amazon basin as a
result of a high climatic sensitivity in the Hadley Centre GCM to drying and warming in the
region, while Dufresne et al (2002) and Friedlingstein et al (2003) using similar global
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climate change conditions but a different GCM, identified less extreme NPP responses in the
same region due to a generally lower model (regional) climate sensitivity. The sensitivity of
NPP to climate changes through pure radiative forcing (physical feedbacks) was also
identified as the likely reason for the lack of consensus in the direction of the global NPP
response to climate change across the C4MIP GCMs (Friedlingstein et al, 2006). Variations
in both the model structure and parameterisations are likely to account for such differences in
GCM sensitivities to climate and CO2 changes. Below we examine just the uncertainties from
parameterisations in the perturbed physics ensemble.

Uncertainties in NPP due to uncertainties in regional climate

In order to gauge the significance of the projected average changes in NPP relative to the
parameterisation uncertainties, we use the standard deviation (SD) of NPP values across the
sub-ensembles as a quantification of uncertainty. While the production of formal estimates of
the probability of future outcomes requires additional statistical processing, notably the
constraint of predictions using observations (e.g. Collins, 2007), the SD from the ensemble
provides a preliminary estimate of uncertainty that will be refined in future.
For RadPhys, the global sub-ensemble average NPP increase of 0.167 KgCm-2yr-1 is
considerably greater than the sub-ensemble SD of 0.05 KgCm-2yr-1, and only 1 of the 81
members show a negative change in NPP (Figure 4, Table 2). This increase is totally
dominated by the physiological response; all Phys members show increases in global NPP of
between 0.020 and 0.324 KgCm-2yr-1 (SD=0.052 KgCm-2yr-1), whereas all but 3 of the Rad
members show decreases in global NPP. Furthermore, the range of the Rad sub-ensemble,
between -0.181 and 0.031 KgCm-2yr-1 (SD=0.029 KgCm-2yr-1), is almost completely
separated from the Phys sub-ensemble range (noted above).

Spatially, the regions with the largest changes in NPP between the control and doubled CO2
simulations also exhibit the largest uncertainties (Figure 5). While in most areas, the SD of
the RadPhys sub-ensemble is less than the average NPP changes (Figures 2 and 5), in some
regions the opposite occurs. This is most prominent across north-eastern South America and
Central America (Figure 5). In these locations, the specific choice of model parameters, and
corresponding physical climate feedbacks are clearly important for simulating NPP and can
significantly alter the magnitude and even the sign of future NPP changes.
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This seems to come to an abrupt end just as it is getting to the good bit!! I think it would be
worth doing a little more analysis to compare the SD of the NPP with the mean change, and
also look at the SD in RAD (and again compare this with the mean change). Is the SD more
significant in comparison with the mean NPP change when PF is switched off? Ie: does
uncertainty in regional climate change matter less for uncertainty in NPP change when there
is the additional influence of PF on NPP?

If we assume that the model captures well the NPP sensitivity to radiative and physiological
forcings, these results indicate that the direction of the global average NPP response to
doubled CO2 is very likely to be positive, regardless of the values of the model parameters
perturbed in this study. However, it is clear from the opposing Rad and Phys responses that
the net NPP response is very dependent on the relative sensitivities of NPP to radiative and
physiological forcings, particularly in tropical locations, where the differences in NPP
between Rad and Phys are largest. These responses are largely dependent on the physical
processes, response functions and parameterisations used in the plant physiological submodel. As these were not changed in our ensemble we cannot assess their additional
uncertainty to NPP projections in this study, but this is the focus of future work.
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Conclusions

The main conclusions from this study are:
• Global, ensemble average NPP increases by 57 % with a doubling of atmospheric
CO2, and these increases occur in just over 91 % of the current vegetated land area.
• Radiative and physiological forcings account for a 21 % decrease in the ensemble
mean, and 75 % increase, respectively in global NPP.
• The largest ensemble mean NPP increases, ~0.65 KgCm-2yr-1, occur across tropical
Africa, the coastal margin of north-west South America, eastern Asia and Indonesia.
These are associated with increases in both temperature and precipitation at double
CO2.
• The largest ensemble mean NPP decreases, ~ -0.35 KgCm-2yr-1, occur across the
coastal margin of north-east South America in association with large reductions in
precipitation and relatively large increases in temperature.
• Ensemble-average global NPP changes are generally greater than the ensemble
standard deviation (SD), indicating that the direction of simulated NPP responses to
doubled CO2 are reasonably robust.
• In some regions, particularly the coastal margin of north-east South America, the
ensemble SD is larger than the average NPP change, highlighting that even the
direction of NPP responses in these regions are uncertain.
• What are the implications for assessments of food security, as mentioned in
abstract?

This study represents a first look at the mean and uncertainties in NPP response in a perturbed
physics ensemble with a hypothetical doubling of atmospheric CO2. Many further extensions
are possible including: Examination of the effect of perturbing the parameterisation of plant
physiological response; performing perturbed atmosphere-ocean model ensembles for the
time-dependent climate change case (relevant for adaptation e.g. Collins et al, 2006);
including a representation of the carbon cycle in the HadCM3 model (e.g. Cox et al, 2000);
and assessing the impact of the uncertainties in that feedback.

Ultimately, these ensemble results will be combined with the output from perturbed transient
climate change experiments, the output from multi-model ensembles and observations to
produce estimates of the probability distribution functions of future climate change (Murphy
et al., 2007).
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Tables
Table 1. Details of parameters perturbed in the ensemble experiments. More
information on the parameters is given in the on-line supporting material of Murphy
et al, 2004.
Scheme/Parameter

Description/Process Affected

Range of values

Units

Vf1

Ice particle fall speed

0.5 to 2.0

ms-1

Ct

Cloud droplet to rain conversion rate

5.0x10-5 to 4.0x10-4

Large Scale Cloud

-4

-3

s-1

Cw land

Cloud droplet to rain conversion threshold

1.0x10 to 2.0x10

kgm-3

Cw sea

Cloud droplet to rain conversion threshold

2.0x10-5 to 5.0x10-4

kgm-3

Rhcrit

Threshold relative humidity for cloud formation

0, 1

Rhparam

Flow dependent Rhcrit

0, 1

Parameterise Rhcrit in terms of local variance of grid box
average relative humidities.
Eacfbl

Cloud fraction at saturation in boundary layer

0.5 to 0.8

Calculation of cloud cover in layers 5 or below
Eacftrp

Cloud fraction at saturation in free troposphere

0.5 to 0.7

Calculation of cloud cover in layers 8 to 19
Vertcld

Vertical gradient of cloud water in grid box

0, 1

Influence of vertical cloud water gradients on cloud
cover calculation
Convection
Ent

Entrainment rate coefficient

0.6 to 9.0

Scale for rate of mixing between environmental air and
convective plume
Cape

Time scale for destruction of CAPE

1 to 4

Intensity of convective mass flux
Cnv_upd

Convective anvils: updraft factor

0.1 to 1.0

Fraction of convective cloud containing updraft
Anvil

Convective anvils: shape factor

1 to 3

Shape of convective cloud
Sea ice
MinSIA

Sea ice albedo at 0°C

0.65 to 0.50

Dependence of sea ice albedo on temperature
Ice_tr

Sea ice minimum temperature

-10 to -2

°C

2.5x10-5 to 3.75x10-4

m2s-1

25 to 40

m

For calculating sea ice albedo
Oi_diff

Ocean-ice diffusion coefficient
Ocean to ice heat transfer

Radiation
Icesize

Ice particle size
Effective radius of cloud ice spheres

S_sphsw,

Non-spherical ice particles

C_sphsw,

Short and long wave radiation properties which take

S_sphlw,

account of non-spherical ice particles

0, 1

C_sphlw
Sw_absn

Shortwave water vapour absorption
Shortwave absorption due to self-broadened continuum
of water vapour
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0, 1

Dynamics
Dyndel

Order of diffusion operator

4, 6

Spatial scale of diffusive damping of heat, momentum &
moisture
Dyndiff

Diffusion e-folding time

6, 12, 24

hrs

Diffusion coefficients for heat, momentum & moisture
Gw_lev

Starting level for gravity wave drag

3, 4, 5

Lowest model level at which drag is applied
K_gwd

Surface gravity wave constant
Magnitude of hydrostatic surface gravity wave stress

K_lee

Trapped lee wave constant
Magnitude of non-hydrostatic (trapped lee wave) surface

1.0x104,
2.0x104

1.5x104,

1.5x105,
3.0x105

2.25x105,

m
m-3/2

gravity wave stress
Land surface
Canopy

Surface-canopy energy exchange

0, 1

Influence of vegetation canopy on surface energy balance
RF

Dependence of plant response to CO2

0, 1

Stomatal conductance & plant assimilation rate
dependence
on CO2 concentration
Soillev

Number of soil levels accessed for evaoptranspiration

1, 2, 3, 4

Varies rooting depths
F_rough

Forest roughness lengths

0, 1, 2, 3

m

Surface fluxes over areas containing forest
Boundary layer
Charnoc

Charnock constant

0.012 to 0.016

Roughness lengths & surface fluxes over sea
Cnv_rl

Free convective roughness length over sea

2.0x10-4 to 5.0x10-3

Surface fluxes over tropical oceans
Flux_g0

Boundary layer flux profile parameter

5 to 20

Stability dependence of turbulent mixing coefficients
Lambda

Asymptotic neutral mixing length
Calculation of turbulent mixing coefficients

20

0.05 to 0.5

m

Table 2. Ensemble average global NPP (Kgm-2yr-1) for RadPhys, Rad and Phys (RadPhys
minus Rad) with pre-industrial CO2 (NPP1) and doubled CO2 (NPP2), and the difference
between these (NPP2-1). The standard deviation (SD) of the NPP in each of these subensembles is shown in italics.

RadPhys

Rad

Phys

NPP1

NPP2

NPP2-1

NPP2-1

NPP2-1

Global average

0.293

0.460

0.167

-0.052

0.219

SD

0.074

0.113

0.051

0.029

0.052
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Figures

Figure 1

Figure 1. Ensemble average Net Primary Productivity (NPP - Kgm-2yr-1) from the RadPhys
experiments with both the effects of plant physiological forcing and radiative forcing/physical
climate feedbacks, simulated with pre-industrial atmospheric CO2 concentrations.
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Figure 2
a)

b)

c)

Figure 2. Average changes in NPP (KgCm-2yr-1) between pre-industrial and doubled CO2 for
ensemble members with a) RadPhys, b) Rad (i.e. only changes in physical climate fields), and
c) Phys (isolating the changes in physiological forcing, calculated as RadPhys-Rad).
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Figure 3
a)

b)

Figure 3. Average changes in a) annual precipitation (Kgm-2yr-1) and b) annual temperature
(ºC) between the pre-industrial and doubled CO2 simulations of RadPhys.
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Figure 4

RadPhys
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NPP change (KgCm -2yr-1)

Figure 4. Percentage of ensemble members showing different changes in global average NPP
between control and doubled CO2 simulations. Grey and black bars highlight the Rad and
RadPhys sub-ensembles, respectively.
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Figure 5

Figure 5. Spatial standard deviation of NPP values for the RadPhys sub-ensemble.
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Part 2: Climate Impacts on Future Global Water Resources
Introduction
The potential impacts of climate change on water resources have been summarized by The
IPCC Climate Change and Water Technical Paper (Bates et al., 2008). These projections
include the effects on the volume and timing of river runoff, which will therefore impact the
distribution and quantity of the world’s population experiencing water stress. Water scarcity
is a growing issue in water basins with a high water demand relative to the available river
runoff and with the worlds population growing by around 80 million people annually, food
production will need to increase, therefore more water resources will be required for
agriculture. Currently, agriculture already accounts for around 70% of water withdrawals and
despite comprising of less than one fifth of cropped area, irrigated land produced 40% global
food production. These points highlight the motivations behind this study to look at the
climate impacts of future global water resources availability. A study by Arnell (2004)
projected that by the 2020s, between 53 and 206 million people will see an increase in water
stress and by the 2050s, this will have increased to between 670 and 2761 million people.
With this in mind, further studies into the potential impacts of climate change on water
resources are important to assess the future availability of an important resource.
Previously, there have been a number of global-scale analyses of future water resources
availability (for example, Oki et al. (2001), Döll et al. (2002), Arnell (1999), Alcamo et al.
(1997, 2003)). Past studies have shown that changes in population and other socio-economic
factors may also influence future water resources, in addition to the effects of climate change.
Seckler et al. (1998) assessed future water supplies by 2025 using national-level data.
Climate change was not included in the study and the focus was on water use and irrigation.
Alcamo et al. (2003), analysed the water resources and demand at a river basin scale based on
a “business-as-usual” scenario, based on different socio-economic factors. This was later
refined by including the effects of climate change and using more detailed socio-economic
factors (Alcamo et al., 2007). The Pilot Analysis of Global Ecosystems freshwater systems
assessment (Revenga et al. 2000) did a similar study, which again did not include the effects
of climate change. Arnell (2004), Oki et al. (2003) and Vorosmarty (2000) evaluated the
impact of both climate and population scenarios on global water resources at a national scale.
Döll (2002) and Fischer et al. (2007) analysed the impacts of climate change on irrigation
requirements. Nohara et al. (2006) and Nijssen et al. (2001(a)) look at projections for river
discharge for selected catchments using hydrographs, but do not look at the impacts on water
resources in their studies.
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This study builds on previous work to analyse changes in future river flow under
different scenarios, and examines future water resources availability for populations and
agricultural purposes. It will work on a river catchment scale rather than a national scale and
look for potential changes in variability and seasonally, rather than just in annual means.
This study applies a novel approach to bias correction of climate model output. Most
previous studies apply a bias correction to the climate model projected temperature and
precipitation fields and subsequently use these to drive a water resources model. Deriving the
bias correction for precipitation is complex and in many cases leads to undesirably changes in
the statistical distribution of precipitation. In addition water resource models often use
empirical functions defining the water balance which are unlikely to remain constant under a
changing climate. The result can be projections of water resources that are not consistent with
the climate model used to make the projection.
This study uses the climate model data directly by using simulated available water
resource, aggregating this to the catchment scale and then applying the bias correction at the
catchment scale using reasonably well-constrained river flow gauge data.

Method

This study uses output from the HadCM3 17 member atmospheric perturbed physics
ensemble to make projections of river flow for the A1B, B1 and A1FI SRES scenarios (18602100). The simulated grid-box runoff from the HadCM3 hydrology model was used to drive
the TRIP (Oki, ????) river routing model and thus make projections of river flow for the 38
rivers in the world with the largest catchment areas.

An initial assessment (Table 2) of model projections suggested a significant bias in
some of the catchments due to biases in the HadCM3 regional climate and biases introduced
by the differing resolutions of the climate and observation data.A bias correction was applied
to river flow for each ensemble member.. Anomalies for each time slice were taken with
respect to a past mean (1970-2000). These were then added to climatological observations in
order to look at predicted future flow and could be used in water availability calculations. The
climatological observations were derived from gridded runoff (Fekete, 2002) routed with the
TRIP river routing model.
Table 2 compares the observed and modelled mean annual flow values for the 38
catchments where available with riverflow gauge data. For some catchments, such as the
Orange and the Huang He (Yellow) modelled output does not represent the observations well.
Also, the model overestimates in some cases, such as for the Nile and Congo basins. However
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for some catchments, for example the Ganges, Amur, Brahmaputra and Lena catchments,
they provide a reasonable estimation.

These projections could be used to analyse annual and monthly means (in order to look
at seasonality) for river flow for each catchment. This could be split into thirty year annual
time slices for 2020, 2050 and 2080. The modelled data was compared to observed river flow
gauge data (Dai and Trenberth, 2002) to check its validity. The standard deviation of the river
flow means is also examined, in order to look at potential variability in flow, which could be
of high importance for agriculture.
Data for predicted population (Van Vuuren, 2006) and land use (Strengers, 2004) were
used to look at changes in water availability. The population data was used to calculate
potential water resources stress. The commonly used indicator adopted for this study is the
amount of water resources available per person in m3/capita/year (used in Arnell, 2004, Bates,
2008, Revenga, 2000). Table 1 shows a broadly used classification of water stress thresholds.
Table 1 Water resources index
3

Water Supply (m /person/year)

Classification

<500

Extreme stress

500-1,000

High stress

1,000-1,700

Moderate stress

>1,700

No stress
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Table 2 Comparison of data sets for 20th century mean annual flow (Sverdrups)
Catchment
Lena
Ob
Yenisey
Kolyma
Mackenzie
Yukon
Churchill
Amur
St. Lawrence

Observed River
Flow Gauge Data

Routed Fekete
Observations

1970-1999 Modelled
(Ensemble mean)

0.0147
0.0139
0.0169
0.0027
0.0084
0.0065
0.0004
0.0115
0.0102

0.0131
0.0171
0.0201
0.0022
0.0077
0.0052
0.0029
0.0136
0.0170
0.0090
0.0079
0.0019
0.0053
0.0009
0.0093
0.0260
0.0007
0.0050
0.0194
0.0001
0.0044
0.0141
0.0235
0.0018
0.0173
0.0261
0.0076
0.0006
0.2277
0.0155
0.0390
0.0025
0.0129
0.0018
0.0000
0.0004
0.0261
0.0003

0.0127
0.0100
0.0125
0.0044
0.0132
0.0121
0.0047
0.0118
0.0135
0.0066
0.0100
0.0028
0.0079
0.0079
0.0238
0.0489
0.0012
0.0017
0.0214
0.0008
0.0057
0.0144
0.0198
0.0123
0.0220
0.0219
0.0200
0.0009
0.1533
0.0158
0.0790
0.0087
0.0190
0.0052
0.0018
0.0023
0.0374
0.0014

Volga
Columbia
Dnieper
Danube
Huang He (Yellow)
Nile
Chang Jiang

0.0062
0.0035
0.0053
0.0019
0.0099
0.0320

Colorado
Euphrates/Tigris
Mississippi
Rio Grande
Indus
Ganges
Brahmaputra

0.0147
0.0000
0.0040
0.0138
0.0198

Lake Chad
Mekong
Orinoco
Niger
Jubba
Amazon
Tocantins
Congo
Sao Francisco
Zambezi

0.0087
0.0367
0.0033
0.0004
0.1634
0.0128
0.0407
0.0041
0.0130

Okavango
Lake Eyre
Orange
Parana
Murray Darling
*

0.0003
0.0189
0.0005

taken from Dai and Trenberth, 2002

In order to assess the effects of different emission pathways, this study uses the SRES
IPCC emissions scenarios (IPCC 2007) and in particular focuses on A1B, B1, and A1FI. The
A1 scenario is typified by very rapid economic growth, a global population that peaks in midcentury and declines thereafter, and the rapid introduction of more efficient technologies.
Subgroups of A1 are differentiated by their technological emphasis. A1FI represents a fossilintensive scenario, whilst A1B corresponds to a balance across all energy sources. On the
other hand, the B1 scenario is characterised by a convergent world, with the same population
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scenario as in A1, but with reductions in material intensity and the use of clean, efficient
technologies. The emphasis is on global solutions to economic, social and environmental
sustainability.
Of the 38 river catchments, a subset of 12 was selected to focus the study upon. The
selected basins are well distributed and generally have dense populations or high land use
cover (table 3).
A small number of catchments could not be focused upon. For example, the Huang He
Yellow catchment had a particularly large difference between the climatology observations,
the river gauge data and the modelled data (Table 2), so it was not possible to calculate a
sensible estimate of water availability. Also, the Orange catchment showed a substantial bias,
such that the model anomaly is larger than the climatology leading to negative projected flow.
Table 3 Agricultural figures for selected river catchments
Catchment

% crop
land

% irrigated crop

%irrigated total

catchment area
km2

Cropped area km2

Irrigated area km2

Amur

9

26

2

1864420

160844

42226

St. Lawrence

12

1

0

1345140

159272

1676

Volga

34

3

1

1403660

478676

13257

Nile

8

19

2

2971870

233791

45159
150661

Chang Jiang

21

39

8

1827090

382876

Euphrates/Tigris

32

25

8

760054

244321

61900

Mississippi

40

11

5

3245610

1287830

146326

Indus

29

74

21

968429

278006

204879
265929

Ganges

68

38

26

1029580

701624

Brahmaputra

18

30

5

655708

117438

34677

Mekong

28

15

4

801707

223271

33852

Niger

15

1

0

2119030

323450

4001
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Results
1. Changes in Mean Annual River Flow

Figure 1 Changes in mean annual river flow by 2080 compared to 1970-2000

Figure 1 shows the modelled change by 2080 under A1B for the 38 selected catchments. Clearly, where we see larger
changes, generally these are for the catchments of greater size, for example the Amazon and the Congo, however the
figure still shows the overall change in flow. Figure 1 illustrates overall annual increases in flow in the higher latitudes
across Russia and North America, south and east Asia and selected parts of central Africa and decreases generally
around the Tropics and Southern Hemisphere, in the Southern European catchments, the Middle-East, and much of
South America and Africa. This is relatively consistent with other studies, for example Arnell (1999) and Milly
(2005).
B1

A1B

Amur

Original
Runoff
13559400

14390208

14938270

15562560

St. Lawrence

17010100

17250613

17408091

17699255

Catchment

2020

2050

2080

2020

A1FI

2050

2080

2020

2050

2080

14464505

15313650

16419530

14284874

15382630

17199750

17395220

17611291

18261110

17391123

18126970

18860580

Volga

9037270

9823411

10372880

10581210

9781520

10644450

11208950

9792177

10633020

11661500

Nile

9265230

11253210

10913630

12858180

10347610

11434410

16153580

10902220

12567120

18795240
34760960

Chang Jiang

26038400

26357776

29079080

32370450

26330741

30914740

34738080

25330145

29270930

Euphrates/Tigris

5001390

4956374

5023340

4945727

4986770

4957501

4864900

4991634

4895038

4703681

Mississippi

19377100

19912089

20956460

21375920

20367339

21438690

23172000

20288910

22263430

23518080

Indus

4406410

5483350

6058770

6246110

5479650

5932010

6842270

5312746

6030510

7089130

Ganges

14116800

15291890

15622930

16952470

15035483

16228140

18139980

14942943

16006160

19348540

Brahmaputra

23479200

24272920

24680260

26072210

24193177

25607180

28020770

23899942

25738270

29073110

Mekong

17268300

17599210

17893355

18922570

17263712

18767720

19754830

17413990

18036521

20539270

Niger

7602880

8845030

7360099

7577624

8317721

6771626

7014707

9442040

8364034

6349060

Table 4 Projected mean annual river flow (kg/s) for selected catchments, calculated from modelled anomalies and observations
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This pattern is supported by
figure 2, showing a box and whisker
plot of the modelled percentage
change for each catchment, ordered by
latitude. This shows that broadly
speaking, we see increase in mean
annual

flow

in

the

Northern

Hemisphere, and generally decrease in
the South Hemisphere and among the
Tropics. Of the eight catchments
predicted an overall decrease in
annual flow by 2080, only two are
located in the high latitudes above the
Tropics (the Euphrates/Tigris and
Danube). By taking the percentage
change we can see results in a format
not influenced by the size of the river.
For example, the percentage change
for

the

Amazon

and

Congo

catchments is now comparable with
the other catchments. It would appear
that the Jubba and the Colorado are
predicted the largest relative increase.
Some catchments appear to show a
high

amount

of

variability,

in

particular the Colorado. This could be
variability in the estimates for the
runoff from snowmelt. Other basins
with high variability seem to include
basins with generally low flow, such
as Lake Eyre, which is a closed basin.

Figure 2 Box-Whisker plot for the change in mean annual flow
by 2080 for all catchments, arranged by latitude.

Table 4 shows the predicted mean annual river flow for the twelve selected catchments,
for each SRES scenario and time slice. To achieve these estimates, modelled anomalies have
been added to climatology observations (Fekete 2002). Among these catchments, only the
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Niger and the Euphrates/Tigris show an evident decrease in annual flow, whilst the other
catchments see increases, most likely as a result of increases in precipitation. It appears that
generally the changes in annual flow are intensified under A1FI compared to A1B and B1.

Figure 3 Change in mean annual river flow by 2080
(normalised with respect to ensemble mean) between
A1FI and B1 for all QUMP ensembles for each of the
38 catchments.

Figure 4 Change in mean annual river flow by 2080
(normalised with respect to ensemble mean) compared to
annual mean flow for past values, for all QUMP
ensembles for each of the 38 catchments.

Figure 3 shows that the change in river flow under A1FI is proportionally bigger than
for B1, indicating that the different emissions scenarios have different impacts on river flow.
This is also evident in figure 5, for example the Niger catchment has a much larger decrease
in flow for A1FI than A1B, with the least change for B1. This is a similar pattern where the
change is positive, for example with the Nile basin.
The points in figure 4 show little correlation and are reasonably scattered. This implies
that the future change is not related to the previous past flow, so there is a constant bias with

34

time. So a river with a relatively small flow does not necessarily equate to a small change in
the future
For example, the Brahmaputra has the 33rd largest river catchment area, yet has the 5th largest
increase in river flow, whilst despite being the 3rd largest, the Mississippi is predicted an
increase by 2080 of less than 25% than that of the Brahmaputra under this model.
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Analysis of changes in Monthly Flow

Figure 5 Projected mean river flow by 2080 for each scenario compared to past
climatology data. Projections have been calculated by adding modelled anomalies to the
climatology data.
B1
A1B
A1FI
Past 1970-2000
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Figure 6 Projected mean river flow under A1B for each time slice compared to past
climatology data.
Projections have been calculated by adding modelled anomalies to the climatology data.
2020
2050
2080
Past 1970-2000
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Figure 7 Projected modelled change in river flow under A1B for each time slice.
2020
2050
2080
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Figure 8 Twentieth century mean river outflow for the climatological data, compared to modelled values
Climatological observed data
Modelled data
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Figure 5 shows the projected mean river flow by 2080 under each SRES scenario for the
selected river catchments. Generally the plots are similar in form to those in Nohara et al.
(2006) and Nijssen (2001(a)), where the selected catchments overlap. Typically, the change in
flow is amplified under A1FI in comparison to A1B, and weaker under B1.
For example, the increases in flow for the Mississippi and Mekong catchments are greater
under A1FI. Although some catchments, such as the Nile, see an increase in flow spread
reasonably evenly across they year, the majority are projected a change in flow that differs
throughout the year.
This is demonstrated in figure 7, which shows the modelled future changes in flow
for each time slice, under the A1B scenario. This is particularly highlighted by the higher
latitude catchments.
For example, the Volga and the St. Lawrence see the largest increase in flow in the high
flow months around spring and summer, followed by slight decreases compared to previous
values in the winter months. This is also illustrated in Figure 6 which shows the projected
mean river flow under A1B for each 30 year time slice. As expected, figure 6 shows that the
changes in river flow are greater with time, so where catchments see increases in river flow,
these increases grow for each 30 year time slice.
For rivers sourced by snow melt in higher latitudes, figures 5 and 6 shows a noticeable
shift in peak annual flow. This is particularly evident for the St. Lawrence and the Amur.
This could be a result of earlier snow melt at the river source due to increasing
temperatures and a reduced proportion of precipitation falling as snow. The Ganges shows a
large increase in later months of the year during the monsoon, but relatively no change the
rest of the year. This may not have benefits for agricultural use unless the extra resources can
be stored. The Niger and Euphrates/Tigris basins see overall decreases in future annual flow.
Whilst the changes for the Euphrates/Tigris catchment appear minimal, the Niger basin sees
an increase in flow during the monsoon around June and July, followed by larger decreases in
flow from roughly August to December, so it seems the monsoon would be arriving sooner
but be weaker.
For the Chang Jiang catchment, when added to the climatological observations, the
anomalies do not appear to fit correctly since they are too large in comparison. This is also
displayed in figure 8 which plots the climatological observations against the modelled data for
the 20th century. For the Chang Jiang catchment, there is again a significant difference
between them. For some catchments, the modelled data fits the observations reasonably well,
for example the Amur and the Mekong. Generally, the modelled data appears to struggle to fit
the peak flows very closely, such as for the St. Lawrence and the Volga. The flow for the Nile
catchment is over-estimated, most likely due to the low levels of precipitation in the basin.
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The Euphrates/Tigris the modelled data largely underestimates the observed values. These
points need to be taken into consideration, when looking at further results.
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Variability
St. Lawrence

Chang Jiang

Niger

Figure 9 Mean (central white line) and spread of standard deviation of the normalised
change in flow for each time slice, compared to 20th century, under A1B.
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St. Lawrence

Chang Jiang

43

Niger

44

Figure 10 Mean (central white line) and spread of standard deviation of the normalised
change in flow for 2080 under B1, A1B and A1FI

As well as changes in the mean river flow, changes in the variability of the flow could also be
of significant importance in the future, particularly for agricultural purposes, in order to be
prepared for changes in frequency of peak high or low flow events. Figure 9 shows the mean
change in river flow and the spread of the standard deviation of the data for the St. Lawrence,
Niger and Chang Jiang catchments under A1B. The values have been normalised to emit the
bias of river catchment size. On the whole there is an increase in the variability of the flow
across the time slices up to 2080. This is particularly evident for the Niger, which clearly
shows a greater variability by 2080 compared to 2020. As the variability increases and the
annual river flow changes, figure 9 shows that the likelihood of peak high or low flow events
increases, which could have large impacts for agricultural purposes. In the case of the Niger
and the St. Lawrence catchments, the possibility of both high and low flow events increase
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throughout the year. In comparison, for the Chang Jiang, due to the increase in annual flow,
there is a higher likelihood towards high flow events.
Figure 10 shows the mean and standard deviation of the change in flow by 2080, for each of
the three SRES scenarios. In the case of the St. Lawrence, although the amount of variability
is relatively similar between the plots, the extremes of the variability are greater due to the
changes in flow (increases due spring, decreases during autumn). Similarly for the Chang
Jiang, there is only a slight increase in the amount of variability of the change in flow under
A1FI compared to B1, and only a slight shift towards a higher likelihood of peak flow events.
In comparison, for the Niger catchment there is an apparent increase in the variability of
the change under the A1FI and A1B scenarios compared to B1 in addition to the changes in
flow. As a result, the likelihood of extreme flow events is increased, for A1FI, as well as A1B
to a similar extent, compared to B1.
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3. Changes in Water Availability

> 1700
no stress

1000-1700
500-1000
moderate stress
high stress
(m3/capita/year)

< 500
extreme stress

Figure 11 Water stress for selected catchments for the A1B scenario in 2080 compared to
the 20th century, based on per capita water availability.
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Table 5 Estimated water per capita (m /capita/year) -

moderate stress

high stress

extreme

stress
A1B

B1

A1FI

Amur

Original
Runoff
6147

6036

6810

9474

6005

6643

8980

5961

6840

9924

St. Lawrence

11105

9735

8410

7819

9654

8313

7578

9732

8657

8076

Volga

4803

5261

6168

7409

5284

6011

6994

5267

6161

7708

Nile

1926

1344

1029

1346

1461

982

1072

1416

1131

1567
3394

Catchment

2020

2050

2080

2020

2050

2080

2020

2050

2080

Chang Jiang

1993

1840

2300

3392

1842

2163

3161

1770

2178

Euphrates/Tigris

3044

1970

1415

1287

1958

1434

1309

1971

1397

1245

Mississippi

7489

6759

6086

5913

6608

5949

5454

6733

6320

6001

Indus

686

563

434

480

564

444

439

546

442

498

Ganges

954

797

777

1011

811

748

945

793

766

1078

Brahmaputra

4702

3612

3236

3990

3624

3119

3713

3568

3253

4140

Mekong

9379

7697

7402

8650

7847

7057

8285

7764

7113

8993

Niger

3200

2102

1136

1044

2235

1234

1128

2386

1403

945

Table 6 Projected future population (millions) for each time slice under A1/B1 scenario Catchment
1970-2000
2020
2050
2080
Amur

68.6069

74.5367

69.9483

53.9051

St. Lawrence

47.6443

55.5814

65.1321

72.6432

Volga

58.526

57.8297

53.6783

47.0557

Nile

149.662

239.512

345.672

373.168
318.561

Chang Jiang

406.449

445.198

418.106

Euphrates/Tigris

51.1032

78.7542

108.99

117.548

Mississippi

80.4773

93.732

109.569

121.898

Indus

199.779

302.667

424.712

442.981

Ganges

460.27

586.422

649.789

558.157
218.425

Brahmaputra

155.303

208.352

246.114

Mekong

57.2675

69.7622

78.8679

71.037

Niger

73.8948

123.081

185.465

208.992

Decrease in water availability
by 2080 (m3/capita/year)

decrease

Increase in water availability
by 2080 (m3/capita/year)

Figure 12 Changes in water resources availability by 2080 for
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Figure 11 demonstrates the overall increase in catchments that could become water stressed in
the future. These catchments are generally centred on western/northern Africa, western Asia
and the southern United States. On the whole this correlates with similar figure by Arnell
(2004) and Alcamo et al. (2007), although this study focuses on fewer catchments. Figure 12
shows where the water resources availability is changing globally. Generally there are
decreases across Africa, parts of the Middle-East and Asia, as well areas of North and South
America. On the whole there are increases across higher latitude regions.
Among the analysed catchments, all have projected increases in future population, with
the exception of the Chang Jiang, Volga and the Amur. In particular, the Nile, Indus and
Euphrates/Tigris catchments see more than a doubling of population by 2080, from their 2020
figures.
The Mississippi, Nile, St. Lawrence, Brahmaputra, Mekong and Indus see increases in
annual river flow and population but decreases in water per capita, indicating the increase in
population outweighs the increase in river flow. In particular, the Nile is brought into the level
of moderate stress, whilst the Indus reaches within the index of ‘Extreme Stress’. Under A1FI
the decreases in water per capita are lower due to the larger rise in annual flow, whilst for B1
the decrease in water per capita is amplified due to smaller changes in the annual flow under
this scenario.
For the Niger and Euphrates/Tigris basins, large increases in population and decreases
in annual flow lead to significant decreases in water per capita, with the figure dropping
rapidly by 2020 and then continuing to fall more steadily by 2050 and 2080. Both catchments
are taken from of no water stress, to levels close to the threshold indicating high stress.
Typically under A1FI this decrease is larger due to a greater decrease in annual flow, whilst
for B1 we see less of a decrease in water per capita due to smaller changes in the annual flow.
The Chang Jiang, Amur and Volga see increase in water per capita due to decreases in
population as well as increases in annual flow. For A1FI increases in annual flow will be
larger, therefore there will be more water per capita than under A1B and conversely less
increase in water per capita for B1.
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Table 7 Agricultural land area km2 -

increase in agricultural land area
B1

A1B

Catchment

Past

2020

2050

2080

2020

2050

2080

Amur

160844

113379

64821

48046

120894

67996

51997

St. Lawrence

159272

138469

143789

184979

146215

195272

272825

Volga

478676

396358

356344

264041

435767

402631

309539

Nile

233791

226022

212348

150955

224219

224490

163438

Chang Jiang

382876

359554

308555

188268

358061

287921

193573

Euphrates/Tigris

244321

140527

225901

227529

137350

222171

219528

Mississippi

1287830

1324560

1395060

1448390

1346060

1448030

1512870

Indus

278006

282484

371044

349187

292366

371767

330490

Ganges

701624

712311

604923

469745

734285

670679

554883

Brahmaputra

117438

138427

230023

217510

148225

213119

187229

Mekong

223271

221190

281840

247351

202231

261990

213169

Niger

323450

293145

246842

259374

307201

252105

225966

Despite, initial decreases in water availability due to an increase in population, the
Ganges sees an increase in water per capita by 2080, due to increases in annual flow that
outweighs the population change, withdrawing the catchment from water stressed to only
suffering ‘moderate stress’. However, by looking at the plotted mean flow over the year, it
can be seen that the majority of the increase in flow comes during the monsoon season and is
not evenly spread which could cause problems. Under A1FI the increase in water per capita is
slightly larger at 1078 m3/capita/year due to a bigger increase in mean annual flow, however
under the B1 emissions scenario the catchment sees an overall decrease in water per capita,
indicating the increase in annual flow is not larger enough to accommodate the increase in
population.
Table 7 shows the projected changes in area covered represented by agricultural land
use. The Mississippi, St. Lawrence, Indus and Brahmaputra show increases in agricultural
land coverage. Under A1B, the Mississippi and St. Lawrence see larger increases compared to
B1, whilst the Indus and Brahmaputra see smaller increases in agricultural area under A1B
than B1. The majority are estimated to see decreases in area. Of these catchments, the Niger
and Euphrates/Tigris appear to show greater decreases under A1B than B1, whilst the
remaining catchments see a larger decrease in agricultural land cover under B1 than A1B.
However, the Euphrates/Tigris catchment in particular, sees only minimal changes, which
may not have any impacts. Some catchments, such as the Amur and Chang Jiang, are
projected a decrease by 2080 to less than half of the current area. Interestingly, the Mekong
sees a decrease in agricultural land area under A1B, yet an increase under B1, however these
changes are not relatively large in size.
Table 8 presents the projected water available per square kilometre of agricultural land.
The bulk of the catchments see increases in water availability, with the exception of the St.
Lawrence and the Brahmaputra, which see decreases, particularly the Brahmaputra. Also, the
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Mekong and Mississippi basins see decreases under B1 and increases under A1B, however
these are not great in size and suggest overall there will be little change.
Table 8 Water available per square kilometre of agricultural land per year (m3) availability
B1

decrease in
A1B

Past

2020

2050

2080

2020

2050

2080
9822066

Amur

2622116

3947760

7168002

10074884

3721475

7005087

St. Lawrence

3321878

3874969

3765665

2976109

3700447

2805223

2081897

Volga

587235

770887

905412

1246465

698181

822304

1126330

Nile

1232664

1548610

1598591

2649404

1435436

1584284

3074199
5581839

Chang Jiang

2115302

2280137

2931327

5347964

2287296

3339708

Euphrates/Tigris

636717

1097035

691657

676098

1129294

694051

689287

Mississippi

468001

467586

467241

459045

470637

460508

476407

Indus

493000

603766

507897

556375

582965

496303

643959

Ganges

625818

667741

803302

1122502

636897

752611

1016838

Brahmaputra

6218575

5454029

3337296

3728334

5076772

3737282

4655038

Mekong

2405656

2474822

1974719

2379483

2655233

2228143

2882475

Niger

731118

938497

927429

908705

842167

835464

965568

The Brahmaputra catchment is projected a significant decrease, which is greater under
B1. This is likely to be as a result of smaller increases in river flow and a larger agricultural
area, under B1 emissions. Despite a reasonable increase in agricultural land area, the Indus
catchment sees an increase in water per square kilometre, due to the increases in annual river
flow.

Discussion
In this study, the impacts of climate and population change on future river flow and
water stress have been investigated. As in many other studies, we have found that climate
change will increase annual mean river flow for some catchments, but decrease it in others.
On the whole, a large proportion of the catchments considered are projected increases in flow,
this is likely to be as a result of increases in precipitation and stronger transpiration due to
higher air temperatures. Those basins predicted to see decreases in annual flow, are centred
on the Equator and the Tropics. Furthermore we can see that the intensity of the change varies
among the catchments, for example the Jubba is projected a large percentage change in annual
river outflow, compared to the Columbia (figure 2).
Despite many catchments being predicted increases in river flow; this does not always
reduce future water stress where populations are increasing. Under the A1/B1 scenario, the
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increase in population often outweighs the increase in annual flow, particularly for
catchments such as the Euphrates/Tigris and the Indus, which see significantly large increases
in population. Of the twelve focus catchments, eight see a decrease in water availability per
capita. For some catchments, particularly in the higher latitudes such as the St. Lawrence, this
may not have very significant impacts. However, the future changes could be more
considerable for catchments where the population is already high and the water resources
limited. For example, under the model used, the Indus, the Niger, the Nile and the
Euphrates/Tigris catchments see increases in water stress and are scored as experiencing at
least “moderate stress”, or in the case of the Indus, “extreme stress” by 2080.
While there are increases in water stress in catchments with a projected increase in
agricultural land area, generally there are not significantly large decreases in water
availability for the crops due to the increases in annual river flow.
Although it appears that some catchment will see increases in water availability for
domestic and agricultural use, this increase in river flow may not be spread evenly across the
year, and may be focused only in the high flow months. For example, despite population
increases, by 2080 the Ganges River is projected a decrease in water stress, however the extra
water available is not spread evenly across the year. It is focused during the months of glacial
snowmelt which could be accelerated due to greater air temperatures and less precipitation
falling as snow and monsoon which could see greater precipitation. In terms of agriculture,
this is unlikely to have benefits unless the extra resources can be stored for irrigation purposes
during drier months.
This is a similar case for the majority of the catchments studied, where the changes in
annual flow are irregular across the year, thus not necessarily having the initial positive
impacts one might expect, particularly for basins already suffering from water stress.
Additionally, snow-fed catchments such as the Amur may see a shift in the season with earlier
snowmelt due to higher temperatures, resulting in a change in the time of peak flow, away
from the months where demand is likely to be highest. A study by Barnett et al. (2005)
indicated that of the world’s snowmelt-dominated catchments, only four had an “adequate
reservoir storage capacity to buffer large seasonal stream-flow shifts”. These four were the
Colorado, Churchill, Angara (tributary of Yenisei River) and the Grand River (North
America). Otherwise it could cause negative effects for crops, due to a higher likelihood of a
high flow event (Alcamo et al., 2007). This could have significant impacts since
approximately one-sixth of the world’s population are currently living in glacier-fed river
basins.
Furthermore, as the annual river flow changes, the variability of the flow grows.
Increases in variability and mean river flow will require the need to adapt to a higher
likelihood of high flow events (flood) than drought, unless mitigation is undertaken.
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Generally farmers could adapt to gradual year on year changes, but significant changes in the
variability of the flow which lead to uncertainty, would be harder to prepare for and adapt to.
For example, the Niger, which sees an overall decrease in annual river flow, sees increases in
the likelihood of high flow events during the summer months and low flow events in the
winter months, due to changes in precipitation, which would also be necessary to adapt for.
This effect is amplified under the A1FI scenario, compared to A1B and B1, showing that the
impacts of mitigation could be very important for some catchments.
This study has confirmed that each of the three selected SRES scenarios has a different
impact in the future. Changes in annual flow are proportionally bigger under A1FI than under
A1B, and lesser for B1. For certain catchments, on the surface under A1FI there would be a
more positive impact, due to a smaller decrease in water resources availability, since the rise
in annual flow is greater. However, as before, this may not be the case if the change is not
evenly spread across the year. For catchments such as the Niger, with a reduction in annual
flow, the increase in water stress is smaller under the B1 scenario compared to A1B and
A1FI.
To summarise, the results signify future changes in river flow due to climate change
that vary geographically. On the whole river flow will increase for higher latitude and snow
fed river basins, but decrease for those across the equator and the tropics. The changes in
population appear be the primary driver behind the future changes in water stress, rather than
the changes in river runoff and impacts are likely to be greater for vulnerable regions already
struggling with stretch resources and expanding populations. For example the Indus in
particular is project severe water stress in the future, and is already extracting groundwater
unsustainably. Increases in river runoff are not likely to be spread evenly across the year, and
will be accompanied by increases in variability and thus the likelihood of extreme flow
events, rather than simply reducing water stress. Such events could be damaging for
agriculture, particular if they become more and more frequent and are unlikely to have
benefits unless the extra water can be stored for irrigation purposes. Impacts are greater for
A1FI compared to A1B, and less for B1. As a result, this highlights the significance of
mitigation against these changes, before wide scale adaptation could be required.
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