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Abstract The dryness of terrestrial climate can be measured by the ratio of annual precipitation (P) to
potential evapotranspiration (PET), where the latter represents the evaporative demand of the atmosphere,
which depends on the surface air temperature, relative humidity, wind speed, and available energy. This study
examines how the terrestrial mean aridity responds to global warming in terms of P/PET using the Coupled
Model Intercomparison Project phase 5 transient CO2 increase to 2 × CO2 simulations. We show that the
(percentage) increase (rate) in P averaged over land is ~1.7%/°C ocean mean surface air temperature increase,
while the increase in PET is 5.3%/°C, leading to a decrease in P/PET (i.e., a drier terrestrial climate) by ~3.4%/°C.
Noting a similar rate of percentage increase in P over land to that in evaporation (E) over ocean, we propose a
framework for examining the change in P/PET, in which we compare the change in PET over land and E
over ocean, both expressed using the Penman–Monteith formula. We show that a drier terrestrial climate is
caused by (i) enhanced land warming relative to the ocean, (ii) a decrease in relative humidity over land but an
increase over ocean, (iii) part of increase in net downward surface radiation going into the deep ocean, and
(iv) different responses of PET over land and E over ocean for given changes in atmospheric conditions
(largely associated with changes in temperatures). The relative contributions to the change in terrestrial mean
aridity from these four factors are about 35%, 35%, 15%, and 15%, respectively. The slight slowdown of the
surface wind over both land and ocean has little impact on the terrestrial mean aridity.

1. Introduction
The dryness of terrestrial climate can be measured in terms of an aridity index that is deﬁned by the ratio
of annual precipitation (P) to annual potential evapotranspiration (PET) [Middleton and Thomas, 1992]. The
PET is the evaporative demand of the atmosphere, indicating the maximum amount of evaporation one
would get, in a given climate, from a well-watered soil vegetation surface [Arya, 2001]. The true evaporation
(E) over land that usually reﬂects the amount of water supply (e.g., precipitation) will be less than the PET
unless the soil is saturated with water. The P/PET ratio is thus a quantitative indicator of the degree of
water deﬁciency at a given location, which may be near zero in desert but can exceed unity in wet climate.
Under the United Nations Convention to Combat Desertiﬁcation [United Nations Convention to Combat
Desertiﬁcation, 1994] classiﬁcation, drylands are characterized by P/PET < 0.65 and are further divided
into hyperarid (P/PET < 0.05), arid (0.05 < P/PET < 0.2), semiarid (0.2 < P/PET < 0.5), and dry subhumid
(0.5 < P/PET < 0.65) regions [Mortimore, 2009; Hulme, 1996; Middleton and Thomas, 1992]. Knowledge of
how anthropogenic climate change will affect the terrestrial aridity is essential for water resource and land
use managements, especially over dryland regions [e.g., Mortimore, 2009; Reynolds et al., 2007; Fu, 2008; Fu
and Ma, 2008; Overpeck and Udall, 2010].
By analyzing climate model simulations for the period 1948–2100, Feng and Fu [2013] show that the P/PET
decreases in most tropical and midlatitude land regions as the Earth warms. This drying would lead to
the world’s drylands to become 5.8 × 106 km2 (or 10%) larger than the current climatology by the end of
this century under a high greenhouse gas emission scenario (Representative Concentration Pathway
8.5 (RCP8.5)). The major expansion of arid regions would occur over southwestern North America, the
northern fringe of Africa, southern Africa, and Australia, while major expansions of semiarid regions would
occur along the north coast of the Mediterranean, southern Africa, and parts of North and South America
[Feng and Fu, 2013]. An increase in aridity and expansion of drylands in response to global warming will
increase the fraction of the world’s population affected by water scarcity and land degradation. The 21st
century drying is also shown by Cook et al. [2014].
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Climate models robustly predict an increase in global mean precipitation in response to a CO2 increase
[Mitchell et al., 1987; Allen and Ingram, 2002; Held and Soden, 2006; Lambert and Webb, 2008; Stephens and Ellis,
2008; Pendergrass and Hartmann, 2014]. The projected increase rate is ~1.4% °C1, with respect to global
mean surface temperature increase due to a transient CO2 doubling, and has been attributed to an
atmospheric energy budget constraint [e.g., Allen and Ingram, 2002; Pendergrass and Hartmann, 2014]. Here
we quantify the change of terrestrial mean P/PET due to a transient CO2 increase and discuss the underlying
physical processes responsible for it.
Global mean annual precipitation and evaporation must remain equal since the atmosphere is a small
reservoir for water. Assuming a similar increase in terrestrial mean precipitation to that over ocean, Sherwood
and Fu [2014] argue that the PET will increase much faster than P in response to global warming, leading to
drier conditions over land in the future. This is because land surfaces warm about 50% more rapidly than
oceans [e.g., Manabe et al., 1992; Joshi et al., 2008], and relative humidity on average decreases over land
but increases over ocean [Simmons et al., 2010; Intergovernmental Panel on Climate Change (IPCC), 2013].
Scheff and Frierson [2014] examined the changes in PET ﬁelds calculated from the outputs of the global
climate models participating in the phase 5 of the Coupled Model Intercomparison Project (CMIP5) [Taylor
et al., 2012] between 2081–2099 from the RCP8.5 scenario and 1981–2099 from the historical runs. They
showed that the % change in local annual mean PET is almost always positive, on average in the low double
digits in terms of magnitude, usually increasing with latitude. The increase is dominated by the direct,
positive effects of warming at constant relative humidity. However, the rate of percentage change of terrestrial
mean P/PET with respect to temperature increase due to a transient CO2 increase and its partitioning to changes
in relevant meteorological variables has not been quantiﬁed and documented before.
This paper examines the change of P/PET in the 1% increase in CO2 until the doubled scenario from the
CMIP5 global climate models (GCMs). Section 2 describes the methods and data used in this study. The
changes in P and E over both land and ocean and PET and P/PET over land are presented in section 3.
The causes of the change in P/PET are examined in section 4, followed by the summary and conclusions
in section 5.

2. Methods and Data
2.1. The PET Algorithm
We calculated the PET using the Penman–Monteith algorithm [Maidment, 1993; Allen et al., 1998] that
includes the effects of available energy (Rn  G, where Rn is the net downward radiation and G is the heat ﬂux
into the ground), surface air temperature (Ta), relative humidity (RH), and wind speed (u). The Penman–
Monteith algorithm was recommended by the Food and Agriculture Organization as the standard method
for computing the PET [Allen et al., 1998]. This algorithm can be written in the form [Allen et al., 1998; Scheff
and Frierson, 2014]
PET ¼

ðRn  GÞΔðT a Þ þ ρa cp e ðT a Þð1  RHÞC H juj
=Lv ;
ΔðT a Þ þ γð1 þ r s C H jujÞ

(1)

where e* is the saturated water vapor pressure, Δ = de*/dT, ρa is the surface air density, cp is the speciﬁc
heat of air, CH is the bulk transfer coefﬁcient, rs is the bulk stomatal resistance under well-watered conditions,
Lv is the latent heat of vaporization for water, γ = (cpps)/(0.622Lv), where ps is the surface pressure, and u is the
wind at 2 m above the surface.
Equation (1) is derived from the standard bulk formulae for the sensible heat (SH) and latent heat (LH) ﬂuxes
along with the surface energy budget equation in the forms
SH ¼ ρa cp C H ðT s  T a Þjuj;




(2)

LH ¼ ρa Lv C H ðq ðT s Þ  q ðT a ÞRHÞjuj=ð1 þ r s C H jujÞ;

(3)

Rn  G ¼ SH þ LH;

(4)

where Ts is the temperature at the surface interface, LH = PET*Lv, and q* is the saturated water vapor mixing
ratio (i.e., 0.622e*/ps). In equation (3), the water vapor at the surface interface is assumed to be saturated.
Equation (3) indicates that PET is determined by the vapor pressure deﬁcit, i.e., e*(Ts)  e*(Ta)RH, and the
surface wind.
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Table 1. A List of CMIP5 GCMs Used in This Study
Model Name

Origin

ACCESS1.0
ACCESS1.3
CanESM2
CCSM4
CESM1-BGC
CMCC-CM
CNRM-CM5
CNRM-CM5-2
CSIRO-Mk3.6
GFDL-CM3
GFDL-ESM2G
GFDL-ESM2M
GISS-E2-H
GISS-E2-R
HadGEM2-ES
INM-CM4
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC5
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
MRI-CGCM3

Commonwealth Scientiﬁc and Industrial Research, Australia
Commonwealth Scientiﬁc and Industrial Research, Australia
Canadian Centre for Climate, Canada
National Center for Atmospheric Research, USA
National Center for Atmospheric Research, USA
Centro Euro-Mediterraneo per i Cambiamenti, Italy
Centre National de Recherches Meteorologiques, France
Centre National de Recherches Meteorologiques, France
Commonwealth Scientiﬁc and Industrial Research, Australia
Geophysical Fluid Dynamics Laboratory, USA
Geophysical Fluid Dynamics Laboratory, USA
Geophysical Fluid Dynamics Laboratory, USA
NASA Goddard Institute for Space Studies, USA
NASA Goddard Institute for Space Studies, USA
Met Ofﬁce Hadley Centre, UK
Institute for Numerical Mathematics, Russia
Institut Pierre-Simon Laplace, France
Institut Pierre-Simon Laplace, France
Institut Pierre-Simon Laplace, France
Atmosphere and Ocean Research Institute, Japan
Japan Agency for Marine-Earth Science and Technology, Japan
Max Planck Institute for Meteorology, Germany
Max Planck Institute for Meteorology, Germany
Max Planck Institute for Meteorology, Germany
Meteorological Research Institute, Japan

The Penman–Monteith algorithm is physically based and is superior to empirically based formulations
that usually only consider the effect of temperature [Donohue et al., 2010; Dai, 2011; Shefﬁeld et al., 2012].
In the calculations of PET in this paper, we used a rs of 70 s/m and a CH of 4.8 × 103 [Allen et al., 1998]. Scheff
and Frierson [2014] used equation (1) with similar rs and CH values.
The actual evaporation (E) over ocean can be considered as the potential evaporation over water. Since
equations (2)–(4) are valid over water by setting rs = 0, we used equation (1) to calculate the actual
evaporation (E) over ocean with rs = 0. Additionally, we used a CH of 1.5 × 103 over ocean [Richter and Xie,
2008; I. Richter, personal communication, 2014]. We will compare the E and its change over ocean as
obtained from the Penman–Monteith algorithm with their counterparts obtained directly from the models.
As we will discuss later, this is a very useful approach that permits us to place PET over land and E over
ocean in the same framework as a basis for interpreting the changes of terrestrial mean aridity in response to
global warming.
In the calculation of PET over land (E over ocean) using equation (1), we used the actual LH + SH to
replace Rn  G [Scheff and Frierson, 2014]. Alhough the actual LH and SH over land for the given Rn  G are
different from those derived from equations (2)–(4), where a saturated water vapor is assumed at the
surface, their summations are the same following equation (4). Finally, the change in the surface stability
(i.e., Ta  Ts) over ocean can be derived in the Penman–Monteith framework, which will also be compared
with that obtained directly from the CMIP5 models.
2.2. CMIP5 Data
We used the output from the 25 global climate models (Table 1) that participated in the CMIP5 transient
CO2 1%/yr increase (1pctCO2) experiments [Taylor et al., 2012]. The 1pcCO2 experiment is designed to
diagnose transient climate response to 1% yr1 CO2 increase, which is initialized from the multicentury
preindustrial quasi-equilibrium control simulations. The models were integrated for 140 years, but
only the ﬁrst 70 years of the data were analyzed in our study. For models with multiple-ensemble
simulations, the ﬁrst ensemble run was used. The change was taken as the difference between the
averages for the years 61–70 and 1–10 of the simulations, where the year 70 corresponds to the time of
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Table 2. Annual Mean Values in the First 10 Years of the Transient CO2 Increase Simulations (1pctCO2) Averaged Over
Land, Ocean, and Globe From the Ensemble Average of 25 CMIP5 GCMs (The Numbers in the Parentheses Indicate 1
a
Standard Deviation of the 25 Model Results)

P (mm)
E (mm)
PET (mm)
Ta (°C)
RH (%)
u (m/s)
2
Rn  G (W/m )
2
Rn (W/m )
2
Rn,s (W/m )
2
Rn,L (W/m )

Land

Ocean

Globe

Globe (obs)

870 (90)
604 (60)
1112 (66)
12.2 (1.0)
66.8 (3.3)
3.1 (0.5)
85.4 (5.3)
86.2 (5.4)
159.0 (7.3)
72.7 (6.6)

1194 (55)
1300 (62)
not applicable (NA)
15.7 (0.6)
81.0 (3.7)
7.1 (0.5)
118.1 (4.5)
119.0 (3.9)
174.9 (4.3)
55.9 (3.7)

1083 (55)
1083 (55)
NA
13.5 (0.6)
77.3 (3.0)
6.0 (0.5)
106.0 (4.0)
106.8 (3.6)
167.1 (3.5)
60.3 (3.8)

1124 (128)
1124 (128)
NA
13.8
77.7
3.8
112 (12)
112.6 (12)
165 (7)
52.4 (10)

a

The quantities include precipitation (P), evaporation (E), potential evapotranspiration (PET), near-surface air temperature (Ta), relative humidity (RH), surface wind speed (u), available energy (Rn  G), net downward radiation (Rn), net
downward solar radiation (Rn,s), and net downward long-wave radiation (Rn,L). Observed global mean quantities are
also shown for the comparison: Ta, RH, and u are from National Centers for Environmental Prediction reanalysis during
1961–1990, and others are from Stephens et al. [2012], with the observational uncertainties in the parentheses.

CO2 doubling. Note that only the
change in the CO2 is considered in the
1pcCO2 experiment, while the RCP
scenario experiment considered the
changes in land use, aerosols, CO2, as
well as other greenhouse gases.
In this study, we deﬁne the land as the
terrestrial regions between 60°S and
90°N, which covers 26.5% of the globe.
We will present results averaged over
land, ocean, and over the globe. The
ocean covers 70.8% of the globe, and
the remaining 2.7% of the globe
is Antarctica.
The ensemble mean of the 25 models
used in this study should be interpreted
as our best estimate of climate response
to the CO2 increase. In contrast, the
individual ensemble members simulate
random internal variations of the
climate system, and they contain biases
inherent in individual models. Here we
use 1 standard deviation of the 25
models as a measure of uncertainties
associated with natural variations and
model errors.

Figure 1. Temporal variations of annual mean (a) precipitation (P),
(b) potential evapotranspiration (PET), and (c) aridity index (P/PET)
averaged over land (The aridity index shown here is the annual mean P
averaged over land divided by annual mean PET averaged over land).
The black lines are the ensemble average of the 25 CMIP5 1pctCO2
simulations, and the grey shading denotes 1 standard deviation of the
25 models. The units are in percentage anomalies relative to the averaged values of the ﬁrst 10 years.
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Table 2 shows the annual mean values of
the ﬁrst 10 years for P, E, PET, Ta, RH, u,
Rn  G, Rn, Rn,s, and Rn,L, averaged over
land, ocean, and the globe from the
ensemble mean of the 25 CMIP5 models.
The numbers in the parentheses
indicate the 1 standard deviation of the
25 model results. As expected, the global
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mean precipitation and evaporation
are the same and are equivalent
to a latent heat ﬂux (i.e., LvP) of
84.8 Wm2. Note that the global mean
precipitation (latent heat ﬂux), Rn  G,
sensible heat ﬂux (i.e., Rn  G  LH),
and net downward radiation, as well as
its short-wave and long-wave
components, agree well with the
observations within observational
uncertainties (Table 2). The simulated
Ta and RH values agree well with
those from the reanalysis, while
the simulated global mean surface
wind speed is larger than that from
the reanalysis.

Figure 2. Global distributions of percentage changes (%) in (a) P, (b) PET,
and (c) P/PET taken as the difference between the averages for the years
61–70 and 1–10 of the CMIP5 1pctCO2 simulations (P/PET is calculated as
the averaged P divided by averaged PET). Grid points are stippled when
more than 80% of the 25 models agree on the sign.

The percentage changes in various
surface variables (e.g., mean
precipitation over land) from each
model are scaled by the change in
surface air temperature averaged
over ocean, which deﬁnes the rate of
percentage change. We use the ocean
mean surface air temperature
increase rather than the global mean
temperature increase for scaling
because the change in land surface air
temperature is largely determined by
that over ocean [e.g., Manabe et al.,
1992; Joshi et al., 2008]. The use of the
ocean mean surface air temperature
change for scaling also helps facilitate
the interpretation of the P/PET
changes in terms of the evaporation
over ocean.

3. Changes of P, E, PET, and P/PET
3.1. Temporal Variations in P, PET, and P/PET and Spatial Patterns of the Changes
Figure 1 shows the time series of annual mean P, PET, and P/PET, averaged over land, in units of percentage
anomalies with respect to averaged values of the ﬁrst 10 years. We see increases in P and PET but a
decrease in P/PET due to an increase in CO2 concentration in the atmosphere. An increase in P cannot keep
pace with the increasing PET, causing a decrease in P/PET (Figure 1).
Figure 2 shows the global distributions of the percentage changes in P, PET, and P/PET between the
years 61–70 and 1–10. Note that the summation of percentage changes in P and PET is approximately equal
to the percentage change in P/PET (see equation (5)). The spatial patterns shown in Figure 2 are very similar to
those of the changes in P, PET, and P/PET at the end of the 21st century relative to current climate, from
the CMIP5 scenario RCP8.5 simulations [see Feng and Fu, 2013, Figures 7 and 8]. One important difference is
that the area of precipitation decrease near the Mediterranean Sea, associated with the CO2 increase
only (Figure 2a), is signiﬁcantly larger (extending more east and south) as compared with that due to changes
in not only CO2 but also aerosols, land surface, ozone, and other greenhouse gases in RCP8.5. This leads to a
larger drying area over northern Africa and Asia (Figure 2c).
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3.2. Rates of Change in P, E, PET,
and P/PET
Before presenting the rates of change
in P, E, PET, and P/PET, Figure 3
shows the ocean Ta changes
(Figure 3a) and the ratio of Ta changes
over land and ocean (Figure 3b) from
the individual models. The ensemble
mean ocean Ta increases by 1.39°C,
with a standard deviation of 0.28°C,
while the mean land to ocean ratio is
1.59, with a standard deviation of 0.13.
The global mean Ta increase per °C
ocean Ta increase is 1.16 with a
standard deviation of 0.03 (not shown).
Figure 4 shows the percentage change
rates in annual mean precipitation
(left) and evaporation (right) averaged
over land, ocean, and the globe.
The multimodel ensemble mean
Figure 3. (a) The change of surface air temperature (Ta) averaged over
ocean, taken as the difference between the averages for the years 61–70 and
precipitation change rates over land
1–10 of the CMIP5 1pctCO2 simulations, versus individual models. (b) The
and ocean are both ~1.65%/°C,
change of surface air temperature (Ta) averaged over land scaled by ocean
supporting the statement of Sherwood
mean surface air temperature change. The multimodel ensemble mean value
and Fu [2014] that the mean
along with its standard deviation and range is shown in each panel.
precipitation over land and ocean
changes similarly. Note that the
intermodel differences are signiﬁcantly larger for land P changes, which reﬂects a larger interannual
variability in P over land (not shown). Alternatively, the global mean P change scaled by the ocean Ta
change (i.e., 1.66%/°C) can be rescaled as the global mean P change divided by the global mean Ta
change: 1.66%/°C/1.16 = 1.43%/°C, which is consistent with previous studies [e.g., Pendergrass and Hartmann,
2014]. As for P, land E changes show larger intermodel differences than ocean E. The multimodel mean value
for land E changes is smaller than that for ocean E. Figure 4 shows that the rate of percentage change of
ocean E is very similar to those of both
land and ocean P, indicating that the
averaged P changes over both land and
ocean are largely constrained by the
evaporation over ocean.

Figure 4. Percentage (%) changes in (left) annual mean P and (right)
evaporation (E) averaged over land, ocean, and globe, scaled by
ocean mean surface air temperature increases (°C) from the CMIP5
1pctCO2 simulations. The results are plotted with box and whisker
diagrams representing percentiles of changes computed from the
25 models. The central line (black dot) within each box represents the
median (mean) value of the model ensemble. The top and bottom of
each box shows the 75th and 25th percentiles, and the top and
bottom of each whisker display the 95th and 5th percentile values in
the ensemble, respectively.
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Figure 5 shows the rates of percentage
change in annual mean PET (middle) and
P/PET (right) over land. The change rate in
P is also shown in Figure 5 (left) for a direct
comparison. The multimodel ensemble
mean rate is 5.3%/°C for PET, which is much
larger than the rate of increase of
precipitation. All models project a drier
future climate over land [Feng and Fu,
2013; Cook et al., 2014]. The multimodel
mean change rate in the aridity index is
3.4%/°C. Figure 5 indicates that although
land on average will get more precipitation
in a warming climate, it will not get
enough to keep pace with the growing
evaporative demand, leading to a drier
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terrestrial climate [Sherwood and Fu, 2014].
Below, we will examine the effects of changes in
various surface meteorological variables including
surface air temperature, relative humidity, wind
speed, and available energy on the P/PET changes.

4. Attributions of P/PET Changes
Over Land
The percentage change in P/PET can be written
in the following form [Feng and Fu, 2013]:

Figure 5. Percentage (%) changes in the (left) annual mean P,
(middle) PET, and (right) P/PET averaged over land, scaled by
ocean mean surface air temperature increases (°C) from the
CMIP5 1pctCO2 simulations. The results are plotted with box
and whisker diagrams as deﬁned in Figure 4.


Δ

Δ

 

P
P
ΔP ΔPET
=
≈

:
PET
PET
P
PET

(5)

Approximating the percentage change in P over
land with E over ocean, equation (5) becomes

 
  
P
P
ΔE
ΔPET
=
≈
:

PET
PET
E Ocean
PET

(6)

Since the actual evaporation over ocean is the same as the potential evaporation there, which can also
be derived using the Penman–Monteith algorithm, we can examine the change in P/PET in the framework of
the PET by comparing its changes over land and ocean (see equation (6)). Table 3 shows that the E and its
change over ocean from the Penman–Monteith algorithm are consistent with those obtained directly from
the GCMs.
 
ΔPET
ΔE
Sherwood and Fu [2014] argue that the differences between PET and E
are largely caused by the
Ocean

enhanced warming over land relative to ocean as well as the relative humidity changes over land and ocean
with opposite sign. Here we quantify these effects as well as the effects of changes in wind speed and
available energy at the surface. Before doing so, we ﬁrst present the changes in relevant surface
meteorological variables over land and those over ocean.
4.1. Changes in Ta, RH, u, and Rn  G Over Land and Ocean
The rates of change in Ta, RH, u, and Rn  G over land and ocean are shown in Figure 6. The rate of change
in surface air temperature over ocean is one following the deﬁnition.
The GCMs suggest that Ta over land increases ~60% faster than Ta over ocean with small model-to-model
differences (Figure 6, left). This phenomenon is well documented and discussed in literatures [e.g., Manabe
et al., 1992; Joshi et al., 2008; Byrne and O’Gorman, 2013]. A larger warming would lead to a larger PET
increase [Feng and Fu, 2013; Scheff and Frierson, 2014]. Therefore, there is a larger increase in PET over land
than the increase in E over ocean due to the direct temperature effects.
The RH over land decreases in almost all the GCMs with a mean value of 0.76%/°C, while it increases in all
the GCMs over ocean with a mean value of 0.27%/°C (Figure 6, middle left). Previous studies also show a
decrease in RH over land and an increase over ocean from both model simulations and observations
[Rowell and Jones, 2006; Richter and Xie, 2008; Simmons et al., 2010; O’Gorman and Muller, 2010]. Since PET
Table 3. Comparison of Annual Mean Evaporation (E) and Its Percentage Change Rate and Surface Stability (Ta  Ts)
a
Change Rate Over Ocean Estimated Using the Penman–Monteith Algorithm and Those Directly From the GCMs

Penman–Monteith
Directly from the GCMs

E (mm)

Percentage Change Rate in E (%/°C)

Change Rate in Ta  Ts (°C/°C)

1267 (90)
1300 (62)

1.92 (0.39)
1.71 (0.40)

0.07 (0.03)
0.06 (0.02)

a

The ensemble mean values along with 1 standard deviation (the numbers in the parentheses) of the 25 model results
are shown.
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Figure 6. Changes in (left) Ta, (middle left) relative humidity (RH), (middle right) wind speed (u), and (right) available energy
(Rn  G) averaged over land and ocean, scaled by ocean mean surface air temperature increases, from the CMIP5 1pctCO2
simulations. The results are plotted with box and whisker diagrams as deﬁned in Figure 4.

increases with decreasing RH (see equation (1)), the changes in RH over land (ocean) would result in an
increase (a decrease) of PET (E) over land (ocean), leading to a larger difference between land PET and ocean
E. Note that the multimodel mean value of the global mean RH changes is near 0 (not shown).
The mean rates of change of surface wind speeds over land and ocean are both 0.004 m/s/°C (Figure 7,
middle right). Therefore, they should have little effect on the changes of PET over land and E over ocean.
The changes of PET over land and E over ocean are then largely caused by the changes in the vapor
pressure deﬁcit that are thus about 5.3%/°C over land and 1.7%/°C over ocean. It is interesting to notice that
there is a signiﬁcant decrease in observed surface wind speeds globally [McVicar et al., 2012]. For example,
about 40% decrease in surface wind was reported in the last 4 decades over India [Padmakumari et al.,
2013]. Aerosols could cause the decrease of surface wind [Yang et al., 2013]. Understanding of observed
changes in surface wind and its impact on the PET (E) are beyond the scope of the present study but will be
addressed in our future research effort.
PET is proportional to the available energy (Rn  G). The rates of change of Rn  G over land and ocean are
shown in Figure 6 (right). The multimodel mean value is 1.47 W/m2/°C over land and 0.78 W/m2/°C over
ocean. Therefore, the change in Rn  G may also contribute to a larger increase in PET over land than E over
ocean. By comparing the net downward radiation changes in Figure 7 (left) with the Rn  G changes in
Figure 6 (right), we note that there is a near-zero G change over land but a rate of change of ~1.0 W/m2/°C
over ocean. Despite the slightly smaller Rn increase over land than over ocean (Figure 7, left), there is a larger
increase in Rn  G over land, because part of the increased net downward radiation at the ocean surface is
transported to deep ocean [Hansen
et al., 2005; Johnson et al., 2011; Loeb
et al., 2012; Stephens et al., 2012].

Figure 7. Changes in (left) net downward radiation (Rn), (middle) net downward short-wave radiation (Rn,s), and (right) net downward long-wave
radiation (Rn,L) averaged over land and ocean, scaled by ocean mean surface air temperature increases, from the CMIP5 1pctCO2 simulations. The
results are plotted with box and whisker diagrams as deﬁned in Figure 4.
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It is also interesting to note that there is
an increase in Rn,s over land but a
decrease over ocean, although both are
statistically insigniﬁcant (Figure 7,
middle). There is a signiﬁcant increase
in Rn,L over both land and ocean, and
the increase over land is smaller
(Figure 7, right). The atmospheric
warming due to CO2 leads to more H2O
in the atmosphere. The increase of both
CO2 and H2O causes larger downward
surface infrared radiation. A smaller Rn,L
but a larger Rn,s over land than those
over ocean indicate a decrease in cloud
fraction over land relative to that
over ocean.
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Table 4. Effects of Surface Air Temperature (Ta), Relative Humidity (RH), Wind Speed (u), and Available Energy
(Rn  G) on the Percentage Change Rates in Potential Evapotranspiration (PET) Over Land, Evaporation (E) Over
Ocean, and P/PET Over Land, Estimated Using the Penman–Monteith Algorithm Based on 25 CMIP5 1pctCO2
a
Increase to 2 × CO2 Simulations

Ta
RH
u
Rn  G
Total

PET (%/°C)

E (%/°C)

P/PET (%/°C)

Relative Contribution to the
Total P/PET Change (%)

3.48
0.95
0.03
0.88
5.28

1.68 (2.19, 0.51)
0.31 (0.34, 0.03)
0.06 (0.03, 0.03)
0.62 (0.47, 0.15)
1.92 (2.29, 0.37)

1.80 (1.29, 0.51)
1.26 (1.29, 0.03)
0.03 (0.0, 0.03)
0.26 (0.41, 0.15)
3.36 (2.99, 0.37)

53 (38, 15)
37 (38, 1)
1 (0, 1)
8 (12, 4)
100 (89, 11)

a

The percentage change in P/PET is approximated by equation (6). The ﬁrst number in parentheses gives the change
based on the Penman–Monteith algorithm using the land coefﬁcients and background atmospheric conditions, while
the second one is the effect of differences in coefﬁcients and background conditions between land and ocean. See
the text and Appendix A for the details on the methods.

The evaporation change over ocean corresponds to a change of 1.73 Wm2/°C in terms of latent heat ﬂux.
Noting the change of 0.78 Wm2/°C in Rn  G or SH + LH, we have a change of 0.95 Wm2/°C in SH over
ocean. Using equation (2), we obtain a rate of change of 0.07°C/°C for Ta  Ts, which is consistent with that
obtained directly from the GCMs (Table 3). Richter and Xie [2008] show that ocean surface evaporation
increases by 2%/°C of surface warming, rather than the 7%/°C rate simulated for atmospheric moisture,
because of the increase in surface relative humidity and surface stability and the decrease in surface wind
speed. In the framework of the Penman–Monteith algorithm, the change in Ta  Ts along with E, scaled by
the Ta change, is predicted by the changes in available energy, surface wind, and relative humidity.
4.2. Effects of Changes in Ta, RH, u, and Rn  G Upon P/PET
Using equation (1) to calculate the evaporation over ocean, we obtain a rate of percentage change of
~1.9%/°C in the annual mean evaporation over ocean (Table 3), similar to that obtained directly from models.
Here we employ equation (1) to quantify the individual contributions of changes in temperatures, relative
humidity, wind speed, and available energy to the total percentage changes in PET over land, E over ocean,
and ultimately P/PET over land. For example, in order to isolate the effect of the temperature change on
PET over land, we calculate the PET using T in the last 10 years but RH, u, and SH + LH from the ﬁrst 10 years
and compare it with PET using the inputs from the ﬁrst 10 years. See Appendix A for the details on the
method of deriving the individual contributions.
The second (third) column of Table 4 shows that the change in PET (E) over land (ocean) is dominated by the
change in temperatures, while the changes in RH and available energy also make appreciable contributions
[Scheff and Frierson, 2014]. (The numbers in the parentheses will be discussed later.) The increase in
temperatures results in a larger PET over land and a larger E over ocean (see second row in Table 4), but the
former is more than twice as large as the latter. This is because of the enhanced warming (60%) over land
relative to that over ocean and also partly because the E over ocean is less sensitive to temperature when
rs = 0.0 [Scheff and Frierson, 2014].
The decrease (increase) in RH over land (ocean) results in an increase (decrease) in PET (E) (see the third row in
Table 4) and hence a larger difference between PET and E. The increase in available energy over both land and
ocean increases PET over land and E over ocean (see the ﬁfth row in Table 4). However, the increase in
available energy over ocean, and thus E, is smaller because part of downward radiation is transported
downward into the deep ocean (section 4.1). Surface wind speed changes little and thus makes little
contribution to the change of terrestrial mean aridity (see the fourth row in Table 4).
The net contributions from individual surface meteorological variables (i.e., Ta, RH, u, and Rn  G) to the
changes in P/PET are the differences between the third and second columns following equation (6), which
are shown in the fourth column in Table 4. In terms of the total change rate in P/PET, they correspond
to relative contributions of 53%, 37%, 1%, and 8%, respectively (see the ﬁfth column in Table 4). Note
that these contributions are not only determined by the contrasting changes over land and ocean in
surface meteorological variables but also are affected by the coefﬁcients and background atmospheric
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Table 5. Same as Table 4 Except That the First Number in the Parentheses Gives the Change Based on the Penman–
Monteith Algorithm Using the Ocean Coefﬁcients and Background Atmospheric Conditions, While the Second One is
the Effect of Differences in Coefﬁcients and Background Conditions Between Ocean and Land

Ta
RH
u
Rn  G
Total

PET (%/°C)

E (%/°C)

P/PET (%/°C)

Relative Contribution to the
Total P/PET Change (%)

3.48 (2.67, 0.81)
0.95 (0.87, 0.08)
0.03 (0.06, 0.03)
0.88 (1.17, 0.29)
5.28 (4.65, 0.63)

1.68
0.31
0.06
0.62
1.92

1.80 (0.99, 0.81)
1.26 (1.18, 0.08)
0.03 (0.0, 0.03)
0.26 (0.55, 0.29)
3.36 (2.73, 0.63)

53 (30, 23)
37 (35, 2)
1 (0, 1)
8 (16, 8)
100 (81, 18)

conditions used in the Penman–Monteith equation, which affect the sensitivity of PET (E) to the changes
in these variables.
The ﬁrst number in the parenthesis of the third column in Table 4 is the second column scaled by Δ xO/Δ xL,
where Δ xO and Δ xL are the changes in the corresponding surface variables from the multimodel ensemble
means over ocean and land, respectively. We have Δ xO/Δ xL = 0.628, 0.355, 1.0, and 0.531 for changes in Ta,
RH, u, and SH + LH, respectively. For example, we have 3.48 × 0.628 = 2.19. They thus can be considered as
the E changes over ocean from the Penman–Monteith algorithm using the land coefﬁcients (rs and CH)
and the background atmospheric conditions. The second number in the parentheses is the difference
between the number outside the parentheses and the ﬁrst number inside them. It shows the effect of using
the coefﬁcients and background atmospheric conditions over ocean versus those over land for given
changes in atmospheric conditions. The numbers in the parentheses in the fourth and ﬁfth columns are the
corresponding values for the changes in P/PET and the relative contributions, respectively. These numbers
thus show the effects of contrasting changes in surface meteorological variables over land and ocean,
versus those due to the use of the different (land versus ocean) coefﬁcients and background atmospheric
conditions in estimating the effects of given atmospheric changes. Therefore, the causes of the drier
terrestrial climate are further quantiﬁed here in terms of (i) enhanced land warming relative to ocean, (ii) a
decrease in RH over land but an increase over ocean, (iii) part of increase in net downward radiation going
into the deep ocean, and (iv) different responses of PET over land and E over ocean for given changes in
atmospheric conditions. The relative contributions to the change in terrestrial mean aridity from these four
factors are 38%, 38%, 12%, and 11%, respectively (Table 4).

Table 6. Relative Contributions of Surface air
Temperature (Ta), Relative Humidity (RH), Wind
Speed (u), and Available Energy (Rn  G) on the
a
Percentage Change Rates in P/PET
Relative Contribution to the
Total P/PET Change (%)
Ta
RH
u
Rn  G
Total
a

53 (34 ± 4, 19 ± 4)
37 (36 ± 2, 0 ± 2)
1 (0 ± 0, 1 ± 0)
8 (14 ± 2, 6 ± 2)
100 (85 ± 4, 15 ± 4)

The ﬁrst number in th parentheses gives the
relative contributions of contrasting changes of
Ta, RH, u, and Rn  G based on the Penman–
Monteith algorithm using the same coefﬁcients
and background atmospheric conditions over
land and ocean. The second number in the
parentheses is the corresponding contributions
due to differing responses of PET over land and
E over ocean to given changes in atmospheric
conditions. The uncertainties are associated with
reference coefﬁcients and background conditions
that are used either over ocean or land.
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Table 4 (and Tables 5 and 6 later) conﬁrms that the PET over
land is more sensitive to the surface air temperature than
the E over ocean. This is because the denominator in
equation (1) becomes more sensitive to temperature when
rs = 0.0 over ocean, canceling larger part of the temperature
sensitivity of the numerator. It also indicates that the E
over ocean is more sensitive to the available energy change.
This is because the energy term in equation (1) makes up a
larger proportion of the numerator due to a smaller CH over
ocean. The PET over land and E over ocean however
respond similarly to a given change in RH (Table 4). Overall,
the effect of differing responses of PET over land versus E
over ocean for given changes in atmospheric conditions is
largely associated with changes in temperatures.
Table 5 is the same as Table 4 except that the ﬁrst number in
the parentheses gives the change based on the Penman–
Monteith algorithm using the ocean coefﬁcients and
background atmospheric conditions, while the second
one is the effect of the differences in coefﬁcients and
background conditions between land and ocean for given
atmospheric condition changes over land. The relative
contributions (the numbers in the parentheses of the ﬁfth
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column) using the ocean coefﬁcients and atmospheric background conditions (Table 5) are slightly
different from those using the land conditions (Table 4). By taking the average of the ﬁfth columns from
Tables 4 and 5, we obtain the Table 6. It shows that the relative contributions to the change in terrestrial
mean aridity are about 35%, 35%, 15%, and 15%, respectively, due to contrasting changes over land versus
ocean in Ta, RH, SH + LH, and differing responses of PET over land and E over ocean to given changes in
atmospheric conditions.
In this study, we used a CH of 4.8 × 103 and a rs of 70 s/m, corresponding to a grass-like surface [Allen et al.,
1998], as universal constants over land. Scheff and Frierson [2014] examined the effect of setting rs = 0, as
used by Burke et al. [2006] and Dai [2013], as well as in the case of pan evaporation. It is found that the change
in PET due to Ta becomes 24% smaller. Since such effect on the PET changes associated with other
meteorological variables is negligible, the percentage change rate in PET is about 4.6%/°C from
5.3%/°C × (0.53 × 0.76 + 0.37 + 0.01 + 0.08) (see Table 4), and the percentage change rate in P/PET becomes
about 2.9%/°C, when rs = 0. Scheff and Frierson [2014] also examined a “rough,” forest-like surface, and
they found a slightly stronger PET response to Ta than the “smooth” grass surface. Therefore, the results
presented in this study are robust and are not very sensitive to the widely different choices of vegetation
parameters used in the Penman–Monteith algorithm.
The observed pan evaporation has not increased as expected over the past few decades [Wang et al., 2012].
This is because signiﬁcant global “stilling” of near-surface winds and slight decreases in downward surface
solar radiation compensate for or even exceed the changes due to temperature and relative humidity
[McVicar et al., 2012]. But neither the stilling of winds nor the reduced surface insolation appears to be
connected to global temperature rise, and the suggested causes are instead associated with land use,
aerosols, and/or internal variability [Bichet et al., 2012; Wever, 2012; Yang et al., 2013; McVicar et al., 2012].
Recently, Zhang and Cai [2013] showed that projected crop water deﬁcits at the end of the 21st century
are likely to decline slightly despite the rising temperature. They used an empirical equation for PET as a
function of the temperature and diurnal temperature range (DTR), developed by Hargreaves and Samani
[1985], where the effect of solar radiation is parameterized in terms of DTR. In a warming climate caused by
the increase of greenhouse gases, the DTR will decrease [IPCC, 2013], while the Rn,s will increase (see Figure 7,
middle). The bottom line is that the decrease in PET caused by the decrease in DTR from the empirical
equation has no physical basis for the long-term climate change. In addition, the empirical equation does not
consider the effect of changes in RH and Rn,l, both contributing to the increase in PET. It is important to
notice here that an empirical relationship may not be appropriate being applied to the long-term climate
change at all, although it may ﬁt the current climate reasonably well.

5. Summary and Conclusions
The dryness of terrestrial climate can be expressed in terms of the ratio of annual precipitation (P) to
potential evapotranspiration (PET). The PET is the evaporative demand of the atmosphere, indicating the
maximum amount of evaporation one would get, in a given climate, from a well-watered surface. PET is a
function of surface air temperature, relative humidity, wind speed, and available energy. This study examines
how the terrestrial mean aridity responds to global warming in terms of P/PET using the CMIP5 transient CO2
1%/yr increase to 2 × CO2 simulations. We calculated the PET using the Penman–Monteith algorithm, which is
based on the bulk formulae for the sensible heat and latent heat ﬂuxes and the surface energy budget
equation. It is found that the Penman–Monteith algorithm can also be used to calculate the evaporation
(E) over ocean with the RH and rs values over ocean.
We show that the rate of percentage increase in P averaged over land is ~1.65%/°C rise in ocean mean surface
air temperature, while the increase in PET is 5.3%/°C, leading to a decrease in P/PET (i.e., a drier terrestrial
climate) by ~3.4%/°C. Noting similar percentage increase rates for P over land and evaporation over
ocean, we propose a framework for examining the percentage change rates in P/PET by comparing the
change in PET over land with E over ocean, both estimated using the Penman–Monteith formula. We
document the changes in Ta, RH, u, and Rn  G over both land and ocean and quantify their effects on the
change in P/PET. It is found that the contributions from Ta, RH, u, and Rn  G changes to the changes in P/PET
are 53%, 37%, 1%, and 8%, respectively. These contributions are not only determined by the contrasting
changes over land and ocean in the relevant surface meteorological variables but also are affected by the
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coefﬁcients and background conditions used, which determine the sensitivity of PET (E) to the changes
in surface variables.
We further separate the effects of the contrasting changes over land versus ocean in the surface
meteorological variables and those due to differing responses of PET over land and E over ocean for given
atmospheric changes. A drier terrestrial climate can then be interpreted by (i) enhanced land warming
relative to ocean, (ii) a decrease in RH over land but an increase over ocean, (iii) part of increase in net
downward radiation going into the deep ocean, and (iv) differing responses of PET over land and E over
ocean to given changes in atmospheric conditions (largely associated with changes in temperatures).
The relative contributions to the change in terrestrial mean aridity from these four factors are about 35%,
35%, 15%, and 15%, respectively.

Appendix A: Change in PET and Contributions From Changes in Ta, RH, u, and Rn  G
Here we deﬁne E = Rn  G and use the subscripts “0” and “1” to represent the mean values for the years 1–10
and 61–70 of the simulations, respectively. We also denote the change of a variable x as δx = x1  x0. The
change in PET using equation(1) can then be written in the form
E 1 ΔðT a1 Þ þ ρa cp e ðT a1 Þð1  RH1 ÞC H ju1 j
=Lv
ΔðT a1 Þ þ γð1 þ r s C H ju1 jÞ
E 0 ΔðT a0 Þ þ ρa cp e ðT a0 Þð1  RH0 ÞC H ju0 j

=Lv
ΔðT a0 Þ þ γð1 þ r s C H ju0 jÞ
E 0 ΔðT a1 Þ þ ρa cp e ðT a1 Þð1  RH0 ÞC H ju1 j
¼
=Lv
ΔðT a1 Þ þ γð1 þ r s C H ju1 jÞ
E 0 ΔðT a0 Þ þ ρa cp e ðT a0 Þð1  RH0 ÞC H ju0 j

=Lv
ΔðT a0 Þ þ γð1 þ r s C H ju0 jÞ
δEΔðT a1 Þ
þ
=Lv
ΔðT a1 Þ þ γð1 þ r s C H ju1 jÞ
ρ cp e ðT a1 ÞðδRHÞC H ju1 j
þ a
=Lv
ΔðT a1 Þ þ γð1 þ r s C H ju1 jÞ

δPET ¼

From the above equation and noting that the change in wind speed is small, we can isolate the effect of
temperature change by computing the PET using T in the last 10 years but RH, u, and E from the ﬁrst 10 years
minus the PET using the inputs from the ﬁrst 10 years. The effects of the changes in RH or E however are
estimated by using PET with the inputs from the last 10 years minus that calculated using RH or E in the
ﬁrst 10 years but other inputs from the last 10 years. The effect of wind speed is estimated similarly to that for
the temperature.
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