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Abstract

Important Findings
Spatial variation in the mean heights, crowd widths, and leaf area
indices (LAI) of plant communities are important structural variables
that affect the hydrology of landscapes. Canopy stomatal conductance (G) imposes physiological limitation on transpiration by vegetation. The maximum value of G (Gmax) is closely linked to canopy
photosynthetic capacity, which can be estimated via remote sensing
of foliar chlorophyll or nitrogen contents. G can be modeled as a non-

INTRODUCTION
Increasing amounts of CO2 are entering the atmosphere from
burning fossil fuels and from conversions in land use round the
world. This is causing changes in the way plant communities
use water, so that the models we apply to calculate the hydrology of ecosystems, catchments, or forest stands are often found
to be giving the wrong answers. To calculate transpiration, we
need models based on variables that can be estimated from indirect measurements and applied at large scales. Satellites can
provide information about changes in the surface properties of
large areas, but they do not measure transpiration or evaporation directly. The properties for which we need values to do
this include plant canopy characteristics, most importantly
LAI and canopy conductance (G). Measures of solar radiation,
temperature, and atmospheric vapor pressure deficit are also
required. The short review presented here indicates that
advances in remote sensing may allow us to measure the properties of vegetation that set limits on G, as well as seasonal

linear multipliable function of: (i) leaf–air vapor pressure deficit, (ii)
water potential gradient between soil and leaves, (iii) photosynthetically active radiation absorbed by the canopy, (iv) plant nutrition, (v)
temperature and (vi) the CO2 concentration of the air. Periodic surveys with Light Detection and Ranging (LiDAR) and interferometric
RADAR, along with high-resolution spectral coverage in the visible,
near-infrared, and thermal infrared bands, provide, along with meteorological data gathered from weather satellites, the kind of information required to model seasonal and interannual variation in
transpiration and evaporation from landscapes with diverse and dynamic vegetation.
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changes in the meteorological variables that affect transpiration and evaporation.
Changing patterns in vegetation and land cover can be mapped by instruments on earth-orbiting satellites, and these indicate that the growing season of vegetation and the frequency
of natural disturbances have increased in response to climate
change (Myneni et al. 1997; Nemani et al. 2003). Predictions of
future changes in climate are uncertain, but it is very likely
that they will be accelerated by continued and increasing emissions of CO2 (IPCC 2007). Policy makers are seriously concerned that human-induced climate change is causing
increasing risks of floods and droughts, and they need to be
able to identify areas where these will occur. The risk of landslides and fires is also influenced by the type of vegetation
present in any particular area.
At the broadest scale, we may need only to distinguish forests from other types of vegetation to evaluate the major hydrologic implications of differences in vegetative cover
(Brown et al. 2008; Sun et al. 2006). We need more detail,
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Aims
Changing climate and land use patterns make it increasingly important that the hydrology of catchments and ecosystems can be reliably
characterized. The aim of this paper is to identify the biophysical factors that determine the rates of water vapor loss from different types of
vegetation, and to seek, from an array of currently available satelliteborne sensors, those that might be used to initialize and drive landscape-level hydrologic models.
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The main variables that affect stomatal behavior are well
known: leaf-to-air humidity deficits (D), water potential gradients (dw), which affect leaf turgor, light (photosynthetically
active radiation [PAR]), leaf chemistry (N), temperature (T),
and ambient CO2 concentrations. In the field, most of these
variables interact. In Fig. 1, data synthesized from measurements made in Amazonian rainforests are plotted to illustrate
three interactions. With the exception of the first panel
(PAR and D), the relationships between variables are nonlinear. Maximum canopy conductance (Gmax) corresponds
in this tropical forest to T = 35°C, D = 0.5 kPa, and PAR = 500
W m2.
Mechanistic models have been developed to predict G, but
the empirical model developed by Jarvis (1976) (Equation 1)
often does as well or better (Lloyd et al. 1995; Whitley et al.
2009). The Jarvis model predicts gs as a function of the maximum expected stomatal conductance (gsmax) constrained using nonlinear, multiplicative, independent variables that are
normalized to range between 0 and 1 (As atmospheric concentrations of CO2 rise, this function may exceed 1.0).
gs = gsmax  f ðDÞ f ðdwÞ f ðPARÞ f ðNÞ f ðTÞ f ðCO2 Þ

ð1Þ

THE FACTORS LINKING VEGETATION
WATER USE WITH ATMOSPHERIC
CONDITIONS

The same formula has been applied to predict G (Kim et al.
2008, Novick et al. 2009; Oren et al. 1999). To do this, we substitute estimates of Gmax for the gsmax values appropriate to the
various vegetation types with which we are concerned. Then,
assuming that we can define the functional relationships

The remote sensing community has long known that canopy
LAI sets limits on evaporation and transpiration and that LAI
can be estimated from differences in the reflection of wavebands in the visible and near-infrared (IR) part of the (electromagnetic) spectrum (Gates et al. 1965). The meteorological
variables that drive evaporation from free water surfaces—the
energy supplied by the sun and transfer processes driven by
wind and vapor pressure deficits—including from wet leaves
and transpiration, are also well understood and incorporated
in the widely applied Penman–Monteith equation (Monteith
1965). This equation links those variables and land surface
(plant canopy) properties through stomatal and canopy aerodynamic conductance.
The major constraints on evaporation from foliage are the
amount of the surface that is wet and its aerodynamic conductance. In tall vegetation with small leaves, when the foliage is
dry, transpiration is mainly constrained by canopy conductance (G), which is much smaller than the (high) aerodynamic
conductance, even in still air. Canopy conductance is determined by LAI and stomatal conductance (gs). The stomatal
conductance of all leaves in the canopy is in parallel, so sums
algebraically to give G. Shorter plants and trees with large
leaves are less well coupled to the atmosphere because aerodynamic conductance is small. In these communities, if transpiration did not continue at an adequate rate, high radiation
loads would quickly overheat the foliage, unless the amount of
radiation intercepted can be reduced by wilting or leaf curling
(Beerling et al. 2001).

Figure 1: modeled data based on measurements of stomatal conductance made at an Amazonia rain forest site illustrate that canopy conductance (G) varies with meteorological conditions. G increases with
photosynthetically active radiation (PAR), but less rapidly at higher
values of D; the increase with temperature (T) is much greater at high
than at (relatively) low temperatures; decreases with vapor pressure
gradient between the foliage and the air (D) are very rapid at all air
temperatures, but note the differences in the rate of decline, and
the lowest values reached, at different air temperatures. Ó 1995 by
John Wiley and Sons, reprinted with permission, taken from Lloyd
et al. (1995).
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however, when millions of hectares of fertilized plantations
of nonnative tree species are present on the landscape
(Almeida and Soares 2003). To meet this challenge, models
based on a fuller understanding of physiology, physics, and
soil chemistry are required to predict the landscape-level
hydrologic consequences.
Those of us interested in plant water relations recognize two
main challenges that must be met to improve hydrologic models and apply them to landscapes (For areas larger than 50 hectares, the distribution of different types of vegetation, and their
variations in albedo, aerodynamic conductance and access to
water begin to interact with the local climate, which may
require interactive land surface/atmospheric models to account for these effects if they cannot be monitored directly
(Pielke et al. 1997, 1998).): first, we need to identify physiological principles that can be widely applied, and secondly, we
need to relate those principles to attributes of vegetation that
can be observed from space. If we succeed in meeting these
objectives, future predictions of change will be more soundly
based than at present and susceptible to global-scale verification (or falsification).
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between gs and the environmental factors that affect it, we calculate values of G to be used in the Penman–Monteith equation to estimate transpiration rates for those vegetation types.
Given that we can estimate values for Gmax for an ecosystem or
forest stand, the next step is to determine the functional relationships between G and the factors that affect it.
Clearly, the procedures and assumptions outlined in the
previous paragraph are not trivial exercises. In the following
sections, we provide examples of how Gmax has been estimated
and how the functional relationships that constrain Gmax to
give values for G have been generalized. In the final section
of this paper, we discuss remote sensing techniques that have
proven useful in scaling from processes at the level of trees and
stands to ecosystems across landscapes—or seem likely to be
useful and therefore warrant critical testing.

Effect of leaf–air vapor pressure deficits (D) on G
Work by Oren et al. (1999) and Sperry (2000) has made it very
clear that stomata must act as the regulators of plant water potential and maintain it at values that can be sustained by the
conducting system of the trees, that is, at values high enough
to avoid catastrophic cavitation, when air enters the water
conducting vessels and flow through them stops. So stomata
will close when plants cannot sustain the rate of water loss
driven by leaf–air vapor pressure deficit. The rate at which water
can be supplied is affected by the capacity of the plant hydraulic
system, including root–soil contact and the amount of water in
the soil. As the vapor pressure deficit between leaf and air
(D) increases, and supply rates fall behind demand, stomata
respond by partial closure. G generally decreases exponentially
as the evaporative demand increases. Given that other
variables are optimum, Oren et al. (1999) showed that
knowledge of gmax was sufficient to describe the rate that leaf
stomatal conductance (gs) would be reduced They established Equation (2):
gs = gmax  m ln D

ð2Þ

where m is the stomatal sensitivity and has a value of ;0.6.
We can assume that G would respond similarly to D, but
note that Equation (2) predicts that gs goes to zero at moderate
values of D, which is not, in fact the case (Landsberg and Sands
2011). We can also expect transpiration to reach a plateau during the day when G is not zero although D might increase by
more than five-fold (Anthoni et al. 1999). There is also ample
evidence (Waring and Franklin 1979) that, at low values of D,
there is very little effect on stomatal conductance presumably
because, at the low transpiration rates that result from those
values, the supply of water to the foliage is fast enough not
to impose any stress. Therefore, if there are no other limiting
factors, G  Gmax. The main challenge in applying Equation (2)
to canopies arises from the need to assume that canopy leaf
temperature—which has a strong effect on D—is similar to

that of the ambient air. This will almost certainly be the
case for rough canopies with small-leaved species, for which
aerodynamic conductance will be high but may be a dubious
assumption for canopies with large leaves, such as those that
may be found in tropical forests.

Effect of water potential gradients (dw) on G
The discussion in the previous section implies that water
potential gradients play a crucial role in determining canopy
conductance. Reductions in canopy stomatal conductance are
often correlated with reduction in surface soil water content
because the large bulk of fine roots, which thoroughly permeate the soil, occur near the surface and those layers dry out
rapidly. When they do so, high water potential gradients develop between the root absorbing surfaces and canopy foliage.
Subsequent water extraction takes place from lower layers, but
it is difficult to account for water uptake by roots that extend
10–25 m beneath the surface and can redistribute water in any
direction depending on the water potential gradient (Amenu
and Kumar 2007; Burgess et al. 2001). Even with shallowrooted plants, the response of G to depletion in the water supply is highly dependent on soil texture (Bernier et al. 2002;
Landsberg and Waring 1997). To predict how leaf and canopy
conductance will respond to soil water deficits, it is often advisable to reference seasonal changes to dw (= wspring  wfall)
rather than to rely on monitoring soil water status (Running
1994). Meinzer et al. (1999) were able to derive a reasonable
estimate of canopy conductance for a rainforest in Panama
only when they accounted for differences in dw among tree
species and sizes of individuals.
It has long been assumed that the transpiration rate is zero in
the early morning (predawn), so that foliage water potential
(wf) measured at that time is in equilibrium with soil water potential (ws) (Waring and Cleary 1967). On this basis, it has been
found that the relationship between predawn leaf water potential and midday values is a good predictor of maximum daytime leaf stomatal conductance (Fig. 2). However, we should
note that if stomata do not close fully at night and transpiration
continues, plant–soil water potential equilibration will not occur (Dawson et al. 2007; Kavanagh et al. 2007). Corrections can
be applied as a function of D to estimate equilibrium predawn
leaf water potential (Kavanagh et al. 2007).

Structural limitations
Canopy structure, i.e. tree height and crown width, may influence rates of water loss, through canopy conductance, in different directions (i.e. increase or decrease them). High LAI
(up to about LAI  4; see Fig. 4) leads to increased water
use, but tall trees increase water potential gradients and so
tend to reduce G. The effects of canopy structure were dramatically illustrated by a 50% reduction in runoff when oldgrowth eucalyptus forests around Melbourne, Australia,
were replaced, following fire, by dense stands of younger
trees (Vertessy et al. 2001). The reductions were caused by
greatly increased water use by the young re-growth, primarily
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BIOPHYSICAL LIMITS ON MAXIMUM
CANOPY CONDUCTANCE (Gmax)
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Figure 2: maximum daily stomatal conductance (gs) of Nothofagus solandri, native New Zealand, shows an exponential decrease as predawn
water potential falls. Two axes are provided for comparison of units.
Molar units are currently more generally favored. Ó Oxford University
Press, reprinted with permission, taken from Sun et al. (1995).

Gmax in terms of AF, As, and tree height H that applied across 29
sites with a range of forest types, i.e.
gCref = 98:2

As
+ 37:3:
AF H

ð3Þ

This formula accounted for 75% of the variance in Gmax.
Novick et al. (2009) found that there was only a weak general
relationship between Gmax and height alone among 42 forested ecosystems, representing a large number of species from
a wide range of climates, although there was a strong relationship when data from temperate sites were treated alone.
We obviously need more work to establish the extent to
which Equation (3), or some version of it, can be regarded
as generally applicable to forest stands, but because forest
height can be estimated from space, this approach clearly
holds considerable promise (Landsberg and Sands 2011).
The ratio AF/As can be estimated from well-established relationships (Waring et al. 1982), so if we have estimates of LAI,
and some information about tree populations, we can estimate AF.

Effect of light (PAR) on G
As LAI increases, an increasing proportion of the leaves in the
canopy is shaded by other leaves. The proportion changes
depending on sun angle and the clarity (transmissivity) of
the atmosphere. Under clear skies, the fraction of diffuse light
is ;15%; under completely overcast conditions, it is 100%.
Diffuse light casts no shadows and penetrates deeper into canopies than direct sunlight. There is now general acceptance
that models designed to predict diurnal and daily trends in
transpiration and photosynthesis should take into account
the difference between sunlit and shaded components of
the canopy (see the pioneering work Norman 1982 and, more
recently, Bernier et al. 2001; Dai et al. 2003). These twostream models synthesize knowledge of single-leaf physiology, and the physics of transpiration and the radiation regime
within a canopy. They are valuable research tools that provide a biophysical basis for the responses of canopies to the
various environmental and physiological factors that affect
whole-canopy photosynthetic production and transpiration,
but they are relatively complex and require detailed information about canopy structure (Landsberg and Sands 2011).
However, there are simpler relationships that allow estimation of G: total light absorbed by the canopy tends to increase
almost linearly up to an LAI of ;4.0 and then approaches
a plateau (Fig. 3) and canopy conductance responds to increasing incident PAR in a similar nonlinear fashion (Baldocchi
and Hutchison 1986). Such relationships can be used to estimate f(PAR) in association with values of Gmax, to estimate
G, although they need to be determined for a range of vegetation types.

Effects of nutrition on G
Estimates of Gmax have been made for a wide range of vegetation types growing under near optimum climatic conditions.
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as a result of high LAI, but the fact that the trees were relatively
short may also have contributed to higher values of gs than
those in tall old-growth trees, the combination leading to high
values of Gmax and hence G. This is explained below.
The theoretical maximum tree height is between 125–130 m;
most trees stop height growth below 40 m because suboptimal
growing conditions create added resistance to water flow
(Koch et al. 2004). The gravitational hydrostatistic gradient
is 0.01 MPa per meter. In redwood trees taller than 100 m,
it accounts for two-third of the total resistance to water flow
through the stems (Koch et al. 2004). This structural resistance
to water flow increases with tree height because the vascular
system becomes progressively less efficient as growth slows.
These two resistances combine to reduce Gmax to a minimum
that limits both photosynthesis and height growth (Brodribb
and Feild 2000; Ryan and Yoder 1997). To establish how much
differences in Gmax might be associated with height, Hubbard
et al. (1999) compared 250-year-old ponderosa pine, 30 m
high, with 40-year old trees 10 m high. They found that Gmax
at mid-day, in the older trees, was ;30% less than in the
younger trees.
On similar sites, open-grown trees are shorter than those
growing in dense stands. This variation in height is associated
with differences in the length of branches (Hubbard et al. 1999;
Walcroft et al. 1996; Waring and Silvester 1994). To generalize
the implications of variation in tree height and crown width
requires knowledge of the potential tree height across a range
of conditions, or alternatively, a correlation between height
and crown growth rates and maximum tree height. Novick
et al. (2009) examined the possibility that maximum canopy
conductance may be proportional not only to the height of
a tree but also to the ratio of leaf area per tree (AF) to sapwood
cross-sectional area (As). They derived a simple expression for
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may be exploited with remote sensing, as we outline in a later
section.

Effects of temperature (T) on G

Effect of CO2 on G

Figure 3: fraction of PAR absorbed by sunlit/shaded fractions of canopy for direct and diffuse incident PAR radiation, calculated with the
sun directly overhead. Ó American Meteorological Society, reprinted
with permission, taken from Dai et al. (2003).

Kelliher et al. (1995) reported Gmax (using units of m s1)
(The following formula converts between these units and
the molar units more commonly used nowadays:, where R =
8.314 J K1 mol1 is the universal gas constant, T (°C) is
the temperature and P (Pa) is the pressure. At 20°C at sea
level, the conversion factor is 0.024 m3 mol1 (from Landsberg
and Sands 2011).) values and standard errors for woody vegetation (16 studies) and natural herbaceous vegetation (5 studies) that averaged 0.02 6 0.0015 and 0.017 6 0.0021 m s1,
respectively, whereas the values for agricultural crops
(9 studies) were significantly higher (0.03 6 0.0035 m s1).
Why the difference? The reason is that agricultural crops
are generally well fertilized, whereas natural vegetation is
not. In fertilized vegetation, the photosynthetic capacity
(Pmax), which is strongly influenced by leaf nitrogen concentrations, and Gmax, are known to increase in parallel (Schulze
et al. 1994, but see Evans 1989). This explains why photosynthetic capacity in fertilized plantations of young eucalyptus
trees in Brazil may be more than double that of adjacent unfertilized rainforests (Almeida and Soares 2003). With less than
half the LAI of the rainforests, the plantations transpire
equivalent amounts of water because Gmax of the two types
of vegetation is similar (Almeida and Soares 2003; but see
Hubbard et al. 2004). This link between fN, Pmax, and Gmax

The dependence of gs on CO2 (fCO2) in Equation 1) arises from
the fact that trees, and other plants with C3 biochemical photosynthetic pathway, can reduce carbon dioxide concentration
inside mesophyll cells to ;70% of that of ambient air. There is
some argument about whether the parallel responses of assimilation and conductance reflect responses of stomata to intercellular CO2 concentrations, or simply parallel responses to
light (Morison and Jarvis 1983), but there is strong evidence
that stomata of broadleaf trees are responsive to high CO2,
whereas those of conifers are not (Brodribb et al. 2009).
In the C3 plants responsive to variations in ambient air CO2
concentrations, increases in these concentrations may cause
reduced stomatal conductance, and hence reduced canopy
conductance, while permitting photosynthesis to increase
(Fig. 5). As a result, water use efficiency increases. In areas
where water limits canopy development, LAI would be
expected to increase with rising concentrations of ambient
CO2 (Macinnis-Ng et al. 2010). This response is contingent
on an adequate supply of nutrients to support additional
LAI (Finzi et al. 2008; Lloyd 1999). A rise in atmospheric
CO2 may partly compensate for higher D (Equation 1, Fig. 1).
The implications of this effect, in relation to the water and
energy balance of ecological communities, were explored by
Field (1983).

THE ROLE OF MODELS
We started this paper by introducing a simple model that
includes the major variables controlling G and progressed
to describe the (usually nonlinear) relationships associated
with each term. Although we might be able to discover remote sensing techniques that can define above-ground properties of the vegetation and surface soil/litter, none will
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For evergreen species, the optimum temperature (Topt) for
photosynthesis may shift by >10°C seasonally (Hember et al.
2010; Slatyer and Morrow 1977; Strain et al. 1976). Mean daytime air temperatures often correspond to seasonal Topt, as indicated in Fig. 4. It is worth noting that the current climate in
which a species grows may not correspond to its optimum temperature. In New Zealand, many of the native tree species are
adapted to ambient temperatures 10°C warmer than now observed (Hawkins and Sweet 1989). Way and Oren (2010) suggest that climatic warming may benefit boreal forest species
but impose limitations on tropical vegetation if temperatures
exceed Topt (e.g. >35°C in Fig. 1). Minimum temperatures
are also important if they drop below 2°C causing stomatal
closure that may persist for some days (Hadley 2000; Running
et al. 1975; Smith et al. 1984).
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Figure 4: optimum temperature for rates of gross photosynthesis (eg)
varies easonally by 10°C between November and March (light gray
points) and April through September (dark gray points), for coastal
Douglas-fir. Inverted triangles correspond to mean daytime temperatures for the two periods. Ó Elsevier, reprinted with permission, taken
from Hember et al. (2010).

Application of remote sensing
A number of the variables about which we need information to
initialize and drive landscape-level hydrologic models can now
be measured by satellite-borne sensors. Table 1 provides a summary of those for which values can be obtained and indicates

the types of sensors that can provide the relevant data. These
sensors are mounted on a variety of satellites.
Based on our understanding of the hydrologic cycle, plant
physiology and physics, we can list the kinds of data needed to
generalize plant–water relations to landscapes. First, a digital
elevation map will be required to define drainage basins, to
account for topographic variation in climate and soils and to
map variations in type and structure of vegetative cover. Secondly, we need to distinguish whether evaporative surfaces
are wet or dry. Thirdly, we require climatic data on daytime
vapor pressure deficit, incident solar radiation (of which
;50% is PAR), temperature, precipitation and progressive
changes in atmospheric CO2 concentrations.
The most important properties of the vegetation include seasonal and interannual variation in LAI, both horizontally and
vertically. Also, assessment of photosynthetic capacity (Pmax) is
required to take into account the effects of nutritional variation, and serve as a surrogate for Gmax. In drought-prone areas,
vegetation that has access to deep sources of water will need to
be distinguished from that with limited access.
In the sections below, we separate our presentation into two
broad categories: climatic variables that drive transpiration and
evaporation and biological variables that constrain the rates
that water is lost.

Remotely sensed climatic drivers
At present, most climatic variables required to drive the Penman-Monteith equation, as well as parameterize Equation 1,
can be obtained at daily resolutions (or better) from a range of
weather satellites. Over the past three decades, various
approaches have been developed to predict incident shortwave radiation and PAR from satellite-derived data (Eck and
Dye 1999; Pinker and Laszlo 1992). Goward et al. (1994)
and Dye and Shibasaki (1995) estimated monthly integrated
incident solar radiation using ultraviolet reflectance from
the Total Ozone Mapping Spectroradiometer. Wang et al.
(2000) combined finer scale Landsat imagery, a digital elevation model, and an atmospheric transmission model (LOWTRAN)
to estimate surface net solar radiation over an agricultural site
in the United States with an average error of <less than 1%.
More recently Liang et al. (2006) produced accurate daily estimates of incident solar radiation and PAR at a spatial resolution of 1 km2 or less by combining information from a number
of satellite sensors.
Surface estimates of vapor pressure deficits can also be retrieved at a similar resolution to PAR with good results up to D
of 2.5 kPa using land surface temperature (LST) data acquired
by the Moderate Resolution Imaging Spectroradiometer sensor
on National Aeronautics and Space Administration’s (NASA’s)
Terra and Aqua satellites, except where vegetation is very
sparse (Hashimoto et al. 2008; Nemani 2008). On overcast
days, when surface temperatures cannot be retrieved, it is unlikely the D will be suboptimal. Frozen soils can be detected
with RADAR to define conditions when stomata are closed
and growth cannot occur (Kimball et al. 2004). On clear days,
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directly measure those below ground that affect leaf nutrition
and plant water relations. Where G might be constrained by
drought or nutrition, model sensitivity analyses that predict
daily transpiration, combined with LAI observations, can
provide indirect estimates of water storage capacity in root
zones (Ichii et al. 2007; Kleidon and Heimann 1998) and
of soil fertility (Stape et al. 2006). The success of this modeling approach often depends on whether LAI values are less
than or >4.0 m2 m2. At the higher values where, as shown in
Fig. 3, light absorbed by the canopy reaches a plateau, the
application of techniques that depend on the differentialabsorbance or reflectance properties of leaves, across different
wave-band intervals, is limited. (This is discussed in the next
section.)
We recognize that some hydrologic models do quite wellpredicting seasonal and interannual patterns of stream flow,
drought, and floods without detailed knowledge of the state
of current vegetation. This is particularly true where winter
snowpack is highly variable and reservoirs store runoff for
large-scale irrigation projects during the growing season
(Hamlet and Lettenmaier 1999). In such cases, plant–water
relations play a minor role and the major requirements for predictions of catchment water use and water yields—a function
of runoff—are weather data and good topographic and vegetation maps. In other cases, where the vegetation plays a more
dominant role in catchment hydrology, biophysical processbased models have improved forecasts and help to explain
interactions and options for management (e.g. Cox et al.
1998; Chen et al. 2005; Schultz 1996; Soares and Almeida
2001; Feikema et al. 2010).
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Figure 5: modeled relationship light-use efficiency (left) and relative leaf stomatal conductance (gs) (right) with ambient CO2 concentrations. Ó
The Modeling and Simulation Society of Australia and New Zealand Inc., with permission, taken from Almeida et al. (2009).

Table 1: remotely sensed surface properties of landscapes to scale plant–water relations
Value

Sensors

LAI

Recognize drought, set limits on transpiration

Visible and near IR

Vegetation type and disturbance

Classify vegetation and record disturbance and
recovery

Thermal IR, visible, and near IR

Surface dryness

Index of surface soil moisture and canopy wetness

Thermal IR, visible, and near IR, Radar

Freeze-thaw temperature

Define growing season in cold climates and limits G

Radar

Flooded conditions under vegetation

Recognize flooding under cloud cover

Radar

Photosynthetic capacity and max canopy
conductance

Defines Pmax Gmax and response to D

Hyperspectral (absorbed PAR by chlorophyll)

Stomatal closure in dense forest

Confirm modeled estimates of soil water depletion

Hyperspectral (PRI)

Height of vegetation

Account for hydraulic resistance in stems

Lidar, radar

Crown width

Account for hydraulic resistance in branches

High spatial resolution, visible (1 m), Lidar

LST can be estimated and compared with values extrapolated
from a variety of sources.
Precipitation is the most difficult climatic variable to acquire
remotely and consistently across large areas. As a result most
process-based models utilize ground networks of precipitation
extrapolated across space and time. However, progress is being
made using a combination of passive microwave sensors
(Nesbitt et al. 2004) with a number of new satellite missions
planned to resolve this data gap.

Remotely sensed features of vegetation

such as radar and Lidar, which send out pulses and monitor the
strength of their return, provide good measures of tree heights
and the distribution of LAI vertically and horizontally (Fig. 6),
as well as individual crown width (Popescu et al. 2003). Together, interferometric radar and Lidar offer opportunities to
characterize much larger areas, although with less accuracy
that might be attained from airborne Lidar (Neeff et al.
2005; Treuhaft et al. 2009). Much can be gained by assembling
data from a number of different remote sensing sources and
using geographic information systems to display the results
(see review by Fargan and Defries 2009).

Structural features.
The area occupied by different types of vegetation can be mapped based on differences in seasonal patterns of LAI, recognized by variation in reflectance patterns in the visible,
near-IR, and thermal IR measurements of LST (Running
et al. 1995). The height of trees as well as crown widths can
be monitored with both passive and active sensors. SPOT (Satellite Pour l’Observation de la Terre) coverage in the visible
and near IR at 1-m spatial resolution is generally adequate
to define crown widths (Cohen and Spies 1992). Active sensors

Remotely sensing indices of drought.
For broad-scale geographic analyses, the remote sensing community has generally relied on drought indices that do not involve calculation of a soil water balance (e.g. Zhao and
Running 2010). Drought-prone areas can be recognized,
and reasonable values of LAI (and Normalized Difference Vegetation Index (NDVI)) can be generated by modeling, using
a range of soil water storage capacities. At the other extreme,
flooded areas, even those covered by dense forests, are easily
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Figure 6: measurements of canopy structure made using Lidar (National Aeronautics and Space Administration’s Scanning Lidar Imager of Canopies by Echo Recovery). Panel (a) shows ground topography and the vertical distribution of canopy material along a 4-km transect in the H. J.
Andrews Experimental Forest, Oregon. Modified from Fig. 3 in Lefsky et al. (2002).

Remotely sensed indicators nutrition:
photosynthetic capacity and efficiency
Initially, the aim of most measurements made by remote sensing, with the objective of predicting hydrologic responses to
climatic variation, was to provide data for models that applied
to broadly defined types of vegetation—or biomes—in which it
was assumed that a relationship exists between canopy greenness (LAI), photosynthetic capacity (Pmax) and Gmax (Sellers
et al. 1992). Within similar types of vegetation, considerable
variation in LAI and Pmax was recognized and often related
to differences in leaf chemistry, in particular, total nitrogen
content (Pierce et al. 1994). For evergreen needle-leaf species,
total nitrogen in the canopy increases linearly with a 10-fold
change in LAI, although nitrogen per unit of leaf area decreased by 3-fold (Pierce et al. 1994). This reflects a corresponding change in leaf structure (mass per unit area) that can affect
the overall reflectance properties (albedo). Differences in
albedo can be remotely sensed and, thus, have been used
as a surrogate for nitrogen and Pmax (Ollinger et al. 2008).
Smith et al. (2002) were among the first to use fine-resolution
(hyperspectral) spectrometry acquired in the near-IR part of
the spectrum from aircraft, to measure nitrogen content in
foliage of mixed, temperate forests, and link this to Pmax.
Although Pmax tends to increase with foliar nitrogen content, the relation is not always linear. The photosynthetic capacity of leaves is related to the nitrogen content because the
photosynthetic machinery and process (thylakoids and
enzymes in the Calvin cycle) represent the majority of leaf nitrogen (Evans 1989). At very high levels of nitrogen, the proportion in soluble protein increases without any effect on
photosynthesis. Evans (1989) suggests that chlorophyll content would be a better measure of Pmax than total N because
thylakoid nitrogen is directly proportional to the chlorophyll
content. Zhang et al. (2005, 2009) took advantage of this relationship using hyperspectral remote sensing of the sunlit
(most active) portions of forest canopies to assess chlorophyll
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recognized by the intense backscatter signal from RADAR
(Waring et al. 1995).
To date, the most widely applied remotely sensed index of
drought involves an analysis of landscape-level changes in the
relationship between NDVI and the integrated canopy and
LST, Ts (Nemani and Running 1989). As previously noted,
the canopies of tall, dense forests tend to remain near ambient
air temperature whether transpiration continues or stops. In
a landscape containing vegetation with a range in LAI, a vegetation greenness index (NDVI IR to red reflectance) can be
used in combination with Ts measurements to infer progressive
depletion of surface soil water supply by observing an increase
in the slope in the relationship depicted in Fig. 7. Precipitation
that wets all surfaces results in similar temperatures across the
full range in NDVI.
The relationship between NDVI and Ts is not a direct measure of plant water stress. Measuring a reduction in the water
content of foliage would offer a more direct correlate with water stress and its influence on G. Much effort has been
expended to use, for this purpose, subtle differences in reflectance of narrow near-IR spectral bands that are associated with
change in water content as well as with narrow spectral bands
in visible wavelengths caused by changes in anthocyanin pigments that reflect stress. Forests with dense canopies should be
ideal for using fine-resolution spectral reflectance to sense
drought, and where experiments have been conducted to create drought by redistributing precipitation off a site, the results
are impressive (Fig. 8). In tropical forests, however, where new
foliage is produced at the top of the canopy before the wet season begins, this may result in changes in the near IR reflectance that confound analyses (Asner and Alencar 2010). In
addition, all fine-resolution spectral reflectance analyses derived from satellite-borne sensors must correct for seasonal
and spatial variation in the amount of water vapor, haze,
and smoke, as well as changes in viewing angle (Asner and
Alencar 2010).
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Figure 8: seasonal variation in water stress (July low, November high) in an Amazon tropical forest shows little change in broad-band reflectance
indices between drought and nondrought conditions, e.g. simple ratio (SR) of near IR to red (R) reflectance or the NDVI = (near IR  R)/(near IR + R).
Narrow-band reflectance indices for water (SWAM), photosynthetic light-use efficiency (PRI) and anthocynanin pigments (ARI). Copyright (2004)
National Academy of Sciences, USA., reprinted with permission, taken from Asner et al. (2004).

content and correlate that with measured Pmax. Through remotely sensed measurement of canopy chlorophyll content,
we might, therefore, obtain an indirect estimate of Gmax.

Chlorophyll (a and b) are very stable pigments; others are
less stable under conditions when photosynthesis is downregulated. Gamon et al. (1992) noted that a shift in the
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Figure 7: As the surface dries, land-surface temperatures (Ts) rise to higher values on exposed soils than under full plant cover, recognized by the
maximum value of the NDVI, a surrogate for LAI. These two remotely sensed variables can be combined into a vegetation dryness index that
correlates with depletion of water from surface soils. Seasonal variation in ambient air temperature, which is similar to canopy leaf temperatures of
tall, dense needle-leaf forests, can be estimated by extrapolating Ts to maximum values of NDVI. Ó Elsevier, reprinted with permission, taken from
Sandholt et al. (2002).
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composition of xanthophyll pigments occurs when stomata
begin to close, which results in a change in reflectance at
531 nm relative to chlorophyll reflectance at 730 nm. This shift
in the ratio of reflectance from different forms of xanthophyll
pigments is defined as the photosynthetic reflectance index
(PRI). It is known to vary hourly and seasonally (Hall et al.
2008; Hember et al. 2010). Where other measures of canopy water stress can be inferred by modeling or through other hyperspectral stress indices (Fig. 8). PRI warrants testing as a surrogate
for both Gmax and G. The challenges to obtaining precise estimates of PRI, and other hyperspectral indices, are many, but
progress is being made (Drolet et al. 2008; Hilker et al. 2009).

CONCLUDING REMARKS

FUNDING
U.S. National Aeronautics and Space Administration (grant no.
NNX09AR59G to R.H.W.) from the Biodiversity and Ecological
Forecasting Program.

REFERENCES
Almeida AC, Sands PJ, Bruce J, et al. (2009) Use of a spatial processbased model to quantify forest plantation productivity and water
use efficiency under climate change scenarios. 18th World IMACS/
MODSIM Congress, Cairns, Australia, 13-17 July 2009, p. 1816–22.
http://mssanz.org.au/modsim09 (25 January 2011, date last
accessed).
Almeida AC, Soares JV (2003) Comparac
xão entre o uso de água em
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The central point that we have been making throughout this
paper is that, given information about the canopy structure of
vegetation, and adequate weather data—among which precipitation amounts and patterns are probably the most important
variables—we can estimate water use with considerable accuracy with a series of landscape-linked models. Within the Penman–Monteith equation, the canopy conductance (G) term
describes the interaction between canopies and the atmospheric environment, so our ability to derive accurate values
for that term is central to our ability to estimate transpiration
rates by ecosystems. Equation (1) encapsulates the factors that
we know determine G and much of our discussion has been
concerned with those factors and their effects. The height
and crown width of plants do not require frequent monitoring,
but it is critical to document seasonal variation in LAI. The
chlorophyll content of sunlit foliage, which is correlated with
Pmax, and in turn Gmax is needed to predict the response of G to
D (Equation 2). In arid environments, a series of hyperspectral
indices (SWAM, PRI, ARI; Fig. 8) warrant testing as to their
reliability in representing water stress induced by drought, particularly where LAI values remain stable, along with more
general remotely sensed indices (SR and NDVI). Asbjornsen
et al. (2011) provide a more complete review on this subject
in regard to other methods available to interpret the effects
of vegetation on landscape hydrology.
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