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Abstract
This document serves as an integrated Algorithm Theoretical Basis Document (ATBD)
for all the Earth System Data Records (ESDRs) produced under the project “Developing
Consistent Earth System Data Records for the Global Terrestrial Water Cycle”, supported
by research grant NNX08AN40A from the National Aeronautic and Space
Administration (NASA). The goal of an ATBD here is to provide a complete description
of the underlying data record, including, but not limited to, the background theory,
algorithms, source data, quality control, and validation status etc. It is expected that the
ATBD would answer most of the questions that data users may have such that they do not
have to resort to a large number of references unless some fine details are being sought
after.
This integrated ATBD combines seven individual ATBDs, with each one them describing
an ESDR of its own – 1) soil moisture from remote sensing, 2) evapotranspiration from
remote sensing, 3) precipitation from remote sensing, 4) radiative fluxes from remote
sensing, 5) water budget from Variable Infiltration Capacity model, 6) global surface
meteorological forcing dataset, 7) land surface water cycle data assimilation. These
individual ATBDs are organized as chapters, and each of them can also serve as a
standalone ATBD.
This document will continue to be revised as the productions procedures are being
improved based on new research.
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Chapter 1 Data Records Overview

1 Data Records Overview
1.1

Introduction

Water is essential to life and is central to society’s welfare and sustainable economic
growth. Consistent documentation of the water cycle and its changes over time is needed
by the users of water cycle data – water managers, farmers, and related socio-economic
sectors. In most developed countries, sophisticated observation systems that incorporate
in-situ, satellite, model output, and other technologies, have resulted in high quality,
long-term data records of water cycle variables. Unfortunately, these systems rarely
extend beyond the populated parts of the developed countries, where environmental
change due to changing climate, land use and land cover, and water management has
resulted in significant alterations to the land surface water cycle. In these data sparse
regions, in situ data alone are insufficient to develop a comprehensive picture of how the
water cycle is changing, and strategies that merge in-situ, model and satellite
observations within a framework that results in consistent water cycle records will be
essential. Such an approach is envisaged by the Global Earth Observing System of
Systems (GOESS), but has yet to be applied
(see GEO 2007-2009 Work Plan;
http://ww.earthobservations.org/docs/GEO_2007-2009_Work_Plan.v3.pdf).
The overall goal of this project is to develop long term, consistent Earth Science Data
Records (ESDRs) for terrestrial water cycle states and variables by updating and extending
the NASA-funded water cycle Pathfinder data set of Sheffield et al. (2006) and by
making available the data set to the scientific community and data users via a state-ofthe-art internet web-portal. The specific objectives are as follows:
•

To produce a terrestrial water cycle data set from 1950 to present including
forcing fluxes to the land surface including downward surface solar and longwave
radiation, precipitation (liquid and snow), surface meteorology, land surface state
variables including surface soil moisture, snow water equivalent and extent, and
land surface fluxes including evapotranspiration, runoff, and river discharge, all
of which will be based on in-situ measurements, satellite-retrievals and model
predictions. We expect that the data set for the post-satellite era (post-1983 for
the variables of interest to us) will be of higher quality than that from 1950 to
1983, however we believe it is important to produce a consistent data set over the
entire 50+ year period which reflects the global signature of extensive changes in
land cover, water management, and climate.

•

To extend our Pathfinder data set to include two key variables that reflect
anthropogenic manipulation of the land surface water cycle, specifically, monthly
time series of storage in major reservoirs globally, and monthly time series of
irrigation water consumption at a grid resolution of 0.5 degrees latitude-longitude.
As for other variables, we expect that the data for the post satellite era (roughly
1980s to present, depending on variable) will be of higher quality than that from
1
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1950 to the onset of the satellite era, which will be based primarily on model
reconstruction.
•

As a second stage product, to merge the above land surface forcings, state
variables, and fluxes into a consistent ESDR in a manner that results in closure of
the land surface water budget.

The following section provides technical details of the ESDRs.

Figure 1.1 Schematic of the elements of the water cycle ESDRs

1.2

Background and Technical Approach

Our overall approach will be to merge estimates of the water cycle variables outlined in
the previous section based on satellite and in situ observations with model-derived
estimates of the same variables. Where available, we will use existing satellite retrievals,
however in some cases (e.g., downward solar radiation) we will reprocess existing data
sets. Figure 1.1 shows the overall data flow for the project, where the boxes represent the
elements that will be produced or that will be required to produce specific ESDRs.
On the left side and colored green in Figure 1.1 are the elements of the water cycle fluxes
that either will be derived externally (from extension of the Sheffield et al (2006) data set)
or can be derived from the VIC model given the Sheffield et al (2006) forcings.
Notwithstanding that VIC generates both land surface water and energy fluxes and state
variables, of primary interest to this project are the water budget variables. In blue boxes
are variables that can be taken from satellite retrievals. These include downward solar
radiation, which will be used to estimate surface evapotranspiration (or latent heat).
Satellite-based ESDRs for surface soil moisture, an important control on ET and runoff,
will come from a series of low-frequency passive microwave sensors dating back to the

2

Chapter 1 Data Records Overview
mid 1980s. For snow cover extent (SCE), we expect to use existing remotely sensed
products based on MODIS and AVHRR and available through the National Snow and Ice
Data Center (NSIDC).
Details on the productions of all the variables mentioned above are described one by one
in the chapters to follow. There is no independent chapter for the snow product, i.e. snow
cover extent (SCE) and snow water equivalent (SWE). They will be estimated both using
the land surface model VIC and from remote sensing. One chapter is devoted to the VIC
model including all the details on snow cover estimation. Remotely sensed snow cover
information will be produced by another NASA funded project “Development of
Northern Hemisphere Snow and Ice Climate Data Records” (awarded to David Robinson
at Rutgers University).
1.3

This Document

This document combines the individual Algorithm Basis Documents (ATBDs) for all
terrestrial water cycle variables produced under the project. For each data record being
developed here, a separate ATBD is prepared (and updated along time) by the
corresponding data record producer. This document organizes these ATBDs for
individual data records as chapters – one chapter per product. Each chapter can also
serve as an independent ATBD. In total, 7 ATBDs/chapters are included:
•
•
•
•
•
•
•

Chapter 2, Soil Moisture from Passive Microwave Remote Sensing;
Chapter 3, Evapotranspiration from Remote Sensing;
Chapter 4, Rainfall from Remote Sensing;
Chapter 5, Radiative Flux Data Record from Multi-Satellite Remote Sensing;
Chapter 6, Water Budget Record from Variable Infiltration Capacity (VIC) Model;
Chapter 7, Global Surface Meteorological Forcing Dataset;
Chapter 8, Land Surface Water Cycle Data Assimilation.

As continuing efforts are being made to improve the current production procedures for
the data records, changes may be applied to these production procedures. Therefore, each
of the individual ATBDs may continue to be revised as new improvements are being
made, and so is this integrated ATBD. To reflect the evolution of the data records and
their documentations, both the integrated ATBD and individual ones will be versioned.
Readers can refer to the version numbers and document dates at the beginning of this
document and each chapter.
1.4
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Abstract
This Version 1.0 ATBD provides a first detailed description for the current procedure to
derive volumetric surface soil moisture estimates from satellite-based passive microwave
measurements, including the radiative model, inversion method, input data and model
parameters. A physically-based radiative transfer model, the Land Surface Microwave
Emission Model (LSMEM), serves as the core algorithm in the estimation procedure.
LSMEM is a forward radiative transfer model, which computes the microwave brightness
temperature given soil and vegetation status at the land surface and conditions in the
atmosphere. To estimate soil moisture given microwave brightness temperature
observations from satellite, a simple inversion procedure is employed to find the soil
moisture value that leads to a best match between the brightness temperature computed
by LSMEM and satellite measurement. So far, only horizontally polarized X-band
measurements are being used in the derivation, and the sensors include SSM/I (19GHz),
TRMM (10.65GHz), and AMSR-E (10.65GHz). This approach requires the land surface
temperature to be provided as an ancillary input, and estimates from remote sensing and
land surface model are being used for different periods of time.
The soil moisture records will be produced at a native spatial resolution of 0.25º and at
daily level. Further aggregation in time and space may be performed. The records will
cover the period where satellite measurements are available, i.e. late 1970’s ~ present.
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Continuing efforts are being made to improve various components of the current
production procedure, e.g. the estimation of vegetation parameters. Changes so followed
will be reflected in the further revisions of this document.
2.1

Introduction

Soil moisture is a key land surface state variable for its important role in regulating the
energy and moisture fluxes between the atmosphere and land surface. Better knowledge
of soil moisture greatly contributes to our understanding of land surface processes
([Albertson and Parlange, 1999]; [Cahill et al., 1999]; [Entekhabi et al., 2004]).
Moreover, since the land surface serves as the boundary condition for weather and
seasonal forecasting models, refining the soil moisture estimate that is used in their
initialization will improve accuracy of the short-term and seasonal forecasts in many
occasions [Koster et al., 2000]. Operational large-scale soil moisture observational
products would likely enhance the accuracy of Numerical Weather Prediction (NWP)
products, e.g. [Koster and Suarez, 2001], hydrological flood forecasting, agricultural
drought monitoring as well as water cycle research related to climate studies.
Therefore, there have been efforts in developing soil moisture observational networks
[Robock et al., 2000], evaluating soil moisture as modeled by land surface schemes
[Schaake et al., 2004] and climate models [Luo and Wood, 2008], and developing
assimilation system to utilize satellite retrieved soil moisture [Drusch et al., 2005].
Observations based on standard in-situ instrumentation can only measure local values and
may not adequately sample land surface heterogeneity. In addition, dense ground
networks are expensive to install and maintain. Space borne microwave measurements
have been recognized as an effective method for monitoring soil moisture at large scales
[Owe et al., 1999].
Retrieving near surface soil moisture by satellite sensors at microwave frequencies
(passive or active) is very promising for its large spatial coverage and reasonable
penetration depth ([Entekhabi et al., 2004]; [Gao et al., 2004]; [Bartalis et al., 2007];
[Owe et al., 2001]). Also, remotely sensed soil moisture products have been used in
various studies, ([Reichle et al., 2007]; ).
2.2

Background and Overview

Passive microwave frequencies have been adopted for monitoring surface moisture
conditions because of two unique advantages. First, as the soil water content increases,
dielectric conductivity of the soil decreases, resulting in reduced surface emission (or
brightness temperature). The lower is the frequency; the higher is the sensitivity to soil
moisture.
Second, atmospheric contributions are minimal at many microwave
frequencies such that land surface emission can penetrate through the atmosphere and
thin clouds unaffected by atmospheric attenuation [Ulaby et al., 1986]. As a result,
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surface soil moisture information can be retrieved globally at real-time from space-borne
remote sensing.
In theory, the dielectric constant of the soil-water medium is raised by increases in soil
water content. These variations are detectable by remote microwave sensors [Njoku,
1977]. The sensitivity of surface dielectric measurements to soil moisture is higher at
lower microwave frequencies. Here are some currently operating and scheduled
microwave satellite missions that have been applied to soil moisture retrievals (passive
and active sensors are listed separately):
Passive sensors:
•
•
•
•
•
•

Scanning Multichannel Microwave Radiometer (SMMR) at 6.63 GHz on
Nimbus-7, which was launched in 1978, with data available until 1987 [Owe et al.,
1992];
Defense Meteorological Satellite Program (DMSP) Special Sensor
Microwave/Imager (SSM/I) at 19.3 GHz, which was launched in 1987 [Jackson,
1997];
Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI) at 10.65
GHz, which was launched in 1997 [Jackson and Hsu, 2001];
Advanced Microwave Scanning Radiometer (AMSR) on the EOS Aqua satellite
(AMSR-E) at 6.9 GHz, which was launched in May 2002 and the ADEOS-II
AMSR, which was launched in December 2002;
European Soil Moisture and Ocean Salinity Mission (SMOS) at 1.4 GHz, which is
scheduled to launch in 2009;
The Soil Moisture Active and Passive (SMAP) mission planned to launch in 2013
carries a L-band 1.41GHz radiometer.

Active sensors:
•
•
•

Scatterometer measurements from European Remote Sensing (ERS) satellite
ERS-1 and ERS-2. [Wagner et al., 1999], [Pellarin et al., 2006], [Wagner et al.,
2003];
The canceled mission of HYDROS [Entekhabi et al., 2004];
SMAP also carries a L-band 1.25GHz radar.

Soil moisture estimates can be derived from both passive and active measurements.
Passive sensors (radiometers) detect emissions from the land surface. They are much
better available than active sensors (see the lists above) but the spatial resolution of
passive measurements is relatively low (IFOV ~50km) due to the low surface emission
intensity and the limit on spaceborne antenna size. Active sensors (radars) shoot a beam
toward the target through the transmitter and measure the backscattering. They can
achieve a much higher resolution, but at the same time the noise in the signal is larger due
to backscattering from the vegetation. Recently [Owe et al., 2008] has compared satellite
retrieved soil moisture from passive and active microwave sensors. In our production of
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soil moisture records, only passive measurements are adopted for a better temporal
coverage.
Different methods have been developed for estimating soil moisture from passive
measurements. All such methods are based on the radiative transfer process. Some
methods make use of both horizontally and vertically polarized observations to derive the
soil emissivity and vegetation optical properties simultaneously, for example, [Wigneron
et al., 1993], [Schmugge and Jackson, 1994], and [Owe et al., 2001]. Because the
horizontally polarized component is much more sensitive to soil moisture change than the
vertically polarized, some methods rely only on the horizontally polarized measurements
([Gao et al., 2004]) and derive vegetation parameters from other sources. [O'Neill et al.,
2004] compared several different retrieval algorithms using simulated data.
Several continental to global scale soil moisture retrieval efforts already exist. For
example, the TRMM Microwave Imager (TMI) based retrieval by U. S. Department of
Agriculture ([Bindlish et al., 2003]), the TMI based retrieval by Princeton University
([Gao et al., 2006]), the AMSR-E based retrieval by Jet Propulsion Lab ([Njoku et al.,
2003]), and the multi-sensor effort in [Owe et al., 2008].
The LSMEM model being used here is based on a solution for the radiative transfer
equation as outlined in [Kerr and Njoku, 1990], combining literature results on soil and
vegetation microwave radiation properties. LSMEM itself is a forward radiative transfer
model, i.e. it predicts the microwave brightness temperature (both horizontally and
vertically polarized components) given soil and vegetation status at the land surface and
conditions in the atmosphere. To estimate soil moisture given microwave brightness
temperature observations from satellite, a simple inversion procedure, the “bisection rootfinding”, is employed to find the soil moisture value that leads to a best match between
the brightness temperature computed by LSMEM and satellite measurement. So far, only
horizontally polarized X-band measurements are being used in the derivation, and the
sensors include SSM/I (19GHz), TRMM (10.65GHz), and AMSR-E (10.65GHz). The
LSMEM inversion approach has been implemented in a number of soil moisture retrieval
experiments and related studies ([Gao et al., 2004]; [Gao et al., 2006]).
2.3

Algorithm Description

As indicated previously in the document, this soil moisture product is derived from Xband microwave brightness temperature measurements using a physically-based radiative
transfer model. This is a single polarization approach, where only the horizontally
polarized measurements, which are more sensitive to surface soil moisture, are used in
calculation. A radiative transfer model calculates the brightness temperature measured at
the top of atmosphere (TOA) given the conditions of soil (temperature, wetness, texture
etc.), vegetation (thickness, structure, temperature etc.), and atmosphere (temperature,
pressure, humidity, etc.). The radiative transfer model is the core of the retrieval
algorithm, and here the Land Surface Microwave Emission Model (LSMEM) developed
in Drusch et al., 2001 is used. Also, since a radiative model only performs “forward”
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calculation, a procedure is needed to “invert” the model such that the soil moisture can be
estimated given the measurement at TOA. This section will describe in detail the
LSMEM model and its inversion.
2.3.1

Radiative transfer model overview

The Land Surface Microwave Emission Model (LSMEM) considers the emissions from
the following sources: ground surface, vegetation cover, atmosphere, and cosmic
background. Upward emissions from the ground surface, vegetation cover, and
atmosphere will travel through the media above them and reach the TOA. Downward
emissions from the cosmos, atmosphere, and vegetation will be reflected by the ground
surface first and then reach the TOA. LSMEM calculates the brightness temperature of
these emitting bodies and resolves the attenuations when these emissions pass through all
the media. As the ground surface is heterogeneous, LSMEM divides a computing pixel
into three fractions: vegetated surface, bare soil surface, and open water surface, and
performs a separate radiative transfer calculation for each individual surface type.
LSMEM consists of four major modules: soil, vegetation, snow, and atmosphere. Each
module calculates the emission properties of the target body, e.g. emissivity, reflectivity,
albedo, optical depth, and so forth. With all the necessary emission properties computed,
the radiative transfer routine combines all these emissions and calculates the final
brightness temperature a TOA. The soil module has four sub-modules for soil dielectric
properties, effective temperature, smooth surface emissivity, and rough surface emissivity.
Brightness Temperature at TOA

Radiative Transfer Routines

Soil
Module

Dielectric
Model

Effective
Temperature

Vegetation
Module

Smooth
Emissivity

Snow
Module

Atmosphere
Module

Roughness
Model

Figure 2.1 LSMEM Schematic

LSMEM is basically a collection of models (theoretical, semi-empirical, or empirical)
that calculate the emission properties of different components. As such models are
developed for different ranges of frequencies, materials, and application conditions,
LSMEM may implement more than one models for the calculation of the same variable.
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For example, the soil dielectric properties can be computed using either the model
described in [Dobson et al., 1985] or [Wang and Schmugge, 1980]. This document is not
intended to serve as a complete documentation of LSMEM, thus it will only cover the
models that are being used in retrieving soil moisture in the project. All other models
implemented but not used will not be covered.
This soil moisture product does not cover the area cover by snow, so the snow model will
not be described. Also, the atmosphere will be assumed to have constant brightness
temperatures, therefore the atmosphere model will not be covered either. The subsections
followed after will cover four topics: (1) components of emissions being considered; (2)
soil emission properties; (3) vegetation emission properties; (4) model inversion. Each
subsection may have a nomenclature part to set up the definition of symbols being used at
the beginning. Note that all notations are unified throughout this document, and one
symbol will only be defined once as it first appears.
2.3.2

Components of microwave emissions measured at TOA

Nomenclature and notations
Each type of physical variable is denoted using a separate symbol:
T
Tb
ε
τ
ω
C

Physical temperature, [K]
Brightness temperature at microwave frequency, [K]
Emissivity at microwave frequency, [·]
Optical depth at microwave frequency, [·]
Single scattering albedo at microwave frequency, [·]
Fraction of area covered by a specific type of surface, [·]

[·] means “dimensionless”. Some variables may have subscripts to indicate the physical
body they refer to and the direction of emission, and superscripts to indicate the
polarization. If a variable has such descriptive subscript(s) or superscript(s), the general
form would be like:
frequency, polarization
Tbbody
, direction

“body” parameter can be (the last three are grouped):

a
v
s
w
c

Atmosphere
Vegetation
Soil
Water
Cosmic background

veg
soil

= a + c + v + s,
= a + c + s,

vegetated surface plus atmospheric/cosmic background
bare soil surface plus atmospheric/cosmic background
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water = a + c + w,

open water surface plus atmospheric/cosmic background

“direction” parameter is only used with the atmosphere, and it can be:

u
d

Upward
Downward

“frequency” parameter is the microwave channel frequency, e.g. 6.925GHz, 10.65GHz,
18.7GHz, etc.
“polarization” parameter can be:

H
V

Horizontal
Vertical

Examples are: Tba ,u

Tbs10.65GHz , H

ε s36.5GHz ,V

τ aH

ω vH

Note that in most cases not all such descriptive subscripts and superscripts present. For
example, the polarization and channel frequency is usually omitted if the context says
only the horizontal polarization of one channel is being discussed or the discussion
applies equally to either polarization or any channel. Also, only atmosphere emits
differently in upward and downward directions due to it large thickness, thus T for all
other bodies won’t carry the “direction” subscript.

2.3.2.1 Radiative transfer over a vegetated surface
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Cosmos

Tbc

Atmosphere

Tba ,u , Tba ,d ,

τa

Vegetation

Soil

Tv , τ v , ω v

Ts , ε s

Figure 2.2 Radiative transfer over a vegetated surface

The total emission received by the satellite sensor at TOA over a vegetated surface
consists of 6 components (arrows from left to right around the satellite):

ε s Ts exp(−τ v ) exp(−τ a )
Direct vegetation emission:
Tv (1 − ω v )(1 − exp(−τ v ) ) exp(−τ a )
Reflected vegetation emission: Tv (1 − ω v )(1 − exp(−τ v ) )(1 − ε s ) exp(−τ v ) exp(−τ a )
Reflected cosmic emission:
Tbc (1 − ε s ) exp(−2τ a ) exp(−2τ v )
Reflected atmospheric emission: Tba ,d (1 − ε s ) exp(−τ a ) exp(−2τ v )

1) Soil emission:
2)
3)
4)
5)

6) Upward atmospheric emission:

Tba ,u

Collecting all the above 6 terms, we have:

Tbveg = ε sTs exp(−τ v ) + Tv (1 − ωv ) (1 − exp(−τ v ) )(1 + (1 − ε s ) exp(−τ v ) )  exp(−τ a )
+ (Tba ,d + Tbc exp(−τ a ) ) (1 − ε s ) exp(−2τ v ) exp(−τ a ) + Tba ,u

2.3.2.2 Radiative transfer over a bare soil surface
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Cosmos

Tbc

Atmosphere

Tba ,u , Tba ,d ,

τa

Soil

Ts , ε s

Figure 2.3 Radiative transfer over a bare soil surface

The total emission received by the satellite sensor over a bare soil surface consists of 4
components (arrows from left to right around the satellite):
1) Soil emission:
ε s Ts exp(−τ a )
2) Reflected cosmic emission:
Tbc (1 − ε s ) exp(−2τ a )
3) Reflected atmospheric emission: Tba ,d (1 − ε s ) exp(−τ a )
4) Upward atmospheric emission:

Tba ,u

Collecting all the above 4 terms, we have:
Tbsoil = ε sTs exp(−τ v ) exp(−τ a ) + (Tba ,d + Tbc exp(−τ a ) ) (1 − ε s ) exp(−τ a ) + Tba ,u
2.3.2.3 Radiative transfer over an open water surface
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Tbc

Cosmos

Atmosphere

Tba ,u , Tba ,d ,

τa

Water

Tw , ε w

Figure 2.4 Radiative transfer over an open water surface

The total emission received by the satellite sensor over an open water surface consists of
4 components (arrows from left to right around the satellite):

ε wTw exp(−τ a )
2) Reflected cosmic emission:
Tbc (1 − ε w ) exp(−2τ a )
3) Reflected atmospheric emission: Tba ,d (1 − ε w ) exp(−τ a )
1) Water emission:

4) Upward atmospheric emission:

Tba ,u

Collecting all the above 4 terms, we have:
Tbwater = ε wTw exp(−τ v ) exp(−τ a ) + (Tba ,d + Tbc exp(−τ a ) ) (1 − ε w ) exp(−τ a ) + Tba ,u
2.3.2.4 Total emissions from a mixed surface
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Bare Soil
Cs

Vegetation

Cv
Water

Cw

Figure 2.5 Division of computing pixel into different surface types

The emission from mixed surface is the sum of emissions from all different surface types
weighted by their fractions of area to cover:
Tb = Tbveg C v + Tbsoil C s + Tbwater C w

Note that the fractions must add up to one: C v + C s + C w = 1 .
2.3.2.5 Remarks on inputs to the radiative transfer model
As described in the previous subsection, the radiative transfer scheme requires a number
of inputs, and they are treated differently according to their temporal variability.
The cosmic background Tbc is a small constant: Tbc = 2.725 K.
Atmospheric optical depth τ a , and atmospheric emissions in both directions Ta ,u and Ta ,d
are functions of atmospheric conditions (temperature, pressure, and humidity) at all levels.
Explicit calculation of these three variables requires a complete atmospheric profile, e.g.
from sounding model estimations. However, the three variables do not vary significantly
in time and they will be set to a long-term averaged value in the soil moisture retrievals:
τ a = 0.014 , Ta ,u = 6.0 K, and Ta ,d = 8.7 K.

Soil emissivity ε s , is a function of soil properties (density, porosity, texture, surface
roughness, etc.) and its moisture content θ (volumetric). Soil properties are constant in
time, but the moisture content varies fast in time. In lightly vegetated areas, the moisture
dynamics serves as a primary driver for change in soil emissivity, and thus for Tb.
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Soil temperature Ts also changes quickly in time.
brightness temperature at TOA.

It’s another important driver the

Vegetation optical depth τ v and vegetation single scattering albedo ωv are both functions
of vegetation thickness and structure. They have a relatively slower dynamics (seasonal
scale) than soil moisture content and soil temperature (sub-daily scale), and it’s sufficient
to supply their values at weekly or monthly scale. This seasonal dynamics also applies to
the fractional coverage of vegetation and bare soil: C v and C s .
Water fraction C w is treated as a constant in time. Expansion or shrinking of water
bodies may affect the area of surface water, and so does the ponding during heaving
rainfall events. These effects are not accounted for in the model.
The sections followed will discuss how soil and vegetation emission properties are
parameterized in details.

2.3.3

Emissivity of soil surface

Nomenclature

ε fw

−1 , imaginary unit (used in a complex number)
Permittivity of wet soil mixture, ε = ε '+ jε " , [F/m]
Permittivity of solids in soil, [F/m]
Permittivity of air in soil, [F/m]
Permittivity of free water in soil, [F/m]

εbw

Permittivity of bound water in soil, [F/m]

εi

Permittivity of ice in soil, [F/m]

Vs
Va
V fw

Volumetric fraction of solids in soil, [·]

Vbw
Vi
θ

Volumetric fraction of bound water in soil, [·]

j
ε
εs

εa

α
β
εw∞
εw0
ε0

tsw

Volumetric fraction of air in soil, [·]
Volumetric fraction of free water in soil, [·]
Volumetric fraction of ice in soil, [·]
= V fw + Vbw , volumetric fraction of all liquid water in soil, [·]

Shape parameter in Birchak mixing model, [·]
Shape parameter in free/bound water composition model, [·]
High-frequency limit of permittivity of water, [F/m]
Static (low-frequency limit of) permittivity of water, [F/m]
Permittivity of free space, [F/m]
Relaxation time of soil water, [s]
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S sw
T 'sw
σ eff

Soil water salinity, [‰]
Soil water temperature in Celsius, [ºC]
Effective electric conductivity of soil solids, [S/m]

ρs
ρb

Soil specific density (density of soil solids), [kg/m3]
Soil bulk density, [kg/m3]
Soil clay fraction, [%]

f clay
f sand
f silt
f
λ
c

ϕ
H
rsmooth

Soil sand fraction, [%]
Soil silt fraction, [%]
Microwave channel frequency, [Hz]
Microwave channel wavelength, [cm]
Speed of light, [m/s]
Earth incidence angle of the satellite sensor, [angle]
Smooth surface reflectivity, horizontal polarization, [·]

V
rsmooth
Smooth surface reflectivity, vertical polarization, [·]

H
rrough

Rough surface reflectivity, horizontal polarization, [·]

V
rrough

Rough surface reflectivity, vertical polarization, [·]

hrms
h
Q

Squared Gaussian variance (i.e. RMS) of surface height, [cm]
Roughness parameter in rough surface emission model, [cm]
Polarization mixing parameter for rough surface, [·]

2.3.3.1 Permittivity of wet soil

LSMEM implements multiple dielectric models, and only the model described in
[Dobson et al., 1985] is applied to calculate the permittivity of wet soil for retrievals.
Response of normal media (i.e. other than vacuum) to external field is frequency
dependent. So permittivity is treated as a complex function of the frequency of the
external field such that both the amplitude and phase can be represented. The
permittivity of wet soil ε is written as:
ε = ε '+ jε "

where j = −1 is the imaginary unit.
The “relative permittivity” is defined as the ratio between the permittivity of the
dielectric medium and the permittivity of free space ε0 , where ε0 ≡ 8.854 ×10−12 F/m.
Another term “dielectric constant” may be used for the “relative permittivity”.
The soil body is a mixture, where the solid particles form the skeleton and the pores are
filled with water, air, and possibly ice. The water in soil can be further separated into
“free water”, the bulk part, and “bound water”, the part bound to soil particles. The
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permittivity of free water is calculated differently from bound water.
permittivity of the soil mixture is calculated using the Birchak mixing model:

The total

εα = Vsεsα + Vaεaα + V fwε fwα + Vbwεbwα + Viεiα

α is a shape parameter in the mixing model to estimated from data. Soil moisture will

not be retrieved when the soil is frozen, thus the ice is not handled: Vi = 0 . The bound
water fraction relates to the surface area of soil solids and thickness of bound water film
and is not calculated directly. Instead the total contribution of free and bound water is
approximated using the following empirical formula:

θ β ε fwα = V fwε fwα + Vbwεbwα
Given the relationship between volumetric fractions and soil bulk/specific densities, the
permittivity of the mixture is reduced to the following form in Dobson et al., 1985:
1/α

 ρ

ε = 1 + b εsα − 1 + θ β ε fwα − θ 
 ρs


(

)

Both α and β are semi-empirical parameters. Using the equation above, α can be
optimized for all frequencies using experiment data, and the optimal value is α = 0.65 .
The optimal value of β is soil texture dependent, and it can be estimated in the same way
using experiment data of different soil types (given α = 0.65 ):

β ' = (127.48 − 0.519 f sand − 0.152 fclay ) /100
β " = (133.797 − 0.603 f sand − 0.166 f clay ) /100
β ' and β " are used in estimating the real and imaginary part of permittivity respectively.
The permittivity of soil solids εs is empirically estimated as:
εs = (1.01 + 0.44 ρ s ) − 0.062
2

The permittivity of free water in soil ε fw is calculated as follows:

ε fw = εw∞ +

σ eff ρ s − ρb
εw0 − εw∞
−j
1 + j 2π ftsw
2π f ε0 ρ sθ

where εw∞ = 4.9 F/m.
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The effective conductivity of soil solids σ eff is calculated empirically as:

σ eff = −1.645 + 1.939 ρ b − 0.02013 f sand + 0.01594 f clay
The static permittivity of soil water εw0 and relaxation time of soil water tsw are
calculated empirically following [Klein and Swift, 1977], using soil water temperature
T 'sw and salinity S sw :

(

)

εw0 = 1.0 + 1.631×10−5 S swT 'sw − 3.656 ×10−3 S sw + 3.21× 10−5 S sw 2 − 4.232 ×10−7 S sw3 ×

(87.134 − 1.949 ×10

−1

T 'sw − 1.276 ×10−2 T 'sw 2 + 2.491×10−4 T 'sw3

(

)

)

tsw = 1.0 + 2.282 ×10−5 S swT 'sw − 7.638 × 10−4 S sw − 7.76 ×10−4 S sw 2 + 1.105 ×10−8 S sw3 ×

(

1
1.1109 × 10−10 − 3.824 ×10−12 T 'sw + 6.938 ×10−14 T 'sw 2 − 5.096 ×10−16 T 'sw3
2π

)

2.3.3.2 Emissivity of rough soil surface
The reflectivity (i.e. 1 – emissivity) of smooth soil surface is calculated as:





2

r

 cos ϕ − ε '+ sin 2 ϕ
=
 cos ϕ + ε '+ sin 2 ϕ


V
rsmooth

 ε ' cos ϕ − ε '+ sin 2 ϕ
=
 ε ' cos ϕ + ε '+ sin 2 ϕ


H
smooth






2

LSMEM implements multiple models for the effect of surface roughness on emissivity,
and only the model described in [Wang and Choudhury, 1981] and [Choudhury et al.,
1979] is used to calculate rough surface emissivity for the retrievals.
First, a roughness parameter h is calculated from the RMS roughness height hrms .
 2π 
2  2π f 

 = 4hrms 

 λ 
 c ×100 
2

h = 4hrms

2

2

where the speed of light c = 3 ×108 m/s. Then the parameter Q for polarization mixing
due to rough surface is calculated as:
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 −0.6hrms 2 f
Q = 0.35 × 1.0 − exp 
109




 


And the rough surface reflectivity is:

(

)

(

H
V
H
rrough
= Qrsmooth
+ (1 − Q)rsmooth
× exp −h cos 2 ϕ

)

V
H
V
rrough
= ( Qrsmooth
+ (1 − Q)rsmooth
) × exp ( −h cos2 ϕ )

Finally, the rough surface emissivity:
H
ε sH = 1 − rrough
V
ε sV = 1 − rrough

2.3.4

Vegetation optical depth and emissivity/single scattering albedo

Nomenclature
εvw
εvw0

tvw

σ vw
σ vw 25
T 'vw
Svw
Wv
b

Permittivity of vegetation water, εvw = εvw '+ jεvw " , [F/m]
Static (low-frequency limit of) permittivity of vegetation water, [F/m]
Relaxation time of vegetation water, [s]
Electric conductivity of vegetation water, [S/m]
Electric conductivity of vegetation water at 25 ºC, [S/m]
Vegetation water temperature in Celsius, [ºC]
Vegetation water salinity, [‰]
Vegetation water content, [kg/m2]
Vegetation structure parameter, [·]

The optical depth of vegetation is a function of the permittivity of vegetation water and
the vegetation thickness/structure.
The permittivity of vegetation water εvw is calculated in a similar way to soil water
permittivity, as in Klein, L. A. and C. T. Swift (1977).
εvw = εw∞ +

εvw 0 − εw∞
σ
− j vw
1 + j 2π ftvw
2π f ε0
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The high-frequency limit of water permittivity is the same as before εw∞ = 4.9 F/m, so is
the
The static permittivity of vegetation water εvw0 and relaxation time of vegetation water
tvw are calculated empirically as:
εvw0 = (1.0 + 1.631×10−5 SvwT 'vw − 3.656 ×10−3 Svw + 3.21×10−5 Svw 2 − 4.232 ×10−7 Svw3 ) ×

(87.134 − 1.949 ×10

−1

T 'vw − 1.276 × 10−2 T 'vw 2 + 2.491×10−4 T 'vw3 )

(

)

tvw = 1.0 + 2.282 ×10−5 SvwT 'w − 7.638 ×10−4 Svw − 7.76 ×10−4 Svw 2 + 1.105 × 10−8 Svw3 ×

1
(1.768 ×10−11 − 6.068 ×10−13T 'vw + 1.104 ×10−14 T 'vw2 − 8.111×10−16 T 'vw3 )
2π
Define ∆T = 25 − T 'vw , and the conductivity of vegetation water σ vw is calculated as a
correction against conductivity at 25ºC σ vw 25 :

σ vw 25 = S vw ( 0.182521 − 1.46192 × 10 −3 Svw + 2.09324 × 10 −5 S vw 2 + 1.28205 × 10 −7 Svw3 )
β vw = 2.033 ×10−2 + 1.266 ×10−4 ∆T + 2.464 ×10−6 ∆T 2 −

(

Svw 1.849 ×10−5 − 2.551×10−6 ∆T + 2.551×10−8 ∆T 2

)

σ vw = σ vw 25 × exp ( −∆T β vw )
LSMEM implements multiple models for vegetation optical depth, and only the model
described in [Kirdyashev et al., 1979] is used during the retrievals. The [Kirdyashev et
al., 1979] model relates the vegetation optical depth to the vegetation water content and
the structure of vegetation in the following way:

τ vH = τ vV = bWv

εvw " f
109 × cos ϕ

The vegetation structure parameter b depends on the vegetation type, and a list of
vegetation types and b values will be provided in Section 2.4 “Input and Ancillary Data”.
The effective single scattering albedo of vegetation is set to a constant for the 10.65GHz
GHz , H
GHz ,V
channel: ω10.65
= ω10.65
= 0.07 .
v
v
2.3.5

Summary of input variables
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All the inputs to LSMEM are listed with their temporal and spatial variability classified
to the following categories:
•
•
•
•

Constant:
Constant parameter:
Seasonal parameter:
Dynamic input:

Cveg

Table 2.1 Summary of LSMEM inputs
Description
Details
Channel frequency
Constant, = 10.65 GHz for AMSR-E
X-band and TMI X-band
Sensor Earth incidence angle
Constant, = 55 º for AMSR-E and
= 53.4 º for TMI
Fractional coverage of vegetation
Seasonal parameter

Csoil

Fractional coverage of bare soil

= 1 − Cveg − Cwater , seasonal parameter

Cwater

Fractional coverage of water

Constant parameter

Tbc

Cosmic background temperature

Constant, = 2.725 K

τa

Optical depth of atmosphere

Constant, = 0.014

Tba ,u

Upward atmospheric temperature

Constant, = 6.0 K

Tba ,d

Downward atmospheric temperature

Constant, = 8.7 K

ρs
ρb

Soil specific density

Constant parameter

Soil bulk density

Constant parameter

f clay

Soil clay fraction

Constant parameter

f sand

Soil sand fraction

Constant parameter

hrms

Surface RMS roughness height

Constant, = 0.3 cm

S sw

Soil water salinity

Constant, = 0.65 ‰

Ts

Surface temperature

Dynamic input

T 'sw
θ
S sw

Soil water temperature

= Ts − 273.15 , dynamic input

Soil moisture content (volumetric)
Vegetation water salinity

Dynamic input
Constant, = 6.0 ‰

T 'sw

Vegetation water temperature

= Ts − 273.15 , dynamic input

Wv

Vegetation water content

Seasonal parameter

b

Vegetation structure parameter
Vegetation single scattering albedo

Constant parameter
Constant, = 0.07

Soil

Atmosphere

Land cover

Sensor

Symbol

Vegetation

invariant in both time and space
invariant in time but variant in space
changes slowly in time (weekly/monthly), variant in space
changes fast in time (sub-daily), variant in space

f

ϕ

ωv
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2.3.6

Inverting LSMEM

So far, LSMEM has been presented as a forward radiative transfer model, that is to say,
given the soil/vegetation/atmospheric conditions, LSMEM computes the Tb measured at
TOA:
Tb = LSMEM (θ ,…)
To retrieve soil moisture state at the surface given Tb measurements, the inverse
calculation has to be performed:

θ = LSMEM −1 (Tb,…)
The simplest inversion (also called “root-finding”) can be done by running the forward
model over all possible θ values, i.e. the exhaustive search approach, which has been
implemented in Gao et al., 2004. The exhaustive search is the slowest but most stable
method. Given the fact that the θ → Tb relationship is not very complicated in most
cases – monotonic and continuous, faster search techniques can be applied, for example,
bisection search or Newton downhill methods. Here the bisection search method is
applied because it is (1) like the exhaustive search, guaranteed to converge to the solution
under the continuity assumption (provided that the solution exists); (2) much faster and
reaches a required precision within a fixed number of trials; (3) easy to implement.
The pseudo code of bisection method to search for θ in the interval [θ min , θ max ] with error
tolerance etol (i.e. precision) is as follows:
left = theta_min
right = theta_max
Do While (abs(right - left) > 2*etol)
midpoint = (right + left) / 2
If ((LSMEM(left) * LSMEM(midpoint)) > 0) Then
left = midpoint
Else
right = midpoint
End If
Loop
Return (right + left) / 2

Using the bisection method, only 8 iterations (evaluating the LSMEM for 9 times) are
required to keep the errors lower than the tolerance etol = 0.1% , which is quite sufficient
for soil moisture retrievals.
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2.3.7

Remarks

LSMEM computes the brightness temperature from a large number of input variables,
and only a few of these inputs have a significant impact on the output. Sensitivity studies
have been carried out.
2.4

Input and Ancillary Data

Two types of parameters are required: soil parameters and vegetation parameters. Soil
parameters are all invariant in time and vegetation parameters would change slowly in
time (seasonal variations). The input data includes two variables: brightness temperature
(horizontally polarized) at microwave frequency and land surface temperature.
2.4.1

Soil parameters

The soil parameters (sand/clay/silt fractions and porosity) are the product of a merging of
two independent datasets. Within the conterminous United States (CONUS) region, as
define in the North American Data Assimilation System (NLDAS) [Mitchell et al., 2004],
soil parameters are taken from the 11-layer 30-arcsec gridded CONUS-SOIL dataset
[Miller and White, 1998] (available online at http://www.soilinfo.psu.edu/). Soil
parameters for the remainder of the world are obtained from the 5-minute Food and
Agriculture Organization (FAO) digital Soil Map of the World (SMW) [Reynolds et al.,
2000]. The FAO soil data has two layers: 0~30cm and 30~100cm. As part of the Global
Land Data Assimilation Systems (GLDAS) project [Rodell et al., 2004], the FAO soil
maps were spatially re-sampled to 0.25º resolution, and vertically inter/extrapolated to
0~2cm, 2~150cm, and 150~350cm (available online at http://ldas.gsfc.nasa.gov). The
uppermost soil layer from the 0.25º (GLDAS) dataset (0~2cm) and 30-arcsec [Miller and
White, 1998] dataset, 0~2cm and 0~5cm, respectively, are re-gridded (GLDAS) and resampled [Miller and White, 1998] to a common 0.125º grid.

20

Chapter 2 Soil Moisture from Passive Microwave Remote Sensing

Figure 2.6 Soil sand/clay/silt fractions and porosity

The bulk density is calculated using the equation in Hillel, 1980:



ρb = 1.6 ×


f clay
f sand
f 
+ 1.1×
+ 1.2 × silt  ×1000
100
100
100 

And the specific density is calculated as:

ρs =

ρb
1 − porosity

Figure 2.7 Soil bulk density and specific density
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2.4.2

Vegetation and land cover parameters

2.4.2.1 Vegetation structure parameter b
The vegetation structure parameter b is composed utilizing the MODIS 1-km UMD
(University of Maryland) land cover (lc) dataset (MOD12Q2) and the comprehensive b
lookup table provided in [Van de Griend and Wigneron, 2004]. Due to the absence in
literature of b values for land surfaces other than agricultural crops, representative linear
mixtures of crops are used to estimate the approximate b for natural landscapes. Values
for each of the cover classes are listed in the table below. Theoretically, the b is constant
over time for a given land cover type.
Table 2.2 Vegetation structure parameter b for different land cover classes
Class
Description
b value

0
1
2
3
4
5
6
7
8
9
10
12
13
16

water
evergreen needleleaf forest
evergreen broadleaf forest
deciduous needleleaf forest
deciduous broadleaf forest
mixed forests
closed shrubland
open shrublands (desert)
woody savannas/woodlands
wooded grasslands/savannas
grassland
croplands
urban and builtup
barren or sparsely vegetated

0
0.44
0.44
0.44
0.44
0.44
0.70
0.85
0.50
0.60
0.85
0.55
0
0.90

The land cover class numbers are according to classification in the UMD 1-km land cover
dataset (available online at http://www.geog.umd.edu/landcover/1km-map.html).
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Figure 2.8 Global UMD land cover

2.4.2.2 Vegetation Water Content
Vegetation water content Wv is calculated following (Pellarin et al., 2003).
For grasslands:
Wv = 0.5 LAI
where LAI is the leaf area index.
For rain forest, deciduous forests and coniferous forests Wv is set to 10 kg/m2, 4 kg/m2,
and 3kg/m2 respectively. First, the six-year (2000~2005), 8-day temporally and spatially
smoothed 1-km LAI product distributed by the MODIS for North American Carbon
Program (NACP) [Gao et al., 2008] is used to calculate an average LAI map for each 8day window. Then, Wv is calculated at 1-km following the above conventions and binaveraged to 0.125º. The decision to use a static, rather than varying Wv dataset was
based on the lack of availability of recent years (2005~present) from MODIS-for-NACP,
as well as the recognition of spurious variability and uncertainty in the MODIS v5
product.
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Figure 2.9 Monthly vegetation water content (kg/m2)
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Figure 2.10 Monthly vegetation fraction (%)

2.4.2.3 Surface Water Coverage
Surface water coverage at 0.125º is calculated from the MODIS 1-km UMD land cover
(lc) dataset (MOD12Q2). Although inundation does change with time, it is not
considered here.

25

Chapter 2 Soil Moisture from Passive Microwave Remote Sensing

Figure 2.11 Fractional coverage of surface water (%)

2.4.3

Brightness temperature input

Microwave brightness temperature serves as the primary input to the retrievals.
Measurements from a number of different satellite sensors will be included in the soil
moisture product. These sensors have different spatial and temporal coverage.
2.4.3.1 AMSR-E 10.65GHz channel
The U. S. National Aeronautic and Space Administration (NASA) launched the Earth
Observing System (EOS) satellite Aqua on May 4, 2002, and the Advanced Microwave
Scanning Radiometer (AMSR-E) is carried on board of Aqua. AMSR-E sensor is
developed at the Japanese Aerospace Exploration Agency (JAXA). This instrument takes
brightness temperature measurements in 6 channels: 6.925GHz (C-band), 10.65GHz (Xband), 18.7GHz, 23.5GHz, 36.5GHz, and 89.0GHz. Aqua runs a near-polar orbit and
flies over the same point on Earth twice at the same local time every day. The equatorial
overpass for the ascending orbit happens around 1:30pm local time, and for the
descending orbit around 1:30am local time. Sensors on board of Aqua achieve a
complete scan of the Earth surface with about 15 passes every day. AMSR-E has a swath
of 1445km, resulting in multiple scans a day over the polar/high latitude regions and
small gaps at the equator. A typical AMSR-E swath track is illustrated here.
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Figure 2.12 An example of AMSR-E ascending swath tracks in one day

The AMSR-E 10.65GHz measurements have been used at various institutions to retrieve
land surface soil moisture, e.g. at Princeton University [Gao et al., 2007], at the Jet
Propulsion Lab [Njoku et al., 2003], and at U. S. Department of Agriculture [Bindlish et
al., 2006]. The AMSR-E 10.65GHz channel has an Instantaneous Field of View (IFOV)
of 51× 30 km, and this leads to a mean spatial resolution ~38km. The footprints of
AMSR-E scans are overlapped (i.e. the distance between neighboring scans it shorter
than the footprint size), and this over-sampling allows the gridded data product to be at
slightly higher resolution of the footprint size, usually ~25km (0.25º).
The soil moisture product being developed here uses the Level 2 non-projected AMSR-E
data.
2.4.3.2 TMI 10.65GHz channel
The Tropical Rainfall Measurement Mission (TRMM) satellite was launched November
28, 1997. TRMM runs an orbit with an inclination angle of 35º to the equator and thus it
covers only the low to mid latitude areas. It is designed to measure rainfall over tropical
regions. From its launch until August 22, 2001, TRMM was orbiting at 350km height,
and the obit was boosted to 402km on August 22, 2001 to extend its lifespan. This
enables the satellite to circle the Earth every ~92.5 minutes and scan the entire longitude
with about 16 overpasses in a little less than 24 hours. Therefore, the TRMM overpass
time at one point on Earth is not fixed. The TRMM Microwave Imager (TMI) is a
passive microwave sensor on board of TRMM. TMI has a swath of 878km, and it covers
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the mid-latitude areas with multiple scans a day and small gaps exit between scans over
the equator. TMI carries 5 channels: 10.65GHz, 19.35GHz, 21GHz, 37GHz, and
85.5GHz. In the X-band 10.65GHz channel, TMI has an IFOV of about 60 × 36 km.
Other than the spatial coverage and revisit patterns, the TMI 10.65GHz channel is very
similar to the AMSR-E 10.65GHz channel, and the gridded product can be obtained at
~25km (0.25º) resolution because of over-sampling.

Figure 2.13 An example of TMI swath tracks in one day

2.4.3.3 Additional sensors and channels
More sensors and channels may be used besides the AMSR-E and TMI 10.65GHz
channel during the period before 1997.
2.4.4

Land surface temperature input

As discussed in the Section 2.3 “Algorithm Description”, the retrieval of soil moisture
relies heavily on the land surface temperature Ts input.
2.4.4.1 AIRS
The Atmospheric Infrared Sounder (AIRS) is carried on board of EOS-Aqua satellite, and
it contains 2378 infrared channels and 4 visible/near infrared channels. AIRS is designed
to retrieve temperature profiles of the atmosphere and the Earth surface with a high
accuracy. The advantage of using AIR Ts together with AMSR-E Tb is obvious: the two
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instruments are on the same platform and their measurements are always co-located.
AIRS has a wider swath, 1650km, than AMSR-E, but a lower spatial resolution. Gridded
Level 3 AIRS Ts products have a resolution of 0.5º.
2.4.4.2 VIC model simulations
At times/locations where no remotely sensed land surface temperature is available, model
simulated land surface temperature fields are considered. Over the Conterminous United
States (CONUS) region, high resolution, real time hourly surface temperature data are
available through the North America Land Data Assimilation System (NLDAS) project
[Mitchell et al., 2004]. NLDAS provides 0.125º real time data from October 1996
onwards, and it is enough to cover the entire TMI period. NLDAS runs a number of
different land surface models to derive the land surface temperature, and the output from
the Variable Infiltration Capacity (VIC) model ([Liang et al., 1994]; [Liang et al., 1999])
is used.
2.4.4.3 37GHz channel measurements
With other options unavailable or not immediately available, e.g., period prior to 1996,
the 37GHz measurements provide an additional option. Many satellites carry this
channel, including the TRMM, EOS-Aqua. A regression relationship has been developed
by de Jeu et al. to infer land surface temperature from 37GHz vertically polarized
measurements:
For descending overpasses (nighttime):
36 GHz ,V
Ts = 0.893 × TbAMSR
− E , Descending + 44.8

And for ascending overpasses (daytime):
36 GHz ,V
Ts = 0.898 × TbAMSR
− E , Ascending + 44.2

2.5

Product Validation

LSMEM validation studies have been carried out using ground measurements and
airborne measurements [Gao et al., 2004] and [Gao, 2005].
Additional validation studies are be carried out.
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Abstract

A global scale evapotranspiration (ET) product is developed using spatial remote sensing
data from various sensors onboard NASA Aqua & Terra and AVHRR polar orbiting
satellites. All the data are disaggregated to 5-km resolution and two process scale models,
namely surface energy balance model (SEBS – Su, 2002) and the Penman-Monteith
based algorithm (Cleugh et al., 2007; Mu et al., 2007), are applied to calculate the surface
fluxes of latent and sensible heat. Data for the land surface characteristics are obtained
from MODerate Resolution Imaging Spectroradiometer (MODIS) and Advanced Very
High Resolution Radiometer (AVHRR) sensors while the surface meteorological data
were obtained from the Atmospheric InfraRed Sensor (AIRS) and the Cloud and Earth’s
Radiant Energy System (CERES) sensors. Furthermore, the instantaneous fluxes of
latent heat are temporally scaled to a daily estimate.
Validation of the remote sensing instantaneous and daily ET product is performed by
comparing the monthly instantaneous surface fluxes with the data from 11 FLUXNET
and Coordinated Enhanced Observation Period (CEOP) project based eddy covariance
networks. Both SEBS and PM estimates of sensible and latent heat fluxes correlate well
against the tower observations, with SEBS estimates performing better than the PM
estimates (τavg=---). High bias in the instantaneous flux estimates, as compared to the
tower observations, is observed which is attributable to the scatter and the bias observed
in the remote sensing based meteorological and radiation inputs (as compared to the
tower observations). Daily ET values are compared over the 11 flux towers. Results
show a mean correlation of 0.65 when comparing the tower observations with the remote
sensing estimates as well as the output from the VIC model and ERA-interim data.
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Regional and global scale evaluation of the remote sensing estimates are performed by
comparing the ET estimates over the (1) Mississippi basin in the North American
continent; and (2) zonal (longitudinal averages) plots of ET, using global output from
reanalysis and land surface model.
3.1

Introduction

Evapotranspiration (ET) is a combination process of evaporation of liquid water from
various surfaces, transpiration from within the leaves of plants and trees, and sublimation
from ice and snow surfaces. Considerable interest has been expressed in quantifying ET
since it is a major part of the water cycle and is an important factor in understanding the
complex feedback mechanisms between the earth’s surface and the surrounding
atmosphere. Approximately 62 % of the precipitation over continents is evapotranspired
on an annual scale (Shiklomanov and Sokolov, 1983; Dingman, 1994). But the above
estimate is a poor indicator of ET when considering seasonal cycles and land surface
heterogeneity. Significant advances have been made in understanding the ET process at
the local scale using eddy-covariance and bowen-ratio techniques. However, the above
observations cannot be extended to regional scales due to the underlying land surface
heterogeneity and the dynamic nature of the heat transfer processes (French et al., 2005;
Kalma et al., 2009). Currently there exist no robust in situ methods that can reliably
estimate surface fluxes over large heterogeneous areas (Kustas and Norman, 2000 and Su
et al., 2005).
Evapotranspiration products at continental to global scales are needed so as to best
represent the surface heterogeneity as well as to understand the large scale landatmospheric interactions. One major benefit of estimating ET at these large scales is to
understand the water budget closure at basin to continental scales (Fisher et al., 2008).
Thus a need exists for a spatially and temporally continuous ET product, which is
possible with the help of remote sensing satellite products from various sensors mounted
over several polar-orbiting and geo-stationary satellites.
A few ET products have been developed at the continental/global scale, some of which
include the MODIS and global meteorology based ET product (Cleugh et al., 2007; Mu et
al., 2007) and the land-atmosphere water flux based on AVHRR and ISLSCP-II (Fisher
et al., 2008), using partial use of the remote sensing datasets. However, there has been no
ET product which is completely observational (observing radiances using remote sensing)
driven and at daily temporal scales. To this end, we develop a swath-by-swath product of
instantaneous ET at 5-km spatial resolution and at the daily temporal scale. All the data
used, except for surface wind and surface pressure, is obtained using remote sensing data
from various sensors mounted over the NASA Aqua and NOAA polar orbiting satellites.
These instantaneous fluxes of latent heat are then scaled to a daily value using the daily
net radiation data from the Surface Radiation Budget (SRB) data
(http://www.gewex.org/srb.html), which is part of the Global Water and Energy
Experiment (GEWEX) and is developed using the data from International Satellite Cloud
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Climatology Project (ISCCP) and Earth Radiation Budget Experiment (ERBE) data.
The final product is a swath-by-swath data of daily evapotranspiration in mm/day.
Even though there exist many methods for estimating ET over regional scales, the
Surface Energy Balance (SEB) method is most widely used (Menenti, 1984; Bastiaanssen,
1995; Kustas and Norman, 1996; Su and Menenti, 1999; Su, 2001; Allen et al., 2007),
which considers all the major sources (Net Radiation - Rn) and consumers of energy
(Latent Heat Flux - LE, Sensible Heat Flux - H, Soil Heat Flux - G). However, in the
recent past, most ET products at global scale have been produced using the basis as
described by Penman-Monteith and Priestly-Taylor equations.
The current study
comprises of using the surface energy balance system (SEBS) method suggested by Su
(2002) and a Penman-Monteith (PM) based algorithm, as developed by Mu et al. (2007),
to estimate atmospheric turbulent fluxes and the evaporative fraction (ratio of latent heat
flux and the available energy) at the global scale.
Considering the two methods and various datasets used for the estimation of ET, there
exists a clear need for the validation of the current ET product. However, almost no
robust in situ methods exist that reliably estimate surface fluxes over large heterogeneous
regions, i.e. scales >1-km. The only source of ground based observational ET data for
scales upto 1-km is the eddy covariance or Bowen ratio data sets. Even though
lysimeters are supposed to provide very accurate results, the data is valid only over the
scale of the lysimeter measurements, i.e. a few meters. The FLUXNET (http://
www.fluxdata.org/) global network and the Coordinated Enhanced Observation Period
(CEOP) project provide micrometeorological data from tower sites distributed over a
wide range of climatic zones and biome types. The data comprises of continuous
observation of ecosystem level exchanges of CO2, water, energy and momentum on a
half-hourly to hourly intervals. In the current study, we compare the flux estimates from
remote sensing, using the SEBS and PM based models, with 11 tower sites. These towers
considered a wide range of biome types and climatic zones over the earth surface.
Figure 3.1 and Table 3.1 give a brief detail of the tower sites considered for validation.
The other source of validation of ET data is to compare the estimates with output from
land surface models and reanalysis models. For the current study, we use the evaporation
data from the Variable Infiltration Capacity (VIC; Liang et al., 1994, 1996; Cherkauer et
al., 2002) land surface model, and the ERA-interim data from the European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalysis models.
The objectives of this document are:
1. To develop a global scale swath by swath instantaneous evapotranspiration
product using the remote sensing data from various sensors onboard NASA Aqua
& Terra and NOAA polar orbiting satellites for the years 2003 through 2006; and,
2. To compare/validate the results of the remote sensing based model estimates of
ET.
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The plan of the paper is as follows. Section 3.2 presents a brief description and the major
equations pertaining to the models (SEBS and Penman-Monteith) used. Section 3.3
focuses on the various remote sensing datasets obtained from various sensors onboard the
NASA Aqua & Terra and NOAA polar orbiting satellites. The instantaneous fluxes of
ET are then scaled temporally to obtain a daily estimate, which is presented in Section
3.4. Section 3.5 includes comparison of the instantaneous and daily ET estimates using
the eddy flux data. Furthermore, the global ET products are compared against output
data from a land surface model (VIC) and reanalysis data (ERA-interim).
Table 3.1 Eddy covariance towers used for data comparisons
#

Site

Landuse

Lat

Lon

Elev (m)

1

ARM Main, USA

Croplands

36.61

-97.49

311

2

Audubon Research Ranch, USA

Grasslands

31.59

-110.51

1469

3

Bondville, USA

Croplands

40.01

-88.29

213

4

Fort Peck, USA

Grasslands

48.31

-105.10

634

5

Tonzi Ranch, USA

Savanna

38.43

-120.97

177

6

Duke, USA

Grasslands

35.97

-79.09

168

7

Cabauw, Netherlands

Grasslands

51.97

4.93

-0.7

8

Lindenberg, Germany

Grasslands/Farmlands

52.17

14.12

73

9

Palangkaraya, Indonesia

Tropical Peat Swamp Forest

2.35

114.03

30

10

Qinghai, China

Alpine meadow

37.60

101.33

3250

11

Tumbarumba, Australia

Wet sclerophyll eucalyptus forest

35.66

148.15

1200

Figure 3.1 Spatial distribution of flux towers considered for comparisons with the remote sensing
outputs from the current study.
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3.2

Algorithms

Two conceptually different algorithms were used and validated.
3.2.1

Surface Energy Balance

The surface energy balance system (SEBS) as proposed by Su (2002) has been used for
the present study to estimate the atmospheric turbulent heat fluxes using various local and
regional scale data.
The main equation for energy balance shows the partitioning
between the available energy (Rn – G) and the heat fluxes (LE and H), as shown below:

Rn − G = LE + H

(3.1)

where, Rn is the net radiation over the earth surface, G is the soil heat flux or the storage
component of net radiation when considering water surfaces, H is the turbulent sensible
heat flux, and LE is the turbulent latent heat flux.
The model can be divided into three stages for estimating the 4 components of the
energy balance equation. The first stage involves the estimation of the net radiation and
soil heat flux using the radiation and land surface characteristic data. The radiation data
consists of the incoming shortwave and the longwave radiation while the land surface
parameters include the albedo, emissivity, surface and air temperature, fractional
vegetation cover, leaf area index, and the height of the vegetation (or roughness height).
Vegetation information is obtained from NASA Land Data Assimilation System (LDAS)
(http://ldas.gsfc.nasa.gov/) using the MODIS UMD classification. The equation to
estimate the soil heat flux is parameterized using the fractional cover (Fc) and net
radiation (Su, 2002):
G = R n et  Γ c + (1 − Fc ) ⋅ ( Γ s − Γ c ) 

(3.2)

where Γc (=0.05) and Γs (=0.315) are the ratio of soil heat flux to net radiation [G/Rnet]
for full vegetation canopy and bare soil respectively (Kustas and Daughtry, 1989).
The second stage focuses on determination of the roughness length for heat and
momentum transfer and further using these roughness values towards the estimation of
sensible heat flux (Su et al., 2001) using the bulk aerodynamic approach. The data
needed for this stage include air pressure, temperature, humidity, and wind speed at a
reference height.
Roughness heights for heat (dominated by molecular diffusion) and momentum transfer
( are calculated using the methodology proposed by Massman (1997, 1999) and further
validated by Su and coworkers (2001). The scalar roughness height for heat (z0h) is
estimated from:

z0 h =

z0m
exp(kB −1 )
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(3.3)
where z0m is the roughness height for momentum transport; k (=0.40) is the von
Kármán’s constant; and B-1 is the inverse Stanton number, a dimensionless heat transfer
coefficient. A wide range of kB-1, from as low as 0 in dense forests to as high as 24 for
grasslands, have been reported by various authors (Brutsaert, 1982; Beljaars and Holtsla,
1991; Blyth and Dolman, 1995; Verhoef et al., 1997; Massman, 1999; and Blumel, 1999).
For a more detailed description regarding the kB-1 methodology and its evaluation for
various vegetation types, the authors refer to the paper by Su et al. (2001).
The friction velocity, the sensible heat flux and the Obukhov stability length are
calculated using a system of non linear equations, which are best represented using the
following equations:
u=

u*   z − d0 
 z − d0 
 z 
+ψ m  0 m  
ln 
 −ψ m 

k   z 0 m 
 L 
 L  

θo − θ a =

L=−

  z − d0 
 z − d0 
 z 
+ψ h  0 h  
ln 
 −ψ h 

ku* ρ C p   z 0 h 
 L 
 L  
H

ρ Cp u*3 θ v

(3.4)

(3.5)

(3.6)

kgH

where z is the height above the surface, u* = (τ0/ρ)1/2 is the friction velocity, τ0 is the
surface shear stress, ρ is the density of air, k = 0.4 is the von Karman’s constant, d0 is the
zero plane displacement height, z0m is the roughness height for momentum transfer, θ0 is
the potential temperature at the surface, θa is the potential air temperature at height z; zoh
is the scalar roughness height for heat transfer; ψm and ψh are the stability correction
functions for momentum and sensible heat transfer respectively; L is the Obukhov length;
g is the acceleration due to gravity; and θv is the potential virtual temperature near the
surface.
For field measurements performed at a height of a few meters above the ground, where
the surface fluxes are related to the surface variables and the variables in the atmospheric
surface layer, all calculations are carried out using the Monin-Obukhov Similarity (MOS)
functions as given by Brutsaert (1999). By replacing the MOS stability functions with
the Bulk Atmospheric Boundary Layer (ABL) similarity (BAS) functions as proposed by
Brutsaert (1999), the above system of equations can be used to relate surface fluxes to
surface variables and the mixed layer atmospheric variables (Su, 2002; Wood et al.,
2003). The above equations are valid only for unstable conditions. In the case of stable
conditions , the expressions proposed by Beljaars and Holtslag (1991) and evaluated by
van den Hurk and Holtslag (1995) are used for atmospheric surface layer scaling and the
functions proposed by Brutsaert (1982) for atmospheric boundary layer scaling.
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The final stage involves the estimation of evaporative fraction which is based on
the available energy (Rn – G) and the limiting cases [Hwet, LEwet] and [Hdry=Rn-G,
LEdry=0]. Considering the two limiting cases, the equation for relative evaporation is
given as:

Λr =

LE − LE
H − H wet
LE
= 1 − wet
= 1−
LEwet
LEwet
H dry − H wet

(3.7)

and, the evaporative fraction by:

Λ=

Λ r .LEwet
Rn − G

(3.8)

Thus the latent heat flux can be estimated using the product of the evaporative fraction (Λ)
and the available energy (Rn – G).
LE = Λ.( Rn − G )

(3.9)

A flowchart of the model is presented in Figure 3.2.

Figure 3.2 Flowchart showing process involved in the surface energy balance model and the
required data products and their sources.

3.2.2

Penman-Monteith Approach
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The second approach used relies on the Penman-Monteith (PM) equation as proposed by
Monteith (1964):

λE =

(

∆ (R net -G) + ρ C p e sat − e
∆ ra + γ ( ra + rs )

)

(3.10)

where λ is the latent heat vaporization of water [J/kg]; E is the evapotranspiration term
[mm/day]; λE is latent heat flux [W/m2]; ∆ is the gradient of the saturated vapor
pressure, esat, with respect to air temperature [Pa/K]; Rnet is the net radiation available
[W/m2]; G is the soil heat flux [W/m2]; ρ is the density of air [kg/m3]; Cp is the specific
heat capacity of air [J/kg/K]; esat is the saturated vapor pressure of air [Pa]; e is the actual
vapor pressure of air [Pa]; ra is the aerodynamic resistance [s/m]; and rs is the surface
resistance which includes both resistance from the soil surface and the plant canopy [s/m].
The psychrometric constant (γ) is defined by the equation:

γ =

CpP

(3.11)

ελ

where P is the atmospheric pressure [Pa] and ε is the ratio of the molecular weight of
water vapor to that of dry air (=0.622) [kg/kg].
The estimation of ET using the PM approach is divided into three stages. The first stage
requires the estimation of net radiation and soil heat flux. To be consistent, net radiation
and soil heat flux are estimated using the same approach as described in section 3.2.1
(Equation (3.2)).
The second stage involves the parameterization for estimating the aerodynamic resistance
and surface resistances, and thus the estimation of evaporation from vegetated surfaces.
Aerodynamic resistance is calculated using the same equation as used in the SEBS
methodology; however stability corrections are neglected since the PM equation is
relatively insensitive to aerodynamic resistance (Cleugh et al., 2007). Estimation of
surface resistance is a difficult step, and gets even more complicated when estimating the
variable for a remote sensing pixel, considering the sub-pixel heterogeneity, i.e. presence
of vegetation and soil surface in the same pixel. We use the surface resistance algorithm
as suggested by Cleugh et al. (2007) and further improved by Mu et al. (2007).
Fractional vegetation cover is used to calculate the stomatal (and thus canopy) and soil
surface resistances separately.
Stomatal conductance (gst = rst-1; reciprocal of the stomatal resistance) and further the
canopy conductance (gc= rc-1; reciprocal of the canopy resistance) are calculated using:
g s = cL × m (Tmin ) × m (VPD )
g c = cS × LAI

(3.12)
(3.13)

where cL is the mean potential stomatal conductance per unit leaf area, m(Tmin) is a
multiplier that limits potential stomatal conductance by minimum air temperature (Tmin),
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and m(VPD) is a multiplier used to reduce the potential stomatal conductance when VPD
is high enough to inhibit photosynthesis (Dang et al., 1997; Jarvis, 1976; Kawamitsu et
al., 1993; Leuning, 1995; Marsden et al., 1996; Misson et al., 2004; Mu et al., 2007; Oren
et al., 1999, 2001; Sandford & Jarvis, 1986; Schulze et al., 1994; Xu & Baldocchi, 2002).
The canopy conductance is equal to the surface resistance when considering transpiration
from vegetated surface, which is incorporated into Equation to obtain transpiration from
the vegetated part of the remote sensing pixel. The authors refer to the paper by Mu et al.
(2007) for more details regarding equations (3.12) and (3.13).
The final stage involves the calculation of evaporation from a soil surface. To
achieve this, a potential value of soil evaporation is calculated using the following form
of the PM equation:

λ E soil − pot =

(

∆ (R net -G) soil + ρ C p esat − e
∆ ra + γ ⋅ rtot

)

(3.14)

where rtot is is the sum of the surface resitance (rs) and the aerodynamic resistance for
vapor transport (rv), such that

rtot = rv + rs = rtotc × rcorr

(3.15)

where, rtotc is a constant value of rtot (=107 s m-1) which is an assumed global value based
on observations of the ground surface in tiger-bush in southwest Niger (Wallace &
Holwill, 1997), but corrected (rcorr) for air temperature (T) and pressure (P) (Jones, 1992)
with standard conditions assumeds to be T=20 oC and P=101,300 Pa (Mu et al., 2007).
Thus,

rcorr =

1.0
 273.15 + T 


 293.15 

1.75

×

(3.16)

101300
P

In the above equations, rv is assumed to be equal to the aerodynamic resistance (ra) (Van
de Griend, 1994).
One of the distinct advantages of using the PM approach is that flux estimates are
possible even without the availability of surface temperature, a variable which is most
difficult to retrieve from remote sensing in the presence of clouds. Due to this fact, PM
estimates are more spatially and temporally continuous as compared to the SEBS
estimates. Figure 3.3 shows the process and the inputs involved in using the PM
approach.
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Figure 3.3 Flowchart showing process involved in the Penman-Monteith based algorithm and the
required data products and their sources.

3.3

Data - Products, Sources and Processing

Global scale ET estimation requires real-time and operational datasets from remote
sensing satellites. The datasets required can be briefly classified into three different
categories: a) Surface or vegetation characteristics (LAI, NDVI, Fc and land-use type); b)
Surface meteorology (surface temperature, air temperature, humidity, wind speed, and
pressure); and, c) Radiative properties (incoming shortwave and longwave radiation,
albedo and emissivity). Since the data are obtained using various sensors, we categorize
the data based on the sensors. Table 3.2 provides a quick overview of the different
variables, their resolutions and the sources.
Table 3.2 Data variables, sources and resolutions used for generating global ET maps.
Data Type

Variable

Unit

Source

Platform

Resolution

Surface
Meteorological
Data

Tair
Tsurf
Pres
U-Wind
V-Wind
MMR

°C
°C
kPa
m/s
m/s
g/kg

AIRS
AIRS
AIRS (NCEP)
CERES (GMAO)
CERES (GMAO)
AIRS

AQUA
AQUA
AQUA
AQUA
AQUA
AQUA

25 km
25 km
25 km
20 km
20 km
25 km

Radiative
Energy Flux

SWR (↓)
LWR (↓)

W/m2
W/m2

CERES
CERES

AQUA
AQUA

20 km
20 km
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Vegetation
Parameters

3.3.1

Emis
Albedo
LAI
Veg. Fraction
NDVI
Landcover (UMD)

-

MODIS
MODIS
Boston Univ.
Princeton Univ.
GIMMS
MODIS

AQUA
AQUA
AVHRR
AVHRR
AVHRR
TERRA

5 km
1 km
8 km
8 km
8 km
1 km

MODerate resolution Imagine Spectroradiometer (MODIS) data

The MODIS sensor operates on the NASA EOS Aqua and Terra satellites, which are
polar orbiting and scan the Earth surface on a bi-daily (day/night) time scale. The
viewing angle of the instrument leads to a swath width of ~2330 km and detect the
surface in 36 spectral bands ranging from 0.405- to 14.385-µm. The radiances thus
obtained from various spectral bands are then converted to geophysical variables at three
different spatial resolutions - 250-, 500-, and 1000-m. All the MODIS data products
were resampled and mosaic-ed to global scale using the MODIS Reprojection Tool
(MRT).
3.3.1.1 MODIS land cover – MOD12Q1
The
MODIS
land
cover
product
(http://igskmncnwb001.cr.usgs.gov/modis/mod12q1v4.asp) is a combination of multiple
classification schemes describing land cover properties. The product (collection 4) is
available at 1-km spatial resolution and is available on an annual basis. The authors use
the University of Maryland (UMD) scheme (Land Cover Type 2), which is a
modification of the IGBP classification scheme. During the course of the study, the
MOD12Q1 data was only available for the years up to 2004. Thus, for the current study,
land cover type for years 2005 and 2006 was used the same as for year 2004, with an
assumption that not much changes were observed in the land cover types since 2004.
Since the product is available at 1-km spatial resolution, ET was calculated for each land
cover type within a 5-km x 5-km region and a weighted average was calculated for the
final 5-km ET product.
3.3.1.2 MODIS albedo (α) – MCD43B3
The combined albedo product of AQUA and TERRA, i.e. MCD43B3
(http://igskmncnwb001.cr.usgs.gov/modis/mcd43b3v5.asp), is used since the data quality
for the combined product is much better than the stand alone products from each of the
satellites. The product is available at 1-km spatial and 16-day temporal resolution. Two
different albedo products are provided by the MODIS sensor: black-sky and white-sky
albedo. For accurate estimation of surface albedo, more information regarding column
water vapor and aerosol concentration are required, which can be used by a radiative
transfer model to partition between the direct and diffused incident solar energy. But for
the current study, we use an average of the black-sky and white-sky albedo to obtain the
overall surface albedo. The above method assumes that there is equal amount of direct
and diffused solar radiation. For detailed explanation to the above assumption, the
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authors recommend perusing Su et al. (2007). Figure 3.4a shows the annual mean albedo
map for the year 2003.
3.3.1.3 MODIS emissivity (ε) – MYD11C1
Surface emissivity product is obtained as a combination along with the MODIS LST
product (http://igskmncnwb001.cr.usgs.gov/modis/myd11c1v5.asp).
The broadband
emissivity is derived from the daily narrow band emissivity obtained from the MODIS
bands 29, 31 and 32 (Wan and Li, 1997; Wan et al. 2004; Su et al., 2007). The final
product of broadband emissivity (ε) is obtained using the equation (Su et al., 2007) below:

ε = 0.2031.ε 29 − 0.0648.ε 31 + 0.8602.ε 32

(3.17)

where ε29, ε31 and ε32 are the narrow band emissivities corresponding to the bands 29, 31
and 32 respectively. An annual mean (2003) for emissivity is illustrated in Figure 3.4b.

Figure 3.4 Annual means (2003) of MODIS based (a) albedo ; and (b) emissivity.

3.3.1.4 MODIS snow cover – MOD10A2
The MOD10A2 (http://nsidc.org/data/mod10a2.html) is a MODIS Terra snow cover
product available at 500-m spatial and 8-day temporal resolution. Collection 5 data were
obtained from the National Snow and Ice Data Center (NSIDC) DAAC in HDF format
and in sinusoidal projection. These data were converted to geographic projection using
the MODIS Reprojection Tool (MRT). Since the final ET product is generated at 5-km
spatial resolution, the snow data was up-scaled to 5-km resolution using a voting criterion.
If a 5km x 5km region has more than 50% of the grids (@ 500-m resolution) covered
with snow, then we consider the 5-km x 5-km grid as a snow covered grids.
The MODIS snow product is used to mask out the snow covered regions. The algorithms
do not consider evaporation from snow.
3.3.2

Atmospheric Infrared Sounder (AIRS) data

The AIRS sensor along with its partner microwave instrument (Advanced Microwave
Sounding Unit – AMSU-A) are part of a atmospheric sounding system onboard EOS
Aqua satellites (along with MODIS) and provide data pertaining to cloud, earth surface
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and atmospheric properties.
The AIRS Collection 5 Level 2 data
are
(ftp://airspar1u.ecs.nasa.gov/ftp/data/s4pa/Aqua_AIRS_Level2/AIRX2RET.005/)
used for the present study, which are available in 6-minute granule arrays of dimension
30x45 corresponding to the 30 footprints (cross-track) in each of 45 scan sets (alongtrack). Quality flags 1 and 2 are considered acceptable and the rest of the data is regarded
as missing data. This data is then re-gridded to 0.25 deg lat/log grid using an inversedistance squared approach with search radius of 0.8 deg. The size of elliptical footprints
range from 2.3-km x 1.8-km at nadir to 7.1-km x 3.0-km) at the edge of the scan line (Li
et al., 2004). These data are further disaggregated to the resolution corresponding to the
MODIS LST data (5-km).
The datasets used are: surface skin temperature (TSurfStd), surface air temperature
(TSurfAir), mass mixing ration – standard (H2OMMRStd) and saturated (H2OMMRSat)
conditions, surface pressure (PSurfStd). Apart from the standard variables, a minimum
air temperature product was generated for use in the conductance model of the Penman
Monteith approach. This variable was generated using both the day and night surface air
temperature product.
The surface pressure product (PSurfStd) obtained from AIRS is an interpolated product
which is generated using the NCEP GFS 3-, 6-, and 9-hour forecasts of surface pressure
and the topography provided by a digital elevation model (DEM). For more information
regarding the data products, the authors refer to the Level 2 product level documents
(http://disc.gsfc.nasa.gov/AIRS/documentation/).
Annual means (2003) for the AIRS variables, i.e. surface temperature, air
temperature, and mass mixing ratio, are illustrated in Figure 3.5.

a)

b)
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c)

Figure 3.5 Annual means (2003) of AIRS (a) air temperature (K); (b) surface temperature; and (c)
mass mixing ratio.

3.3.3

Clouds and Earth’s Radiant Energy System (CERES) data

The CERES sensor is mounted both on AQUA and TERRA satellites and provide
radiometric measurements from three broadband channels: shortwave channel (0.3 –
5µm), total channel (0.3 – 200µm), and the infrared window channel (8 – 12µm). The
Single Scanner Footprint TOA/Surface Fluxes and Clouds (SSF) product, which is
produced from the cloud identification, convolution, inversion, and surface processing for
CERES, is used for the current study. The cross-track mode data was preferred for our
study. A complete listing of the different operation modes can be found on the CERES
webpage (http://asd-www.larc.nasa.gov/dsnyder/Aqua/aqua_ops.html).
The data
required for ET estimation which is obtained from CERES instruments are the incoming
shortwave (SSF-46) and longwave (SSF-47) radiation. Figure 3.6 shows the annual mean
downward shortwave and longwave radiation as obtained from the CERES sensor.
Apart from the above two variables, the surface wind (U- & V-vector) were obtained
from the CERES datasets, with the exception that the wind product is an input from a 4dimensional analysis model from the Global Modeling and Assimilation Office (GMAO).
Surface wind speed is calculated by calculating the magnitude of the U- and V-vector
data:
(3.18)

WS = U 2 + V 2

a)

b)

Figure 3.6 Annual means (2003) of CERES downward (a) shortwave radiation (W/m2); and (b)
longwave radiation .
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3.3.4

Advanced Very High Resolution Radiometer (AVHRR) data

The AVHRR serves as a very important source for high resolution vegetation data. The
normalized difference vegetation index (NDVI), fractional vegetation cover (Fc) and the
leaf area index (LAI) are derive from the imagery obtained from the AVHRR instrument
onboard the NOAA satellite series. The main source of data is the Global Inventory
Modeling and Mapping Studies (GIMMS) NDVI which is obtained from the Global Land
Cover Facility (http://www.landcover.org) at 8-km spatial resolution and 15-day temporal
composites. The fractional vegetation cover and leaf area index are derived from the
GIMMS NDVI data.
Fractional vegetation cover (Fc), defined as the fraction of ground surface covered
by the maximum extent of the vegetation canopy, is derived using the methodology
adopted by Gutman and Ignatov (1998) and further improved by Zeng et al. (2000). The
calculation is performed as below:

Fc =

NDVI i − NDVI soil
NDVI c − NDVI soil

(3.19)

where NDVIi is the current value of NDVI for the grid cell. NDVIsoil is theoretically the
minimum value of NDVI associated with the signals from each land cover classification.
Since for most land cover types, smaller NDVI values correspond to winter values and
thus have large uncertainties pertaining to cloud contamination and atmospheric effects
than in summer (Zeng et al., 2000), we assume a constant value for NDVIsoil which is
based on the fifth percentile for the bare soil land cover classification. NDVIc is the
NDVI value for each land cover classification that corresponds to 100 % vegetation cover.
Based on the suggestion by Zeng et al. (2000), we estimate NDVIc using the 75th
percentile for UMD land cover types 1-5 and 8-12, 90th percentile for land cover types 6,
7 and 13. Since the authors assume that the climatology for vegetation changes by
latitude, we apply the above methodology based on latitude bands of 20o each, i.e. 60S40S, 40S-20S, 20S-0, 0-20N, 20N-40N, 40N-60N and 60N-80N.
Leaf area index (LAI) is derived using the GIMMS NDVI data based on a
radiative transfer theory of canopy spectral invariants (Ganguly et al. 2008). The data
was obtained on a personal correspondence basis from Climate and Vegetation research
group at Boston University.
Figure 3.7 shows the annual mean values of NDVI,
vegetation fraction and LAI over the earth surface.

a)
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b)

c)

Figure 3.7 Annual means (2003) of AVHRR based (a) NDVI ; (b) fractional vegetation cover;
and (c) leaf area index.

3.3.5

Surface Radiation Budget (SRB) data

Surface Radiation Budget (http://www.gewex.org/srb.html) project is a part of the Global
Energy and Water Cycle Experiment (GEWEX). The project has developed multidecadal (1983-2006) datasets of shortwave (SW) and longwave (LW) surface radiative
parameters. Global estimates of net radiation were produced for the current study using
the four components of radiation, namely the incoming shortwave and longwave
radiation and the outgoing shortwave- and longwave radiation.
3.3.6

Variable Infiltration Capacity (VIC) – land surface model data

Global predictions of water budget fluxes were produced at Princeton University
(Sheffield et al., 2006; Sheffield et al., 2007) using the VIC land surface model (Liang et
al., 1994, 1996; Cherkauer et al., 2002) at a spatial resolution of 1-degree and daily
temporal scale. The VIC model simulates the terrestrial water and energy balances and
distinguishes itself from other land surface schemes through the representation of subgrid variability in soil storage capacity as a spatial probability distribution (Sheffield et al.,
2007). The evaporation and net radiation data from the model output are used to validate
the remote sensing estimates obtained from the current study.
3.3.7

ERA-interim – reanalysis data
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The ERA-interim data is an output from the European Center for Medium-Range
Weather Forecasts (ECMWF) reanalysis model. …………..
3.4

Temporal Scaling

A daily value of latent heat flux is needed to perform any meaningful
comparisons and further use the data for studies related to water and energy budget. We
scale up the instantaneous fluxes of latent heat to a daily ET value by assuming that the
evaporative fraction, obtained at the satellite overpass time, is constant throughout the
day. Using the above assumption, the daily ET value is obtained using the following
equation:

ETdaily = EFinst ⋅ Rnet − daily

(3.20)

where EFinst is the instantaneous value of evaporative fraction, defined as the ratio of
latent heat flux to the available energy, and Rnet-daily is the daily value of net radiation. As
described in the previous section, the daily value of net radiation is obtained using the
SRB dataset.
3.5
3.5.1

Validation
Global Instantaneous data

A swath by swath ET product is generated using SEBS and PM based algorithms.
Figure 3.8 illustrates the global swath product at 5-km spatial resolution for the days Jan1, Apr-1, Jul-1, and Oct-1 of the year 2003. A close look at the maps shows spatial
discontinuity which is associated with the missing data from the input datasets or due to
the presence of snow. The consistent missing data over the Saharan desert and the
Tibetan plateau is associated with the missing LAI dataset. Also, as mentioned
previously evaporation from snow is not considered in the present study, and thus the
lack of estimates in the high latitudes during January and April.
3.5.1.1 Global instantaneous data – Comparisons with flux tower data
To understand the validity of the instantaneous flux estimates, we consider
detailed comparisons of the meteorological data over 5 towers across the continental
United States, namely ARM (main tower), Audubon research ranch, Bondville, Fortpeck
and Tonzi. Only 5 towers were chosen considering the availability and reliability of the
tower data. The above towers represent 3 different land cover types and varied climatic
zones.
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Figure 3.8 Global scale instantaneous (~1:30 pm local time) estimates of latent heat flux (W/m2)
using AIRS-, AVHRR-, CERES-, and MODIS-derived data. Two physically different algorithms
– (a) SEBS and (b) Penman-Monteith, are used to generate these estimates.

The accuracy of an ET model depends to a large extent on the driving variables.
The most critical environmental driving variables for ET estimation are: air temperature,
surface temperature and net radiation. Since the remote sensing data are instantaneous
values at ~1:30 pm local time, hourly averages (1-2 pm local time) of the tower
observations were used for the validation. Also, due to the dynamic nature of the
instantaneous meteorological and flux data, validation is considered at monthly scales for
the years 2003 through 2006. Care was taken to eliminate the tower observation when a
remote sensing estimate is not available. Figure 3.9 shows scatter plot comparisons
between the remote sensing estimates of air temperature, surface temperature and net
radiation. Surface temperature is not available at the ARM and Tonzi site and thus the
plots are missing. Table 3.3 shows the statistics of the remote sensing variables when
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compared with the ground based tower observations. Among the three variables, air
temperature has the highest correlations, with a mean value of 0.91 across the 5 towers.
Significant bias and RMS errors in net radiation are observed over all towers except at
the Bondville site, where even though the bias is low the scatter is quite significant.
Since the latent heat flux, as estimated by the SEBS and PM based algorithms, is a
function of net radiation, significant errors can be expected considering the scatter (mean
RMSE of 46.40 W/m2 across the 5 towers) and bias (mean bias of 17.31 W/m2 across the
5 towers) in net radiation. One major driving variable for an accurate estimation of
sensible heat flux using the SEBS algorithm is the difference between the surface- and
air-temperature. A quick look at Eqn. 5 suggests that any uncertainty associated with the
surface-air gradient in temperature is reflected directly on the estimated value of sensible
heat flux, the results of which are discussed later in the section.
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(a)

ARM

(b)

(c)

Tsurf not
available at
the tower

Audubon

Bondville

FortPeck

Tonzi

Tsurf not
available at
the tower

Figure 3.9 Scatter plot (monthly mean) comparisons of (a) air temperature, (b) surface
temperature, and (c) net radiation for years 2003 through 2006 over five flux towers. Surface
temperature is not available at the ARM and Tonzi sites.

53

Chapter 3 Evapotranspiration from Remote Sensing
Table 3.3 Statistics of remote sensing based meteorological variables.
Variable
(RS vs Tower)

Kendall's Tau (2003-2006)
ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

Rnet – W/m2

0.79

0.71

0.67

0.70

0.86

0.75

Tair - oC

0.93

0.92

0.90

0.89

0.91

0.91

Tsurf - oC

-

0.79

0.72

0.73

-

0.75

Variable
(RS vs Tower)

RMSE (2003-2006)
ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

Rnet – W/m2

37.00

38.00

58.00

65.00

34.00

46.40

o

Tair - C

1.40

0.91

2.20

2.40

1.10

1.60

Tsurf - oC

-

3.40

4.40

6.30

-

4.70

Variable
(RS vs Tower)

BIAS (2003-2006)
ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

Rnet – W/m2

50.58

73.82

-4.17

43.92

-77.58

17.31

o

0.66

4.16

-0.69

-2.26

0.44

0.46

o

-

-0.76

0.61

-0.20

-

-0.12

Tair - C
Tsurf - C

Note: Rnet – Net Radiation; Tair – Air Temperature; Tsurf – Surface Temperature
Sensible heat flux (H) is estimated by the SEBS algorithm using the MoninObukhov similarity theory while the PM based algorithm relies on the difference between
the available energy (Rnet-G) and the latent heat flux (LE) estimate. Conversely, SEBS
algorithm estimates the latent heat flux using the residual of available energy (Rnet-G) and
the sensible heat flux (H), while the PM based algorithm estimates LE using Eqn 10.
Scatter plot comparisons of sensible and latent heat fluxes, as estimated using the SEBS
and PM algorithms, over the 5 flux towers are presented in Figure 3.10. An overview of
statistics for each of the plots presented in Figure 3.10 is presented in Table 3.4.
The sensible- and latent heat flux estimates from the SEBS algorithm have a
higher correlation (TAU) and lower RMS errors with the tower observations as compared
to the PM based estimates. The RMS errors for sensible heat fluxes ranged from 29- to
69-W/m2 while for the latent heat fluxes the range was between 34- to 85-W/m2.
Considering the statistics in Table 3.4, lowest correlations were obtained for the Tonzi
site in California, USA. Personal communication with the tower PI and a close look at
the region, using Google maps, indicate that the tower is located in a complex terrain and
huge changes in land use can be observed. Finally, high values of BIAS were observed
for SEBS estimates of latent heat flux and PM estimates of sensible heat flux. The
uncertainties related to the RMS errors and BIAS values are discussed in the next subsection.
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3.5.1.2 Uncertainties – Flux tower comparisons
A few issues need to be addressed when comparing the remote sensing estimates
to the flux tower observations. First, the instantaneous fluxes of remote sensing are
obtained as a snap shot in time while the flux tower data are aggregated over a 1-hr
period. As mentioned above, the reason for considering hourly averaged fluxes from the
flux towers is associated to the fact that the overpass time for the polar orbiting satellites
varies significantly. The authors observed the overpass times of EOS AQUA PM
satellite to vary between 1300 hrs to 1400 hrs local time. Considering the above
averaging difference and to the fact that fluxes at the towers change significantly over
time depending on the local meteorological conditions, huge differences can be expected
when comparing the two sources of data.
A second factor related to above comparison is the scale and land surface
heterogeneity issues. Most of the meteorological data obtained from CERES and AIRS
sensor for the current study are obtained at approximately 0.25 degree spatial resolution.
Air temperature is a variable which is expected to vary less in space, but the surface
temperature and net radiation will change depending on the underlying land cover. The
above statement is better justified by the plots in Figure 3.9. High correlations and low
RMS errors between RS and tower observations are observed for air temperature;
TAUmean of 0.91 and RMSEmean of 1.6 oC across the 5 towers; while lower correlations
and higher RMS errors were observed for net radiation and surface temperature.
A common and long addressed issue with tower data is the lack of energy balance
closure (Twine et al., 2000). Considering the above, we calculate the residual (Figure
3.11a and Table 3.5) of the available energy and the surface fluxes, i.e. Rnet – G – H – LE,
over the 5 towers for years 2003 through 2006. The mean closure across the 5 towers is
55.88 W/m2 with the highest lack of closure at Tonzi (92.23 W/m2) and the least at
Fortpeck (1.84 W/m2). To this end, we compare the sum of sensible and latent heat
fluxes estimated using RS data, i.e. (H+LE)RS, to the available energy observed at the
towers, i.e. (Rnet-G)towers. The above comparison is based on a twofold reasoning. The
first reason is based on the assumption that lack of energy closure is generally associated
with the low estimation of surface fluxes (H and LE) at the eddy flux towers, by
definition of eddy covariance. Secondly, it is not yet clear whether the lack of closure is
associated with the low estimation of sensible or latent heat flux (Twine et al., 2000).
Statistics related to the above comparisons are presented in Table 3.6.
As was mentioned above, one major driving variable for an accurate estimation of
sensible heat flux, and thus the latent heat flux which is calculated as a residual of
available energy and sensible heat flux, using the SEBS algorithm is the difference
between the surface- and air-temperature. Figure 3.11b shows the time series of the
temperature gradient as observed by the different data sources. The effect of above
temperature gradient on the estimates surface fluxes is shown in Table 3.7.
The authors consider that other uncertainties might exist due to differences in
physiological variables, e.g. LAI and vegetation fraction, but the comparison of these
variables will be beyond the scope of the present study.
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(a)

(b)

ARM

Audubon

Bondville

FortPeck

Tonzi

Figure 3.10 Monthly mean remote sensing estimates (y-axis) (a) sensible heat flux and (b) latent
heat flux, as compared with ground observations (x-axis) from flux towers for years 2003-2006.
Tower fluxes averaged over the hour were used to compare with the instantaneous fluxes from
remote sensing, considering that the satellite overpass time varied quite significantly.
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Table 3.4 Statistics of instantaneous remote sensing flux (H and LE) estimates when compared
with ground observations. SEBS indicates the results obtained using the Surface Energy Balance
System model while PM indicates the results obtained using the Penman-Monteith based model.
Kendall's Tau (2003-2006)
Variable

(RS vs Tower)
ARM

Audubon Bondville FortPeck

Tonzi

Mean

H - SEBS

0.55

0.68

0.50

0.51

0.66

0.58

LE - SEBS

0.52

0.44

0.59

0.53

0.38

0.49

H - PM

0.52

0.72

0.26

0.41

0.59

0.50

LE - PM

0.45

0.44

0.49

0.44

0.41

0.45

Tonzi

Mean

Variable

RMSE (2003-2006) – W/m2

(RS vs Tower)
ARM

Audubon Bondville FortPeck

H - SEBS

42.00

29.00

47.00

52.00

54.00

44.80

LE - SEBS

44.00

36.00

47.00

62.00

59.00

49.60

H - PM

49.00

30.00

58.00

52.00

69.00

51.60

LE - PM

54.00

40.00

49.00

86.00

60.00

57.80

Tonzi

Mean

Variable

Bias (2003-2006) – W/m2

(RS vs Tower)
ARM

Audubon Bondville FortPeck

H - SEBS

-27.00

-20.10

-11.59

-4.56

20.84

-8.48

LE - SEBS

167.98

183.83

80.52

72.98

61.73

113.41

H - PM

74.67

55.53

59.39

40.96

-61.64

33.78

LE - PM

-18.26

36.86

-4.04

9.39

74.10

19.61
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Tonzi

FortPeck

Bondville

Audubon

Tsurf not
available at the
tower

Tsurf not
available at the
tower

Figure 3.11 Errors or uncertainties associated with the poor estimation and validation of the
remote sensing fluxes; (a) time series of the energy residual at the tower, associated with the lack
of closure; and (b) time series of dT (Tsurf -Tair), as compared between the remotely sensed data
and the tower observations.
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Table 3.5 Monthly mean energy closure at the 5 flux towers.

Monthly mean
energy closure
(Rnet-G-H-LE)

ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

57.01

57.00

71.33

1.84

92.23

55.88

Table 3.6 Statistics of remote sensing based cumulative surface fluxes. The sum of sensible and
latent heat flux from remote sensing are compared with the available energy from tower
observations.

Kendall's Tau (2003-2006)

(H+LE)RS vs
(Rn-G)tower

ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

SEBS

0.74

0.65

0.58

0.69

0.83

0.70

PM

0.75

0.65

0.57

0.65

0.74

0.68

RMSE (2003-2006)

(H+LE)RS vs
(Rn-G)tower

ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

SEBS

35.91

44.52

67.58

47.87

39.55

47.08

PM

52.45

44.53

74.07

49.20

50.35

54.12

BIAS (2003-2006)

(H+LE)RS vs
(Rn-G)tower

ARM

Audubon

Bondville

FortPeck

Tonzi

Mean

SEBS

82.73

106.41

-2.39

66.59

48.74

PM

-1.84

35.07

-15.97

48.51

-9.66
79.77

-2.80

Table 3.7 Relationship between the error in surface to air temperature gradient and the surface
fluxes.

Variable
Herror vs (Ts-Ta)error

ARM
-

LEerror vs (Ts-Ta)error

-

Kendall's Tau (2003-2006)
Audubon
Bondville FortPeck Tonzi
-0.10
0.04
-0.08
-0.37

0.02
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-0.21

-

Average
-0.05
-0.19
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3.5.2

Global Daily data

The global instantaneous fluxes of latent heat were temporally scaled to a daily
ET value in mm/day using Eqn 20. The daily net radiation data was obtained from the
Surface Radiation Budget project, with a spatial resolution of 1-degree. To validate the
daily ET data, we consider three strategies: (1) Comparing the monthly cumulative ET
over the pixel to the tower fluxes; (2) Comparing the Mississippi basin ET with output
data from VIC model (land surface model) and the ERA-interim reanalysis model (from
ECMWF); and (3) Comparing the global zonal (longitudinal) mean data with the above
mentioned models.
3.5.2.1 Flux tower comparisons
We considered 11 towers for comparing remote sensing estimates to the
observational eddy flux data. To further evaluate the performance of the remote sensing
estimates, we consider comparing the ET estimates from a land surface model (VIC) and
a reanalysis model (ERA-interim) to the tower observations. Only 1 year, i.e. 2003, of
data are considered for this comparison, so as to compare the estimates to the most
number of towers. A list of the towers and the spatial location across the globe is
presented in Table 3.1 and Figure 3.1. Figure 3.12 shows the scatter plots of monthly
cumulative ET estimates of the different model over the towers. Care was taken to
compare the ET estimates only over days when remote sensing estimates are available. A
detailed statistics for the plots are provided in Table 3.8. The mean correlations (RMS
errors) of the fluxes, obtained using the 4 different model outputs, across the 11 towers
ranged between 0.63 (13 mm/month) and 0.67 (16 mm/month). The above values of
RMS errors correspond to approximately 10% of the peak season estimates. In most
cases, the remote sensing estimates correlated well with the tower observations, with the
exception of Palangkaraya. The tower at Palangkaraya is located in Indonesia and the
land cover is a tropical peat swamp forest. One possible reason for the above mismatch
over the pixel is the presence of clouds which affect the remote sensing meteorological
estimates and thus the fluxes.
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Figure 3.12 Monthly cumulative ET estimates of the different model over the towers

Table 3.8 Statistics of monthly ET comparisons of different model outputs as compared to the
tower observations.

Tower
ARM
Audubon
Bondville
Fortpeck
Tonzi
Duke-Grass
Cabauw
Lindenberg
Palangkaraya
Qinghai
Tumbarumba
Mean

SEBS
0.70
0.73
0.73
0.64
0.48
0.82
0.70
0.59
0.24
0.79
0.48
0.63

Kendall's Tau (2003)
PM
VIC
0.61
0.58
0.36
0.45
0.82
0.91
0.57
0.67
0.55
0.88
0.76
0.82
0.76
0.73
0.71
0.87
0.36
0.21
0.88
0.76
0.88
0.48
0.66
0.67
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ERA
0.61
0.52
0.97
0.79
0.67
0.94
0.15
0.87
0.30
0.79
0.58
0.65
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Tower
ARM
Audubon
Bondville
Fortpeck
Tonzi
Duke-Grass
Cabauw
Lindenberg
Palangkaraya
Qinghai
Tumbarumba
Mean

SEBS
5.77
6.88
15.28
21.75
20.58
13.47
12.83
15.49
26.94
10.04
24.72
15.79

RMSE (2003) - mm/month
PM
VIC
7.99
6.25
11.04
9.65
15.03
10.27
26.98
18.28
19.95
9.24
13.45
8.88
8.78
14.15
13.75
10.08
26.47
26.84
12.14
11.79
14.14
24.87
15.43
13.66

ERA
9.31
11.69
10.26
14.29
13.19
4.74
27.43
7.68
27.80
13.37
24.02
14.89

.

Tower
ARM
Audubon
Bondville
Fortpeck
Tonzi
Duke-Grass
Cabauw
Lindenberg
Palangkaraya
Qinghai
Tumbarumba
Mean

SEBS
20.06
43.02
7.77
3.01
-6.84
-6.34
-5.75
-13.31
4.86
32.54
-24.35
4.97

Bias (2003) - mm/month
PM
VIC
-7.79
8.99
20.56
3.16
-8.72
0.88
-4.32
-6.73
-7.31
-1.61
-15.26
-3.78
-11.09
-19.01
-8.86
-1.80
7.20
8.86
10.99
-13.11
-6.33
-4.11
-2.81
-2.57

ERA
20.61
3.08
15.38
6.21
21.86
19.26
1.03
6.17
20.47
-13.61
-0.95
9.05

3.5.2.2 Mississippi basin comparisons
To second strategy to evaluate the global remote sensing ET datasets was to
compare the model (VIC and ERA-interim) output over a basin. For the current study,
we choose the Mississippi basin, since the VIC model output is calibrated over the
Mississippi basin. We compare 4 years of data, i.e. 2003 through 2006, over the
Mississippi basin (Figure 3.13). SEBS and ERA-interim estimates show good agreement
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ET

except for in the summer time, when the ERA-interim are much higher. For the months
Nov-Feb, the PM estimates and ERA-interim data are almost the same. Even though
SEBS and PM estimates correlate well, there are huge differences in their estimates.
Differences in the mean monthly ET between the four datasets are shown in Table 3.9. In
order to observe the effect of net radiation on ET, we plot the net radiation (Figure 3.14)
for the models considered. SRB data is used to upscale the instantaneous fluxes from the
SEBS and PM algorithms. Only three years of data are plotted (2003-2005) since the
ERA interim data for 2006 was not available at the time of analysis.
Table 3.9 Differences in the mean monthly ET over the Mississippi basin
Difference in mean monthly ET
(m/month)
2003
2004
2005
2006
(compared to SEBS output)
PM
-2.59
-3.02
-3.12
-2.75
VIC
-2.32
-2.88
-2.67
-2.36
ERA-interim
0.69
0.17
0.30
0.31

Mean
-2.87
-2.56
0.37

Figure 3.13 Time series comparison of different ET estimates over the Mississippi basin. Squares
( ) represent the SEBS RS estimates, inverted triangles (∇) represent the PM RS estimates,
diamonds (◊) represent the VIC land surface model output and the triangles (∆) represent output
from the ERA-interim reanalysis output.
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Figure 3.14 Comparison of different net radiation estimates over the Mississippi basin. Squares
( ) represent the SRB estimates used for temporally scaling the SEBS and PM instantaneous
fluxes, diamonds (◊) represent the VIC land surface model estimate and the triangles (∆)
represent estimate from the ERA-interim reanalysis output.

3.5.2.3 Global comparisons
The final step for the evaluation process involves testing the datasets at the global
scale. As mentioned above, we consider comparing the remote sensing estimates to the
model output from a land surface model (VIC) and a reanalysis model (ERA-interim).
These global datasets are matched with the remote sensing data on a daily basis and then
compared at the monthly and annual scales. Figure 3.15 shows the seasonal variation,
over the year 2003, as estimated by the SEBS and PM algorithms using the remote
sensing inputs. A quick look at the global plots shows distinct spatial patterns and the
seasonal cycle over the year. Furthermore a general under estimation of ET by the PM
algorithm, or conversely over estimation of ET by the SEBS algorithm, over most parts
of the globe is observed. Some examples are the Amazon forest, eastern India and
Mexico. Annual variation of ET for the years 2003-2006 is shown in Figure 3.16.
Since the current study only deals with four years of remote sensing data, i.e.
2003 through 2006, we evaluate the global annual ET using zonal (longitudinally
averaged) plots. Comparison of the remote sensing datasets with the VIC and ERAinterim output are shown in Figure 3.17. In general, good correlation is found between
all the datasets, with the VIC dataset showing the lowest values.
SEBS and PM
estimates correlate well at the tropics and deviate towards the poles. Figure 3.18 shows
the global zonal plots of net radiation.
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Figure 3.15 Seasonal variation in ET for the year 2003.
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Figure 3.16 Global annual ET for years 2003 through 2006.
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SEBS
PM
ERA-int
VIC

Figure 3.17 Zonal means of annual ET for years 2003 through 2006. Four model outputs are
compared. The red line represents the SEBS RS estimates, blue line represents the PM RS
estimates, green line represents output from the ERA-interim reanalysis model, and the black line
represents the output from the VIC land surface model.

68

Chapter 3 Evapotranspiration from Remote Sensing

SRB
ERA-int
VIC

Figure 3.18 Zonal means of annual Rnet for years 2003 through 2006.
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4.1

Background

Remote Sensing of rainfall has a long history dating back to early cloud indexing
schemes using visible and infrared radiations such as those developed by Barrett (1970),
Kilonsky and Ramage (1976) or Arkin (1979). Some methods used both visible and
infrared radiation (Lovejoy and Austin, 1979) to eliminate cold but non-raining cirrus
clouds, while Griffith et al. (1978) used the temporal evolution of the infrared signal to
refine rainfall estimates from geostationary images. With the introduction of the Special
Sensor Microwave Imager (SSMI) in 1987, and a study by Ebert et al. (1996) showing
that microwave methods were generally superior to infrared methods for instantaneous
rainfall estimates, the emphasis in rainfall retrievals shifted to these microwave sensors.
The emphasis was further focused on the microwave area with the launch of the Tropical
Rainfall Measurement Mission (TRMM) in 1997 that flies both active and passive
microwave sensors (Kummerow et al., 2000). Systematic research prompted by this
mission further advanced passive microwave retrieval schemes as well as introduced new
space-borne radar algorithms. While the evaluation of products from both the radar and
radiometer, as well as their differences is ongoing (e.g. Wolff et al., 2005; Robertson et
al., 2003; Berg et al., 2006) it is clear that both have strengths and weaknesses that may
be exploited by combining the two sensors. Infrared methods, in the meantime, have
undergone a transformation to concentrate primarily on high space and time resolution
estimates that are anchored by the passive microwave estimates but cannot be observed
directly by the polar orbiting radiometers. Sapiano and Arkin (2008) provide a
comprehensive evaluation of these methods.
Radiometer methods themselves have a significant history but have largely
converged upon physical methods over oceans, while remaining mostly statistical over
land. The physical methods employed over oceans depend either on conceptual
precipitation models to derive relationships between rain water and brightness
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temperatures (e.g., Wilheit et al., 1991; Petty, 2001; Hilburn and Wentz, 2008) or
Bayesian Schemes (Bauer et al., 2001; Kummerow et al., 2001; Marzano et al. 1999),
which employ cloud-resolving model simulations to establish a-priori databases of
potentially precipitating clouds and their associated brightness temperatures. With the
TRMM satellite it was possible to further refine these Bayesian methods by constructing
a-priori databases not solely from cloud-resolving models but from a combination of
TRMM radar, radiometer and cloud-resolving models. The first such approach designed
to work jointly with the TRMM radar and radiometer data was described by Haddad et al.
(1997). This algorithm uses the TMI 10.7-GHz brightness temperature to infer the path
integrated attenuation and thus constrains the PR’s assumed drop size distribution. While
the method does not ensure physical consistency between the PR and all TMI channels, it
does accomplish this to first order since the 10.7-GHz channels represents the bulk
emission from the hydrometer column. Two more recent approaches that focus on
oceanic scenes are due to Grecu and Olson (2006) and Masunaga and Kummerow (2005).
The Grecu and Olson work used an optimal estimation algorithm to find drop size
distributions to simultaneously match radar reflectivities and radiometer observations at
10.7, 19.35 and 37.0 GHz. Masunaga and Kummerow developed a similar framework but
used the TRMM PR product as a starting point and varied the drop size distribution only
for lightly raining pixels for which the radar could not determine its own drop size
distribution from attenuation measurements. They also added the 85 GHz of TMI to the
matching procedure. While the two latter studies are distinct, both studies needed to
constrain the range of DSD in order to keep the solutions well behaved. The TRMM
radiometer Version 7 product uses a combined radar/radiometer/cloud-resolving model
approach to build an a-priori database of raining clouds.
The a-priori database of raining clouds is used together with radiative transfer
computations to derive brightness temperatures and a-priori databases for satellite sensors
such as the Special Sensor Microwave/Imager (SSM/I), the Advanced Microwave
Sounding Radiometer (AMSR-E), or the WindSat radiometer that all observe similar but
not identical channels. A summary of imaging radiometers for which a physical method
may be applicable can be found in the description of the Global Precipitation Mission
(GPM) described by Hou et al. (2009).
While tremendous progress has been made building radiometer rainfall algorithms
over oceans, the land areas remain largely empirical in nature – being limited to
correlations between ice scattering at 85 GHz and surface rainfall. Not only is there no
unique relationship to relate these two variables, but also rain rate is further complicated
by the need to often separate cold 85 GHz from background signals due to snow, frozen
ground or small water bodies. No simple solution exists, but GPM is focusing on this
problem and significant progress is likely. Because there is currently great interest but no
established physical method to retrieve rainfall over land, the default method relies on the
GPCP algorithm (Huffman et al., 1996). This version relies largely on the GPCC rain
gauge analysis with passive microwave rainfall data to fill the gaps where few gauges
exist. IR imagery is used to deconvolve the monthly gauge/microwave product to finer
space and time resolution. The version to be employed is Version 3, currently scheduled
to begin reprocessing in January 2010. It uses the same scheme described in (Adler et al.,
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2003) but will be produced over all land areas with the 0.25 degrees at 3-hour intervals
described above from 1998 onward. The three hourly data follows the TRMM
Multisatellite Precipitation Analysis (Huffman et al., 2007) and requires a number of
passive microwave sensors in orbit simultaneously. This is available only from 1998
onward. Before January 1998, there is insufficient data for 3 hourly products and only
daily precipitation is available. The daily time series will be available back to 1983.
4.2

Improvements to the Land Rainfall Product

Microwave rainfall retrievals over land are far more difficult than oceanic
retrievals due to the large and variable emissivity of the land surface. Specifically, the
high emissivity masks the emission signature that is related directly to the water content
in the atmosphere. Instead, only the brightness temperature depression due to scattering
in the upper portion of clouds is generally exploited for rainfall remote sensing.
A further complication that arises over land is the lack of consistent backgrounds
against which to compare the Tb depression. To alleviate this problem caused by the
varying emissivity associated with changes in surface characteristics (e.g., surface
wetness, snow cover, vegetation, etc.), a rain/no-rain temperature depression threshold is
typically required. Additionally, snow and desert surfaces cause depressed Tbs at high
frequencies (due to surface volume scattering) and can be confused with the rain
signature. If these surface types are not properly screened, they can be misinterpreted as
ice scattering in clouds. These methods are highly empirical. They also have a relatively
mixed success rate – working reasonably well over some surface but less well over
surfaces with partial snow, frozen ground and small water bodies or combinations of
these surfaces and precipitation.
Rather than continue to improve these empirical algorithms, GPM is focusing on
the expansion of the physical models developed over ocean to land surfaces. The vertical
structure of precipitation derived by radar/radiometer and cloud-resolving models
described earlier can be applied directly to the land problem if the emissivity is known
(or can be derived from surface parameters such as wind speed over oceans). Three
approaches are being explored in parallel within GPM’s algorithm development
initiatives: An empirical emissivity approach, an approach in which surface state
parameters (coupled to theoretical emissivity models) are retrieved simultaneously and an
approach in which Land Surface Models are used to provide a-priori information on the
surface state.
The empirical emissivity model is created by first retrieving the emissivities at
each channel when clear skies are present. Techniques are described by Prigent et al.,
(2006), and Bytheway and Kummerow (2009). The techniques essentially use
independently derived atmospheric water vapor, cloud water and skin temperature to
solve directly for the emissivity at each frequency according to Equation (4.1).
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−τ (0, H )

ε =

Tb − Ta↑ − Ta↓ × e
−τ (0, H )

e

µ

µ

(4.1)

× (Ts − Ta↓ )

An empirical emissivity model is created using the relationships between the
retrieved emissivity value at the 10.65-GHz horizontal polarization and the retrieved
emissivity values at the remaining channels. These relationships make it possible to
calculate the emissivities at each channel as some function of the 10.65 GHz horizontally
polarized emissivity. More importantly, it allows one to write an algorithm that is
parallel to the oceanic algorithm. Instead of surface wind – which fully determines all
emissivities through a theoretical model, the empirical approach retrieves the 10.7 H
emissivity – determining all other emissivities from the empirical relations shown in
Figure 4.1. Since the oceanic algorithm is complete as of May 2009, the bulk of the land
development work still planned for GPM will be to deal with exceptions rather than the
theoretical basis described here.
Close coordination with the GPM algorithm
development effort will ensure that all progress in that program is immediately available
here.
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Figure 4.1 Retrieved surface emissivity values for 10 AMSR-E channels for a half-degree grid
box over land (black dots). Red lines indicate the calculated best-fit between the 10.7-GHz
horizontal emissivities and the retrieved values at the remaining channels (the empirical model).
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MEaSUREs, designed to close water and energy budgets, has advantages in that
the Land Surface Model (LSM) can be used in the same fashion as the third approach
being explored by GPM to help constrain the emissivity model. Using the work in GPM
designed to exploit Land Surface Models, those methods can also be used here to help
diagnose rainfall products in situations where budgets are not closed. Information from
the model regarding soil moisture (before the onset of precipitation), vegetation and
surface temperature will all be used together with the theoretical emissivity models being
developed through GPM to couple the LSM and precipitation portions of the problem.
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Abstract

In this ATBD we describe methodologies and input parameters that will be used
for implementing algorithms to derive radiative fluxes from the International Satellite
Cloud Climatology Project (ISCCP) DX data. Provided is a brief description of the
evolution of the inference schemes from Version 2.1 to Version 3.3 that is currently ready
for implementation. Described will be also Version 3.3.2, still under testing, planned to
be used in final implementation in this project. It is an update of Version 3.3 and includes
new narrow-to-broadband conversions consistent with the IGBP land use classifications
and new Angular Distribution Models (ADM) based on the Clouds and the Earth's
Radiant Energy System (CERES) observations. Independent parameterization will be
used for water and ice clouds which will require new re-classification of the ISCCP DX
observations. Addressed are also issues related to the use of observations from several
independent geostationary and polar orbiting satellites. The unevenly sampled
observations in space, in time, and in viewing, need to be optimally merged to obtain
homogeneous fields of radiative fluxes. Foreseen is a need to update auxiliary parameters
that are provided with the ISCCP data with newly available information. Of issue are:
atmospheric moisture, ozone, aerosols, and the state of the surface, snow in particular.
For consistency, the selection of model input parameters will be coordinated with other
participants of this project. Results from preliminary evaluation of the proposed
methodologies are also presented.
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5.1

Introduction

5.1.1

The Importance of Radiative Fluxes in the Climate System

5.1.2

Definitions

5.1.2.1 Shortwave (SW) radiative fluxes
Solar radiation (or SW) from the sun in the spectral interval of (0.3-4.0 µm)
reaches the Earth’s surface as direct solar and diffuse sky radiation due to scattering in
the atmosphere.
5.1.2.2 Long-wave fluxes (LW)
Part o the absorbed energy at the surface is re-radiated back to the atmosphere and
space. The absorbed energy in the atmosphere re-radiates back to the surface and to outer
space in the form of long-wave (terrestrial) radiation (4.0-100.0 µm).
5.1.2.3 Spectral Fluxes
The radiation in the spectral interval of (0.4-0.7 µm) is referred to as
Photosynthetically Active Radiation (PAR). The radiation in the spectral interval of (0.74.0 µm) is known as the Near-Infra-Red radiation (NIR). These components are of
interest due to the differences in their biological impacts and their distinct interaction
with vegetation and water bodies.
The balance maintained between the solar radiation absorbed by the
atmosphere/earth system (gain) and the emission of the terrestrial radiation back to space
(loss) is referred to as net radiation or radiation balance, composed of net solar radiation
and net long-wave radiation.
5.1.2.4 Parameters to be produced
The following parameters will be provided:
o Total short-wave surface radiative fluxes, upwelling and downwelling
o Photosynthetically Active Radiation (PAR), upwelling and downwelling
o Near-Infra-Red (NIR) radiation
These will be provided at both boundaries of the atmosphere as total and diffuse fluxes,
as appropriate.
o Downwelling Longwave radiation at the surface
5.1.3 Importance of SW fluxes
The incoming solar radiation from the sun (SW) that reaches the Earth’s surface
determines the exchange of energy between the land and the atmosphere and
consequently, controls the hydrologic cycle. Environmental satellites are considered
useful tools for providing information on surface radiative fluxes at various temporal and
spatial scales, allowing improvement in estimation of terrestrial water and energy storage.
Satellites have been providing useful information on the various SW components of
atmospheric and surface radiative fluxes for more than a decade.
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5.1.4 Importance of LW fluxes
The LW radiation plays an important role in maintaining the heat balance of the Earth.
While during the daytime it is the SW radiation that dominates the balance, the LW is
emitted towards the earth day and night. As such, it is a major contributor to the radiation
balance of the Earth. The sources of the downwelling long-wave radiation (DLW) at the
surface are the radiatively active gases in the atmosphere. The LW fluxes depend on the
vertical profiles of temperature, gaseous absorbers and clouds. Gaseous
emission/absorption occurs in specific wavebands in the range 0.3–30 µm while emission
from clouds can be considered as black body radiation at the temperature of the cloud
base. The intensity of the thermal emission from a cloud depends on its temperature and
optical thickness.
5.1.5 Need for Information on Radiative fluxes
A major need stated by the NASA Earth Science Research Strategy is to develop
long-term, consistent, and calibrated data and products that are valid across multiple
missions and satellite sensors. The need and usefulness of such information has been
amply demonstrated.
Information on the spatial and temporal distribution of surface radiative fluxes is
required for: modeling the hydrologic cycle (Rind et al., 1992; Sorooshian et al., 2002);
representing interactions and feedbacks between the atmosphere and the terrestrial
biosphere (Dickinson, 1986; Hicke et al., 2002); estimating global terrestrial and oceanic
net primary productivity (Platt, 1986; Running et al., 1999; Zhao et al., 2005); validating
climate models (Garrat et al., 1993); improving the understanding of transport of heat,
moisture, and momentum across the surface–atmosphere interface (Betts et al., 1997;
Baumgartner and Anderson, 1999; Sui et al., 2002); improving land–atmosphere
interaction parameterizations (Chen et al., 1996); and providing information on the
dominant forcing functions of the surface energy budgets (Wood et al., 1997; Mitchell et
al., 2004; Rodell et al., 2004). Studies of long-range weather forecasting are performed
with the aid of numerical weather prediction and general circulation models (GCMs).
Satellite observations are considered the only source of information that can be used for
model evaluation on a global scale. The Joint Scientific Committee (JSC) of the WCRP
endorsed the Global Energy and Water Cycle Experiment (GEWEX) as one of several
core activities that should ultimately lead to the prediction of global and regional climate
change (Chahine, 1992; Sorooshian, 2003). The objective of the radiation component is
to determine atmospheric and surface radiative fluxes at a level of accuracy that will
allow the prediction of transient climate variations and long-term climate trends.
5.2

Background and Overview

5.2.1

Historic perspective
Under the joint NOAA/NASA PATHFINDER activity (Ohring and Dodge, 1992),
uniform, long-term data sets from observations made from numerous satellites, have been
prepared into homogeneous time series. Some of these data are processed into reduced
resolution, multi-satellite, global coverage information, and are known as International
Satellite Cloud Climatology Project (ISCCP) D1 data (Schiffer and Rossow, 1985).
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Because of their representation of the diurnal cycle and long-term availability, these data
are of particular interest to scientists working on land–atmosphere and ocean–atmosphere
interactions, and hydrologic modeling. Parameters derived from these data are based on
satellite observations and on ancillary data, as appended to the ISCCP D1 product at a
nominal resolution of 2.5º (Rossow and Schiffer, 1991, 1999). However, with the
availability of newer data sets on ancillary information, it is possible now to replace
many of these data sets. The satellites that are being used in the ISCCP data sets usually
have between two to five channels in spectral intervals that are relevant both for inferring
the shortwave flux (visible) and for detecting clouds. An example of the channels on
selected Geostationary Operational Environmental Satellites (GOES) and the Advanced
Very High Resolution Radiometer (AVHRR) on the polar orbiting satellites are given in
Table 5.1 through Table 5.6. Over the years, improvements have been introduced to the
calibration of the relevant sensors. The homogeneity in the ISCCP data is achieved by
normalization of all the observations from the geostationary satellites to a polar orbiter.
Originally, NOAA-7 was used and more recently, replaced by NOAA-9 and the entire
record of the satellite observations was reprocessed. The same procedures were applied to
the ISCCP DX data.
Table 5.1 Characteristics of GOES-8 satellite

Channel
1
2
3
4
5

Wavelength (µm)
0.52 - 0.72
3.78 - 4.03
6.47 - 7.02
10.20 .- 11.20
11.50 - 12.50

Field of view (km)
1.0x1.0
4.0x4.0
8.0x8.0
4.0x4.0
4.0x4.0

Sub-point resol (km)
0.57x1.0
2.30x4.0
2.30x8.0
2.30x4.0
2.30x4.0

Table 5.2 Characteristics of AVHRR channels

Channel
1
2
3
4
5

Satellites: NOAA6, 8, 10 (µm)
0.58 - 0.68
0.73 - 1.10
3.55 - 3.93
10.50 - 11.50
10.50 - 11.50

Satellites: NOAA7, 9, 11, 12, 14 (µm)
0.58 - 0.68
0.73 - 1.10
3.55 - 3.93
10.30 - 11.30
11.50 - 12.50

IFOV
(millirad)
1.39
1.41
1.51
1.41
1.30

Table 5.3 Characteristics of METEOSAT-7 channels

Channel
1
2
3

Wavelength(µm)

Resolution at nadir (km)

0.45 – 1.0
5.7 – 7.1
10.5 – 12.5

2.5
5.0
5.0

Table 5.4 Characteristics of GMS-5 channels

Channel
VIS

Wavelength(µm)

Resolution at nadir (km)

0.55-0.9

1.25
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IR 3
IR 1
IR 2

6.5-7.0
10.5-11.5
11.5-12.5

5
5
5

Table 5.5 Characteristics of INSAT-1B channels

Channel
VIS
IR

Wavelength(µm)

Resolution at nadir (km)

0.47-0.70
10.5-12.5

2
8

More recent geostationary satellites, such as METEOSAT -8 have a better spatial
resolution than their predecessors with additional channels as shown in Table 5.6. The
new Japanese Multi-functional Transport Satellite-1 Replacement (MTSAT-1R)
geostationary satellite also is more advanced that the older GMS used in ISCCP.
Table 5.6 Characteristics of the METEOSAT-8 channels

Channel
HRV 0.75
VIS 0.64
VIS 0.81
NIR 1.6
MIR 3.8
IR 6.2
IR 7.3
IR 8.7
IR 9.7
IR 10.8
IR 12.0
IR 13.4

Wavelength(µm)

Resolution at nadir (km)

0.6-0.9
0.56-0.71
0.74-0.88
1.50-1.78
3.48-4.36
5.35-7.15
6.85-7.85
8.30-9.10
9.38-9.94
9.80-11.80
11.00-13.00
12.40-13.40

1
3
3
3
3
3
3
3
3
3
3
3

5.2.1.1 Review of selected inference schemes to estimate shortwave (SW) radiative fluxes:
historic perspective
Methods spanning a wide range of complexity have been developed to derive
surface net radiative fluxes from satellite observations. These have been reviewed in a
series of publications starting with Schmetz (1989; 1991; 1993) who critically evaluated
sensitivities to input parameters, as well as physical principles of the methodologies. In
reviews that followed, the different parts of the spectrum were discussed independently.
The current status of SW retrievals is summarized in Pinker et al. (1995) and Whitlock et
al. (1995). Methods for deriving PAR are described in Frouin and Pinker (1995). A
summary of current and future satellite observations of relevance for SRB research is
presented in Wielicki et al. (1995).
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5.2.1.2 Physical principles of SW methodology
In his discussion of the physical principles that allow to derive SRB from satellite
observations, Schmetz (1989) has stressed the importance of the close linear coupling
between SW (0.2-4.0 µm) reflected radiance at the top of the atmosphere (albedo) and the
surface irradiance. Cloud extinction (transmittance) and albedo are linearly related since
atmospheric constituents do not emit radiation at solar wavelength. There is a dependence
on solar zenith angle; gaseous and aerosol absorption and scattering; surface reflectivity;
and clouds.
The physical principles of the University of Maryland Shortwave Radiation
Budget (UMD/SRB) retrieval methodology (Version 2.1) (Pinker et al., 1992; 2003) are
presented in Figure 5.1. The TOA downward flux (Ftd) is calculated from the extraterrestrial solar spectrum, accounting for the variation in sun-earth distance and the
position of the sun in the sky relative to the local vertical (solar zenith angle). The
downward flux at the surface (Fsd) is obtained by determining what fraction of Ftd reaches
the surface as the radiation is transferred through the atmosphere. This fraction, which is
referred to as the flux transmittance (T), depends on the composition of the atmosphere
(e.g., amount of water vapor and ozone, optical
AT from clear-sky
composite
Aerosols
Lookup table of
T=f(AT) for
clear and cloudy
atmospheres

Atmospheric
correction
Ozone, snow,
water vapor
Surface albedo

Clear and cloudy
T estimation
T
AT

= Flux transmittance
= TOA Albedo
= Satellite input
= Auxiliary input

Clear
and cloudy
AT from satellite

Fluxes

Figure 5.1 Schematics of the approach that will be used to derive surface and TOA spectral
radiative fluxes.

thickness of cloud and aerosol), on the length of the path the radiation travels through the
atmosphere (determined by the solar zenith angle), and to a lesser degree, on the albedo
of the surface. Once T is known, the surface downward flux is obtained as Fsd = T Ftd.
The algorithm estimates T from the satellite derived TOA albedo. This is possible
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because for a given atmosphere and surface, the TOA albedo and the flux transmittance
are uniquely related to each other.
Once Fsd is known, the upward flux at the surface (Fsu) is calculated as Fsu = As
Fsd, where As is the surface albedo. Similarly, the flux reflected to space by the earthatmosphere system (TOA upward flux, Ftu) is obtained from the product of Ftd and the
TOA albedo (At), namely, Ftu = At Ftd. T is determined from a comparison of modeled
values of the shortwave (0.2-4.0 µm) TOA albedos to the shortwave TOA albedo
obtained from the satellite measurement, and the transmittance corresponding to the
modeled TOA albedo that matches the satellite-derived value is selected. For practical
reasons, the pairs of albedos and transmittances are calculated for atmospheres with a
non-reflecting lower boundary. The surface reflection is added in a separate step.
Modeled TOA albedos and the corresponding transmittances can be calculated spectrally
for discrete values of the solar zenith angle, amount of water vapor and ozone, aerosol
and cloud optical thickness, using a radiative transfer method of preference. Radiative
properties of aerosols and clouds can be obtained from the independent sources.
Absorption by ozone and water vapor needs to be parameterized, for example, as
proposed by Friedenreich and Ramaswami (1992) or others. The albedo-transmittance
pairs are made available in a lookup table for the algorithm separately for clear and
cloudy atmospheres, and the flux transmittances for clear and cloudy skies are
determined by matching the satellite-observed clear and cloudy shortwave TOA albedos,
respectively. For a given solar zenith angle, surface albedo and amount of ozone and
water vapor, the matching process involves the adjustment of the aerosol optical depth for
clear sky and that of the cloud optical depth for cloudy sky. In deriving the fluxes,
information on the surface albedo is needed. This can come from independent sources or
estimated from the “clearest” shortwave TOA albedo observed over a number of days
(clear-sky composite albedo), and then corrected for Rayleigh scattering, aerosol
extinction, and absorption by ozone and water vapor. Next, albedo-transmittance pairs are
selected from the lookup table according to the solar zenith angle, water vapor and ozone
amount, and are combined with the surface albedo to yield shortwave TOA albedos. One
set of pairs is for varying values of aerosol optical depth (clear atmosphere), and the other
is for varying values of cloud optical depth (cloudy atmosphere). Finally, the shortwave
albedos derived from the instantaneous satellite-observed clear-sky and cloudy-sky
radiances are matched with the clear and cloudy sets of albedo-transmittance pairs, and
clear-sky and cloudy-sky transmittances, and from these, clear-sky and cloud-sky fluxes
are obtained. The clear-sky and cloudy sky fluxes are then weighted according to the
cloud cover (defined as the ratio of number of cloudy pixels to the total number of pixels)
to get the all-sky fluxes. The implementation of the model requires preprocessing of the
satellite data and separation of clear and cloudy radiances. The ISCCP D1 and DX data
sets provide such information. Independent satellite data sources require such processing
to be performed first.
The various elements of the retrieval algorithms need to be tested as appropriate.
The radiative transfer component of Version 2.1 participated in the Intercomparison of
Radiation Codes in Climate Models (ICRCCM) (Fouquart et al., 1991). Surface downflux estimates can be compared with ground measurements. Several organized activities
in the framework of the Satellite Algorithm Inter-comparison as sponsored by WCRP and
NASA (Whitlock et al., 1995) were undertaken to evaluate the satellite estimates
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reporting average agreement with ground observations to within 10 Wm-2 on a monthly
time scale over a large number of surface sites. Inter-comparison against surface sites is
ongoing within the GEWEX SRB (Stackhouse et al., 2004) and CERES-SARB programs
(Charlock et al., 1996) and results from Version 3.3 of the UMD/SRB algorithm
participate in this comparison. The fluxes are calculated in the spectral intervals of 0.20.4, 0.4-0.5, 0.5-0.6, 0.6-0.7 and 0.7-4.0 µm. Thus, it is possible to obtain fluxes at
spectral intervals known to be of significance (e.g., photosynthetically active radiation).
This is important, because current GCMs are run in a mode that separates shortwave
fluxes at 0.7 µm (Roesch et al., 2002), to allow incorporation of newly derived satellite
based parameters, such as fractional vegetation cover, derived from the Normal
Difference Vegetation Index (NDVI), and for improving parameterizations of
surface/atmosphere interactions (Gallo and Huang, 1998; Gutman et al., 1995). Moreover,
shortwave fluxes are separated into direct and diffuse components, which is of interest for
improved modeling of radiative interaction with vegetation and oceans. Other parameters
that are derived include clear sky and all-sky albedos at the top of the atmosphere and at
the surface, and aerosol and cloud optical depths. The shortwave and spectral fluxes are
computed separately for clear and all-sky conditions, thus making it possible to derive
information on the radiative effects of clouds, known as "cloud radiative forcing"
(Ramanathan et al., 1989).
5.2.2

Methods/instruments used to estimate longwave (LW) radiative fluxes:
historic perspective
Carbon dioxide, water vapor, and ozone are the most important absorbers/emitters
for long-wave radiation. Minor absorbers/emitters are: carbon monoxide, nitrous oxide,
methane, nitric oxide and chlorofluorocarbons. Radiative transfer models can be used to
estimate the DLW radiation, however, such an approach could be computationally
intensive and the vertical profiles of air temperature, humidity, concentration of all major
emitters, thermal absorption and emission characteristics of the major emitters, and cloud
information, are rarely known. Consequently, statistical methods and parameterizations
based on radiative transfer theory are being used. Reliable and practical surface longwave radiation budget information for meteorological and hydrologic modeling remains
still a challenge.
From cloudless skies, roughly 90% of the long-wave flux received at the ground
comes from the lowest kilometer. Cloud contributions are mainly from the atmospheric
window region (8.0-13.0 µm), and the relevant cloud parameters are cloud base height
location and temperature, emittance, and cloud amount. Relative importance of cloud
contribution decreases with moister atmospheres since the transparency of the window
decreases due to water vapor continuum absorption. Consequently, DLW is often
estimated as a function of a bulk atmospheric temperature (in Kelvin) approximated by
air temperature at the ground and an estimated broadband atmospheric emissivity. The
upwelling LW flux may be calculated from information on surface temperature and
emissivity.
5.2.2.1 Radiative Transfer Models
In principle, spectral radiative transfer models could result in the most accurate
estimates of DLW fluxes. Many are available such as: LOWTRAN (Kneizys et al. 1983);
Lenoble (1993); DISORT (Stamnes et al., 1988); MODTRAN (Ma et al., 2001)). The use
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of such models requires large computing resources for the detailed calculations at high
spectral resolution. However, accurate input data on atmospheric components such as
vertical profiles of atmospheric temperature, moisture, and concentration of various
absorbing gases are not readily available and therefore, this approach is not practical for
hydrological applications.
Simplified radiative transfer models such as those used in General Circulation Model
(GCM) (e.g., Fels and Schwarzkopf (1975), Schwarzkopf and Fels (1991)) are most
frequently applied yet the input variables are still an issue. Furthermore, comparison of
DLW fluxes in a number of GCMs against ground measurements from the Baseline
Surface Radiation Network (BSRN) (Wild et al., 2000) concluded that the GCMs present
substantial biases as compared to observations.
5.2.2.2 Statistical Methods
Statistical methods to calculate DLW have been proposed in studies such as Stephens
(1994), Schlüssel (1995), and Inamdar and Ramanathan (1997). These are based on the
relationship between DLW and some other radiative parameters, such as the brightness
temperature at certain wavelength (Schlüssel, 1995). These methods avoid the retrieval of
atmospheric properties and thus minimize the propagation of measurement errors in
retrievals. Very often, the regression coefficients in the statistical expressions are
instrument dependent and are limited to certain geographical areas or climatic regimes.
Schlüssel (1995) proposed a statistical method to calculate DLW over the ocean surface
using brightness temperature from SSM/I microwave channels at 22GHz, 37GHz, and
85GHz. The basic assumption is that the irradiance emitted from the lower 500m should
be proportional to the product of mean layer temperature and the absorption of the
column water-vapor content of the layer, since the irradiance is proportional to the fourth
power of the temperature. Thus, the product of lower atmosphere mean layer temperature
and the column water vapor content of the layer are closely related to the brightness
temperature measurements at 22 GHz and 37 GHz.
5.2.2.3 Parameterization Methods
Parameterization methods that simulate DLW commonly start from the StefanBoltzmann law where εeff and Teff are estimated from available atmospheric temperature,
water vapor burden and cloud information, such as cloud amount and cloud base
temperature. As a result, DLW calculations are simplified as compared to a radiative
transfer approach and readily applicable and physical principle are more transparent than
in the statistical approach.
5.2.2.3.1 Parameterization Methods-Clear Sky only
Many of the parameterized algorithms proposed for estimating DLW are bulk
formulas based on Equation (5.1) for clear sky conditions.

Gclr ' = e0σ T0 4

(5.1)

σ is the Stefan-Boltzmann constant; T0 is the shelter temperature at 2 meters; e0 is the
effective sky emittance.
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Near surface air temperature and emissivity parameterized from near surface air
temperature and moisture properties are the main elements of such formulas (e. g.,
Angstrom (1918), Idso and Jackson (1969), Brutsaert (1975), Idso (1981), Dilley and
O’Brien (1998), and Josey et al. (2003)). The near surface moisture properties could be
represented by near surface water vapor pressure, surface relative humidity, surface duepoint temperature depression, or precipitable water at the surface. Most of these methods
are applicable only for clear sky conditions since only near surface properties are
included in the calculation.
Prata (1996) reviewed and evaluated some of the above algorithms. He also
developed a new formula based on screen-level air temperature and water pressure. He
parameterized surface emissivity as an exponential function of water vapor path length
which is expressed by ξ in the following equations:

ε eff = 1 − (1 + ξ ) × exp ( −(1.2 + 3.0 × ξ )1/ 2 )

(5.2)

ξ = 46.5 × ( e0 / T0 )

(5.3)

In above equations, e0 is the screen-level vapor pressure and T0 is the air temperature. The
coefficients (e.g., 1.2, 3.0, 46.5) in the equation were determined for the emissivity
calculation by a least square fit of measurements on clear sky emissivity and water vapor
path length by Robinson (1950).
Dilley and O’Brien (1998) use screen level temperature and precipitable water
content as main elements for DLW estimation:

(

SDLW = 59.38 + 113.7 × ( T0 / 273.16 ) + 96.96 × ( w / 25)
6

1/2

)

(5.4)

where T0 is the screen-level air temperature in K and w is the total column water vapor
content. The parameters used in the scheme are tuned empirically by generating synthetic
data using a radiative transfer model.
5.2.2.3.2 Parameterization Methods-All Sky Condition
Gupta (1989, 1992) developed and improved a parameterization method for DLW
taking advantages of satellite information on clouds, and vertical profiles of temperature
and moisture as follows:

DLW = C1 + C2 A c

(5.5)

where C1 is the clear sky contribution and C2 is the cloud effect. Ac is the cloud fraction.

(

)

C1 = A0 + A1V + A 2 V 2 + A3 V3 × Te3.7

(5.6)

Te = k s Ts + k1T1 + k 2T2

(5.7)

where Ac is the fractional cloud cover, V= lnW, W is the water vapor burden of the
atmosphere in precipitable millimeters (pr mm) and Te is the effective emitting
temperature of the atmosphere. Ts is the surface temperature, T1 and T2 are the
temperature of the first and second atmospheric layers just above the surface,
representing the surface to 800mb and 800-680-mb layers, respectively, A0, A1, A2, A3
and ks, ks, k1, k2 are regression coefficient weighting factors.
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(5.8)
C2 = Tcb 4 / (B0 + B1Wc + B2 Wc 2 + B3 Wc3 )
tcb is the cloud base temperature and Wc is the water vapor burden below the cloud base.
B0, B1, B2, B3 are regression coefficients.
Josey et al. (2003) developed DLW algorithms using an adjusted screen level air
temperature technique at ocean surface over mid-high latitudes. The temperature
adjustment is based on cloud fraction and dew point depression.
Schmetz (1986) proposed a hybrid method using satellite observation and ground
station measurements to estimate daytime SLW data for clear and cloudy sky. In his
method, near surface temperature and humidity from weather station observations were
combined with cloud fraction information from the visible and/or infrared channels to
estimate DLW. A climatological relationship between cloud thickness, cloud thermal
emissivity and cloud optical depths was applied in this method (detailed description of
this algorithm will follow). When compared with detailed radiative transfer models and
statistical methods, the parameterization approach seems to be the best in terms of ease of
application and physical consistency with radiative transfer theory. It is also flexible in
adopting new development in remote sensing and retrieval techniques.
5.3

Description of algorithms to be used in present study

5.3.1

Description of SW algorithms to be used in present study
The original plan when proposal submitted was to use Version 3.3 which has been
successfully tested with ISCCP DX data and is ready for implementation. Since the
submission of the proposal, additional steps in model development have been taken
resulting in Version 3.3.2. This version has improved narrow to broadband conversions
and more detailed ADM corrections. The preliminary testing shows potential
improvements. However, this version requires additional testing. In what follows, we will
describe both Version 3.3 and Version 3.3.2.

5.3.1.1 Detailed framework of inference scheme Version 3.3
Both versions of the University of Maryland/Shortwave Radiation Budget
(UMD/SRB) model infer shortwave fluxes in 5 broadband intervals (0.2-0.4, 0.4-0.5, 0.50.6, 0.6-0.7, 0.7-4.0 µm). Under the assumption of a Lambertian surface, the total
reflectivity (the planetary reflectivity) and transmissivity is expressed as:
(T α + T10α 00 ) T00
Rtot = R10 + 11 10
(5.9)
1 − α 00 R00
Ttot = T11 +

T10 + T11α 10 R00
1 − α 00 R00

(5.10)

Where: T is Transmissivity; R is Reflectivity; subscript “1” refers to direct component;
subscript “0” refers to diffuse component; and α is the surface albedo. In the above
equations the reflectivity and transmissivity of the atmosphere over non-reflecting surface
are functions of the solar zenith angle, atmospheric state, aerosol loading and cloud
conditions.
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5.3.1.1.1 Look-Up-Table (LUT)
To compute fluxes using the above equations, it is necessary to first determine the
spectral surface albedos and the atmospheric optical functions. This is done by comparing
the satellite observed TOA broadband albedo with value computed by a radiative transfer
model. The current algorithm implements the model with a set of Look-Up Tables
(LUTs). The LUTs contain spectral values of the optical functions for discrete values of
the solar zenith angle, amount of water vapor, ozone, aerosol, and cloud optical depth.
Version 3.3 LUTs are computed for a plane-parallel, vertically inhomogeneous,
scattering and absorbing atmosphere in five broadband intervals using the deltaEddington approximation of radiative transfer (Joseph et al. 1976). The model accounts
for (1) absorption by ozone and water vapor; (2) multiple scattering by molecules; (3)
multiple scattering and absorption by aerosols and cloud droplets; and (4) multiple
reflection between the atmosphere and surface. It has five or six layers, depending on the
aerosol profile considered and whether a cloud is present. Absorption of ozone and water
vapor is computed following Lacis and Hansen (1974). Ozone is accounted for in 0.2-0.4
µm (UV) and in 0.5-0.6 µm (VIS) spectral intervals. Water vapor absorption is account
for in 0.7-4.0 µm. The amount of ozone and water vapor is from the Standard
Atmospheres (tropical, mid-latitude summer and winter, sub-arctic summer and winter)
(Kneizys et al., 1980). Rayleigh scattering follows Penndorf (1957) and Wiscombe et al.
(1984). Cloud optical properties are prescribed according to the parameterization of
Stephens (1979) and Stephens et al. (1984).
5.3.1.1.2 Aerosol information
Aerosol information is needed for the retrieval of the surface albedo and as input
into the LUTs to find the optical functions. The Liu (2005; Liu et al. (2008); Liu and
Pinker, 2008) aerosol climatology gives monthly mean, regionally resolved aerosol
information on a 2 by 2.5 degree grid resolution. Parameters include extinction
coefficient, single scattering albedo and asymmetry factor for 5 broad-bands (0.2-0.4,
0.4-05, 0.5-0.6, 0.6-0.7 and 0.7-4.0 µm). This aerosol climatology is used for surface
albedo retrieval and radiative flux retrieval under clear sky.
5.3.1.1.3 Land use and reference surface albedo information
The algorithm needs surface type information as input to facilitate the selection of
appropriate reference surface albedo models, narrow-to-broadband, anisotropic correction
coefficients and aerosol models. Version 3.3 uses vegetation type data of Matthews (1985)
and surface albedo models of Briegleb et al. (1986). Available albedo models are:
(1) snow/ice; (2) mixed farming, tall grassland; (3) tall/medium grassland, shrub-land; (4)
short grassland, meadow and shrub-land; (5) evergreen forest; (6) mixed deciduous forest;
(7) deciduous forest; (8) tropical evergreen broadleaved forest; (9) medium/tall grassland
woodlands; (10) desert; (11) tundra; (12) water.
5.3.1.1.4 Anisotropic correction and narrow-to-broadband transformation
To match the model derived broadband TOA reflectance, the satellite measured
narrowband radiance needs to be transformed into a broadband quantity by applying
narrow-to-broadband conversions and corrected for bi-directional reflection effect. All
the ISCCP D1 and DX visible radiances from the various satellites have been normalized
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to an absolute reference measurement, which is the visible channel of AVHRR on
NOAA-9, thus, the narrow-to-broadband transformation will be based on this channel.
The conversion coefficients used in Version 3.3 for various surface types are listed in
Table 5.7.
Table 5.7 Narrow to broadband conversion coefficients (Version 3.3)

Slope
Offset

Water
0.902
0.01426

Vegetation
0.779
0.06831

Desert
0.804
0.02819

Snow/Ice
0.760
0.0083

Cloud
0.780
0.05004

The CERES Angular Distribution Models (ADM) are based on multi-angle
radiance measurements performed by the rotating azimuth plane scanning mode of
CERES instruments onboard the Tropical Rainfall Measuring Mission (TRMM) satellite
and Terra and Aqua satellites (Loeb et al., 2003). It has detailed surface type and cloud
classifications. In version 3.3, four surface types (ocean, land, desert and snow) are
implemented and cloud is assumed to be an overcast cloud with optical depth equal 10.
5.3.1.1.5 Retrieval of surface albedo
The surface albedo is determined from the narrowband and clear-sky composite
radiance which is based on radiances for typical clear-sky conditions over about a month
from the ISCCP data. The iterative procedure is as follows: 1) apply narrow-tobroadband transformation and bi-directional reflection correction to obtain a clear-sky
composite TOA albedo; 2) assume climatological aerosol optical depth and use observed
amount of water vapor and ozone to calculate optical functions. These optical functions
combined with the first guess surface albedos (for land and ocean are from Briegleb et al.
(1986) and for snow are from Wiscombe and Warren (1980)) give satellite estimates of
the TOA albedos. To get a better first guess, for snow-free surface, a scaling factor based
on the seasonal broadband albedos from Mathews (1985) is initially applied to the above
reference albedos. The calculated TOA albedo is then compared to the one obtained from
the clear-sky composite radiance. If there is no agreement, the spectral values of the
modeled surface albedo are adjusted and a second iteration is applied until a match is
achieved. The final retrieved surface albedo is the one that match the calculated TOA
albedo with the satellite measured TOA albedo.
The ocean- and land-albedo models of Briegleb et al. (1986) were adopted to
prescribe the surface reflectance as a function of solar zenith angle θ 0 , and wavelength,
λ . In the land-albedo models each surface is considered to consist of two components,
α1 (λ , θ 0 ) and α 2 (λ , θ 0 ) , with fractions f and (1 − f ) :
(5.11)
α ( λ , θ 0 ) = f α 1 ( λ , θ 0 ) + (1 − f ) α 2 ( λ , θ 0 )
The albedo of each component k, (k=1, 2) is given as a function of the solar zenith angle,
the albedo for θ 0 = 60 and an empirical parameter, d ( k ) (Dickinson, 1983):

(

a k ( λ , θ 0 ) = a k λ , 60 

(1 + d ( k ) )

) (1 + 2 d ( k ) cos (θ ) )

(5.12)

0

In the surface albedo models a0 is specified for four spectral intervals in the shortwave
band with boundaries at 0.2, 0.5, 0.7, 0.85 and 4.0 micrometers, as well as the values of
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d ( k ) and the fractions, f , for each component. The above parameters and the surface
reflectivities based on surface and aircraft measurements are specified for 10 surface
types (Briegleb et al., 1986). It is assumed that land surface albedos are the same for both
the direct and the diffuse components of the solar irradiance. The ocean-albedo for direct
solar radiation is obtained from the following expression (Briegleb et al., 1986):
adir (θ 0 ) =

2.6
cos (θ0 ) + 0.065
1.7

+ 15.0 ( cos (θ0 ) − 0.1) ( cos (θ0 ) − 0.5 ) ( cos (θ0 ) − 1.0 )

(5.13)

For diffuse irradiance, a constant albedo value, a dif , of 6 percent is used. The spectral
albedos of snow for the direct and diffuse irradiance are computed from the semi-infinite
snow model of Wiscombe and Warren (1980), assuming pure, fresh snow with a grain
size of 50 micrometers. When the snow cover reported in the ISCCP data is less than 100
percent, the albedo is computed as a weighted average of the land/ocean and snow
albedos.
5.3.1.1.6 Retrieval of radiative fluxes
Once the surface albedo is known, the optical functions for clear and cloudy
conditions are determined by matching the broadband TOA albedos derived from the
instantaneous clear and cloudy radiances of the ISCCP data, respectively, with TOA
albedos from the model calculation. The algorithm assumes the atmospheric state such as
the amount of water vapor, ozone are accurate, but vary the aerosol optical depth for clear
sky or cloud optical depth for cloudy sky to determine the matching optical functions that
provide the best agreement between the measured and calculated TOA albedos. The so
obtained optical functions, along with the surface albedos are then used in Equations (5.9)
and (5.10) to compute the fluxes for clear and cloudy conditions at both top of
atmosphere and surface.
The computed instantaneous fluxes are first scaled by the 3-hourly average of the
cosine solar zenith angle to get the mean fluxes for the 3-hourly time interval, and then
integrated numerically for the daylight hours and divided by 24 to obtain a daily average.
At times when no observations are available, the fluxes are interpolated from the
preceding and following observations. Because of the finite number of observations
available per day, the total daily flux obtained from numerically integrating the
instantaneous fluxes is potentially inaccurate. Therefore, the daily total fluxes are
adjusted by the ratio of the TOA incoming flux as obtained by an analytical integration to
that computed from the numerical integration. To account for missing days in the
monthly averages, first, an average TOA and surface albedo and an average transmittance
are computed from the daily average flux. The monthly mean TOA downward flux
computed analytically is then multiplied by the average TOA albedo to yield the monthly
mean of the TOA upward flux. Similarly, the product of the analytical TOA down and
the average transmittance gives the monthly mean of the surface downward flux. The
monthly mean of the surface upward flux is then obtained by multiplying monthly mean
surface downward flux by the average surface albedo. The above procedure assumes that
the days with observations are representative of the entire month.
In Version 3.3, a more accurate solar-earth geometry algorithm is adopted from
the International Astronomical Union's SOFA (Standards of Fundamental Astronomy)
software collection to replace the Spencer’s formulas used in previous versions (2.1).
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Computation of mean cosine solar zenith angle for 3-hourly intervals and daily mean
TOA down flux are revised to avoid possible unrealistic cosine solar zenith angles from
being included in the average.
5.3.1.1.7 Surface elevation correction
In Version 3.3 the LUTs are based on a fixed surface pressure value which equals
the sea level value. The surface elevation effect is corrected by assuming that the
atmosphere over a mountain is the upper part of a model atmosphere with its lower part
been ‘cut out’. The ‘cut out’ part of the atmosphere is one of the five standard
atmospheres (tropical, midLatitude summer, midLatitude winter, subArctic summer and
subArctic winter.) with its thickness extends from zero to mountain elevation.
In Version 3.3 implementation the LUT are searched in two steps. In the first step,
with a given solar zenith angle, the model atmosphere that has the same amount of water
vapor and ozone as the observations is identified. Planetary albedos for a group of
atmosphere with different aerosol or cloud optical depth are matched with the satellite
retrieved broadband albedo to infer the aerosol or cloud optical depth. The matched
Reflectance and Transmittance functions (Ref/Tra functions) are also used to compute the
radiative fluxes.
The correction scheme also works in two steps. First, the observed water vapor
and ozone are increased by amounts that the ‘mountain atmosphere’ contains. This makes
the real atmosphere become closer to the model atmosphere which assumes the zero
surface height. This step produces a group of model atmospheres (Ref/Tra functions) as a
function of aerosol or cloud optical depth. The next step is to compute the planetary
albedos for these selected atmospheres. Since the real atmosphere over a mountain is
assumed to be the upper part of a atmosphere with its lower part ‘cut out’, before
computing the planetary albedo, the model atmospheres (Ref/Tra functions) are first
modified by subtracting the reflectance and transmittance that are due to the ‘mountain
atmosphere’ from the total reflectance and transmittance. This makes the computed
planetary albedo only due to the upper part of the model atmosphere and the surface.
After this modification, we expect the observed broad band albedo and the calculated
planetary albedo to be from similar atmospheres.
The subtraction is performed by using the ‘adding method’. The model
atmosphere is assumed to be of two layers as shown in Figure 5.2. The upper part
corresponding to the real atmosphere over the mountain and the lower part is the
‘mountain’ part. The Ref/Tra functions for the upper part can be expressed as:

T111, T110, R110, R100, T100

T211, T210, R210, R200, T200

Layer-1

Layer 2
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Figure 5.2 Elevation correction scheme
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Where:
T11 is the direct transmittance for two layers total
T10 is the diffuse transmittance for two layers total
R10 is the diffuse reflectance for two layers total
R00 is the spherical reflectance for two layers total
T00 is the spherical transmittance for two layers total
T111 is the direct transmittance for layer 1
T110 is the diffuse transmittance for layer 1
R110 is the diffuse reflectance for layer 1
R100 is the spherical reflectance for layer 1
T100 is the spherical transmittance for layer 1
T211 is the direct transmittance for layer 2
T210 is the diffuse transmittance for layer 2
R210 is the diffuse reflectance for layer 2
R200 is the spherical reflectance for layer 2
T200 is the spherical transmittance for layer 2
The ‘ denotes that the illumination is from bottom.
The Ref/Tra function for layer-2 is saved in an additional look-up-table. It is
calculated using the SBDART for the 5 modified standard atmospheres. The modification
made to the standard atmospheres is cutting out the upper part of the atmosphere from a
given height that equals to the mountain height. It is assumed that there is no aerosol or
clouds in the remained lower part of the standard atmosphere. Figure 5.3 shows the
difference between after and before the elevation correction.
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2001/01, (afterCorrecton − beforeCorrection)
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Figure 5.3 Difference between the monthly mean of surface down fluxes. Difference = After
correction – Before correction.

5.3.1.2 Improvements introduced in Version 3.3.2

5.3.1.2.1 New land use information
Since the proposed map resolution is 0.5 degree, a compatible land surface
classification is needed. The International Geosphere-Biosphere Project (IGBP), which
has 1/6 degree resolution, is adopted. The IGBP global classification data includes 18
vegetation and land use types as shown in Figure 5.4. One 0.5x0.5 grid box contains 9
IGBP pixels. The surface type for the grid box will be determined by the most frequent
surface type occurred in the box.

1. Evrgrn. Needle For.

7. Open Shrubs
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2. Evrgrn. Broad For.
3. Decid. Needle For
4. Decid. Broad For
5. Mixed Forest
6. Closed Shrubs

8. Woody Savannas
9. Savannas
10. Grassland
11. Wetlands
12. Crops

14. Crop/Mosaic
15. Snow/Ice
16. Barren/Desert
17. Water
18. Tundra

Figure 5.4 The International Geosphere-Biosphere Project (IGBP) surface classification map.

5.3.1.2.2 Anisotropic correction and narrow-to-broadband transformation
In Version 3.3 the narrow to broad band conversion is implemented for 5 clear
scene types (water, vegetation, desert, snow/ice and cloud). In the newer version the
conversion is implemented for 12 clear scene types: (1) Water; (2) Needleleaf Forest; (3)
Broadleaf Forest; (4) Mixed Forest; (5) Woody Savannas; (6) Savannas; (7) Closed
Shrub; (8) Open shrub; (9) Grasslands; (10) Croplands; (11) Bare Ground; (12) Snow
and Ice. For cloudy condition, clouds are divided into 3 groups based on cloud optical
depth: 0-10.0, 10.0-20.0 and >20.0. Dependence on solar zenith angle is also included in
Version 3.3.2 narrow to broadband conversion.
Version 3.3 includes anisotropic correction models for four scene types (ocean,
land, desert and snow) and cloud optical depth is assumed to be 10. Version 3.3.2 extends
the number of surface types to 12 and cloud optical depth variation is also taken into
account.
CERES ADMs are available for 8 scene types as shown in Table 5.9. Due to
satellite orbit limitations, under-sampling may occur for some view geometry and surface
type combinations. To get ADMs for all 12 scene types, theoretical simulations were
performed to supplement the additional cases. The final ADMs are a combination of the
empirical CERES ADMs and the theoretically simulated ADMs. Table 5.8 shows the 8
clear-sky surface types available in the CERES AMDs. Also shown in the table are 12
surface types with supplements from the simulated ADMs. The CERES ADMs and the
simulated ones are combined based on weighting by the number of samples.
Table 5.8 Scene classification used in CERES ADMs and their mapping to the IGBP surface
types.
CERES clear-sky surface types
Ocean
Bright Desert
Dark Desert
Bright
Permanent Snow
Dark
SF>99%, Bright
SF>99%, Dark
75%<SF<99%
Fresh Snow
50%<SF<75%
(SF: Snow Fraction)
25%<SF<50%
1%<SF<25%
SF<1%
IF>99%, Bright
IF>99%, Dark
Sea Ice
(If: Ice Fraction)
75%<IF<99%
50%<IF<75%

IGBP surface types
Water
Bare Ground

Snow and Ice
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25%<IF<50%
1%<IF<25%
IF<1%
Needle Leaf Forest;
Broadleaf Forest;
Mixed Forest;
Woody Savannas;
Savannas;
Closed Shrub;
Open Shrub;
Grasslands;
Croplands

Low-Mod Shrub/Tree

High-Mod Shrub/Tree

The CERES ADMs have very detailed classification scheme for cloudy
conditions, as shown in Table 5.9. The classification is based on Cloud Optical Depth
(COD) as well as on cloud phase (water cloud, ice cloud), and also the underlying surface
type (ocean, tree/shrub, desert, and snow/ice). Totally, there are 88 classes in CERES
ADMs for cloudy sky. Fortunately, the ISCCP DX data provide estimation of the cloud
optical depth and information to determine the cloud phase. This will enable the
algorithm to utilize the detailed CERES ADMs (not fully possible with the ISCCP D1
data).
Table 5.9 Cloud classification in CERES ADMs
Scene

Cloud Optical Depth (COD)

Cloud Phase

14 types:
0.01-1.0; 1.0-2.5; 2.5-5.0; 5.0-7.5; 7.5-10.0; 10.0-12.5; 12.515.0; 15.0-17.5; 17.5-20.0; 20.0-25.0; 25.0-30.0; 30.0-40.0;
40.0-50.0; COD>50.0

Ocean

Water Cloud
Ice Cloud

Low-Mod Tree/Shrub
Mod-High Tree/Shrub
Bright
Desert
Dark
Bright
Permanent
Snow
Dark
Bright
Fresh Snow
Dark
Bright
Sea Ice
Dark

Water Cloud
6 types
0.01-2.5; 2.5-6.0; 6.0-10.0; 10.0-18.0; 18.0-40.0; COD>40.0

Ice Cloud

2 types:
COD>10.0
COD<10.0

None

Figure 5.5 shows an example of the difference between CERES and ERBE ADMs
for different surface scenes under clear (left panel) and cloudy situations (right panel).
Clear; SZA(60°-70°); Azimuthal Angle(150°-170°)
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Figure 5.5 ERBE and CERES ADMs for different surface types, for SZA of 60°-70° and Azimuth
Angle of 150°-170° for clear sky (left panel) and for cloudy sky (right panel).

5.3.1.2.3 Implementation of two cloud phases
Work is still ongoing to implement two phases of clouds, in Version 3.3.2,
namely, water clouds and ice clouds. For each cloud type, the algorithm requires the
mean visible radiance and the corresponding fractional area. Fluxes are calculated for
each type separately. The all-sky flux is obtained as fractional area average of the scenedependent fluxes. The ISCCP DX data do not directly provide cloud type information
however it is possible to decide the cloud type based on measured cloud top temperature.
According to the scheme, for a cloudy pixel, if there is no ice cloud top temperature
reported or if both the VIS adjusted cloud top temperature and the VIS adjusted ice cloud
top temperature are larger than 260.2 K (count 74 in the raw DX data), the cloud is water
cloud; otherwise, it is an ice cloud.
5.3.2 Description of the LW algorithm to be used in present study
Currently available DLW data from parameterized methods are either too coarse (e.
g., NASA LaRC or GISS data) or are limited in both temporal and spatial coverage.
Review of the available methods indicates that the parameterization approach might be
the best choice to provide DLW information for applications in operational
meteorological and hydrological models. We plan to develop a new DLW
parameterization method that will take advantage of the latest development in satellite
remote sensing and keep the feasibility of adopting new information flexible. Therefore,
current operational auxiliary data will be the primary inputs into the inference scheme.
The Schmetz (1986) approach was selected as the base test model. It provides an
excellent prototype in achieving the objectives of this work. The algorithm works for
both clear and cloudy condition. At the same time, it is an ideal platform for continuous
improvement since more variables like, surface temperature, surface humidity, cloud base
temperature, cloud base emissivity, are included independently. Thus, newly available
satellite data, surface measurements and models outputs could be utilized as they become
updated. In this research, the Schmetz model will be implemented and evaluated with
latest available data and new features will be developed to improve the model
performance. The new algorithm will be evaluated against ground measurement and with
independent model simulations. In following sections, detailed description of the
Schmetz (1986) method and proposed modifications will be presented.
5.3.3 The Base Model - Schmetz (1986)
According to Schmetz (1986), DLW is split as the sum of clear and cloudy-sky
contributions as given in equation (5.15).
(5.15)
DLW = DLWclr '+ DLWcld '

The clear sky contribution is calculated according to the Stefan-Boltzmann law using
shelter temperature:

100

Chapter 5 Radiative Flux Data Record from Multi-Satellite Remote Sensing
DLWclr ' = ε 0 × σ × T0 4

(5.16)

Here, T0 is the shelter temperature at 2 meter; ε0 is the effective sky emittance calculated
according to Idso and Jackson (1969) and Idso (1981):

(

)

ε = 1 − 0.261× exp −7.77 ×10−4 × ( 273 − T )2 , for T > 280 K
 0
0
0

−5
 ε 0 = 0.7 + 5.95 × 10 × Ev × exp (1500 / T0 ) , for T0 < 275 K

(5.17)
(5.18)

For 275K<T0<280K, the effective sky emittance was determined by linear
interpolation of the ε0s obtained from above formulae where Ev was the water vapor
pressure in 103hPa at the shelter level. To obtain water vapor pressure from surface
temperature data, Schmetz (1986) assumed a constant relative humidity at 85%. The
assumption was based on the climatological value for the latitude 40o-55oN in the spring
season (Oort and Rasmussen, 1971).
Schmetz (1986) also included a topography adjustment as follows:
SDLWclr = SDLWclr '× (1.15P0 − 0.165 )

(5.19)

P0 is surface pressure in 10(-3) hPa.
The cloud contribution to DLW depends on cloud amount, cloud base height, and the
vertical temperature and humidity profiles in the cloud. Schmetz (1989) considered the
cloud as a single layer with horizontally homogeneous temperature and emissivity. The
parameterization and estimation of cloud contribution in DLW included the following
steps: the cloud thickness and cloud emittance were estimated according to empirical
relations between the cloud top height, solar cloud transmittance, and fractional cloud
cover, and the geometric thickness and the cloud emittance; the cloud base height was
calculated from cloud thickness (from step 1) and cloud top height (obtained from
satellite observation); the cloud base temperature was estimated from temperature
sounding and cloud base height; the sky emittance, considering the absorbing mass
between the cloud and the surface, was approximated by a formula and fit from model
runs for an opaque cloud deck at various heights by Martin and Berdahl (1984).
Finally, the cloud contribution to DLW was expressed as
DLWcld = (1 − ε 0 )Cε cσ T0 4exp ( Tb − T0 ) / 46

(5.20)

where, ε0 was the effective sky emittance as in the clear-sky contribution
C was the fractional cloud average.
εc was the cloud emittance
T0 was the shelter temperature
Tb was the cloud base temperature, lapse rate is assumed as 0.6K/1000m.
5.3.4 Features of New Algorithms-Modifications Based on Schmetz (1986)
Preliminary results show that the Schmetz (1986) parameterization method can
produce reasonable estimates of DLW as compared with SURFRAD ground
measurements. A major limitation of the Schmetz (1986) methods is the lack of
applicability during night-time. Schmetz (1986) estimated cloud emittance based on
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cloud optical depth, which is derived from the visible channel radiance, available only
during daytime. Other limitations of the Schmetz (1986) algorithm include coarse
calculation of cloud base temperature, under- estimation over high elevations, constant
relative humidity assumption for all seasons and climatic regions. Some of the limitation
can be removed by utilizing newly emerging satellite data while others require technique
adjustment.
The new algorithm should include the following new feature:
1. a method to estimate cloud emissivity during night-time.
2. a new method to calculate cloud base temperature based on detailed temperature
and humidity vertical profiles, as available from current numerical models.
3. newly available surface humidity data instead of an averaged climatology.
After evaluation against surface measurements, the new algorithm will be
implemented to produce DLW data sets for the North American continent and for the
globe at resolution determined by data availability for each region.

5.3.5 Data Sources
The International Satellite Cloud Climatology Project (ISCCP) DX data can be used
to implement the original and new algorithms. ISCCP DX data are pixel level sampled
observations at 30 km spatial resolution including properties of cloud types. The time
resolution is 3 hourly. In this work, the DX observations will be gridded into equal-angle
grid of 0.5 degree resolution.
5.3.6 General issues related to the use of the ISCCP DX data
To create records of radiative fluxes from multi-mission products, there is a need to
account for multi-instrument characterization, calibration, data processing, and sciencebased product generation, to be discussed in the following sections.
The configuration of satellites needed to obtain global coverage information that
represents the diurnal cycle, is illustrated in Figure 5.6. Ideally these should include five
geostationary satellites. During most of the ISCCP data collection period, INSAT data
were not available for inclusion in the data stream. Moreover, useful coverage by
geostationary satellites extends up to about 500. Therefore, there is a need to supplement
the geostationary observations with those from polar orbiting satellites. Areas covered
only by the polar orbiting satellites do not represent completely the diurnal cycle.

1430 LT

o

4oE
5oW

102
o

140 E
135oW
730

Chapter 5 Radiative Flux Data Record from Multi-Satellite Remote Sensing

Figure 5.6 A typical configuration of five geostationary and two polar orbiting satellites needed
for complete global coverage.

As shown in Table 5.1 through Table 5.6, the various satellites have different
spectral channels and as such, do not sense the same amount of energy. Moreover, the
filter functions of each sensor differ in their response curve as illustrated in Figure 5.7.
The observations made by each instrument at their original resolution are re-sampled at
30 km each 3 hours. The sampling is such that at each time interval a different area is
sampled to achieve best possible time and space representation. Before using these
observations to drive the inference scheme, there is a need to re-grid the data first to a
resolution that sufficiently represents each grid cell.

Figure 5.7 Characteristic filter functions for some of the satellites used for processing the ISCCP
data (INSAT observations are not included).
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Experience is at hand in processing shortwave radiative fluxes based on the
ISCCP DX data at 0.50 spatial resolution using the original version of the SRB inference
scheme (2.1). Processed were observations from METEOSAT and GOES for 1989-2000
to achieve full coverage of the Amazon basin. From his experience it was learned that a
0.50 grid resolution would be appropriate for use with the ISCCP DX data.
An ISCCP radiance map is a combination of observations from several
geostationary and polar orbit satellites. The number of observations available for every
location is not the same; there is an issue of missing data, degraded data due to limb
viewing, and differences in basic pixel size as a function of distance from sub-satellite
point. Such sampling issues are of a different nature than sampling issues for other
parameters and therefore, there is a need for a new approach to this sampling problem.
Used is an empirical orthogonal function iteration scheme described in Zhang et al. (2007)
designed to apply to radiative fluxes to smooth artifacts induced by observational
inhomogeneities. The problem is illustrated in Figure 5.8 for South America. In order to
cover the entire Amazon Basin, observations from GOES and METEOSAT are needed.
The differences in fluxes in area of overlap can be as high as 30 Wm-2. As illustrated in
Figure 5.8, there are different options to deal with areas of overlap. We plan to use the
method described in Zhang et al. (2007) as illustrated in Figure 5.9.

Figure 5.8 Monthly mean downward flux (Wm-2) for January 1992 based on ISCCP DX GOES
and METEOSAT data. Upper left: METEOSAT overwrites GOES; lower left: GOES overwrites
METEOSAT; upper right: difference between METEOSAT and GOES; lower right: averaged in
overlap area.
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Figure 5.9 Upper panel: data structure for January 1992 based on ISCCP DX GOES and
METEOSAT data. Grey: missing values; Green: overlap area; Blue: degraded data; Orange:
anchor region for EOF iteration. Lower panel: Monthly mean shortwave downward flux (Wm-2)
integrated from EOF analysis.

5.4

Input and Ancillary Data
This section describes all the input data used in data record production, including
the satellite(s), sensor(s), source data version and level, production method. This section
also describes all the ancillary data, including all the parameters used in the algorithm
and their source.

5.4.1

Inputs to SW algorithm
The parameters needed as input to the SW algorithm, their primary function, and
sources are summarized in Table 5.10.

Table 5.10 Input parameters, their primary functions and sources
Input parameter
Function
source
Clear-sky radiance
To get fluxes for clear-sky conditions
ISCCP DX
Cloudy-sky radiance
To get fluxes for cloudy-sky conditions
ISCCP DX
(water and ice)
Clear-sky composite
To get surface albedo
ISCCP DX
radiance
Number of clear pixels
To compute scene fractional area
ISCCP DX

105

Chapter 5 Radiative Flux Data Record from Multi-Satellite Remote Sensing
Number of cloudy pixels
(water and ice)
Amount of water vapor
Amount of Ozone
Surface pressure
Snow cover
Solar zenith angle
Satellite zenith angle
Relative azimuth angle
Latitude and longitude
Satellite ID

To compute scene fraction area

Input to the radiative model (LUT)
Input to the radiative model (LUT)
Input to the radiative model (LUT)
To weight snow albedo
To determine anisotropic correction factors
To determine anisotropic correction factors
To determine anisotropic correction factors
To determine the surface type and albedo mode.
To select appropriate narrow-to-broadband
transformation
Aerosol climatology
To compute surface albedo and input to the
LUT
Anisotropic correction model Bidirectional reflection correction
Narrow-to-broadband
Narrow to broadband transformation
transformation
Surface albedo model
Used as the first guess to retrieval surface
albedo.
Surface type
Climatology water vapor and
ozone value

To compute surface albedo and input the LUT
Used when satellite measurement are missing

ISCCP DX
ISCCP D1
ISCCP D1
ISCCP D1
ISCCP DX
ISCCP DX
ISCCP DX
ISCCP DX
ISCCP DX
ISCCP DX
Liu (2005)
CERES ADM

Briegleb (1986)
Wiscombe (1980)
Matthews (1985)
IGBP/UMD
Kneizys (1980)

Some of the needed parameters are part of the ISCCP DX data base. Others, such as
ozone and water vapor, need to be imported from independent sources. In past testing of
the ISCCP DX algorithm, these were imported from the ISCCP D1 products that do
provide all the needed information. Auxiliary data will be used from best available
sources. In the past we tested outputs from the NCEP re-analyses, GMAO and ECMWF
products, various aerosol products, TOVS, ozone, and land use. Since the scale of the D1
data set is (2.5º) and our input is desired at 0.5º, it is planned to import such information
from independent sources. A most likely candidate is the ERA interim product as
currently archived at Princeton (at present, ECMWF has gone back only up to 1989). We
will test several sources of snow information before deciding on the best suitable one.
The ISCCP DX data are in our possession from all the geostationary satellites as well
as from the polar orbiter. We work with Langley DAAC who provide periodic updates.
Most changes are related to updates in calibration and the selection of the polar orbiter
used for normalization. There is a need to re-grid the sampled data to 0.5º and to derive
information on cloud amount in each grid. There is also a need to separate the pixels
according to the phase for the cloudy ones. While methodologies to do the re-gridding
have been developed and tested, once the latest versions of the satellite data are
confirmed, there will be a need to reprocess the data. Auxiliary data will be used from
best available sources. In the past we worked with outputs from the NCEP re-analyses,
GMAO and ECMWF products, various aerosol products, TOVS, ozone, and land use
products.
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5.4.2

Inputs for LW algorithm

The cloud contribution to DLW depends on cloud amount, cloud base height, and the
vertical temperature and humidity profiles in the cloud. Schmetz (1989) considered the
cloud as a single layer with horizontally homogeneous temperature and emissivity. The
parameterization and estimation of cloud contribution in DLW included the following
steps: the cloud thickness and cloud emittance were estimated according to empirical
relations between the cloud top height, solar cloud transmittance, and fractional cloud
cover, and the geometric thickness and the cloud emittance; the cloud base height was
calculated from cloud thickness (from step 1) and cloud top height (obtained from
satellite observation); the cloud base temperature was estimated from temperature
sounding and cloud base height; the sky emittance, considering the absorbing mass
between the cloud and the surface, was approximated by a formula and fit from model
runs for an opaque cloud deck at various heights by Martin and Berdahl (1984).

5.4.3

ISCCP DX data transferred to UMD from Langley DAAC

See the Appendix section for the list of ISCCP DX data transferred to UMD from
Langley DAAC. While the needs of this project call for data over land only, due to the
merging methodology which uses observations from the most densely observed areas,
there is a need to use global scale merging. Several quality control steps will be taken. In
addition to evaluation at the derived surface fluxes against ground observations, the TOA
fluxes will be evaluated against the best available observations such as CERES and
GERB.

5.5

Product Validation

5.5.1 Validation of Shortwave Fluxes
Results will be evaluated against ground observations as well as against best available
Top of the Atmosphere fluxes, such as those from CERES. These will include best
available data sources such as SURFRAD, ARM, and BSRN and the CEOP data-base.
We have extensive experience in the use of all these data and extensive holdings are in
place. Comparison will be also done with lower resolution ISCCP products as will
become available under the WCRP/GEWEX Radiative Flux Assessment activity. In the
evaluation process, there is a need to consider the quality of the ground truth. In Table
5.11 presented are operational limits on measured short-wave radiation.
Table 5.11 Operational limits on measured short-wave radiation (Wm-2) (after Shi and Long,
2002)

Diffuse
Direct Normal
Upwelling SW

Best
4.0 + 1.4
6.3 + 3.3
11.1 + 2.8

Typical
9.0 + 3.1
13.3 + 6.3
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Worst
12.0+3.8
12.0 + 3.8
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ISCCP DX SW results as produced with Version 2.1 of the algorithm at 0.50 daily
time scale for 1989-1993, using limited GEBA and St. Petersburg observations over the
United States are shown in Figure 5.10. After applying merging as described in Zhang et
al. (2007), the errors were reduced by 2-3 W/m2.
Figure 5.11 shows preliminary results with Version 3.3.2 using ISCCP D1 as inputs.
The ISCCP D1 data are at 2.5 degree resolution. Ground data are from BSRN and
SURFRAD. The BSRN data are global data from 32 stations obtained from 1992 to 2004.
The SURFRAD data are include six stations over the United States. Data are available
from 1999 to 2004. The evaluation is done on monthly time scale.

N. America

Ground observations

Figure 5.10 Preliminary evaluation of the ISCCP DX SW results as produced with Version 2.1 of
the algorithm at 0.5º daily time scale for 1989-1993, using limited GEBA and St. Petersburg
observations over the United States. After applying merging, the errors were reduced by 2-3
W/m2.
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Satellite vs. Ground Obs. (BSRN and SURFRAD)
Monthly mean, 1999−2004
Sattellite estimation (W/m2)

350
V3.3.2, BSRN
300
250
200
150
100
100

Bias = −2.0
Std.err = 18.8
Corr = 0.98
#cases = 2304
150
200
250
300
Ground observation (W/m2)

350

Sattellite estimation (W/m2)

350
V3.3.2, SUFRAD
300
250
200
150
100
100

Bias = −3.3
Std.err = 15.5
Corr = 0.98
#cases = 432
150
200
250
300
Ground observation (W/m2)

350

Figure 5.11 Preliminary evaluation of Version 3.3.2. BSRN data are from 32 stations located
globally. SURFRAD data are from 6 stations (BON, FPK, GWN, TBL, DRA, PSU) over north
America

5.5.2 Validation of LW Fluxes: Preliminary Results
Preliminary estimates of DLW have been obtained using the Schmetz (1986) scheme
as implemented with the ISCCP-D1 data and with the Schlüssel et al. (1995) method
using SSM/I data. Both methods have been implemented to cover the period from 1996
to 1998. Results from the Schmetz approach have been evaluated against SURFRAD
measurements.
5.5.2.1 Evaluation of Monthly Mean DLW against SURFRAD
Figure 5.12 shows the comparison of monthly mean Schmetz/ISCCP DLW with
SURFRAD ground measurements. Meanly mean DLW data were extracted from the
global DLW data set for 4 SURFRAD stations. The elevation of the stations is: 98 m, 213
m, 634 m, 1689 m at Goodwin Creek (34.37N, 89.52), Bondville (40.06N, 88.37W), Fort
Peck (48.31N, 105.10W), and Table Mountain (40.13N, 105.24W), respectively.
Comparison shows that the DLW data depict well the ground measurements and the
seasonal variation patterns. Larger bias appears at stations of higher elevation like Fort
Peck and Table Mountain. The agreement between calculated DLW and ground
measurement is better in warmer season than in colder season at all stations.
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Figure 5.12 Monthly mean simulated SDWL using Schmetz method with ISCCP/D1 and
SURFRAD ground measurements.

5.6

5.6.1

Appendix

List of ISCCP DX data transferred to UMD from Langley DAAC

2006:
all data are version 0
/data/srb5/srb//DX_data/2006
2005:
all data are version 0
/data/srb5/srb//DX_data/2005
2004:
GOE 9: version 0
/data/terra/terra2/srb/DX_data/04_GOE/ISCCP.DX.0.GOE-9*
GOE 10: version 0
/data/terra/terra2/srb/DX_data/04_GOE/ISCCP.DX.0.GOE-10*
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GOE 12: version 0
/data/terra/terra2/srb/DX_data/04_GOE/ISCCP.DX.0.GOE-12*
MET 5: version 0
/data/terra/terra2/srb/DX_data/04_MET/ISCCP.DX.0.MET-5*
MET 7: version 0
/data/terra/terra2/srb/DX_data/04_MET/ISCCP.DX.0.MET-7*
NOAA 16: version 1
/data/terra/terra2/srb/DX_data/04_NOA/ISCCP.DX.1.NOA-16*
Oct-Dec NOAA 16: version 2
/data/srb5/srb//DX_data/2004/ISCCP.DX.2.NOA-16*
NOAA 17: version 0
/data/terra/terra2/srb/DX_data/04_NOA/ISCCP.DX.0.NOA-17*
Oct-Dec NOAA 17: version 1
/data/srb5/srb//DX_data/2004/ISCCP.DX.1.NOA-17*
2003:
GOE 9: version 0
/data/rep_1/rep7/srb/DX_data/03_GOE/ISCCP.DX.0.GOE-9*
GOE 10: version 0
/data/rep_1/rep7/srb/DX_data/03_GOE/ISCCP.DX.0.GOE-10*
GOE 12: version 0
/data/rep_1/rep7/srb/DX_data/03_GOE/ISCCP.DX.0.GOE-12*
MET 5: version 0
/data/rep_1/rep7/srb/DX_data/03_MET/ISCCP.DX.0.MET-5.*
MET 7: version 0
/data/rep_1/rep7/srb/DX_data/03_MET/ISCCP.DX.0.MET-7.*
Jan-Apr NOAA 16: version 0
/data/rep_1/rep7/srb/DX_data/03_NOA/ISCCP.DX.1.NOA-16*
May-Dec NOAA 16: version 1
/data/rep_1/rep7/srb/DX_data/03_NOA/ISCCP.DX.1.NOA-16*
NOAA 17: version 0
/data/rep_1/rep7/srb/DX_data/03_NOA/ISCCP.DX.0.NOA-17*
2002:
GOE 8: version 0
/data/rep_1/rep7/srb/DX_data/02_GOE/ISCCP.DX.0.GOE-8*
GOE 10: version 0
/data/rep_1/rep7/srb/DX_data/02_GOE/ISCCP.DX.0.GOE-10*
MET 5: version 0
/data/rep_1/rep7/srb/DX_data/02_MET/ISCCP.DX.0.MET-5.*
MET 7: version 0
/data/rep_1/rep7/srb/DX_data/02_*/ISCCP.DX.0.MET-7.*
GMS-5: version 0
/data/terra/terra3/srb/DX_data/02_GMS/ISCCP.DX.0.GMS-5.*
NOAA 17: version 0
/data/terra/terra3/srb/DX_data/02_NOA/ISCCP.DX.0.NOA-17*
Oct-Dec NOAA 17: version 1
/data/rep_1/rep5/srb/DX_data/02_NOA/ISCCP.DX.1.NOA-17*
2001:
Oct-Dec NOAA 8: version 0
/data/rep_1/rep5/srb/DX_data/01_GOES/ISCCP.DX.0.GOE-8*
Jan-Feb NOAA 8: version 1
/data/rep_1/rep5/srb/DX_data/01_GOES/ISCCP.DX.1.GOE-8*
Oct-Dec NOAA 10: version 0
/data/rep_1/rep5/srb/DX_data/01_GOES/ISCCP.DX.0.GOE-10*
Jan-Feb NOAA 10: version 1
/data/rep_1/rep5/srb/DX_data/01_GOES/ISCCP.DX.1.GOE-10*
Jan-Sep GMS 5: version 1
/data/terra/terra3/srb/DX_data/01_GMS/ISCCP.DX.1.GMS-5.*
Oct-Dec GMS 5: version 0
/data/terra/terra3/srb/DX_data/01_GMS/ISCCP.DX.0.GMS-5.*
Oct-Dec MET 5: version 0
/data/rep_1/rep5/srb/DX_data/01_MET/ISCCP.DX.0.MET-5*
Oct-Dec MET 7: version 0
/data/rep_1/rep5/srb/DX_data/01_MET/ISCCP.DX.0.MET-7*
Jan-Sep MET 5: version 1
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data/rep_1/rep5/srb/DX_data/01_MET/ISCCP.DX.1.MET-5.*
Jan-Sep MET 7: version 1
data/rep_1/rep5/srb/DX_data/01_MET/ISCCP.DX.1.MET-7.*
Jan-Sep NOA 14: version 1
/data/terra/terra3/srb/DX_data/01_10-12_NOA/ISCCP.DX.1.NOA-14E.*
Oct-Dec NOA 16: version 0
/data/terra/terra3/srb/DX_data/01_10-12_NOA/ISCCP.DX.0.NOA-16E.*
2000:
NOAA 8: version 1
/data/rep_1/rep5/srb/DX_data/00_GOES/ISCCP.DX.1.GOE-8*
NOAA 10: version 1
/data/rep_1/rep5/srb/DX_data/00_GOES/ISCCP.DX.1.GOE-10*
MET 5: version 1
/data/rep_1/rep5/srb/DX_data/00_MET/ISCCP.DX.1.MET-5.*
MET 7: version 1
/data/rep_1/rep5/srb/DX_data/00_MET/ISCCP.DX.1.MET-7.*
GMS 5: version 1
/data/terra/terra3/srb/DX_data/00_GMS/ISCCP.DX.1.GMS-5.*
NOA 14: version 1
/data/terra/terra3/srb/DX_data/00_NOA/ISCCP.DX.1.NOA-14*
1 Jan - 21 Jul NOA 15: version 1
/data/terra/terra3/srb/DX_data/00_NOA/ISCCP.DX.1.NOA-15*
1999:
NOAA 8: version 1
/data/rep_1/rep5/srb/DX_data/99_GOES/ISCCP.DX.1.GOE-8*
NOAA 10: version 1
/data/rep_1/rep5/srb/DX_data/99_GOES/ISCCP.DX.1.GOE-10*
MET 5: version 1
/data/rep_1/rep5/srb/DX_data/99_MET/ISCCP.DX.1.MET-5.*
MET 7: version 1
/data/rep_1/rep5/srb/DX_data/99_MET/ISCCP.DX.1.MET-7.*
GMS 5: version 1
/data/terra/terra3/srb/DX_data/99_GMS/ISCCP.DX.1.GMS-5.*
Nov 1999 GMS 5: version 1 (duplicatted?)
/data/terra/terra3/srb/DX_data/99_GMS/ISCCP.DX.1.GMS-5.*
NOA 14: version 1
/data/terra/terra3/srb/DX_data/99_NOA/ISCCP.DX.1.NOA-14*
NOA 15: version 1
/data/terra/terra3/srb/DX_data/99_NOA/ISCCP.DX.1.NOA-15*
1998:
NOAA 8: version 1
/data/rep_1/rep5/srb/DX_data/98_GOES/ISCCP.DX.1.GOE-8*
Jan-Jul NOAA 9: version 1
/data/rep_1/rep5/srb/DX_data/98_GOES/ISCCP.DX.1.GOE-9*
Aug-Dec NOAA 10: version 1
/data/rep_1/rep5/srb/DX_data/98_GOES/ISCCP.DX.1.GOE-10*
Jul-Dec MET 5: version 1
/data/rep_1/rep5/srb/DX_data/98_MET/ISCCP.DX.1.MET-5.*
Jan-May MET 6: version 1
/data/rep_1/rep5/srb/DX_data/98_MET/ISCCP.DX.1.MET-6.*
Jun-Dec MET 7: version 1
/data/rep_1/rep5/srb/DX_data/98_MET/ISCCP.DX.1.MET-7.*
GMS 5: version 1
/data/terra/terra3/srb/DX_data/98_GMS/ISCCP.DX.1.GMS-5.*
Nov 1989 GMS 5: version 1 (duplicated?)
/data/terra/terra3/srb/DX_data/98_GMS/ISCCP.DX.1.GMS-5.*
NOA 12: version 1
/data/terra/terra3/srb/DX_data/98_NOA/ISCCP.DX.1.NOA-12*
NOA 14: version 1
/data/terra/terra3/srb/DX_data/98_NOA/ISCCP.DX.1.NOA-14*
1997:
NOAA 8: version 1
/data/srb4/srb/DX_data/GOE_97/ISCCP.DX.1.GOE-8*
NOAA 9: version 1
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/data/srb4/srb/DX_data/GOE_97/ISCCP.DX.1.GOE-9*
Jan-Feb MET 5: version 1
/data/srb4/srb/DX_data/MET_97/ISCCP.DX.1.MET-5*
Mar-Dev MET 6: version 1
/data/srb4/srb/DX_data/MET_97/ISCCP.DX.1.MET-6*
GMS 5: version 1
/data/srb4/srb/DX_data/GMS_97/ISCCP.DX.1.GMS-5*
NOA 12: version 1
/data/srb4/srb/DX_data/NOA_97/ISCCP.DX.1.NOA-12*
NOA 14: version 1
/data/srb4/srb/DX_data/NOA_97/ISCCP.DX.1.NOA-14*
1996:
NOAA 8: version 1
/data/srb4/srb/DX_data/GOE_96/ISCCP.DX.1.GOE-8*
NOAA 9: version 1
/data/srb4/srb/DX_data/GOE_96/ISCCP.DX.1.GOE-9*
MET 5: version 1
/data/srb4/srb/DX_data/MET_96/ISCCP.DX.1.MET-5*
GMS 5: version 1
/data/srb4/srb/DX_data/GMS_96/ISCCP.DX.1.GMS-5*
NOA 12: version 1
/data/srb4/srb/DX_data/NOA_96/ISCCP.DX.1.NOA-12*
NOA 14: version 1
/data/srb4/srb/DX_data/NOA_96/ISCCP.DX.1.NOA-14*
1995:
NOAA 7: version 1
/data/srb4/srb/DX_data/GOE_95/ISCCP.DX.1.GOE-7*
Jun-Dec NOAA 8: version 1
/data/srb4/srb/DX_data/GOE_95/ISCCP.DX.1.GOE-8*
MET 5: version 1
/data/srb4/srb/DX_data/MET_95/ISCCP.DX.1.MET-5*
GMS 5: version 1
/data/srb4/srb/DX_data/GMS_95/ISCCP.DX.1.GMS-5*
NOA 12: version 1
/data/srb4/srb/DX_data/NOA_95/ISCCP.DX.1.NOA-12*
NOA 14: version 1
/data/srb4/srb/DX_data/NOA_95/ISCCP.DX.1.NOA-14*
1994:
Jul-Dec GOE 7: version 0
/data/srb4/srb/DX_data/GOE_94/ISCCP.DX.0.GOE-7*
Jan-Jun GOE 7: version 1
/data/srb4/srb/DX_data/GOE_94/ISCCP.DX.1.GOE-7*
Jul-Dec MET 3: version 0
/data/srb4/srb/DX_data/MET_94/ISCCP.DX.0.MET-3*
Jan-Jun MET 3: version 1
/data/srb4/srb/DX_data/MET_94/ISCCP.DX.1.MET-3*
Jan MET 4: version 1
/data/srb4/srb/DX_data/MET_94/ISCCP.DX.1.MET-4*
Jul-Dec MET 5: version 0
/data/srb4/srb/DX_data/MET_94/ISCCP.DX.0.MET-5*
Feb-Jun MET 5: version 1
/data/srb4/srb/DX_data/MET_94/ISCCP.DX.1.MET-5*
Jul-Dec GMS 4: version 0
/data/srb4/srb/DX_data/GMS_94/ISCCP.DX.0.GMS-4*
Jan-Jul GMS 4: version 1
/data/srb4/srb/DX_data/GMS_94/ISCCP.DX.1.GMS-4*
Jul-Aug NOA 11: version 0
/data/srb4/srb/DX_data/NOA_94/ISCCP.DX.0.NOA-11*
Jan-Jun NOA 11: version 1
/data/srb4/srb/DX_data/NOA_94/ISCCP.DX.1.NOA-11*
Jul-Dec NOA 12: version 0
/data/srb4/srb/DX_data/NOA_94/ISCCP.DX.0.NOA-12*
Jan-Jun NOA 12: version 1
/data/srb4/srb/DX_data/NOA_94/ISCCP.DX.1.NOA-12*
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1993:
Jan-Apr and Jul-Dec GOE 7: version 0
/data/srb4/srb/DX_data/GOE_93/ISCCP.DX.0.GOE-7*
May-Jun GOE 7: version 1
/data/srb4/srb/DX_data/GOE_93/ISCCP.DX.1.GOE-7*
Jan-Apr and Jul-Dec MET 3: version 0
/data/srb4/srb/DX_data/MET_93/ISCCP.DX.0.MET-3*
May-Jun MET 3: version 1
/data/srb4/srb/DX_data/MET_93/ISCCP.DX.1.MET-3*
Jan-Apr and Jul-Dec MET 4: version 0
/data/srb4/srb/DX_data/MET_93/ISCCP.DX.0.MET-4*
May-Jun MET 4: version 1
/data/srb4/srb/DX_data/MET_93/ISCCP.DX.1.MET-4*
Mar-APR and Jul-Dec GMS 4: version 0
/data/srb4/srb/DX_data/GMS_93/ISCCP.DX.0.GMS-4*
Jan-Feb and May-Jun GMS 4: version 1
/data/srb4/srb/DX_data/GMS_93/ISCCP.DX.1.GMS-4*
Jan-Apr and Jul-Dec NOA 11: version 0
/data/srb4/srb/DX_data/NOA_93/ISCCP.DX.0.NOA-11*
Jan-Feb and May-Jun NOA 11: version 1
/data/srb4/srb/DX_data/NOA_93/ISCCP.DX.1.NOA-11*
Mar-APR and Jul-Dec NOA 12: version 0
/data/srb4/srb/DX_data/NOA_93/ISCCP.DX.0.NOA-12*
Jan-Feb and May-Jun NOA 12: version 1
/data/srb4/srb/DX_data/NOA_93/ISCCP.DX.1.NOA-12*
1992:
Jan-Mar, Jun-Jul, Sep, Nov-Dec GOE 7: version 0
/data/srb4/srb/DX_data/GOE_92/ISCCP.DX.0.GOE-7*
Apr-May and Aug GOE 7: version 1
/data/srb4/srb/DX_data/GOE_92/ISCCP.DX.1.GOE-7*
Jul and Nov-Dec MET 3: version 0
/data/srb4/srb/DX_data/MET_92/ISCCP.DX.0.MET-3*
Aug and Oct MET 3: version 1
/data/srb4/srb/DX_data/MET_92/ISCCP.DX.1.MET-3*
Jan-May, Jun-Jul, and Nov-Dec MET 4: version 0
/data/srb4/srb/DX_data/MET_92/ISCCP.DX.0.MET-4*
Apr-May, Aug, and Oct MET 4: version 1
/data/srb4/srb/DX_data/MET_92/ISCCP.DX.1.MET-4*
Sep MET 5: version 0
/data/srb4/srb/DX_data/MET_92/ISCCP.DX.0.MET-5*
Mar-APR and Jul-Dec GMS 4: version 0
/data/srb4/srb/DX_data/GMS_92/ISCCP.DX.0.GMS-4*
Jan-Feb and May-Jun GMS 4: version 1
/data/srb4/srb/DX_data/GMS_92/ISCCP.DX.1.GMS-4*
Jan-Mar, Jun-Jul, and Sep NOA 11: version 0
/data/srb4/srb/DX_data/NOA_92/ISCCP.DX.0.NOA-11*
Apr-May, Aug, and Oct-Dec NOA 11: version 1
/data/srb4/srb/DX_data/NOA_92/ISCCP.DX.1.NOA-11*
Jan-Mar, Jun-Jul, and Sep NOA 12: version 0
/data/srb4/srb/DX_data/NOA_92/ISCCP.DX.0.NOA-12*
Apr-May, Aug, and Oct-Dec NOA 12: version 1
/data/srb4/srb/DX_data/NOA_92/ISCCP.DX.1.NOA-12*
1991:
only Nov MET data are version 1
/data/srb4/srb/DX_data/MET_91/ISCCP.DX.1.MET-4*
All other data are version 0
/data/srb4/srb/DX_data/NOA_91
/data/srb4/srb/DX_data/GOE_91
/data/srb4/srb/DX_data/GMS_91
/data/srb4/srb/DX_data/MET_91
1990:
All Jan-Apr data are version 1
All May-Dec data are version 0
/data/srb4/srb/DX_data/NOA_90
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/data/srb4/srb/DX_data/GOE_90
/data/srb4/srb/DX_data/GMS_90
/data/srb4/srb/DX_data/MET_90
1989:
All Jan-Mar data are version 1
All Apr-Dec data are version 0
/data/srb4/srb/DX_data/NOA_89
/data/srb4/srb/DX_data/GOE_89
/data/srb4/srb/DX_data/GMS_89
/data/srb4/srb/DX_data/MET_89
1988:
All Jan-Jun data are version 1
All Jul-Dec data are version 0
/data/srb4/srb/DX_data/NOA_88
/data/srb4/srb/DX_data/GOE_88
/data/srb4/srb/DX_data/GMS_88
/data/srb4/srb/DX_data/MET_88
1987:
All data in Jan, Apr, Jul, and Sep are version 1
All data in Feb, Mar, May, Jun, Aug, Oct-Dec are version 0
/data/srb4/srb/DX_data/NOA_87
/data/srb4/srb/DX_data/GOE_87
/data/srb4/srb/DX_data/GMS_87
/data/srb4/srb/DX_data/MET_87
1986:
All Apr-Jun data are version 1
All Jan-Mar and Jul-Dec data are version 0
/data/srb4/srb/DX_data/NOA_86
/data/srb4/srb/DX_data/GOE_86
/data/srb4/srb/DX_data/GMS_86
/data/srb4/srb/DX_data/MET_86
1985:
All data are version 0
/data/srb4/srb/DX_data/NOA_85
/data/srb4/srb/DX_data/GOE_85
/data/srb4/srb/DX_data/GMS_85
/data/srb4/srb/DX_data/MET_85
1984:
All data are version 0
/data/srb4/srb/DX_data/NOA_84
/data/srb4/srb/DX_data/GOE_84
/data/srb4/srb/DX_data/GMS_84
/data/srb4/srb/DX_data/MET_84
1983:
All data are version 0
/data/srb4/srb/DX_data/NOA_83
/data/srb4/srb/DX_data/GOE_83
/data/srb4/srb/DX_data/GMS_83
/data/srb4/srb/DX_data/MET_83
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Abstract
This document describes the algorithms within the latest version of the variable
infiltration capacity (VIC) model. As a semi-distributed macroscale hydrological model,
VIC balances both the water and surface energy within the grid cell; and its sub-grid
variations are captured statistically. Distinguishing characteristics of the VIC model
include: subgrid variability in land surface vegetation classes; subgrid variability in the
soil moisture storage capacity; drainage from the lower soil moisture zone (base flow) as
a nonlinear recession; and the inclusion of topography that allows for orographic
precipitation and temperature lapse rates resulting in more realistic hydrology in
mountainous regions. VIC uses a separate routing model based on a linear transfer
function to simulate the streamflow. Adaptations to the routing model are implemented in
VIC to allow representation of water management effects including reservoir operation
and irrigation diversions and return flows. Since its existence, VIC has been well
calibrated and validated in a number of large river basins over the continental US and the
globe. Applications using the VIC model cover a variety of research areas.
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Given the numerous improvements and updates of the VIC model through its nearly
twenty years of existence, this document serves as a general guideline for helping users
of the long term dataset to understand the fundamental VIC algorithms up to date.
Section 6.1 serves as an introduction, Section 6.2 gives a historical overview of the VIC
model development, and Section 6.3 explains the classic algorithms of the VIC model for
calculating the state variables, surface fluxes, and streamflow, as well as the newly
implemented algorithms for taking into account the water management. Section 6.4
describes the model forcings and model parameterizations, and Section 6.5 is about the
VIC calibration. Finally, Section 6.6 summarizes VIC validation and applications.

6.1

Introduction

The variable infiltration capacity (VIC) model (Liang et al., 1994, 1996), with a variety
of updates (Cherkauer et al, 2003; Bowling et al., 2004; Bowling and Lettenmaier, 2009),
has been extensively used in studies on topics ranging from water resources management
to land-atmosphere interactions and climate change. Throughout its existence, VIC has
played multiple roles, as both a hydrologic model and land surface scheme when coupled
to general circulation models. As a semi-distributed macroscale hydrological model, VIC
balances both the water and surface energy budgets within the grid cell; and its sub-grid
variations are captured statistically. Distinguishing characteristics of the VIC model
include: subgrid variability in land surface vegetation classes; subgrid variability in the
soil moisture storage capacity; drainage from the lower soil moisture zone (base flow) as
a nonlinear recession; inclusion of topography that allows for orographic precipitation
and temperature lapse rates resulting in more realistic hydrology in mountainous regions.
To simulate streamflow, VIC results are typically post-processed with a separate routing
model (Lohmann, et al., 1996; 1998a; b) based on a linear transfer function to simulate
the streamflow. VIC has been adapted to allow representation of water management
effects (Haddeland et al, 2006a; b; 2007) including reservoir operation and irrigation
diversions and return flows.
VIC has been well calibrated and applied in a number of large river basins over the
continental US and the globe (Abdulla et al. 1996; Bowling et al. 2000; Lohmann et al.
1998b; Nijssen et al. 1997, 2001a; Shi et al., 2008; Su et al., 2005, 2006; Wood et al.
1997; Zhu and Lettenmaier, 2007). VIC has participated in the WCRP Intercomparison of
Land Surface Parameterization Schemes (PILPS) project and the North American Land
Data Assimilation System (NLDAS), where it has performed well relative to other
schemes and to available observations (Bowling et al, 2003a, b; Lohmann et al., 2004;
Nijssen et al. 2003; Wood et al., 1998). It has also been evaluated using soil moisture
observations in the U.S. (Maurer et al, 2002) and global snow cover extent data by
(Nijssen et al, 2001b).
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Driven by high-quality meteorological forcings, VIC had been used to provide a longterm data record of land surface fluxes and states for the conterminous United States
(1950-2000) (Maurer et al., 2002) and Mexico (1925-2004) (Zhu and Lettenmaier, 2007).
Applications using such a data record have covered many areas, such as: simulating
ensembles of streamflow and hydrologic variables for forecast purpose (Hamlet and
Lettenmaier, 1999; Wood et al., 2002, 2005; Wood and Lettenmaier, 2006);
reconstructing and analyzing drought events (Andreadis and Lettenmaier, 2006a;
Sheffield et al., 2004a; Sheffield and Wood, 2007; Wang et al., 2009); studying the North
American monsoon teleconnections (Zhu and Lettenmaier, 2005; Zhu et al., 2007, 2009);
drought prediction (Luo and Wood, 2007); conducting hydrologic studies over the Panarctic region (Bohn et al., 2007; Bowling et al., 2003c; Lettenmaier and Su, 2009; Slater
et al., 2007; Su et al., 2005, 2006); water management (Adam et al., 2007; Haddeland et
al, 2006a, b, 2007); and many others (Section 6.6).
Given the numerous improvements and updates of the VIC model through its nearly
twenty years of existence, this document serves as a general guideline for helping users
of the long term dataset to understand the fundamental VIC algorithms. Section 6.2 gives
a historical overview of the VIC model development; Section 6.3 explains the classic
algorithms of VIC model for calculating the state variables, surface fluxes, and
streamflow, as well as the newly implemented algorithms for the water management.
Section 6.4 describes the model forcings and model parameterizations. Section 6.5 is
about the VIC calibration. And section 6.6 summarizes VIC validation and applications.

6.2

Historical Overview of the VIC Model

The VIC model was developed for incorporation in GCMs, aiming to improve the
representation of horizontal resolution and subgrid heterogeneity in a simple way.
Employing the infiltration and surface runoff scheme in Xianjiang model (Zhao, 1980),
VIC was first described as a single soil layer model by Wood et al. (1992) and
implemented in the GFDL and Max-Planck-Institute (MPI) GCMs (Stamm et al. 1994).
The single soil layer model requires three parameters: an infiltration parameter, an
evaporation parameter, and a base flow recession coefficient. In 1994, Liang et al. (1994)
generalized the two-layer VIC model (VIC-2L) to include the multiple soil layers and
spatially varying vegetation and evaporation within a grid cell. In VIC-2L, infiltration,
drainage from the upper soil layer into the lower soil layer, surface and subsurface runoff
are calculated for each vegetation cover tile (in addition to the statistical parameterization
of heterogeneity of infiltration and runoff generation within a vegetation cover tile
present in the original VIC model). Therefore, the subgrid-scale heterogeneity is
represented in soil moisture storage, evaporation, and runoff production. As a semidistributed land surface model, VIC calculates the sensible and latent heat fluxes
according to physical formulations, but it uses conceptual schemes to represent the
surface runoff and base flow. In 1996, Liang et al. (1996) found that the VIC-2L tends to
underestimate the evaporation due to the low soil moisture in its upper soil layer, and the
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main cause of this error is the lack of a mechanism for moving moisture from the lower
to the upper soil layer. VIC-2L was then modified to allow diffusion of moisture between
soil layers, and to have an additional 10cm thin soil layer on top of the previous upper
soil layer. In this way the three-layer VIC model (VIC-3L) was generated, and the VIC3L framework has been used ever since. The model currently allows for more than three
soil layers if desired.
A number of modifications to VIC have been made to improve the model such that it can
deal with complicated hydrological processes. Since the VIC model does not represent
the geometry of the sub-grid variations, a separate routing model has been developed to
simulate the streamflow (Lohmann., et al., 1996, 1998a, 1998b). To represent the cold
land processes, the VIC model was upgraded to include a two-layer energy balance snow
model (Andreadis et al., 2009; Wigmosta et al., 1994; Storck et al., 1998), frozen soil and
permafrost algorithm (Cherkauer et al., 1999, 2003; Cherkauer and Lettenmaier, 2003),
and blowing snow algorithm (Bowling et al., 2004). To improve the simulations of
elevation-dependent components within a grid cell, elevation bands representing
topography were introduced (Nijssen et al., 2001b). With the evapotranspiration
algorithm, canopy responses to wind profile and surface radiation budget have been
incorporated (Wigmosta et al., 1994), and the leaf area index (LAI) and the vegetation
fraction were allowed to vary at each time step (Liang et al., 1996). The effects lakes of
lake and wetlands on moisture storage and evaporation, which are particularly important
for runoff at high latitude, have been included (Bowling et al, 2003c; Bowling and
Lettenmaier, 2009; Cherkauer et al., 2003). To simulate water management impacts, a
reservoir module has been implemented to the routing model and a sprinkle irrigation
scheme has been added to the soil moisture simulation (Haddeland et al., 2006a, 2006b,
2007).
Besides the above improvements to the water budget and energy balance processes in the
VIC model, efforts have been made to provide better meteorological forcings through the
data preprocessor. Using algorithms by Kimball et al. (1997), Thornton and Running
(1999), and Bras (1990), a full suite of hydrologic variables is constructed from limited
observed driving data (precipitation, maximum and minimum air temperature, and wind
speed) (Nijssen et al., 2001b).

6.3
6.3.1

VIC Model Description
Overview of VIC Model Processes

The overall VIC model framework has been described in detail in literature (Liang et al.
1994; Liang et al., 1996; Nijssen et al., 1997). The key characteristics of the grid-based
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VIC are the representation of vegetation heterogeneity, multiple soil layers with variable
infiltration, and non-linear base flow.
Figure 6.1 shows the schematic of the VIC model with a mosaic representation of
vegetation coverage and three soil layers. The surface of each grid cell is described by
N+1 land cover tiles, where n = 1, 2, … , N represents N different tiles of vegetation, and
n = N+1 represents bare soil. For each vegetation tile, the vegetation characteristics, such
as LAI, albedo, minimum stomatal resistance, architectural resistance, roughness length,
relative fraction of roots in each soil layer, and displacement length (in the case of LAI)
are assigned. Evapotranspiration is calculated according to the Penman-Monteith
equation, in which the evapotranspiration is a function of net radiation and vapor pressure
deficit. Total actual evapotranspiration is the sum of canopy evaporation and transpiration
from each vegetation tile and bare soil evaporation from the bare soil tile, weighted by
the coverage fraction for each surface cover class. Associated with each land cover type
are a single canopy layer, and multiple soil layers (three layers are used for description in
this ATBD). The canopy layer intercepts rainfall according to a Biosphere-atmosphere
transfer scheme (BATS) parameterization (Dickinson et al., 1986) as a function of LAI.
The top two soil layers are designed to represent the dynamic response of soil to the
infiltrated rainfall, with diffusion allowed from the middle layer to the upper layer when
the middle layer is wetter. The bottom soil layer receives moisture from the middle layer
through gravity drainage, which is regulated by a Brooks-Corey relationship (Brooks and
Corey, 1988) for the unsaturated hydraulic conductivity. The bottom soil layer
characterizes seasonal soil moisture behavior and it only responses to short-term rainfall
when the top soil layers are saturated. The runoff from the bottom soil layer is according
to the drainage described by the Arno model (Franchini and Pacciani, 1991). Moisture
can also be transported upward from the roots through evapotranspiration. Although
vegetation subgrid-scale variability is a critical feature for the VIC model, the soil
characteristics (such as soil texture, hydraulic conductivity, etc.) are held constant for
each grid cell. In the model, soil moisture distribution, infiltration, drainage between soil
layers, surface runoff, and subsurface runoff are all calculated for each land cover tile at
each time step. Then for each grid cell, the total heat fluxes (latent heat, sensible heat, and
ground heat), effective surface temperature, and the total surface and subsurface runoff
are obtained by summing over all the land cover tiles weighted by fractional coverage.
The VIC model can be run in either a water balance mode or a water-and-energy balance
mode. The water balance mode does not solve the surface energy balance. Instead, it
assumes that the soil surface temperature is equal to the air temperature for the current
time step. By eliminating the ground heat flux solution and the iterative processes
required to close the surface energy balance, the water balance mode requires
significantly less computational time than other model modes. These simplifications,
combined with the daily time step that is typical of water balance mode simulations,
yields a substantial savings in computational time. The exceptions to this are that the
snow algorithm and the frozen soil algorithm, both of which run at a sub-daily time step,
and which solve the surface energy balance to determine the fluxes needed to drive
accumulation and ablation processes, or to solve the frozen soil penetration, respectively
(Andreadis et al., 2009; Bowling et al., 2004; Cherkauer and Lettenmaier 1999; Storck et
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al., 1998). The full water-and-energy balance mode not only solves the complete water
balance but also minimizes the surface energy balance error. The surface energy balance
is closed through an iterative process which tries to find the surface temperature that
yields surface energy fluxes (sensible heat, ground heat, ground heat storage, outgoing
longwave and indirectly latent heat) so that balance the incoming solar and longwave
radiation fluxes. This mode requires more computational time than the water balance
mode as well as requiring a sub-daily simulation time step. However, it is critical for
studies in which the land-atmosphere interactions are of interest (e.g., coupling with
climate models).
In the VIC model, each grid cell is modeled independently without horizontal water flow.
The grid-based VIC model simulates the time series of runoff only for each grid cell,
which is non-uniformly distributed within the cell. Therefore, a stand-alone routing
model (Lohmann., et al., 1996, 1998a) is employed to transport grid cell surface runoff
and base flow to the outlet of that grid cell then into the river system. In the routing
model, water is never allowed to flow from the channel back into the grid cell. Once it
reaches the channel, it is no longer part of the water budget. Figure 6.2 shows the
schematic of the routing model. A linear transfer function model characterized by its
internal impulse response function is used to calculated the within-cell routing. Then by
assuming all runoff exits a cell in a single flow direction, a channel routing based on the
linearized Saint-Venant equation is used to simulate the discharge at the basin outlet.

Figure 6.1 Schematic of the VIC-3L model with mosaic representation of vegetation coverage.
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Figure 6.2 Schematic of VIC network routing models.

6.3.2

Water balance

The water balance in the VIC model follows the continuous equation for each time-step:
∂S
= P−E−R
∂t
where dS/dt, P, E, and R are the change of water storage, precipitation, evapotranspiration,
and runoff, respectively. Within the time step, all units of above variables are mm. Over
vegetated areas, the precipitation is the througfall (Pt). The water balance equation in the
canopy layer (interception) is:
∂Wi
= P − E c − Pt
∂t
where Wi is canopy intercepted water (mm), Ec is evaporation from canopy layer (mm),
and Pt is througfall (mm).
6.3.2.1 Evapotranspiration

The VIC model considers three types of evaporation: evaporation from the canopy layer
(Ec, mm) of each vegetation tile, transpiration (Et, mm) from each of the vegetation tiles,
and evaporation from the bare soil (E1, mm) (Liang et al. 1994). Total evapotranspiration
over a grid cell is computed as the sum of the above components, weighted by the
respective surface cover area fractions. The formulation of the total evapotranspiration is:
126

Chapter 6 Water Budget Record from Variable Infiltration Capacity (VIC) Model

N

E = ∑ C n ⋅ ( E c ,n + Et ,n ) +C N +1 ⋅ E1
n =1

Where Cn is the vegetation fractional coverage for the nth vegetation tile, CN+1 is the bare
N +1

soil fraction, and

∑C
n =1

n

= 1.

6.3.2.1.1 Canopy evaporation
When there is intercepted water on the canopy, the canopy evaporates at the maximum
value. The maximum canopy evaporation ( Ec* , mm) from each vegetation tile is
calculated using the following formulation:

E c* = (

Wi 2 / 3
rw
) Ep
Wim
rw + ro

Where Wim is the maximum amount of water the canopy can intercept (mm), which is 0.2
times LAI (Dickinson, 1984); the power of 2/3 is as described by Deardorff (1978). The
architectural resistance, r0, is caused by the variation of the humidity gradient between
the canopy and the overlying air (s m-1). In the model, r0 is assigned for each land cover
type according to the vegetation library. The aerodynamic resistance, rw, represents the
transfer of heat and water vapor from the evaporating surface into the air above the
canopy (s m-1). Ep is the potential evapotranspiration (mm) that is calculated from the
Penman-Monteith equation (Shuttleworth, 1993) with the canopy resistance set to zero,
which is:
Ep =

∆( Rn − G ) + ρ a c p (es − ea ) / ra

∆ +γ
where λv is the latent heat of vaporation (J kg-1), Rn is the net radiation (W m-2), G is the
soil heat flux (W m-2), (es - ea) represents the vapor pressure deficit of the air (Pa), ρa is
the density of air at constant pressure (kg m-3), cp is the specific heat of the air (J kg-1 K-1),
∆ represents the slope of the saturation vapor pressure temperature relationship (Pa K-1),
and γ is the psychrometric constant (66 Pa K-1). The Penman-Monteith equation as
formulated above includes all parameters that govern the energy exchange and
corresponding latent heat flux (evapotranspiration) from uniform expanses of vegetation.
The aerodynamic resistance (rw, s m-1) is described as follows after Monteith and
Unsworth (1990):
1
rw =
C wu z
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where uz is the wind speed (m s-1) at level z, and Cw is the transfer coefficient for water
which is estimated taking into account the atmospheric stability. The algorithm for
calculating Cw is based on Louis (1979).
When the continuous rainfall rate is lower than the canopy evaporation, the intercepted
water is not sufficient for meeting the atmospheric demand within one time step. In such
a case, the canopy evaporation (Ec, mm) is
E c = f ⋅ E c*
where f is the fraction of the time step for canopy evaporation to exhaust the intercepted
water, and it is given by:
 W + P ⋅ ∆t 

f = min1, i *
E c ⋅ ∆t 


6.3.2.1.2 Vegetation transpiration
The vegetation transpiration (Et, mm) is estimated using (Blondin, 1991; Ducoudre et al.,
1993):
W
rw
Et = (1 − ( i ) 2 / 3 ) E p
Wim
rw + ro + rc

Where rc is the canopy resistance (s m-1) given by:
r0 c g T g vpd g PAR g sm
rc =
LAI
where r0c is the minimum canopy resistance (s m-1) according to the vegetation library,
and gT, gvpd, gPAR, and gsm are the temperature factor, vapor pressure deficit factor,
photosynthetically active radiation flux (PAR) factor, and soil moisture factor,
respectively. Details about the four limiting factors are available through Wigmosta et al.
(1994).
When canopy evaporation happens only for a fraction of the time step (f) (see Section
6.3.2.1.1), the transpiration during that time step then has two parts as described by
rw
W
rw
Et = (1 − f ) E p
+ f ⋅ (1 − ( i ) 2 / 3 ) E p
rw + ro + rc
Wim
rw + ro + rc
where the first term represents the part of the time step when there is transpiration but no
canopy evaporation, and the second term represents the part of the time step when there is
both evaporation from the canopy and transpiration.
The vegetation transpiration from a certain vegetation tile is the total contribution from
all three soil layers, weighted by the fractions of roots in each layer.
6.3.2.1.3 Bare soil evaporation
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The bare soil evaporation only occurs on the top thin layer. When the surface soil is
saturated, it evaporates at the potential evaporation rate. When the top soil layer is not
saturated, its evaporation rate (E1) is calculated using the Arno formulation by Franchini
and Pacciani (1991). The infiltration capacity (i) uses the spatially heterogeneous
structure described by the Xianjiang Model (Zhao et al., 1980), which is expressed as
i = im (1 − (1 − A)1 / bi )

with

im = (1 + bi ) ⋅ θ S ⋅ z

where im is the maximum infiltration capacity (mm), A is the fraction of area for which
the infiltration capacity is less than i, bi is the infiltration shape parameter, θs is the soil
porosity, and z is the soil depth (m). All these variables are for the top thin soil layer.
The bare soil evaporation is described as
1
 AS

i0


E1 = E p ∫ dA + ∫
dA
1 / bi
0

i
(
1
−
(
1
−
A
)
)
AS m


with As denoting the fraction of the bare soil that is saturated, and i0 representing the
corresponding point infiltration capacity.

6.3.2.2 Soil Moisture and runoff
The VIC model uses the variable infiltration curve (Zhao et al., 1980) to account for the
spatial heterogeneity of runoff generation. It assumes that surface runoff from the upper
two soil layers is generated by those areas for which precipitation, when added to soil
moisture storage at the end of the previous time step, exceeds the storage capacity of the
soil. The formulation of subsurface runoff follows the Arno model conceptualization
(Franchini and Pacciani, 1991; Todini, 1996). The soil moisture and runoff algorithms for
the VIC-3L is explained with details in Liang et al. (1996).
Similar to the total evapotranspiration, the total runoff Q is expressed as:
N +1

Q = ∑ C n ⋅ (Qd ,n + Qb,n )
n =1

where Qd,n (mm) and Qb,n (mm) are the direct runoff (surface runoff) and base flow
(subsurface runoff) for the nth land cover tile, respectively.
The VIC model assumes there is no lateral flow in the top two soil layers; therefore the
movement of moisture can be characterized by the one-dimensional Richard’s equation:
∂θ ∂
∂θ
∂K (θ )
= ( D(θ ) ) +
∂t ∂z
∂z
∂z
where θ is the volumetric soil moisture content, D(θ) is the soil water diffusivity (mm2 d1
), K(θ) is the hydraulic conductivity (mm d-1), and z is soil depth (m). By including the
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atmospheric forcing, the integrated soil moisture for the top two soil layers can be
described as (Mahrt and Pan, 1984):
∂θ i
∂θ
⋅ z i = I − E − K (θ ) | + D(θ ) |
(i=1,2)
−
Z
I
∂t
∂z − Z I
where I is the infiltration rate (mm d-1), z1 and z2 are soil depth for layer 1 and layer 2,
respectively. The infiltration rate I is the difference between the precipitation (or
throughfall if there is vegetation coverage) and the direct runoff Qd.
For the lower soil layer, an empirical formulation derived from large scale catchment
hydrology is used in which the drainage and subsurface drainage are lumped together as
base flow (Qb). The soil moisture for the soil layer is described by the water balance
equation including diffusion between soil layers as:
∂θ 3
∂θ
⋅ ( z 3 − z 2 ) = K (θ ) | + D(θ ) | − E − Qb
−Z 2
∂t
∂z − Z 2
If it is bare soil, the evapotranspiration term E is zero because there is no evaporation
from the lower soil layer. Otherwise, if the vegetation roots go through into the lower soil
layer, the evapotranspiration term E needs to be considered.
Since the top thin soil layer has a very small water holding capacity within each time
step, the direct runoff (surface runoff, Qd) is calculated for the entire upper layer (layer 1
and layer 2) as (Liang et al., 1996):
i0 + P 1+bi

P + i0 ≤ i m
 P − z 2 ⋅ (θ S − θ 2 ) + z 2 ⋅ θ S ⋅ (1 − i ) ,
Qd = 
m
 P − z ⋅ (θ − θ ),
P + i0 ≥ i m
2
S
2

where the infiltration capacity associated terms (i0, im, θs, and bi) are explained in Section
6.3.2.1.3.

The formulation of base flow (sub surface runoff, Qb), which used the Arno model
formulation, (Franchini and Pacciani, 1991), is expressed as:
 D S Dm
 W θ ⋅ θ 3 , 0 ≤ θ 3 ≤ WS θ S
 S S
Qb = 
 DS Dm ⋅ θ + ( D − DS Dm )( θ 3 − WS θ S ) 2 , θ ≥ W θ
m
3
S S
 WS θ S 3
θ S − WS θ S
WS
where Dm is the maximum subsurface flow (mm d-1), DS is a fraction of Dm,, and WS is
the fraction of maximum soil moisture (soil porosity) θs. The base flow recession curve is
linear below a threshold (WS θs) and nonlinear above the threshold. The first derivative at
the transition from the linear to nonlinear drainage is continuous.
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6.3.3

Energy Balance (without snow or frozen soil)

The energy balance and its components were explained with details in Liang et al. (1994).
Using the same scheme as most other land surface models do, the energy balance
equation at the land surface for each land cover type within the grid cell is described as
Rn = H + ρ w Le E + G
where Rn is the net radiation (W m-2), H is the sensible heat flux (W m-2), ρ w λv E is the
latent heat flux (W m-2) (ρw is the density of liquid water, kg m-3; Le is the latent heat of
vaporization, J kg-1), and G is the ground heat flux (W m-2). When the land surface is flat
and homogeneous, the energy balance for a layer of air adjacent to the ground surface can
be expressed as
Rn = H + ρLe E + G + ∆H
with ∆H representing the change of the energy storage rate in that air layer (W m-2). The
net radiation, and sensible and latent heat fluxes are from the top surface of the air layer,
while the ground heat flux is from the bottom of the air layer. The rate of energy storage
change, when is considered to be significant, is
∆H =

ρ a c p (TS+ − TS− ) z a

2∆t
where ρa is density of air (kg m-3), cp is specific heat of air at constant pressure (J kg-1 K1

), TS+ and TS− are the surface temperature of the bottom of the air layer at the end and

beginning of a time step (K), respectively, and za is the height of the air layer (m).
The net radiation which is the total of shortwave and longwave radiation is given by
Rn = (1 − α ) RS + ε ( R L − σTs4 )
where α is the surface albedo for the land cover type, RS is the downward shortwave
radiation (W m-2), ε is the surface emissivity of the land cover type, RL is the downward
longwave radiation (W m-2), and σ is the Stefan-Boltzmann constant (5.67×10-8 W m-2
K-4).
The water and energy balances are linked through the latent heat flux, with E=Ec+Et for
vegetated land type and E=E1 for bare soil (see Section 6.3.2.1 for more details).
The sensible heat is given by
ρacp
H=
(Ts − Ta )
rh
where rh is the aerodynamic resistance to heat flow (s m-1), Ts and Ta are surface
temperature (K) and surface air temperature (K), respectively.
The ground heat flux for the top soil layer is described as
k
G=
(TS − T1 )
D1
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where k is the soil thermal conductivity (W m-1 K-1), T1 is the soil temperature between
the first and second soil layers (K), and D1 is the thickness of the first soil layer (m). The
calculation of T1 is described in Liang et al., 1999.
When snow is present, the surface energy balance is solved at the snow/air interface
instead of soil/air interface. Ground heat flux is still computed, but it is the flux from the
snowpack into the ground. The snowpack is treated as two layers, thermally.

6.3.4

Routing Model

The routing model is described in detail by Lohmann et al. (1996, 1998a). It essentially
calculates the concentration time for runoff reaching the outlet of a grid cell as well as the
channel flow in the river network. It is assumed that most horizontal flow within the grid
cell reaches the channel network within the grid cell before it crosses the border into a
neighboring grid cell. Flow can exit each grid cell in eight possible directions but all flow
must exit in the same direction. The flow from each grid cell is weighted by the fraction
of the grid cell that lies within the basin. Once water flows into the channel, it does not
flow back out of the channel and therefore it is removed from the hydrological cycle of
the grid cells. The daily surface runoff and baseflow produced by the VIC model from
each grid cell is first transported to the outlet of the cell using a triangular unit
hydrograph, and then routed to in the river network to the basin outlet.
Both parts of the routing scheme (within grid cell and river routing) are constructed as
simple linear transfer functions. The routing model extends the FDTF-ERUHDIT (First
Differenced Transfer Function-Excess Rainfall and Unit Hydrograph by a Deconvolution
Iterative Technique) approach (Duband et al., 1993) with a time scale separation and a
simple linear river routing model. The model assumes that the runoff transport is linear,
causal, stable, and time invariant. It also assumes the impulse response function is never
negative. The following summarizes the within grid and river network routing
respectively according to the modeling algorithms cited from Lohmann et al. (1996;
1998a).
6.3.4.1 Routing within a Grid Cell
To simulate the in-grid-dynamic of the horizontal routing process, one first separates the
fast and slow components of the measured discharge with the linear model described in
Duband et al., (1993):
dQ S (t )
= −k ⋅ Q S (t ) + b ⋅ Q F (t )
dt
where QS(t) is the slow flow, QF(t) is the fast flow and Q(t) is the total flow with Q(t) =
QS(t) + QF(t) .
For each river basin, the parameters b and k are assumed to be constant over the period of
calculation. The ratio of b over k represents the ratio of water in the slow flow over water
in the fast flow. The fast and slow components are analytically connected by:
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t

Q (t ) = b ∫ exp(−k (t − τ ))Q F (τ )dτ + Q S (0) exp(−kt )
S

0

The equation shows that the initial condition QS(0) decays exponentially with the mean
residence time of water in the flow (1/k) and the half-life decay is T1/2=(ln2)/k. With
discrete data the discharge equation can be solved with:
exp(−k ⋅ ∆t ) S
b ⋅ ∆t
Q S (t ) =
Q (t − ∆t ) _
Q(t )
1 + b ⋅ ∆t
1 + b ⋅ ∆t
Based on the assumption that there is a linear relationship between measured streamflow
and effective precipitation (Peff, the part of the precipitation that becomes streamflow ), it
is sufficient to find an impulse response function connecting the fast component, QF, and
Peff, due to the analytical connection of the fast and slow components. This impulse
response function and Peff can be found by solving the following equation iteratively:
Q F (t ) =

t max

∫ UH

F

(τ ) P eff (t − τ )dτ

0

In the equation UHF (τ) is the impulse response function (also called unit hydrograph) for
the fast flow component and tmax is the time taken for all fast processes to decay. The
equation for QF can be expressed in its discrete format, in which there are n data points at
the time step of ∆t, and tmax = (m-1) ·∆t. Starting with the measured precipitation, the
following discrete equation is solved iteratively for the calculation of UH iF .

 QmF   Pmeff ⋯ P1eff UH 0F 

 


 ⋮  =  ⋮ ⋱. ⋮
 ⋮

 F   eff


F 
eff
 Qn   Pn ⋯ Pn − m +1 UH m −1 
After each of the iteration steps the following constraint is applied:
m −1
1
with UH iF ≥ 0 ∀i
UH iF =
∑
b
i =0
1+
k
The constraint results from the fixed fraction of the water in the fast and slow component,
the fact that

∫

∞

0

UH (t )dt = 1 and the non-negative assumption of UH(t). The calculated

F

UH is then put into the following discrete equation to solve for Peff.
 QmF  UH mF−1 ⋯ UH 0F 0 ⋯ 0  eff

 
 P1 

 ⋮   0 ⋱ ⋱ ⋱ ⋱ ⋮ 
=
⋮



 

⋮
⋮
⋱
⋱
⋱
⋱
0


eff

 

 Q F   0 ⋯ 0 UH F ⋯ UH F  Pn 
m −1
0
 n  

Again, after each iteration step the constraint that ( 0 ≤ Pi eff ≤ Precipitation, ∀i ) is applied
after solving above equation.
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The newly calculated Peff is then put back into the first discrete equation and the
deconvolutions are repeated until convergence is reached. Grid cell impulse response
functions can be obtained via deconvolution of the catchment impulse response function
with the river network impulse response function belonging to that catchment (Lohmann
et al., 1996).
6.3.4.2 River Routing
The transport of water in channels is described using a simple linear river routing model,
which follows the linearized Saint-Venant equation. The model assumes that water is
transported out of the grid box only in the form of river flow. The following is the
linearized Saint-Venant equation, where C and D are parameters denote wave velocity
and diffusivity respectively.
∂Q
∂ 2Q
∂Q
= D 2 −C
∂t
∂x
∂x
Either from measurements or by estimation from geographical data of the river bed, C
and D are regarded as effective parameters since there are often times more than one river
in one grid cell. This way each grid cell ultimately ends up with one C and one D value,
which characterize the water transport within the cell.
The Saint-Venant equation is solved with convolution integrals
t

Q( x, t ) = ∫ U (t − s )h( x, s )ds
0

where
h( x , t ) =

x
2t πtD

exp(−

(Ct − x) 2
)
4 Dt

is the impulse response function of the Saint-Venant equation with h(x,0)=0 when x>0
and h(0,t)=δ(t) for t≥0. Because this solution scheme is linear and numerically stable, the
influence from human activities (e.g., dams, irrigation water use) can be easily
implemented in each node.

6.3.5

Snow Model and Frozen Soil Algorithm

The main processes represented in the VIC snow model are shown schematically in
Figure 6.3. The spatial resolution for macroscale models usually ranges from 10 to 100
km, which is larger than the characteristic scales of the modeled snow processes.
Therefore, subgrid variability in topography, land cover, and precipitation are modeled by
a mosaic-type representation, wherein each grid cell is partitioned into elevation (snow)
bands each of which contains a number of land cover tiles. The snow model is then
applied to each land cover/elevation tile separately, and the simulated energy and mass
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fluxes, as well as the state variables for each grid cell are calculated as the area-averages
of the tiles.
The following are the main sub-models for a number of processes described in the snow
model.

Figure 6.3 Schematic of snow accumulation and ablation processes in the VIC snow model.

6.3.5.1 Snowpack Accumulation and Ablation
The snow model in VIC represents the snowpack as a two-layer medium, and solves an
energy and mass balance for the ground surface snowpack in a manner similar to other
cold land processes models (Anderson, 1976; Wigmosta et al., 1994; Tarboton et al.,
1995). Energy exchange between the atmosphere, forest canopy and snowpack occurs
only within the surface layer. The energy balance of the surface layer is (Andreadis et.
al., 2009):
dWTS
ρ w cs
= Qr + QS + Ql + Q p + Qm
dt
where cs is the specific heat of ice (J kg-1K-1, ρw is the density of water (kg m-3), W is the
water equivalent (mm), Ts is the temperature of the surface layer (°C), Qr is the net
radiation flux (W m-2), Qs is the sensible heat flux (W m-2), Ql is the latent heat flux (W
m-2), Qp is the energy flux advected to the snowpack by rain or snow (W m-2), and Qm is
the energy flux given to the pack due to liquid water refreezing or removed from the pack
during melt (W m-2). The detailed processes were described in Andreadis et al. (2009).
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As snow accumulates on the ground, it goes through a metamorphism process, which
causes the snowpack to compact and increase its density over time (except for depth
hoar). In addition to the change in density caused by metamorphism, gravitational settling
caused by newly fallen snow also contributes to the densification process. Following a
similar approach to Anderson (1976), compaction is calculated as the sum of two
fractional compaction rates representing compaction due to metamorphism and
overburden, respectively. Snow albedo is assumed to decay with age, based on
relationships published by the US Army Corps of Engineers (1956):
0.58
a a = 0.85λtad
a m = 0.85λtmd

0.46

where αa, αm are the albedo during the accumulation and ablation seasons, td is the time
since the last snowfall (in days), λa = 0.92, and λm = 0.70. Accumulation and ablation
seasons are defined based on the absence and presence of liquid water in the snow
surface layer, respectively.
The latest official version of the model contains an option to use the algorithm of Sun et
al. (1999) instead. Unlike the VIC implementation of the US Army Corps algorithm, this
method determines whether the snowpack is in “accumulation” or “ablation” mode based
on snowpack cold content, rather than on prescribed dates, and is therefore appropriate
for simulations anywhere in the world.
6.3.5.2 Atmospheric Stability
The calculation of turbulent energy exchange is complicated by the stability of the
atmospheric boundary layer. During snowmelt, the atmosphere immediately above the
snow surface is typically warmer. As parcels of cooler air near the snow surface are
transported upward by turbulent eddies, they tend to sink back toward the surface where
turbulent exchange is suppressed. In the presence of a snow cover, aerodynamic
resistance is typically corrected for atmospheric stability according to the bulk
Richardson’s number which is a dimensionless ratio relating the buoyant and mechanical
forces acting on a parcel of air (Anderson, 1976). While the bulk Richardson’s number
correction has the advantage of being straightforward to calculate based on observations
at only one level above the snow surface, previous investigators have noted that its usage
results in no turbulent exchange under common melt conditions and leads to an
underestimation of the latent and sensible heat fluxes to the snowpack (e.g. Jordan 1991;
Tarboton et al. 1995).
6.3.5.3 Snow Interception and Canopy Effects
The snow interception algorithm in the snow model represents canopy interception,
snowmelt, and mass release at the spatial scales of distributed hydrology models. During
each time step, snowfall is intercepted by the overstory up to the maximum interception
storage capacity according to:
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I = fPs
where I is the water equivalent of snow intercepted during a time step (mm), Ps is the
snowfall over the time step (mm), and f is the efficiency of snow interception (taken as
0.6) (Storck et al., 2002).
The maximum interception capacity (mm), B, is given by:
B = Lrm(LAI)
where LAI is the single-sided leaf area index of the canopy and m is determined based on
observations of maximum snow interception capacity (mm). Lr is the leaf area ratio
which is a function of temperature (Andreadis et al. 2009).
Snowmelt is calculated directly from a modified energy balance, similar to that applied
for the ground snowpack. Newly intercepted rainfall is calculated with respect to the
water holding capacity of the intercepted snow, which is given by the total capacity of the
snow. The bare excess rainfall then becomes throughfall. The intercepted snowpack can
contain both ice and liquid water. Snowmelt in excess of the liquid water holding
capacity of the snow results in meltwater drip. Mass release of snow from the canopy
occurs if sufficient snow is available and the ratio of 0.4 is derived from observations of
the ratio of mass release to meltwater drip (Storck et al., 2002).
6.3.5.4 Blowing Snow
The blowing snow algorithm was developed by Bowling et al. (2004) to estimate
topographically-induced sub-grid variability in wind speed, snow transport and
sublimation. The blowing-snow algorithm is designed to work within the structure of the
existing VIC mass and energy-balance snow model. The algorithm accounts for the
energy advected by rainfall, throughfall, or drip (when overstory is present), as well as
net radiation, ground heat flux, and sensible and latent heat fluxes. Incoming shortwave
and longwave radiation and wind speed are attenuated through the canopy, if present. If
snow is present, it is assumed to cover the understory for purposes of radiation transfer.
For each vegetation fraction within the grid cell, the time rate of change of snow water
(We) is:
dWe
= P − M − p ⋅ Qv − Qe
dt
dWe
where
is the rate of snow water accumulation, P is precipitation, M is snowmelt
dt
and drainage, Qv is the sublimation from blowing snow, and Qe is evaporation and
sublimation from the snowpack, for a time increment dt. All of the terms are in units of
millimeters per time step. The spatial probability of occurrence of blowing snow, p, is
unitless.
Along with the standard meteorological forcings, three additional parameters are needed
to run the blowing snow algorithm: standard deviation of terrain slope, standard deviation
of terrain elevations, and the lag-one autocorrelations for each model grid cell. S
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6.3.5.5 Snow Model Calibration
During the calibration for the VIC snow model, four parameters are adjusted for grid
cells: 1) maximum air temperature at which snowfall occurs; 2) minimum air temperature
at which rainfall occurs; 3) the snow surface roughness; 4) the value of m, which controls
the maximum snow interception capacity as a function of LAI.
o

o

Usually the first two parameters are set to 0.5 C and -0.5 C, respectively. In addition,
we suggest that the snow roughness parameter should be in the range from 0.001 m to
0.03 m.
The VIC snow model is intended primarily for large-scale applications. It has been
incorporated as the standard snow scheme within the VIC model, which represents subgrid spatial variability by simulating state and fluxes in land cover/elevation tiles. Within
the VIC model, it is used in a real-time hydrologic forecast system for the western U.S.
(Wood and Lettenmaier, 2006), and has been used in numerous analyses, diagnoses, and
predictions of climate variability and change (e.g. Christensen and Lettenmaier, 2007).

6.3.6

Frozen Soil Algorithm

Over the cold regions, the soil ice content of the frozen soil directly affects infiltration,
and indirectly affects the heat transfer to and from the overlying snowpacks. A frozen soil
algorithm (Cherkauer and Lettenmaier 1999, 2003; Cherkauer et al., 2003; Bowling et al.,
2008) has been implemented into the VIC model to improve its modeling skills over the
cold regions. The frozen soil algorithm uses the same soil moisture transport scheme as
described in Section 6.3.2.2, while the frozen soil penetration is calculated by solving the
thermal fluxes through the soil column. For each time step, the thermal flux through the
soil column is solved first to determine the soil layer ice content. Moisture fluxes are then
computed using the ice content.
The heat flux through the soil column is
∂θ
∂T
∂
∂T
Cs
= (k
) + ρi L f ( i )
∂t ∂z ∂z
∂t
where k is the soil thermal conductivity (Wm-1K-1), Cs is the soil volumetric heat capacity
(J m-3K-1), T is the soil temperature (°C), ρi is the ice density (kg m-3), Lf is the latent heat
of fusion (J kg-1), θi is the ice content of the layer (m3 m-3), t is time (s), and z is the depth
(m). The last term of the equation only applies when the soil is frozen.
Within the soil column, a number of nodes are specified by the user. There is a node at
the surface, a node at the bottom of layer 1, and a node in the middle of layer 1. There is
a node at a user-specified maximum depth (specified in the soil parameter file, typically
4m), but this node need not be at the bottom of the soil column. All remaining nodes are
spaced evenly between the bottom of soil layer 1 and the user-specified maximum depth.
The model also has an option to space the nodes exponentially (Adam, 2007), i.e. close
together near the surface and gradually further apart with depth, down to the userspecified maximum depth. This is good for simulating permafrost, for which it is often
necessary to specify a maximum depth of as much as 40m.
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With the nodes specified, the soil temperature is then solved for numerically at an hourly
time step via an explicit finite difference approximation of the soil thermal flux equation
(see Cherkauer and Lettenmaier 1999 for detailed numerical expressions).
Thermal conductivity (k) and volumetric heat capacity (Cs) of the soil layer are calculated
at each time step after the soil moisture and ice content are updated by the moisture flux
solution. The soil thermal conductivity (k) is computed after a modification of Farouki
(1986) as:
k = (k sat − k dry )k e + k dry
where ksat and kdry are the thermal conductivity of saturated soil and dry soil (W m-1 K-1),
respectively; and ke is the kersten number which weighs the two soil conductivities.
The volumetric heat capacity Cs is computed by summing the volumetric heat capacities
of the soil constituents (Flerchinger and Saxton, 1989):
C s = ∑ ρ j c jθ j
where ρj, cj, and θj are the density (kg m-3), specific heat capacity (J m-3K-1), and
volumetric fraction of the jth soil node, respectively.
By adding the ice content component in the heat flux equation, the impact of frozen soil
on moisture transport can be simulated by the moisture flux algorithm. The first way that
the ice content in the frozen soil affects the moisture transport is through available
moisture storage. Each of the three soil layers is divided into thawed, frozen, and
unfrozen sublayers. The thickness of these sublayers depends on the soil temperatures at
the nodes. When there is a frozen layer present, the ice content is based on the average
temperature of the sublayer. The fraction of the unfrozen water as by Flerchinger and
Saxton (1989) is;
− Bp

 1 
LfT



Wi = Wi 
 gψ e  T + 273.16 
where Wi is the liquid water content of soil layer i (mm), Wic is the maximum water
content of soil layer i (mm), g is acceleration due to gravity (m s-2), ψc is the air entry
potential (m), and Bp is the pore-size distribution.
The second way the ice content affects soil moisture transport is through its effect on
infiltration and drainage. When a soil layer has high ice content, on one hand, it will be
nearly saturate to the runoff calculations, but on the other hand there is little moisture
(unfrozen) to be allowed to drain to the lower layer.
c

The frozen soil model also has an option to simulate excess ground ice (Adam, 2007), a
common feature of permafrost. The user specifies the amount of excess ground ice as an
optional soil parameter and then VIC computes new effective densities and porosities.
As this ice melts, the effective porosities and densities approach the non-excess-ice
values (and the melt water is added to the soil; any excess runs off as necessary).
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6.3.7

Lake and Wetland Model

In the VIC model, the effects of lakes and wetlands are simulated by creating a
lake/wetland tile that can be added to the grid cell mosaic, in addition to the vegetation
and bare soil tiles (Bowling and Lettenmaier, 2009). The lake/wetland tile represents
seasonally flooded ground as well as permanent water bodies. The tile contains a body of
open water (lake) whose areal extent is allowed to change in response to the lake water
balance. The wetland portion of the tile is the (time-varying) remaining portion of the
lake/wetland tile not covered by the lake. Water and energy components of the combined
lake and wetland are resolved at each model time step. The energy balance of the lake
component builds on the work of Hostetler and Bartlien (1990), Hostetler (1991), and
Patterson and Hamblin (1988), while that of the exposed wetland follows Cherkauer and
Lettenmaier (1999).
There are a few limitations with the current version of the lake and wetland model. First,
the vegetation in the wetland portion is prescribed to be shrubs that are
typical of tundra vegetation. Second, the model only simulates lakes that receive all of
their inflows from within the same grid cell, i.e. no channel inflows from other grid cells.
This restricts the lakes to just those small lakes whose drainage basins are contained
within the current grid cell. Third, the wetlands in the current version are essentially
uplands that could potentially be flooded by lake expansion, with no special wetland
processes considered. Only wetlands formed by seasonal flooding due to local
precipitation and snowmelt and poor drainage are modeled.
The description of this section is primarily cited from Bowling and Lettenmaier (2009).
6.3.7.1 Lake Algorithm
Evaporation from the water surface is calculated in each time step by solving a surface
energy balance using the formulations by Hostetler and Bartlien (1990), and Hostetler
(1991). The energy exchange with the atmosphere occurs within the surface water layer,
which is limited to a user-specified depth (zsurf), typically around 0.6 m. The absorption
of solar radiation by the surface water layer is assumed to follow Beer’s law. The
radiation intensity at the depth h is assumed to be a two-band system and expressed as
(Patterson and Hamblin 1988):
I (h) = I o [ Av ⋅ exp(−λv h) + ANIR ⋅ exp(−λ NIR h)]
where Io is the net shortwave radiation at the water surface (Wm-2), Av and ANIR are the
fractions of total radiation in the visible and near-infrared bands, respectively, and λv and
λNIR are the attenuation coefficients of the two bands. Av and ANIR are set to 0.7 and 0.3,
respectively.
In deeper lakes, the average temperature for additional water layers is resolved by solving
a set of simultaneous equations. Included in these equations are the effects of radiation
absorption by each water layer, the eddy diffusion of heat from adjacent layers by
molecular diffusion, wind-induced turbulent mixing, and convective mixing due to
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temperature instabilities (Hostetler and Bartlien 1990). The bottom boundary has a no
flux condition, meaning that energy is not exchanged with the sub-lake soils (this
condition could be relaxed in the future).
The lake layer thickness is recalculated in each time step in response to variations in total
lake liquid water depth, as follows:
d zsurf
d zsurf
d zsurf
d zsurf

= z; d z = 0; l = 1
= z / 2; d z = z / 2; l = 2
= z surf ; d z = (z − z surf ) (l − 1); l = (int )z / z surf
= z surf ; d z = (z − z surf ) ( N nodes − 1); l = N nodes

z < z surf
z surf ≤ z < 2 z surf
2 z surf ≤ z < N nodes z surf
z ≥ N nodes z surf

Where z is the current lake depth (m), l is the current number of solution layers, and dz is
the thickness of all solution layers (m) excluding the surface layer. The current thickness
of the surface solution layer is dzsurf (m), and zsurf is the maximum allowable thickness of
the surface solution layer (m). The maximum number of computational layers in the lake,
Nnodes, is a user-specified parameter.
Freezing and thawing of the lake ice are represented using the method by Patterson and
Hamblin (1988). Snow accumulation and melt over the frozen surface is solved using the
VIC two-layer energy balance snow model (Cherkauer et al. 2003). In this case, heat flux
out of the lake takes the place of the ground heat flux. A two-band solar radiation
absorption model similar to the equation for the unfrozen lake case is applied to the snow
and ice layers. Heat flux through the ice is driven by the temperature gradient, and must
balance the heat flux from the lake and the energy of ice formation at the ice/water
interface (Patterson and Hamblin 1988). In the VIC model, the water equivalent of lake
ice is a state variable, and the available liquid water volume is checked before new ice
can form (which is important in shallow wetland systems). For stability, lake ice must
exceed a user-specified minimum thickness (usually taken to be 10 cm). As ice melts, the
area of lake ice is adjusted to maintain this minimum thickness, resulting in fractional ice
coverage if ice area is less than the surface area of liquid water.
6.3.7.2 Lake/Wetland dynamics
Unique features of the VIC lakes and wetland algorithm include the interaction of the
simulated lake within the VIC model grid cell and the ability to represent wetlands of
varying size. The algorithm can be summarized as follows (see Figure 6.4):
•

All open water areas within a VIC model grid cell are simulated together as an
effective grid cell lake.

•

A user-defined fraction of runoff from vegetated areas within the grid cell is
diverted to the lake. This represents the storage retardation effect of lakes on
seasonal streamflow.
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•

Once the new lake level is calculated, runoff is released from the lake as a
function of the lake level. Base flow is calculated from below the lake as a
function of the liquid water content of saturated wetland soils.

•

Specification of a variable depth-area relationship allows for the representation of
the reduction in surface water extent and the emergence of wetland vegetation
following drainage of seasonally flooded wetlands.

Figure 6.4 Schematic of the VIC lake and wetland algorithm. I: Evaporation from the lake is
calculated via energy balance, II. Runoff enters the lake from the land surface, III: Runoff out of
the lake is calculated based on the new stage, and IV: The stage is re-calculated.

In surface hydrology, the term wetland specifically means areas that are saturated or
covered by water for some portion of the year (Zoltai 1979). The tendency of a region to
flood periodically can be represented within the VIC model by a user-input depth-area
relationship, A(z), for the maximum inundated fraction of the grid cell. For clarity of the
subsequent discussion, wetland fraction, Cwet, will be used to refer to the maximum
fraction of the VIC model grid cell that can be flooded, while lake fraction, flake, refers to
the fraction of Cwet that is inundated for a given time step. In this context, therefore, the

142

Chapter 6 Water Budget Record from Variable Infiltration Capacity (VIC) Model
lake fraction does not distinguish between the pelagic open water zone and the benthic
zone that may contain emergent wetland vegetation.

Figure 6.5 Schematic for the wetland algorithm: a) when the lake is at its maximum extent the
soil column is saturated, b) as the lake shrinks runoff from the land surface enters the lake and c)
evaporation from the land surface depletes soil moisture, d) as the lake grows, water from the lake
recharges the wetland soil moisture

As the stage of the simulated lake drops, the open water area is recalculated and
additional wetland area is exposed (Figure 6.5). The energy and water balance of the
newly exposed wetland is solved as an additional vegetation tile. The water balance of
the wetland fraction (Cwet) can be represented as follows:
∆S = P + Dveg − [E w ⋅ f lake + E v ⋅ (1 − f lake )] − Dlake
where ∆S is the change in soil moisture, lake water and ice and snow storage (mm); P is
precipitation (mm); Ew and Ev are evaporation from the open water and wetland
vegetation (mm) respectively. Dveg is the discharge (runoff and baseflow) entering into
the lake from the non-wetland portion of the grid cell (mm) and Dlake is the discharge out
of the lake (mm). All of the runoff and baseflow generated by the exposed wetland area is
assumed to enter the grid cell lake, so this internal transfer is not needed in the wetland
water balance.
The soil column under the lake is assumed to be saturated. As the lake area is reduced,
the soil moisture of the non-lake area is updated to include the newly exposed fraction of
saturated soil (Figure 6.5b and Figure 6.5c). Likewise, as the lake area expands, some of
the lake volume must go to saturating the newly inundated soil (Figure 6.5d). The
average soil moisture for the wetland fraction is therefore updated as follows:
′ ≤ f lake
W = (1 − f lake ) ⋅ Wv + f lake ⋅ Wmax f lake
′ ) ⋅ Wv + f lake
′ ⋅ Wmax
W = (1 − f lake

′ > f lake
f lake
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where f’lake and f lake represent the new and old lake fractions, respectively. Wv is the
wetland soil moisture for the current time step (mm) and Wmax is the total soil moisture
storage capacity of the soil column (mm). The volume of water (as mm per unit area)
from the expanding lake used to recharge the wetland soil moisture is calculated as
follows:
′ − f lake )(Wmax − Wv ) f lake
′ > f lake
Recharge = ( f lake
Changes in lake stage are calculated via a water balance for the saturated lake area.
Runoff into the lake is composed of all of the runoff and baseflow from the exposed
wetland and a fraction of the runoff and baseflow from all other grid cell vegetation tiles.
To avoid complications due to the variation of lake area with depth, lake volume is the
state variable used for the water balance. Lake depth is updated each time step by
piecewise integration of the derived depth volume curve. Subsurface outflow from the
lake is calculated using the VIC model Arno baseflow curve. Since the sub-lake soil
thermal regime is not resolved, the maximum moisture storage in the bottom soil layer is
reduced by the ice content of the exposed wetland soil profile in order to calculate the
baseflow, as described by Cherkauer and Lettenmaier (1999).
Surface outflow from the lake is calculated as a function of the new depth, based on the
equation for flow over a broad-crested weir, assuming that the velocity head is negligible:
3
2
Q = cd b g ( ( z − z min ) 2 )
3
Where Q is the discharge (m3 s-1), b is the flow width (m), g is the acceleration due to
gravity, z is the current lake depth (m) and zmin is the elevation above the lake bottom of
the weir or lake outlet (m). The coefficient of discharge, cd, is used to account for the
velocity of approach, non-parallel streamlines over the crest, and energy losses. cd varies
between about 0.8 and 1.2 and frequently has a value of about 0.94, which was adopted
here (Hamill, 2001). Surface runoff out of the lake (m) becomes:
3
2

1.6b( z − z min ) ⋅ dt
A( z )
Where dt is the time step length in seconds and A(z) is the lake surface area (m2) at depth
z (m). For natural lakes and wetlands the width of the reservoir outlet is also likely to
vary with water level. Assuming a roughly circular lake, the flow width, b, can be
expressed as a fraction of the lake circumference:
b = 2 f π ⋅ A( z )
where f is the fraction of the lake circumference. Surface runoff out of the lake becomes:
Rlake ( z ) =

Rlake

0

3/ 2

= 5.67 f ( z − z min ) dt

A( z )


z ≤ z min
z > z min
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Lake depth, z, is calculated as the depth of both liquid water and lake ice water equivalent
when liquid water exceeds the lake ice water equivalent, to account for the displacement
of water by floating ice. When the mass of ice exceeds the mass of liquid water, z is the
depth of liquid water alone. The depth-area curve (A(z)), width fraction (f); and minimum
allowable depth of the lake (zmin)are input parameters to the lake model. The width
fraction, f, can take on values from 0 - 0.5, and is typically adjusted during the
calibration.

6.3.8

Irrigation Scheme and Reservoir Module

The VIC irrigation modeling framework was developed to represent the effect of
irrigation on the water balance of large continental rivers. It is coupled with the VIC
model by including a sprinkle irrigation scheme (Haddeland et al., 2006a; 2006b). The
sprinkle irrigation is based on a standardized method of irrigation scheduling and
information about growing season and irrigation intensity given by the United Nations
Food and Agriculture Organization’s (FAO) database AQUASTAT (FAO, 2003). The
reservoir model uses the VIC model as its centerpiece by adding a reservoir module
(Haddeland et al., 2006a; 2006b) in the Lohmann et al. (1996, 1998a) routing model. The
main references for this section are Haddeland et al. (2006a; 2006b).
The energy balance mode of the VIC model is utilized, which means that the model
iterates for the surface temperature to reach closure of the surface energy and water
budgets at each time step. Required minimum input data for the model are daily
precipitation, and maximum and minimum daily temperatures. When radiation and vapor
pressure data are not supplied to the model, VIC calculates these variables based on daily
precipitation and daily minimum and maximum temperatures, using algorithms
developed by Thornton and Running (1999), and Kimball et al. (1997) as described in
Nijssen et al. (2001b). If wind speed or atmospheric air pressure are not provided, the
model uses default values (1.5 m s-1 and 95.5 kPa).
The main purpose of irrigation is to avoid vegetation stress caused by limited soil
moisture availability. The VIC model was therefore modified to allow for irrigation water
use, based on the model’s predicted soil moisture deficit. Irrigation starts when soil
moisture drops below the level where transpiration becomes limited, and continues until
soil moisture reaches field capacity. Grid cells in which irrigation occurs are partitioned
into an irrigated part and a non-irrigated part, based on the fractional area irrigated within
the cell (Siebert et al., 2002).
Crop characteristics are determined according to FAO’s guidelines for computing crop
evapotranspiration (FAO, 1998a). Reference crop evapotranspiration is first calculated
within each model grid cell based on the Penman–Monteith equation (Shuttleworth,
1993, see Section 6.3.2 for details). Crop coefficients and heights specified by FAO are
thereafter used to calculate LAI values throughout the growing season. The crop
coefficients have already taken into account soil evaporation as part of the water
requirements. Crops with crop coefficients calculated in this way are assigned to the
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irrigated part of the grid cell, and the remaining vegetation is assigned to the nonirrigated part.
Storage in reservoirs can affect the streamflow significantly, and for this project a
reservoir module was developed and included in the Lohmann et al. (1996, 1998a)
routing model. Reservoir characteristics and operating purposes were taken from the
international commission on large dams (ICOLD) (ICOLD, 2003). An optimization
scheme based on the SCEM-UA algorithm (Vrugt et al., 2003) was used to calculate
optimal releases given reservoir inflow, storage capacity, and downstream water or power
demands (see also Table 6.1 and Figure 6.6). Irrigation water can be extracted from river
runoff locally, or, in periods of water scarcity, from reservoirs or any other prescribed
point in the river basin. In this case, irrigation is restricted by water availability.
Alternatively, irrigation water is assumed to be freely available, and the model simulates
irrigation water requirements. In this case, irrigation is not restricted by water
availability, and it is hence possible that more water is used for irrigation than is available
in the river basin. The VIC model, like most land surface schemes, does not represent
groundwater in a way suitable for modeling groundwater withdrawals. A single-reservoir
algorithm is used — that is, it does not consider the simultaneous operation of multiple
reservoirs in a river basin. The reservoir model was run at a daily time step. However,
water demands were calculated on a monthly basis, and within each month releases were
kept constant if possible. The economic value of reservoir releases for hydropower and
water supply was assumed to be constant throughout the year.
Table 6.1 Objective Functions Used in the Reservoir Modela

Purpose
Irrigation

Objective Function
365

min ∑ (Qdi − Qri ), Qd > Qr
i =1

Flood control

365

min ∑ (Qri − Q flood ) 2 , Qr > Q flood
i =1

Hydropower

365

min ∑
i =1

Water supply, navigation

1
Qri ρηhg

365

min ∑ (Qri − Qmean )
i =1

a

3

Qd: water demands (km ); Qr: reservoir releases (km3); Qflood: mean annual flood (km3),
calculated based on simulated naturalized discharge; Qmean: mean annual flow (km3); r:
density of water (kg m-3); η: efficiency of the power generating system; h: hydrostatic
pressure head (KPa); g: acceleration due to gravity (9.8 m s-²).

Irrigation demands are calculated based on simulated irrigation water requirements
downstream of the reservoir — that is, the grid cell elevation must be lower than that of
the reservoir grid cell and lower than the five maximum grid cells from the reservoir’s
downstream river course. If there are multiple reservoirs upstream of an irrigated area,
but the reservoirs themselves are located in separate tributaries, demands are divided
based on reservoir capacity. For reservoirs located on the same river course, irrigation
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demands for shared downstream areas are used to represent water demands for all
reservoirs. Flood damages are expected when river discharge exceeds bankfull discharge,
which has a recurrence interval on the order of once in 1.5 to 10 years (Mosley and
McKerchar, 1993). The mean annual flood (the mean of the annual maximum daily
discharges) may be used as a rough approximation of bankfull discharge. For hydropower
reservoirs, the optimization scheme is used to maximize hydropower production. When a
reservoir has multiple purposes, irrigation demands are given priority, followed by flood
control. Any excess water is used to maximize hydropower production, if applicable.
The reservoir module is retrospective ─ that is, it assumes perfect knowledge of future
reservoir inflows. At the beginning of each operational year, the next 12 month’s inflows
are used to determine reservoir releases. The start of the operational year is defined as the
time when mean monthly simulated naturalized streamflow shifts from being higher than
the mean annual flow to being lower than the mean annual flow, following the
convention of Hanasaki et al. (2006). Minimum release (Qmin, km3) can be set as the
seven-day consecutive low flow with a ten year recurrence period, and is calculated based
on simulated naturalized flow at the reservoir location. The maximum volume of water
(Qmax, km3) released for the current day (i) can be written as:
365
365
365


Qmax i = min ( S i −1 + Qini ), ( S i −1 − S end + ∑ Qinday − ∑ Qmin − ∑ E resday )
day =i
day = i +1
day = i


where Si-1 is reservoir storage at the end of previous day (km3), Send is storage at the end
of the operational year (km3), Qin is simulated inflow to the reservoir (km3), and Eres is
reservoir evaporation (km3), which is calculated using the Penman equation. Send varies
between 60 and 80 percent of maximum reservoir capacity, depending on water demands
during the current 12-month simulation period.
The model can be run assuming water availability is not a limiting factor, in which case it
calculates irrigation water requirements (which is defined as the water required in
addition to water from precipitation (soil moisture) for optimal plant growth during the
growing season, (i.e., the difference between potential evapotranspiration and actual
evapotranspiration). When the modeling scheme takes into account how much water is
actually available (locally or in upstream reservoir(s) built for irrigation purposes),
consumptive irrigation water use is calculated. For the dam datasets, although the
reservoir capacity information is complete, the reservoir's surface area is lacking over
22% of the dams. For these reservoirs, the relationship between reservoir volume and
surface area according to Takeuchi (1997) is used:
V = 9.208 A1.114

where A is the surface are (km2), and V is the capacity of the reservoir in 10×6 m3. All
reservoirs are assumed to have rectangular cross-sections, which is used to calculate
height-storage relationships for the reservoirs built for hydropower purposes.
In order to run the VIC model with the reservoir module implemented, the model first has
to be run to simulate natural conditions, i.e. without the reservoir module and irrigation
scheme implemented. Based on the naturalized simulations, the seven-day consecutive
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low flow with a ten year recurrence period (Q7day), the mean of the annual maximum
daily discharges (Qflood), and the start of the hydrological year are calculated. The
streamflow information is used as input to the reservoir model. In addition, downstream
irrigation water requirements are required as an input to the reservoir model. The VIC
model is run for all grid cells upstream of the reservoir. The streamflow (Qin) is then
routed to the reservoir, before optimal releases from the reservoir are calculated. When a
reservoir is built for multiple purposes, a combination approach is taken. Water
withdrawals from reservoirs are based on simple rules intended for implementation in any
river basin. As described above, the elevation of the grid cell in need of water has to be
lower than the elevation of the reservoir. Water is only extracted from the reservoir when
there is not enough water available locally. Another generalization is that upstream
locations are given priority at the cost of the possible needs of downstream locations. The
irrigation scheme is illustrated in Figure 6.6.

Figure 6.6 Schematic representation of the VIC irrigation scheme. The model grids and routing
network are shown on the left, and an example grid cell is shown on the right. Water is extracted
from the river and reservoir, and applied to the irrigated part of the cell.The excess water returns
to the river system.

Validation runs have shown that the model simulates irrigation water requirements that
are close to the reported ones, and the model is able to capture the main hydrologic
effects of reservoir operations and irrigation water withdrawals (Haddeland et al., 2006a,
b). The reservoir model and irrigation scheme are described in more detail in Haddeland
et al. (2006a, b, 2007).

6.4

VIC Model Parameters and Forcings

Land surface characteristics required by the VIC model include soil data, topography, and
vegetation characteristics. These parameters as well as the model forcing data are
described in this section. The locations of these parameters and forcings, as well as the
modes of operation (e.g., energy balance mode or not), are described by a global
parameter file.
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6.4.1

Soil Parameters

The soil parameter file used by VIC describes the unique soil properties for each grid cell
in the model domain. It is also the main file that identifies which grid cells will be
simulated, and what their latitudes and longitudes are (which is used to find the forcing
files for the grid cells).
Soil texture information and soil bulk densities were derived from the 5-min Food and
Agriculture Organization data set (FAO, 1998b). The soil parameters generally fall into
two categories. The first category of soil parameters is not adjusted once it is determined
from the FAO data. These parameters include porosity θs (m3m-3), saturated soil potential
ψs (m), saturated hydraulic conductivity ksat (ms-1), and the exponent B for unsaturated
flow (which was based on Cosby et al., 1984).
Another category of soil parameters is subject to calibration based on the agreement
between simulated and observed hydrographs. Parameters in this category include the
thickness of each soil layer, di; the exponent of the infiltration capacity curve, bi; and the
three parameters in the baseflow scheme: Dm, Ds, and Ws. The soil texture is based on a
5-min Food and Agriculture Organization dataset (FAO 1998). The specific soil
characteristics (e.g., field capacity, wilting point, and saturated hydraulic conductivity)
were obtained from algorithms by Cosby et al. (1984), Rawls et al. (1998), and Reynolds
et al. (2000) for each soil texture type.
Soil hydrologic and thermal parameters needed for the different VIC model set-ups are
listed below in Table 6.2. All columns of the input file must be filled, but certain
parameters need only be defined if the full energy or frozen soil models are activated.
Table 6.2 Soil parameters

Variable
Name

Units

N/A
gridcel
lat
lon
infilt

N/A
degrees
degrees
N/A

Ds

fraction

Dsmax
Ws

mm/day
fraction

c

N/A

Number Description
of
Values
1
1 = Run Grid Cell, 0 = Do Not
Run
1
Grid cell number
1
Latitude of grid cell
1
Longitude of grid cell
1
Variable infiltration curve
parameter (bi)
1
Fraction of Dsmax where nonlinear baseflow begins
1
Maximum velocity of baseflow
1
Fraction of maximum soil
moisture where non-linear
baseflow occurs
1
Exponent used in baseflow curve,
normally set to 2
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expt

N/A

Nlayer

Ksat
phi_s
init_moist
elev
depth

mm/day
mm/mm
mm
m
m

Nlayer
Nlayer
Nlayer
1
Nlayer

avg_T

C

1

dp

m

1

bubble
quartz
bulk_density
soil_density

cm
fraction
kg/m3
kg/m3

Nlayer
Nlayer
Nlayer
Nlayer

off_gmt
Wcr_FRACT

hours
fraction

1
Nlayer

Wpwp_FRACT fraction

Nlayer

rough
snow_rough
annual_prec
resid_moist

m
m
mm
fraction

1
1
1
Nlayer

fs_active

1 or 0

1

Parameter describing the variation
of Ksat with soil moisture
Saturated hydrologic conductivity
Soil moisture diffusion parameter
Initial layer moisture content
Average elevation of grid cell
Thickness of each soil moisture
layer
Average soil temperature, used as
the bottom boundary for soil heat
flux solutions
Soil thermal damping depth (depth
at which soil temperature remains
constant through the year, ~4 m)
Bubbling pressure of soil
Quartz content of soil
Bulk density of soil layer
Soil particle density, normally
2685 kg/m3
Time zone offset from GMT
Fractional soil moisture content at
the critical point (~70% of field
capacity) (fraction of maximum
moisture)
Fractional soil moisture content at
the wilting point (fraction of
maximum moisture)
Surface roughness of bare soil
Surface roughness of snowpack
Average annual precipitation.
Soil moisture layer residual
moisture.
If set to 1, then frozen soil
algorithm is activated for the grid
cell. A 0 indicates that frozen soils
are not computed even if soil
temperatures fall below 0°C.

OPTIONAL (include if JULY_TAVG_SUPPLIED = TRUE in global parameter file):

Variable
Name

Units

Number Description
of
Values
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July_Tavg

6.4.2

C

1

Average July soil temperature,
used for treeline computations.

Vegetation Parameters

Land cover characterization was based on the University of Maryland global vegetation
classifications described by Hansen et al. (2000), which has a spatial resolution of 1 km,
and a total of 14 different land cover classes. From these global data, the land cover types
present in each grid cell in the model domain and the proportion of the grid cell occupied
by each are identified, as described by Maurer et al. (2001). The primary characteristic of
the land cover that affects the hydrologic fluxes simulated by the VIC model is LAI. The
LAI is derived from the gridded monthly global LAI database of Myneni et al. (1997),
which is inverted using the Hansen et al (2000) land cover classification to derive
monthly mean LAIs for each vegetation tile for each grid cell. The LAI values do not
change from year to year in this implementation of VIC; hence, interannual variations in
vegetation characteristics are ignored. Furthermore, the Myneni et al. (1997) LAI values
to which the method is tied are based on averages over the period 1981–1994, which may
not be representative of the entire simulation period. Rooting depth is specified for each
land use type so that shorter crops and grasses draw moisture from the upper soil layers,
and tree roots from the deeper soil layer (e.g., Jackson et al. 1996). Additional parameters
for each vegetation tile were assembled based on several sources, including roughness
length and displacement height (Calder, 1993), architectural resistance (Ducoudré et al.,
1993), and minimum stomatal resistance (DeFries and Townshend, 1994).
The vegetation parameter file describes the vegetative composition of each grid cell, and
uses the same grid cell numbering as the soil file (latitudes and longitudes are not
included in the file). This file cross-indexes each vegetation tile (from any land-cover
classification scheme) to the classes listed in the vegetation library. Vegetation
parameters and vegetation library for the VIC model are listed below in Table 6.3 and
Table 6.4, respectively.
Table 6.3 Vegetation Parameters

Variable Name

Units

Description

vegetat_type_num
N/A
Number of vegetation tiles in a grid cell
Repeats for each vegetation tile in the grid cell:
Variable Name
Units
Description
veg_class

N/A

Vegetation class identification number (reference
index to vegetation library)

Cv
fraction
Fraction of grid cell covered by vegetation type
Repeats for each defined root zone, within the vegetation tile:
Variable Name
Units
Description
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Variable Name

Units

root_depth

m

Description
Root zone thickness (sum of depths is total
depth of root penetration)

root_fract
fraction
Fraction of root in the current root zone.
OPTIONAL (include if BLOWING_SNOW = TRUE in global parameter file) - Include
for each vegetation tile:
Variable Name
Units
Description
sigma_slope

N/A

Standard deviation of terrain slope for each
vegetation class

lag_one

N/A

Lag one gradient autocorrelation of terrain
slope

fetch

m

Average fetch length for each vegetation class

OPTIONAL (include if GLOBAL_LAI = TRUE in global parameter file) - Include for
each vegetation tile:
Variable Name
Units
Description
GLOBAL_LAI

N/A

Leaf Area Index, one per month

Table 6.4 Vegetation Library

Variable
Name

Units

Number
of Values

Description

veg_class

N/A

1

Vegetation class identification number
(reference index for library table)

overstory

N/A

1

Flag to indicate whether or not the current
vegetation type has an overstory (TRUE
for overstory present [e.g. trees], FALSE
for overstory not present [e.g. grass])

rarc

s/m

1

Architectural resistance of vegetation type
(~2 s/m)

rmin

s/m

1

Minimum stomatal resistance of
vegetation type (~100 s/m)

12

Leaf-area index of vegetation type

LAI
albedo

fraction 12

Shortwave albedo for vegetation type

rough

M

12

Vegetation roughness length (typically
0.123 * vegetation height)

displaceme M
nt

12

Vegetation displacement height (typically
0.67 * vegetation height)

wind_h

1

Height at which wind speed is measured.

M
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Variable
Name

Units

Number
of Values

Description

RGL

W/m^2 1

Minimum incoming shortwave radiation at
which there will be transpiration. For trees
this is about 30 W/m^2, for crops about
100 W/m^2.

rad_atten

fract

1

Radiation attenuation factor. Normally set
to 0.5, though may need to be adjusted for
high latitudes.

wind_atten fract

1

Wind speed attenuation through the
overstory. The default value has been 0.5.

trunk_ratio fract

1

Ratio of total tree height that is trunk (no
branches). The default value has been 0.2.

comment

1

Comment block for vegetation type.
Model skips end of line so spaces are valid
entrys.

6.4.3

N/A

Elevation Band

This file contains information needed to define the properties of each elevation band used
by the snow model. It is only needed when the snow mode is set “TRUE” in the global
parameter file. Snow elevation bands are used to improve the model's performance in
changing topography, especially mountainous regions where the effects of elevation on
snowpack accumulation and ablation might be lost in a large grid cell. The number of
snow elevation bands to be used within the model is defined in the model control file. This
file is only read if the number of snow elevation bands is greater than 1. Parameters for the
elevation band are listed in Table 6.5.
Table 6.5 Elevation Band parameters

Variable Name

Units

Number of
Values

Description

Cellnum

N/A

1

Grid cell number (should
match numbers assigned in
soil parameter file)

AreaFract

fraction

SNOW_BAND Fraction of grid cell covered
by each elevation band. Sum
of the fractions must equal 1.
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Variable Name

Units

Number of
Values

Description

elevation

m

SNOW_BAND Mean (or median) elevation of
elevation band. This is used to
compute the change in air
temperature from the grid cell
mean elevation.

Pfactor

fraction

SNOW_BAND Fraction of cell precipitation
that falls on each elevation
band. Total must equal 1. To
ignore effects of elevation on
precipitation, set these
fractions equal to the area
fractions.

6.4.4

Lake parameters

The lake parameter file is also optional ─ it is only needed when “LAKES = TRUE” in
the global parameter file. In addition to the information about inflows and outflows, the
user must specify information about lake depth and area. Because the lake area is
allowed to vary with the lake volume, the shape of the lake basin must be specified. The
area of the lake basin at each node can be either calculated empirically as a function of
maximum depth and number of nodes or defined (along with the depth) at each node by
the user. Note: when specifying the lake basin shape empirically, the number of points
required is equal to the number of lake thermal nodes, even if the lake does not initially
occupy the entire basin.
Table 6.6 Lake parameters

Variable Name

Units

Number of
Values

Description

numnod

N/A

1

Number of lake thermal nodes
(also = number of lake basin
profile points)

mindepth

m

1

Minimum allowable lake
depth

wfrac

N/A

1

Outflow channel width, as
fraction of lake perimeter
(outflow is modeled as flow
over a broad-crested weir, of
width=wfrac*perimeter)

depth_in

m

1

Initial lake depth

maxdepth

m

1

Maximum lake depth
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Variable Name
rpercent

Units
fraction

Number of
Values
1

Description
Fraction of the grid cell
runoff routed through the lake

The next set of parameters is specified in pairs. For LAKE_PROFILE=TRUE in the
global parameter file, only one pair is needed (VIC computes the depth profile as a
parabola between area 0 and the specified surface area). Otherwise, numnod pairs must
be specified, giving the depth and area of the lake basin, one for each node:

Variable Name

Units

Number of
Values

Description

depth

m

1 (per pair)

Depth of lake basin at each
node

surface

m2

1 (per pair)

Area of lake basin at each
node

6.4.5

Meteorological and Radiative Forcings

The VIC model is forced with observed surface meteorological data which include
precipitation, temperature, wind, vapor pressure, incoming longwave and shortwave
radiation, and air pressure. The forcings data are over the land areas of the globe, at 3hourly, 1 degree resolution for 1948-2006. The forcing algorithms are explained in
details in the forcing ATBD.

6.5

Calibration

Like most physically based hydrologic models, the VIC model has many parameters that
must be specified (about 20, depending on how the term “parameter” is defined).
However, most of the parameters can be derived from in situ measurement and remote
sensing observation. The usual implementation approach (see e.g. Nijssen et al. 1997)
involves calibration of six parameters: a) the infiltration parameter (bi), which controls
the partitioning of rainfall (or snowmelt) into infiltration and direct runoff (a higher value
of bi gives lower infiltration and yields higher surface runoff); b) D2 and D3, which are
the second and third soil layer thicknesses (D1, the top soil layer depth, is usually
specified a priori) and affect the water available for transpiration and baseflow
respectively (thicker soil depths have slower runoff response ─ baseflow dominated
─with higher evapotranspiration, but result in longer retention of soil moisture and higher
baseflow in wet seasons); c) Dsmax, Ds, and Ws, which are baseflow parameters and also
are estimated via calibration. Dsmax is the maximum baseflow velocity, Ds is the fraction
of maximum baseflow velocity, and Ws is the fraction of maximum soil moisture content
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of the third soil layer at which non-linear baseflow occurs. These three baseflow
parameters determine how quickly the water stored in the third soil layer is evacuated as
baseflow (Liang et al. 1994). The three baseflow parameters and the third soil layer depth
(d3) (Nijssen et al., 2001a, Su et al., 2005) are used with only minor adjustment during
the calibration, while the infiltration parameter (bi) and the second soil depth (d2) are
targeted for intensive calibration. Parameters bi and d2 are calibrated independently.
Here are the general guidelines to VIC model calibration:
1) Ds - [>0 to 1] This is the fraction of Dsmax where non-linear (rapidly increasing)
baseflow begins. With a higher value of Ds, the baseflow will be higher at lower
water content in the lowest soil layer.
2) Dsmax - [>0 to ~30, depends on hydraulic conductivity] This is the maximum
baseflow that can occur from the lowest soil layer (in mm/day).
3) Ws - [>0 to 1] This is the fraction of the maximum soil moisture (of the lowest
soil layer) where non-linear baseflow occurs. This is analogous to Ds. A higher
value of Ws will raise the water content required for rapidly increasing, non-linear
baseflow, which will tend to delay runoff peaks.
4) bi - [>0 to ~0.4] This parameter defines the shape of the Variable Infiltration
Capacity curve. It describes the amount of available infiltration capacity as a
function of relative saturated gridcell area. A higher value of bi gives lower
infiltration and yields higher surface runoff.
5) Soil Depth (of each layer) - [typically 0.1 to 1.5 meters] Soil depth effects many
model variables. In general, for runoff considerations, thicker soil depths slow
down (baseflow dominated) seasonal peak flows and increase the loss due to
evapotranspiration. The maximum soil moisture storage capacity is dynamically
determined by the change of soil thickness. The thicker the soil depths are
(resulting in more soil moisture stored in the soil layers), the less runoff is
generated.
The calibration of these parameters is conducted via a trial and error procedure that leads
to an acceptable match of model-predicted discharge with observations. Besides visual
comparison of monthly simulated and observed hydrographs, two objective functions are
often used. One is the Nash-Sutcliffe efficiency (Ef) which describes the prediction skill
of the modeled streamflow as compared to the observed value. The other is the relative
error (Er) between simulated and observed mean annual runoff. Ef and Er are calculated
as:
N

E f = 1−

∑ (Q
i =1
N

mod,i

∑ (Q
i =1

obs ,i

− Qobs ,i ) 2
− Qobs ) 2
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E r = (Qmod − Qobs ) / Qobs
where Qmod,i is the monthly modeled streamflow for month i, Qobs is the monthly
observed streamflow for month i, N is the number of months, and Qmod and Qobs are the
mean of the monthly modeled and observed streamflows, respectively. When Ef equals
1.0 it means that the model perfectly predicts the observations. In addition, Shi et al.
(2008) has successfully coupled the VIC model with the Multi Objective COMplex
evolution (MOCOM-UA) algorithm of Yapo et al. (1998) and implemented this
automated parameter estimation algorithm for eight river basins across the western
United States.
Since its existence, VIC has been well calibrated in a number of large river basins over
the continental US and the globe (Abdulla et al., 1996; Bowling et al., 2000; Crow et al.,
2003; Lohmann et al., 1998b; Maurer et al. 2001; Nijssen et al. 1997, 2001a; Su et al.
2005; Troy et al., 2008; Wood et al. 1997; Zhu and Lettenmaier, 2007). The procedure of
matching the simulated and observed streamflows through calibration ensures that
evapotranspiration is realistically estimated over a sufficiently long enough time. This is
because the change in surface storage is relatively small compared to other accumulated
variables in the water balance system. On this basis, and given the physically based
model parameterizations of the soil moisture and energy fluxes calculation, the other
surface fluxes and state variables such as soil moisture should represent observations
reasonably well, at least in the aggregate. Nijssen et al. (2001a) selected 9 basins across
the globe to calibrate, with each basin representing a unique climate zone (and there is at
least one basin on each continent). The calibration was successful in the arctic and
temperate climate zones, although it did not work as well in the tropical climate zone. Su
et al. (2005) partitioned the pan-Arctic drainage basin system into 12 regions and
calibrated 9 of them. The VIC model did a good job of reproducing observed streamflow
in the coldest areas of the domain that were mostly underlain by permafrost, while
problems remained in areas of discontinuous permafrost where simulated streamflow was
mostly overestimated. Zhu and Lettenmaier (2007) selected 14 comparatively small
basins (less than 10 000 km2) over the whole Mexico to calibrate (with the basins
representing different climate zones). Generally, VIC did a good job of capturing the
peak time and temporal pattern of streamflow for both arid and wet regions. The obvious
problem is the great overestimation or underestimation of peak flows in some years
especially for arid basins.

6.6

Validation and Applications

The VIC model has been validated at large scales by participating in large projects such
as PIPLS and NLDAS. For PILPS, VIC water and energy fluxes were evaluated together
with 15 other models over the Arkansas-Red river basin (Liang et al., 1998; Lohmann et
al., 1998c; Wood et al., 1998), in tropical forests (Pitman et al., 1999), and in the Tome
and Kalix river systems in the cold region (Bowling et al, 2003a; 2003b; Nijssen et al.,
2003). For the NLDAS, the validated variables include streamflow and water budget
(Lohmann et al., 2004), soil moisture and surface temperature (Robock et al., 2003;
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Schaake et al., 2004), energy budget (Robock et al., 2003), and snow cover and snowpack
content (Sheffield et al., 2003; Pan et al., 2003).The NLDAS validation results by
Mitchell et al. (2004) suggest that VIC performed well as compared to other land surface
schemes. VIC has also been evaluated using soil moisture observations in the U.S.
(Maurer et al, 2002) and global snow cover extent data (Nijssen et al, 2001b).
Throughout its existence, the VIC model has been used in many research areas, such as
meteorology and atmospheric sciences, water resources, geosciences, environmental
sciences, remote sensing, etc. So far VIC has been cited about 1700 times from all over
the world. Figure 6.7 shows the number of citations in each year, suggesting a continuous
positive trend of VIC popularity. Table 6.7 lists a selected number of papers directly
using the VIC model or VIC model results.

Figure 6.7 VIC model citations in each year
Table 6.7 List of research papers using VIC model directly

Authors

Studied region

Specific topic
Reservoir influence on
streamflow

Adam et. (2007)

Eurasian arctic

Andreadis and
Lettenmaier (2006a)

United States

Arora and Boer (2006)

Global

Arora (2001)
Berbery et al (2003)
Cherkauer and
Lettenmaier (2003)
Cosgrove et al. (2003)
Crow et al. (2003)
Demaria et al. (2007)
Feng et al. (2008)

Russian lowlands
Mississippi basin

Temporal variability of soil
moisture
Water balance
Hydrological cycle

Minnesota River

Snow and frozen soil

North America
Southern Great Plains
Selected US basins
Colorado

Model spin-up behavior
Model calibration
Model parameter sensitivity
Snow simulation

Drought analysis
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Gao et al. (2006)

North America

Gao et al. (2007)

Southern Great Plains

Gao et al. (2004)

Southern Great Plains

Huang et al. (2003)
Li et al. (2007)

Selected US basins
Rio Grande

Liang et al. (2003)

Pennsylvania

Liang et al. (1994)
Lucas-Picher et al.
(2003)
Luo et al. (2005)
Luo and Wood (2007)
Maurer et al. (2001)
Meng and Quiring (2008)
Miguez-Macho et al.
(2008)
Mo (2008)

Kansas

Surface soil moisture
remote sensing
Data assimilation
Surface soil moisture
remote sensing
Model parameter transfer
Water cycle
Surface and ground water
interaction
VIC model

North America

Routing scheme validation

Columbia and Colorado basin
United States
Mississippi river basin
Texas and Maryland

Water cycle
Drought analysis
Water budget evaluation
Soil moisture modeling
Water table and Soil
moisture modeling
Drought indices
Hydrologic sensitivity of
rivers
Soil moisture modeling
Water and energy balance
Data assimilation
Snow modeling
Data assimilation
Data assimilation
Surface temperature
modeling

North America
United States

Nijssen et al. (2001a)

Global basins

Nijssen et al. (2001b)
O’Donnell et al. (2000)
Pan and Wood (2006)
Pan et al. (2003)
Pan et al. (2008)
Parada and Liang (2008)

Global
Ohio river basin
Southern Great Plains
North America
Arkansas-Red river basin
Southern Great Plains

Rhoads et al. (2001)

Arkansas-Red river basin

Sheffield and Wood
(2007)
Sheffield et al. (2004a)
Sheffield et al. (2004b)
Sheffield et al. (2003)
Stamm et al. (1994)
Su et al. (2006)
Su et al. (2005)
Wang et al. (2008)

Global

Drought analysis

United States
Global
North America
Global
pan-Arctic
Arctic

Drought analysis
Precipitation correction
Snow modeling
Global climate sensitivity
Surface water flux
Streamflow
Integration to climate
model

Global
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Warrach-Sagi et al.
(2008)
Wojcik et al. (2008)
Wood et al. (2002)
Wood et al. (1992)
Wu et al. (2007)
Xie et al. (2007)
Zhou et al. (2006)
Zhu and Lettenmair
(2007)
Abdulla and Lettenmaier
(1997a)
Abdulla and Lettenmaier
(1997b)
Andreadis and
Lettenmaier (2006b)

Germany

Streamflow

Colorado
United States
North Carolina
China
China
Baohe river, China

Snow modeling
Hydrologic forcasting
VIC model
Soil moisture modeling
Parameter estimation
Hydrological cycle
Surface hydrology and
energy flux

Mexico
Arkansas-Red river basin

Parameter estimation

Arkansas-Red river basin

Water balance

Snake river basin

Data assimilation

Guo et al. (2004)

Illinois river watershed

Huang and Liang (2006)
Hurkmans et al. (2008)
Lakshmi and Wood
(1998)
Liang et al. (2004)
Liang and Xie (2003)
Lobmeyr et al. (1999)
Lohmann et al. (1998b)
Matheussen et al. (2000)
Mengelkamp et al.
(1999)
Nijssen et al. (1997)

Selected watersheds in US
Rhine river basin

Precipitation impact on
water budget
Parameter estimation
River discharge

King’s creak catchment

evaporation

Blue river watershed
Pennsylvania
Elbe river, Germany
West river, Germany
Columbia river basin

Water flux
Runoff
Water balance
Streamflow
Streamflow
Surface energy and water
balance
Streamflow

Shaman et al. (2002)

Netherland, Arkansas
Major rivers in US
Sleepers river and Black Rock
catchment

Storm flow

Silberstein et al. (2002)

Western Australia

Sivapalan et al. (1997)
Sivapalan and Woods
(1995)
Su and Xie (2003)
te Linde et al. (2008)

Australia

Water logging and ground
water
Runoff

Australia

Water balance fluxes

China
Rhine river basin

Runoff
Discharge
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Troy et al. (2008)
VanShaar et al. (2002)
Wooldridge SA, Kalma
(2001)
Yang and Xie (2003)
Yuan et al. (2004)
Liang et al. (1996)
Slater et al. (2007)
Han and Li (2008)
Hillard et al. (2003)

United states
Columbia river basin

Parameter estimation
Runoff

Eastern Australia

Streamflow

China
Hanjiang river basin (China)
PILPS sites
pan-Arctic
California
Upper Mississippi river basin,
central Canada

Groundwater table
Streamflow
VIC model
Hydrologic processes
Data assimilation
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Abstract
Understanding the variability of the terrestrial hydrologic cycle is central to
determining the potential for extreme events and susceptibility to future change. In the
absence of long-term, large-scale observations of the components of the hydrologic cycle,
modeling can provide consistent fields of land surface fluxes and states. This document
describes the creation of a global, 59-year (1948-2006), 3-hourly, 0.5 degree, dataset of
meteorological forcings that can be used to drive models of land surface hydrology. The
dataset is constructed by combining a suite of global observation-based datasets with the
NCEP/NCAR reanalysis. Known biases in the reanalysis precipitation and near-surface
meteorology have been shown to exert an erroneous effect on modeled land surface water
and energy budgets and are thus corrected using observation-based datasets of
precipitation, air temperature and radiation. Corrections are also made to the rain day
statistics of the reanalysis precipitation which have been found to exhibit a spurious
wave-like pattern in high-latitude wintertime. Wind-induced undercatch of solid
precipitation is removed using the results from the World Meteorological Organization
(WMO) Solid Precipitation Measurement Intercomparison. Precipitation is disaggregated
in space to 0.5 degree by statistical downscaling using relationships developed with the
Global Precipitation Climatology Project (GPCP) and Climate Prediction Center Unified
(CPCU) daily products. Disaggregation in time from daily to 3-hourly is accomplished
similarly, using the Tropical Rainfall Measuring Mission (TRMM) 3-hourly real-time
dataset. Other meteorological variables (downward short- and longwave, specific
humidity, surface air pressure and wind speed) are downscaled in space with account for
changes in elevation. The dataset is evaluated against the bias-corrected forcing dataset of
the second Global Soil Wetness Project (GSWP-2). The final product provides a longterm, globally-consistent dataset of near-surface meteorological variables that can be
used to drive models of the terrestrial hydrologic and ecological processes for the study
of seasonal and inter-annual variability and for the evaluation of coupled models and
other land surface prediction schemes.
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7.1

Introduction

This document describes the production of a long-term, high resolution, global
dataset of near-surface meteorology that can be used to force models of the land surface
water and energy budgets. The necessity for accurate estimates of the spatial and
temporal variation in terrestrial water and energy fluxes and states is evident and is the
driving force in the development of high resolution and long-term hydroclimatological
datasets. The development of the highest quality forcing datasets is a first and vital step
towards this. Through research initiatives such as the World Climate Research
Programme (WCRP) Climate Variability and Predictability (CLIVAR) program and
Global Energy and Water Cycle Experiment (GEWEX) the emphasis has been on the
development and enhancement of large scale datasets, through the use of increasingly
better observational datasets and the use of new assimilation and modeling techniques.
Here it is intended to form a part of this process by providing a benchmark forcing
dataset that combines state of the art reanalysis products with the most recent
observation-based datasets. The goals in the development of this dataset are to provide
consistency in time and space among variables from contributing datasets whilst trying to
achieve the highest resolution that can be supported by the data. This dataset provides a
significant improvement over the original reanalysis variables, and can be used for a wide
variety of applications and diagnostic studies in the climatological, hydrological, and
ecological sciences.
The product consists of temporally and spatially consistent fields of near-surface
meteorology The variables are precipitation, air temperature, downward short and
longwave radiation, surface pressure, specific humidity and windspeed. Reanalysis
products are combined with a suite of observation-based, global datasets that are used to
correct for biases in the monthly mean values and intra-monthly statistics of the
reanalysis and for downscaling in time and space to scales relevant for hydrologic
applications. The dataset has global coverage over the extra-polar land surface (i.e.
excluding Antarctica) at 0.5 degree spatial resolution and a 3-hourly time step, for 19482006. The forcing dataset is available in the ALMA (Assistance for Land-surface
Modelling activities) netcdf format (version 3) which is a standard data exchange format
for land surface scheme forcing and output data.

7.2

Background and Overview

The availability of large-scale, long-term datasets of the land surface water and
energy budgets is essential for understanding the global environmental system and
interactions with human activity, especially in the face of potential climatic change.
However, consistent observations of components of the land surface water and energy
budgets are routinely not available over large-scales. While some terms of the surface
water balance are reasonably well observed, at least over some parts of the globe
(precipitation and runoff in particular), other terms, including evapotranspiration, soil
moisture, and surface water are virtually absent of direct observations at large scales.
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Many of these variables are difficult to measure because of technical, monetary and
political limitations. In the case of soil moisture, which forms a key element for drought
assessment and medium and long-range prediction, global (or even regional, with only a
few exceptions) in situ measurement networks are grossly inadequate for hydrologic
prediction purposes, and land surface hydrology models have generally evolved without
the use of direct observations of this key state variable. In terms of surface energy fluxes
and evaporation, these are inherently difficult to measure and are thus essentially nonexistent over large scales. The use of remote sensing has provided great potential for
large scale measurement of some variables (notably albedo, radiative surface temperature
and soil moisture) but is restricted to indirect quantities and, in the case of soil moisture,
to low-vegetated regions and the top few centimeters.
It has been suggested that an alternative to estimating large-scale water cycle
terms directly from observations is to use land surface models (LSM), in either off-line
(forced with surface meteorological observations) or coupled (with an atmospheric GCM)
mode (e.g. Lau et al., 1994; Liang et al., 1994; Levis et al., 1996; Werth and Avissar,
2002). LSMs close the water budget by construct, so if the meteorological forcing data
are accurate, and model biases are small, these constructed water balance terms might be
used in lieu of observations and provide a consistent picture of the water and energy
budgets. Budget closure is not achievable from observations even at small scales. In fact,
analyses of water and energy cycle variables estimated through observations (in-situ
and/or remote sensing) will not provide water cycle closure (Roads et al., 2003; Pan and
Wood 2004) due to sampling and retrieval errors. However, through research activities
like the North American Land Data Assimilation System (N-LDAS; Mitchell et al,
2004a), and Global LDAS (G-LDAS; Rodell et al, 2004), the capability of land surface
models to produce meaningful estimates of land surface hydrologic conditions over large
areas has been demonstrated. Therefore, the contention is that observation-forced, offline simulations using state-of-the-art land surface model provides the best estimate of
global water cycle variables.
Nevertheless, while estimates of water cycle variables obtained through land
surface modeling are consistent, these estimates can be subject to large errors due to
errors in model inputs and meteorological forcings. The importance of accurate forcings
for large-sale land surface modeling efforts has been demonstrated previously (Berg et al.,
2003; Fekete et al., 2004; Nijssen and Lettenmaier, 2004). Results from the NLDAS
project (Mitchell et al., 2004a) indicated that first order errors in the land surface
simulations were due to inaccurate specification of the forcings and especially in
precipitation (Robock et al., 2003; Pan et al., 2003). Other studies have shown the
sensitivity of the land surface to the atmospheric forcings and especially precipitation
(Berg et al., 2003; Fekete et al., 2004; Sheffield et al., 2004). The conclusion is that
accurate forcings are necessary to provide accurate land surface simulations when
compared to observations. The implication is that the use of sufficiently accurate forcings
for land surface modeling in regions of sparse land surface observations will provide a
suitable surrogate.
The availability of near-surface meteorological observations is not pervasive
across all global areas and certainly not at the spatial and temporal resolutions that are
required by land surface hydrologic models for most hydrologic applications. Coupled
with the lack of temporal extent and consistency in the majority of observations, the
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development of forcing datasets using observations alone is unsatisfactory. With the
increasing availability of remote sensing products the prospect for the future is more
promising, although this does not help in the development of long-term retrospective
datasets that are required for extracting information about climate variability. In the
global context, the use of atmospheric reanalysis products may be the only alternative for
providing near surface meteorological forcings at high temporal resolution. In contrast to
the lack of terrestrial observations, the relative wealth of observations of the atmosphere
and sea surface has allowed the emergence of a number of global, long-term, reanalysis
datasets such as the NCEP/NCAR (Kalnay et al., 1996; Kistler et al., 2001), ECMWF
ERA-40 and ERA-15 (Gibson et al, 1997), NCEP-DOE (Kanamitsu et al., 2002), and
NASA-DAO (Schubert et al., 1993) reanalyses. These products are constructed using
“frozen” versions of numerical weather prediction and assimilation systems that ingest a
variety of atmospheric and sea surface observations to provide long-term, continuous
fields in time and space, of atmospheric (and land surface) variables. Although these
model derived fields may not be perfect, they are self-consistent and are used by many to
force models of the land surface water and energy balances.
The power of reanalyses is their consistent and coherent framework for ingesting
in situ and remote sensing data into a time- and space-discretized representation of the
global land, oceans, and atmosphere, in a way that is essentially impossible to achieve
directly from observations. Reanalysis has been suggested as an alternate approach to the
problem of estimating the surface water balance, yet the reanalysis land surface products
have many problems, including: (i) The data that are assimilated are primarily
atmospheric profiles of moisture, temperature, and other variables and few, if any, land
surface data are assimilated, resulting in the fact that they represent better variables like
atmospheric moisture and large scale circulation than the representation of land surface
variables, like soil moisture and snow water content; (ii) the land surface is forced by
precipitation that is essentially a model output product so that errors in model
representation of precipitation (Janowiak et al., 1998; Trenberth and Guillemot, 1998;
Serreze and Hurst, 2000), which can be quite large, are translated into errors in land
surface fields like evapotranspiration, runoff and soil moisture (e.g. Lenters et al., 2000;
Maurer et al., 2001); and (iii) the effects of “nudging” of the land surface to avoid drift
have the effect of creating unrealistic soil moisture, and biasing (by large amounts in
many cases) water budget flux terms (Betts et al., 1998; Maurer et al., 2001; Betts et al.,
2003a, b; Roads et al. 2002a, b).
The effect that these biases have on land surface processes has to be addressed for
these products to be of use as forcings in modeling studies. The results of Berg et al.
(2003), who tested bias correction of ECWMF reanalysis over North America, suggest
that modelers using reanalysis products for forcing LSMs should consider a bias
reduction strategy for their input forcings. Also, Sheffield et al. (2004) showed that
systematic biases in reanalysis filter down into the modeled land surface fluxes and states.
Ngo-Duc at al. (2005) found that precipitation biases in the NCEP/NCAR reanalysis were
responsible for significant errors in modeled streamflow for continental scale basins.
Nevertheless, the results of such studies have shown that there is great potential for using
hybrid datasets which combine reanalysis with observation based datasets to remove
biases. This approach retains the consistency and continuity of the reanalysis but

177

Chapter 7 Global Surface Meteorological Forcing Dataset
constrains it to the best available observation datasets, which are generally available at
coarser resolutions and reduced spatial and temporal extents.
This paper describes the development of a long-term, global dataset of nearsurface meteorology that can be used to force models of the land surface water and
energy budgets. Reanalysis products are combined with a suite of observation-based,
global datasets that are used to correct for biases in the monthly mean values and intramonthly statistics of the reanalysis and for downscaling in time and space to scales
relevant for hydrologic applications. The dataset has global coverage over the extra-polar
land surface (i.e. excluding Antarctica) at 0.5 degree spatial resolution and a 3-hourly
time step, for 1948-2000.
Previously, a number of studies have developed large-scale, long-term datasets of
a similar nature. However, these have been limited to smaller domains (e.g. Maurer et al.,
2002) and/or shorter time periods (e.g. Levis et al., 1996; Nijssen et al., 2001a;
(International Satellite Land-Surface Climatology Project (ISLSCP) I, Meeson et al.,
1995; ISLSCP II, Hall et al., 2005; Global Soil Wetness Project (GSWP) 2, Dirmeyer et
al., 2005) or have been implemented globally, but at coarser spatial and temporal
resolutions (e.g. Levis et al., 1996; Nijssen et al., 2001a; Ngo-Duc et al., 2005). This
dataset represents an improvement over these products in terms of higher spatial and
temporal resolution and global coverage and through the implementation of a number of
enhancements in addition to correcting for monthly biases and accounting for
topographic effects. These enhancements include: 1) adjustments to precipitation for
gauge undercatch; 2) temporal and spatial dissagregation of precipitation and downward
solar radiation with account for observed sub-grid and diurnal variability statistics; 3)
adjustment to rain day frequencies to match observed statistics; and 4) trend correction
and probability weighted scaling for biases in downward short and long-wave radiation.

7.3

Algorithm Description

The development of the forcing dataset has progressed through a number of stages
in terms of the spatial and temporal resolution and the sophistication of the correction
methods. This has resulted in a number of intermediate products at coarser spatial and
temporal resolutions. To perform calculations of the land surface water and energy cycles,
land surface models, in general, require sub-daily time series of the following nearsurface atmospheric variables: precipitation, air temperature, downward short- and
longwave radiation, surface pressure, specific humidity and windspeed. Initially the
reanalysis variables were bilinearly interpolated from their native resolution of 1.875
degree longitude by approximately 1.9 degree latitude to a 2.0 degree regular grid with
consideration for changes in elevation (see Section 7.3.2). This grid is commensurate
with the observation based datasets. Next corrections are made to the daily precipitation
statistics. All variables are then downscaled in space to 0.5 degree resolution (again with
corrections for changes in elevation) and downscaled in time to a 3-hourly timestep.
Finally, biases at the monthly scale are removed. The following sections describe in
detail the various stages in the development of the forcing dataset.
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7.3.1

Correction of the reanalysis rain day anomaly
A high-latitude anomaly in the rain day statistics exists in the NCEP reanalysis in
the winter months of the northern hemisphere (Cullather et al., 2000; Serreze and Hurst,
2000; Sheffield et al., 2004). The anomaly results from the use of a simplified
approximation to moisture divergence in the atmospheric forecast model used in the
reanalysis. This results in a spurious wave-like pattern in the monthly rain day statistics
that is most noticeable in the northern hemisphere winter at high latitudes (Figure 7.1).
The anomaly filters down into land surface states when the precipitation is used to force a
land surface model (Sheffield et al., 2004). The sensitivity of the land surface to the
monthly rain day statistics is also showed. Using various estimates of rain day statistics,
but the same monthly totals, to force a land surface model, resulted in large differences in
estimated water balance components (up to 9% error in global average evaporation and
17% in runoff, with higher values at the continental and regional scale). The conclusion is
that it is vital to use not only the best estimates of monthly total precipitation but also of
monthly rain day statistics to achieve accurate simulations of the land surface water
budget.

Figure 7.1 Average January precipitation statistics for the NCEP and corrected data sets. a)
Number of precipitation days and b) total precipitation (mm/day) from the NCEP dataset,
showing the spurious wave-like pattern in northern hemisphere high-latitudes. c) Number of
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precipitation days and d) total precipitation (mm/day) as corrected by Sheffield et al. (2004) using
data from the CRU TS2.0 global 1901-2000 climate data set of Mitchell et al. (2004b).

A correction to the rain day statistics is described in detail in Sheffield et al. (2004)
and a brief description is given here. The correction involves resampling the daily
precipitation data to match the statistics of observation based terrestrial daily
precipitation datasets (CRU, GPCP and a 15-year gauge-based dataset developed by
Nijssen et al. (2001a)). To ensure consistency in the related meteorological variables,
these are also resampled for the same days that the precipitation was resampled for.
Figure 7.1 shows the correction of the NCEP precipitation using the CRU dataset. In
addition to correcting the high-latitude rain day anomaly, differences that occur
elsewhere are also removed. For example, in the tropics the high numbers of rain days in
the NCEP dataset are reduced to the levels found in the CRU dataset. One side effect of
this correction method is that spatial consistency at the daily time scale is not maintained
because the correction is carried out independently on each grid cell. Sheffield et al.
(2004) found that the effect of this on the large scale terrestrial water balance was small
compared to that resulting from the correction of the precipitation frequencies.

7.3.2 Spatial downscaling
7.3.2.1 PRECIPITATION
Daily precipitation (corrected for monthly rain day biases) was downscaled from
2.0 to 0.5 degree resolution using a probabilistic approach based on relationships between
precipitation intensity and grid cell fractional precipitation coverage. An initial dataset
was developed at 1.0 degree, which used the GPCP 1.0 degree, daily product as the basis
for the downscaling. To downscale to 0.5 degree, the recently released CPCU 0.5 degree,
daily product is used. Precipitation varies considerably in space, especially at daily time
scales and it has been recognized that the land surface is sensitive to this variability
(Johnson et al. 1993; Eltahir and Bras 1993) and the effects on the atmosphere through
enhanced feedback can be significant (Hahmann, 2003). In general, low intensity, large
area precipitation will tend to increase evaporation and infiltration compared to high
intensity, localized precipitation that will result in increased runoff production through
infiltration excess.
For downscaling the precipitation data to 1.0 or 0.5 degree resolution, it is of
interest to know the fractional wetted area within the 2.0 degree grid cell and the
distribution of precipitation intensities among the 1.0 or 0.5 degree grid cells within.
Fractional area is seasonally and geographically variable (Gong et al., 1994), and depends,
among other factors, on storm type, grid resolution and temporal scale (Eltahir and Bras,
1993). Figure 7.2 shows an example of the scaling behavior of precipitation fractional
area for the 0.25 degree TRMM and 1.0 degree GPCP datasets. Values for a range of
spatial resolutions are shown such that the scale is relative to the dataset resolution.
Fractional area of the TRMM data drops off rapidly with increasing scale but tends
towards a threshold value at larger scales that appears to be seasonal. At the scale of 1.0
degree the fractional coverage of the TRMM data is on average much less than 1 (full
coverage). This implies that downscaling by simply applying the 2.0 degree grid cell
average precipitation to the four 1.0 degree cells may be inappropriate in terms of
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representing the spatial variability of wet and dry areas, with subsequent effects on the
land surface hydrology. The GPCP data show similar relative scaling behavior (window
sizes larger than 4.0 degrees had a limited number of land cells and so were not included)
that may indicate some form of self-similarity. Because of this and their multi-year,
global coverage, the GPCP and CPCU datasets were considered suitable for downscaling
the NCEP data.

Figure 7.2 Fractional area of precipitation as a function of spatial scale for mild, mid-latitude
climate regions. a) Mean and b) standard deviation for January. c) Mean and d) standard
deviation for July. Solid lines are the TRMM data, dashed lines are the GPCP data. The spatial
scale is relative to the resolution of the precipitation datasets (TRMM = 0.25 degree, GPCP = 1.0
degree).

The 2.0 degree daily data are downscaled using a probabilistic approach that
relates the fractional area of precipitation with the precipitation intensity at 2.0 degree.
From Bayesian theory, the probability of occurrence of precipitation within a 2.0 degree
grid cell with fractional coverage (A) for a given grid cell average precipitation intensity
(I) can be written as
p ( I | A) p ( A)
p( A | I ) =
(7.1)
p(I )
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where p(I|A) is the conditional probability of an intensity I given a fractional area
A. Probabilities for each term on the right hand side of Equation (7.1) are generated for
each month and grid cell using data from the GPCP and CPCU daily data set which have
global and multiple year coverage. The NCEP daily data are then downscaled to 1.0 or
0.5 degree by sampling at random from the resultant conditional probability distribution
p(A|I) to determine the spatial coverage of precipitation in terms of the number of 1.0 or
0.5 degree grid cells.
This disaggregation method was validated by reconstructing the 1.0 degree GPCP
data set from a 2.0 degree aggregated version using the probability distributions from
Equation (7.1). Figure 7.3 shows an example of the spatial statistics for the GPCP data set
and three different reconstructed versions over the North American continent. These three
versions were created, respectively, by 1) distributing the 2.0 degree precipitation value
uniformly over all 1.0 degree cells within; 2) using the probabilistic approach to
determine the fractional area of precipitation (number of 1.0 degree cells) within a 2.0
degree cell and distributing the 2.0 degree grid cell precipitation uniformly within these
cells; and 3) as for (2) but weighting the precipitation among the wet 1.0 degree grid cells
based on the precipitation in neighboring 2.0 degree cells. This final method assumes that
precipitation occurrence has some spatial coherence and the wet cells are deemed to have
some simple connectivity with neighboring regions of precipitation. Figure 7.3 indicates
that the distributed method does little better than using a uniform approach, although the
effect on land surface states may be quite different. However, weighting the distribution
of the precipitation gives values of spatial variability that are consistent with the original
GPCP data, although slightly higher. Similar results apply for other regions across the
globe. The local autocorrelation of the original and reconstructed datasets was also
calculated at various lag times to see whether the correction methods preserved the
temporal characteristics of precipitation at each grid cell (Figure 7.4). In general, the
errors reduce with increasing lag time for all three methods. Again, the weighted method
shows the least error, except for Europe and North America where all methods perform
essentially the same at longer lag times.
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Figure 7.3 Average monthly distribution of the coefficient of variability for North America for
the original daily, 1.0 degree GPCP data set and three data sets that were downscaled from a 2.0
degree aggregated version of the GPCP data to 1.0 degree using various downscaling methods.
The uniform method assigns precipitation values uniformly to the higher resolution cells. The
distributed approach uses a probabilistic method to determining the number of 1 degree grid cells
within a 2 degree cell in which it is raining and distributes the 2 degree grid cell precipitation
uniformly within these cells. The distributed with weighting method is the same as the distributed
approach but weights the precipitation among the 1 degree grid cells based on the precipitation in
neighboring cells. Similar results apply for the other continents.
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Figure 7.4 Root mean square error (RMSE) over the six continents in autocorrelation for various
daily lag lengths between the original daily, 1.0 degree GPCP data set and three data sets that
were downscaled from a 2.0 degree aggregated version of the GPCP data to 1.0 degree using
various downscaling methods.

7.3.2.2 METEOROLOGICAL VARIABLES
The other meteorological variables (downward shortwave and longwave radiation,
surface pressure, specific humidity and wind speed) were disaggregated from 2.0 degree
to 1.0 and 0.5 degree using bilinear interpolation but with adjustments for differences in
elevation between the two grids. The effects of elevation on near-surface meteorology
have been well documented and the difference in elevation between the two grids, as
shown in Figure 7.5, can be significant. The differences are most prominent in the
foothills of mountain ranges where elevation may change by a few thousand meters
within a 2.0 degree grid cell. Maximum differences are approximately 3000m in the
Himalayas, 1300m in US Rockies and up to 3700m in the Andes. To account for the
differences in elevation, air temperature is first adjusted to the new grid elevation using
the environmental lapse rate (6.5 oC/km). Following the methods of Cosgrove et al.
(2003), which assumes that the relative humidity is constant to avoid the possibility of
super-saturation, the specific humidity, surface air pressure and downward longwave
radiation are also corrected for elevation changes to ensure consistency. These
corrections were applied whenever a dataset (reanalysis and observational) was
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interpolated from one grid to another, whether for upscaling or downscaling, using the
following method. First, the data were elevation adjusted to sea-level (0.0m elevation) on
its native grid. The data were then interpolated to the new grid resolution and elevation
adjusted to the topography of the new grid. This ensures that the interpolation procedure
is free of any elevation effects on the data. For the interpolation between the 2.0 degree
and 1.0 degree grids, these elevation adjustments resulted in significant changes in some
regions, with the maximum change in temperature of approximately 25oC, 160 W/m2 for
longwave radiation, 0.013 g/g for specific humidity and 38 KPa for surface air pressure.

Figure 7.5 Difference in elevation (m) between the 2.0 degree and 1.0 degree grids. Elevation
adjustments are made to air temperature, surface pressure, specific humidity and downward
longwave radiation whenever data sets are interpolated between grids.

7.3.3 Temporal downscaling
7.3.3.1 PRECIPITATION
The diurnal variation of precipitation is generally significant over land areas,
especially during the summer months where diurnal amplitudes can be greater than 50%
of the daily mean value (Dai, 2001). High temporal resolution precipitation data (6hourly or higher) are necessary to describe the diurnal cycle and are desirable for a
multitude of hydrologic applications. Land surface hydrological processes are governed
not only by the total amount of precipitation but also by the temporal structure of the
precipitation, that is the storm duration and intensity and inter-storm length. Marani et al.
(1997) showed the effect of the temporal structure of precipitation on land surface
hydrological processes to be considerable because of the non-linear processes involved in
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partitioning precipitation. In the context of remotely-sensed precipitation, which may
suffer from under sampling of the diurnal cycle, similar conclusions have been reached
(e.g. Soman et al., 1995; Salby and Callaghan, 1997; Nijssen and Lettenmaier, 2004). Yet
the availability of sub-daily precipitation data is intermittent in time and space, whether
from gauges, radar or remote sensing, and thus downscaling is required for large scale
applications. Direct use of the highest resolution NCEP precipitation data (6-hourly) is
unwarranted, as it is acknowledged as being unreliable at scales less than monthly
(Kalnay et al., 1996) and especially given the biases in the rain day statistics as described
in Section 7.3.1. The biases in storm duration and storm frequency have been partially
accounted for through the correction of monthly rain day frequencies (Section 7.3.1).
However, to obtain reasonable estimates of the diurnal cycle of precipitation,
disaggregation of the daily values to a 3-hourly time step is necessary.
Temporal downscaling of precipitation has been attempted by many authors using
a variety of techniques, including the use of probability distributions of precipitation
statistics (e.g. Hershenhorn and Woolhiser, 1987; Connolly et al., 1998), multi-fractal
cascade methods (e.g. Olsson, 1998; Gütner et al., 2001) and rectangular pulses
stochastic rainfall generators (e.g. Bo et al., 1994; Cowpertwait et al., 1996). Here a
simple stochastic sampling approach is used based on 3-hourly precipitation distributions
extracted from the TRMM real time data set. This product provides one of the few largescale, observation-based, gridded precipitation datasets at sub-daily resolution. The
original TMI data suffer from under-sampling of the diurnal cycle because of orbit
characteristics and can only adequately describe the diurnal cycle at coarse time and
space resolutions (Negri et al., 2002). However the real time product used here combines
the TMI data with IR data to produce near-continuous coverage in time and space. Other
alternative data sets could be used, including the TRMM-based PERSIANN analysis
(Hsu et al. 1997) and model-based products such as those from NASA’s Goddard Earth
Observing System (GEOS), NCEP’s Global Data Assimilation System (GDAS) and the
ECMWF.
The precipitation is downscaled from the daily NCEP product (with corrected rain
day frequencies, Section 7.3.1) to a 3-hourly time step using a probabilistic approach
based on sampling from the remote sensing based TRMM data set. The TRMM data set
consists of 3-hourly data covering the latitude band 50S-50N (see Section 7.2). Monthly
joint probability density functions (PDFs) of 3-hourly and daily precipitation amounts are
derived from this data set for each 0.5 degree grid cell using information from the
surrounding 2.0 degree window. 3-hourly precipitation amounts are then sampled at
random from these distributions for each NCEP daily total and then the eight 3-hourly
values in each day are scaled to match this daily total. For regions outside of 50S-50N
where TRMM precipitation data are not available it is assumed that the PDFs are uniform
across regional climate zones. Thus joint PDFs were created for each continent and
climate zone (based on the Koppen climate classification, see Critchfield (1983)) and
these were used to downscale the daily NCEP data outside of 50S-50N within the same
climate zone and continent. This method was not feasible for regions within polar climate
zones because there are no such regions within the 50S-50N latitude band. In this case,
the probability distributions derived from cold climate zones were assumed to be
representative of polar climates in the same continent.
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The disaggregation method forces the statistics of the disaggregated data to match
those of the TRMM dataset, whilst retaining the NCEP daily totals. The method was
validated by recreating the TRMM product from its daily totals and indicated good
performance in recreating the mean monthly diurnal cycle for different seasons and
regions. The application of the disaggregation method is, however, dependent on the
accuracy of the PDFs in representing actual diurnal cycles, and so is limited by the
amount of data that contribute to them. The TRMM dataset used here has limited
temporal coverage and may itself contain biases (Gottschalk et al., 2005). Updates from
the TRMM real time product and additional data from the retrospective version that start
in 1998 will be added in the future to increase confidence in the PDFs and thus the
resulting disaggregated values. Data from gauge-based datasets (Dai, 2001) that may be
more reliable at regional scales could also be used.
7.3.3.2 METEOROLOGICAL VARIABLES
The meteorological variables are simply downscaled from 6-hourly to 3-hourly
resolution using linear interpolation. It is assumed that the diurnal cycle of these variables
is represented adequately in the reanalysis, although the diurnal temperature range is
adjusted to remove biases at the monthly scale (see Section 7.3.4.2). No attempt is made
to adjust these variables to make them consistent with the disaggregated 3-hourly
precipitation as the relationships between precipitation and other meteorological variables
are often weak. Downward solar radiation is interpolated with regard for the solar zenith
angle to give a more realistic representation of the diurnal path of the sun. The type of the
reanalysis variables (downward shortwave and longwave radiation are time average
values; air temperature, pressure, humidity and windspeed are instantaneous values) is
taken into account during the interpolation and all variables are converted into time
average values.

7.3.4

Monthly bias corrections
As described in the introduction, systematic biases are inherent in the NCEP
reanalysis (and other reanalysis products) at the monthly and seasonal scale. These biases
are seasonally and regionally variable and will filter down into simulations of the land
surface water and energy budgets. Adjustments are made to the reanalysis data (after
downscaling and elevation corrections) so that the mean monthly values match those
from available observation based datasets. Adjustments are not made to the specific
humidity, air pressure and wind speed because global-scale, observation-based datasets
for these variables do not exist.
7.3.4.1 PRECIPITATION
The NCEP reanalysis precipitation is completely generated by the atmospheric
forecast model and as such is acknowledged as being somewhat unreliable at the submonthly and local scale (Kalnay et al., 1996), although it does reveal useful information
at larger space and time scales (Kalnay et al., 1996; Janowiak et al., 1998; Kistler et al.,
2001). Biases in the NCEP reanalysis precipitation have been studied by many authors
(e.g. Janowiak et al., 1998; Trenberth and Guillemot, 1998; Serreze and Hurst, 2000).
Figure 7.6 shows the time series of global and continental average precipitation for the
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NCEP reanalysis and CRU data sets. The NCEP dataset is biased by 0.193 mm/day over
global land areas excluding Antarctica which is equivalent to about 70 mm/yr. Errors in
the NCEP reanalysis precipitation at monthly scales translate into errors in land surface
fields like evapotranspiration, soil moisture and snow cover (Sheffield et al., 2004). The
effect on runoff generation has been investigated by Ngo-duc et al. (2005) who found that
biases in the NCEP reanalysis precipitation contributed the largest errors in resultant
large basin river discharge when compared to biases in air temperature and radiation. To
remove the biases in the NCEP product, the daily values are scaled so that their monthly
totals match those of the CRU dataset before disaggregation to a 3-hourly time step as
follows:
PCRU , MON
*
PNCEP
× PNCEP ,3 hr
,3 hr =
(7.2)
PNCEP ,MON
where the asterisk indicates a corrected value, and the subscripts indicate the data source
(NCEP or CRU) and the temporal resolution (3-hourly, daily, or monthly). Gauge-based
precipitation measurements are often subject to losses from wind and wetting loses and
due to solid precipitation (Goodison et al., 1998). Adam and Lettenmaier (2003) describe
a global dataset of adjustment ratios that can be used for correcting gauge undercatch and
can result in an increase in precipitation of about 12% globally. These catchment ratios
can be applied to precipitation climatologies or to individual years in the reference period
of the data set (1979-1998) (see Adam and Lettenmaier, 2003). For this study, the
monthly CRU precipitation data set is adjusted using these catchment ratios before being
used to scale the NCEP daily totals.
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Figure 7.6 Annual time series of precipitation averaged over global and continental land areas
excluding Antarctica for the NCEP and CRU data sets. NCEP global mean precipitation = 2.2
mm/day, CRU global mean precipitation = 2.0 mm/day, global mean bias in NCEP precipitation
= 0.19 mm/day (70 mm/yr).

Figure 7.7 shows the effect of the monthly bias corrections on the NCEP
reanalysis precipitation. These adjustments result in changes in global terrestrial
precipitation (excluding Antarctica) of -8.8% (-0.19 mm/day or -70.3 mm/yr) after
scaling to the CRU monthly values and -1.7% (-0.037 mm/day or 13.7 mm/yr) after also
adjusting for gauge undercatch. Although the reduction in global precipitation by scaling
to the CRU values is offset by the undercatch adjustment, there are substantial regional
changes. Figure 7.7c shows the DJF biases in the NCEP dataset when compared to the
CRU dataset. The largest biases in the reanalysis are over Greenland, central and
southeast USA (for DJF only) and in northern India during JJA (not shown). There are
large positive biases in mid and high northern latitudes during the summer (not shown),
most notably in Canada and Alaska, central Europe, and throughout Eurasia to China. In
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the tropics the biases are spatially variable and seasonally dependent. For example, in
Amazonia, the biases in the NCEP precipitation tend to be negative in the southwest
during SON and DJF and shift northwards during the other part of the year. Conversely
large positive biases occur generally in the east in an opposite pattern. This indicates the
poor representation of the seasonal cycle of the tropical moisture patterns in the NCEP
dataset (Trenberth and Guillemot, 1998). Of note is the correction to the spurious
wavelike pattern in high northern latitudes as described in Section 7.3.1. Figure 7.7d
shows the mean DJF map of adjustments for gauge biases which are generally positive,
with the largest increases in Greenland, central and northeast USA, parts of northern
Eurasia and scattered regions in the Tropics.

Figure 7.7 Average DJF precipitation (mm/day) for a) NCEP, b) NCEP scaled with the CRU
dataset and adjusted for gauge biases c) difference between CRU and NCEP and d) difference
between the NCEP scaled with the CRU dataset and adjusted for gauge biases and the CRU
dataset.

7.3.4.2 TEMPERATURE
The NCEP air temperature is calculated from the modeled atmospheric variables,
which are constrained by upper air observations and surface pressure, but no assimilation
of screen level observations is carried out. It is a “B” class variable (Kalnay et al., 1996)
in the reanalysis classification as it is strongly influenced by the model parameterization
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of surface energy fluxes. Kalnay and Cai (2003) compared NCEP surface air temperature
with station based observations over the United States and found that the interannual
variation was well represented although the upward trend over time was significantly less
than that observed. Similar results were found by Kistler et al. (2001) at global scales.
Simmons et al. (2004) looked at continental and regional scales and again found good
agreement with interannual variability and generally lower warming trends in the
northern hemisphere but distinct and probably incorrect regions of cooling in Australia
and southern South America.

Figure 7.8 Annual time series of air temperature (oC) averaged over global and continental land
areas excluding Antarctica for the NCEP and CRU data sets. NCEP global mean air temperature
= 7.6 oC, CRU global mean air temperature = 8.1 oC, global mean bias in NCEP air temperature =
-0.6 oC.

Figure 7.8 shows the mean annual time series of 2m air temperature for the NCEP
and CRU datasets for global and continental land areas excluding Antarctica. The
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average annual global bias in the NCEP dataset is -0.56oC. Comparison of the seasonal
average air temperatures shows much larger regional and seasonal differences (see Figure
7.9). Most notably, in Siberia and Western Canada, and Alaska in the northern
hemisphere winter, biases in the NCEP reanalysis can reach in excess of 5 oC. Low biases
are evident in the Himalayan range and Greenland, again of the order of 5 oC, with
smaller biases throughout the Tropics and scattered areas in northern Africa and central
Asia. Biases in air temperature can be directly linked to changes in the land surface water
budget through modifications of evaporation and thus soil moisture (e.g. Qu et al., 1998).
To remove these biases the NCEP temperature data were adjusted to match the CRU
monthly values by shifting the NCEP values by the difference between the NCEP and
CRU monthly average values.
*
TNCEP
,3 hr = T NCEP ,3 hr + ( TCRU , MON − TNCEP , MON )

(7.3)

In addition to scaling the 3-hourly values so that their monthly mean matched the CRU
monthly values, the diurnal cycle of temperature for each day was scaled so that the
monthly mean diurnal temperature range (DTR) matched the CRU monthly DTR values
but the daily average value was unchanged as follows:
*
*
TNCEP
,3 hr = TNCEP , DAILY +

DTRCRU , MON
DTRNCEP , MON

(T

*
NCEP ,3 hr

*
− TNCEP
, DAILY

)

(7.4)

Adjustments were made to the specific humidity, surface air pressure and downward
longwave radiation as outlined in Section 7.3.2.2 to make them consistent with the new
temperature values.
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Figure 7.9 Average seasonal near-surface air temperature difference between the NCEP and CRU
datasets (oC).

7.3.4.3 DOWNWARD SHORT AND LONGWAVE SURFACE RADIATION
Incoming shortwave radiation incident at the earth’s surface is the primary energy
source for the land surface and drives evapotranspiration and snow melt. Therefore
accurate specification of these forcing fluxes is essential for land surface modeling. Snow
accumulation and melt is particularly sensitive to incoming longwave radiation (e.g.
Schlosser et al., 2000), although Morrill et al. (1999) found that energy and water budgets
were not sensitive to the diurnal cycle of longwave radiation. Downward surface short
and longwave radiation are completely predicted by the NCEP reanalysis forecast model,
and, as with precipitation and air temperature, contain systematic biases at seasonal time
scales. Local scale comparisons indicate biases in both the long and shortwave products
that may be systematic across geographic regions. Brotzge (2004) found that the NCEP
dataset consistently overestimated downward surface shortwave radiation by 17-27%
over 2000-2001 when compared to two Oklahoma Mesonet sites. Longwave radiation
was also underestimated but by a lesser degree. Betts et al. (1996) found similar results
when compared to data from the FIFE experiment for 1987 and concluded that these
problems are generally attributed to the NCEP model atmosphere being too transparent
and too few clouds being produced, which may be systematic of large-scale atmospheric
models in general. At larger scales, comparisons with remote sensing based data have
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revealed large-scale biases. For example, Berbery et al. (1999) found positive biases of
25-50 W/m2 over the United States when compared to the Geostationary Operational
Environmental Satellite (GOES) based product of Pinker and Laszlo (1992).
Several global surface radiation budget (SRB) datasets have been developed in
recent years including the GEWEX NASA Langley Surface Radiation Budget Project
1984-1995 product (Stackhouse et al., 2004) and the International Satellite Cloud
Climatology Project (ISCCP) global 1983-2000 product (Zhang et al., 2004). These
datasets provide surface short and longwave fluxes that have been validated against
ground measurements. The latest version of the NASA Langley SRB product (release 2.0)
is used here. Comparisons with ground-based measurements from the Baseline Surface
Radiation Network (BSRN) indicate that errors are within measurement uncertainty.
Comparison of the SRB and NCEP downward longwave data is shown in Figure 7.10 as
seasonal averages for 1984-95. The mean bias in the NCEP dataset is 15.8 W/m2 over
global land areas excluding Antarctica. There are large regional biases of the order of 50100W/m2 across the Sahara, Middle East and Central Asia, the Andes and to a lesser
extent in the western USA and Australia. The biases tend to be highest in the northern
hemisphere spring and summer. The comparison of downward shortwave radiation is
summarized in Figure 7.11. The mean bias in the NCEP shortwave data is -41.5 W/m2
over global land areas. The biases tend to be larger in the spring and summer of each
hemisphere in mid to high latitudes. These exceed -60 W/m2 across the northern US and
Canada, northern Europe, Siberia and Central Asia during the boreal summer and in the
southern part of South America in the austral summer. In the tropics there is reasonable
agreement throughout the year.
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Figure 7.10 Average seasonal difference in downward longwave radiation between the NCEP and
SRB datasets for 1984-94.

Figure 7.11 Average seasonal difference in downward shortwave radiation between the NCEP
and SRB datasets for 1984-94.

Analysis of station data have shown that shortwave radiation at the earth’s surface
has decreased over large regions during 1960-90 (Gilgen et al., 1998) that has been
attributed to increases in cloud cover. More recently, studies of station data (Wild et al.,
2005) and satellite measurements (Pinker et al., 2005) indicate that these downward
trends have reversed over the past decade or so, possibly due to reductions in aerosols.
However, the trend in global terrestrial shortwave radiation from the reanalysis shows a
spurious upward trend (Figure 7.12b). Therefore, the reanalysis shortwave radiation is
adjusted so that firstly, systematic biases are removed at the monthly scale so that it
matches the mean of the SRB data for 1984-94, and secondly, trends over the full 50-yr
period are consistent with observations.
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Figure 7.12 a) Annual anomalies of global mean cloud cover for the CRU dataset and cloud cover
and downward shortwave radiation from the NCEP dataset. b) Annual time series of global mean
downward shortwave radiation for the NCEP, SRB QCSW and NCEP corrected datasets. The
corrected dataset has been scaled to be consistent with the SRB data and the long-term variation
of the CRU cloud cover. c) Annual time series of global mean downward longwave radiation for
the NCEP, SRB LW and NCEP corrected dataset. The corrected datasets has been scaled using
the probability swap method to be consistent with the mean and variability of the SRB data whilst
retaining the year-to-year variation of the NCEP dataset. Global means are calculated over
terrestrial areas excluding Antarctica.
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Using the relationship between cloud cover and surface downward shortwave
radiation (Thornton and Running, 1999), a new time series of radiation is constructed that
is consistent with observed trends. A linear regression was developed at each grid cell
between the monthly anomalies of reanalysis cloud cover and shortwave radiation. This
relationship was then used to predict monthly anomalies of shortwave radiation from
observation-based estimates of cloud cover anomalies from the CRU dataset. The
resultant time series was then converted to actual values whose monthly climatology over
1984-94 matched that of the SRB dataset. This was done by subtracting the mean
monthly climatology for 1984-94 from the time series of anomalies and then adding the
mean climatology of the SRB dataset. In this way the new time series is consistent with
the SRB data over the limited period of overlap but imposes the long-term trends as
derived from observed cloud cover. The NCEP 3-hourly values are then scaled so that
their mean values match this new monthly time series as follows:
*
SWNCEP
,3 hr =

SWSRB +CRU , MON
SWNCEP , MON

SWNCEP ,3 hr

(7.5)

where the subscript SRB+CRU indicates the time series of monthly SW values derived
from the CRU cloud cover and scaled to the SRB dataset.
Downward longwave radiation is bias corrected using a probability matching
method that scales the reanalysis monthly values to match the mean and variability of the
SRB values but retains the year-to-year variation of the NCEP data. Figure 7.12c shows
no apparent global trend in the NCEP data which is consistent with station-based
observations of long-term trends that are within the bounds of measurement error (Wild
et al., 2001). Therefore, no attempt is made to alter the long-term trends in the NCEP
monthly values. The probability matching method replaces each of the NCEP monthly
mean values over 1948-2000 with a monthly value from the SRB time series that has the
same cumulative probability as the NCEP value. The cumulative probabilities were
calculated from PDFs of the NCEP and SRB monthly time series. The new monthly time
series was then used to scale the NCEP 3-hourly values:
*
LWNCEP
,3 hr =

LWSRB ,MON

(7.6)
LWNCEP ,3hr
LWNCEP , MON
Figure 7.12 shows the global mean monthly time series of downward short and longwave
radiation for the NCEP, SRB and the scaled NCEP datasets.

7.4

Input and Ancillary Data

The forcing dataset is based on the NCEP/NCAR reanalysis, which includes nearsurface meteorological variables from 1948 to the present. This time period provides the
length of data necessary to infer the variability of the land surface water and energy
budgets at timescales up to multi-decadal. Alternative sources of reanalysis data are
available, including the NCEP-DOE and ERA-40 products that have been shown to be
more accurate, in general, than the NCEP-NCAR reanalysis. However, the NCEP-NCAR
reanalysis offers the benefits of a long time period and ongoing production that may
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offset any potential deficiencies that the bias correction methodology cannot address.
Even if the ERA-40 or NCEP-DOE reanalysis has been used, the comparisons would
reveal any biases that exist in these products and the correction methods could easily be
applied.
The reanalysis data are combined with a suite of global, observation based
datasets of precipitation, temperature and radiation. Table 7.1 summarizes the
contributing datasets that are used in the development of the forcing dataset and these are
described in more detail in the following sections. These observation based datasets are
generally available at coarser temporal resolutions, e.g. monthly. The reanalysis is
essentially used to downscale these observation datasets to the sub-daily temporal scale
necessary for land surface modeling. In contrast, the observation-based datasets are
generally available at higher spatial resolutions and are used to downscale the reanalysis
in space. Thus a hybrid forcing dataset is formed by using the sub-monthly variability in
the reanalysis, with bias corrections made at a monthly scale.
Table 7.1 Summary of datasets used in the construction of the forcing dataset. The temporal
resolutions given here are those used in this study but original data may be available at finer
temporal resolutions. Variables are precipitation (P), surface air temperature (T), downward
shortwave radiation (SW), downward longwave radiation (LW), surface air pressure (Ps), specific
humidity (q), windspeed (w) and cloud cover (Cld).
Dataset

Variables

Temporal
Coverage

NCEP/NCAR
reanalysis

P, T, SW, LW,
q, Ps, w

1948-present,
hourly

CRU TS2.0/3.0

P, T, Cld

GPCP

Spatial Coverage

Source

Global, ~2.0ox2.0o

Kalnay
(1996)

1901-2006,
monthly

Global land excluding
Antarctica, 0.5 o x 0.5 o

Mitchell et al.
(2004b)

P

1997-present,
daily

Global, 1.0 o x 1.0 o

Huffman et al.
(2001)

CPCU

P

1979-present,
daily

Global, 0.5o x 0.5o

Chen et
(2008)

TRMM

P

Feb
2002
–
present, 3-hourly

50S-50N, 0.25 o x 0.25 o

Huffman et al.
(2003)

NASA-Langley
SRB

LW, SW

1983-2007,
monthly

o

Global, 1.0 o lat. x 1.0-120
long.

Stackhouse et al.
(2004)

7.4.1

6-

et

al.

al.,

NCEP/NCAR reanalysis
The NCEP/NCAR reanalysis (referred to hereafter as the NCEP reanalysis) is a
retrospective global analysis of atmospheric and surface fields extending from 1948 to
the near present (Kalnay et al., 1996, Kistler et al., 2001). Available observations are
assimilated into a global atmospheric spectral model implemented at a horizontal
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resolution of T62 (approximately 2.0 degree) and with 28 sigma vertical levels. The
reanalysis is created using a “frozen” version of the data assimilation system, although
assimilated observations are subject to changing observing systems. Consistent gridded
output fields are generated continuously in time and are classified according to how they
are determined and their reliability. Class “A” variables are strongly influenced by
assimilated observations and are therefore regarded as being the most reliable fields (e.g.
upper air temperatures and geopotential height). Less reliable are class “B” variables
(moisture, divergent wind and surface parameters), which are influenced by observations
and the model. Class “C” variables (surface fluxes and heating rates), are completely
determined by the model and as such are the least reliable. Precipitation is classified as a
class “C” variable.

7.4.2

CRU monthly climate variables
The Climatic Research Unit (CRU) product is a 0.5 degree gridded dataset of
monthly terrestrial surface climate variables for the period of 1901–2006 (New et al.,
1999, 2000) and updated to 2000 by Mitchell et al. (2004b) and then to 2006. The spatial
coverage extends over all land areas, including oceanic islands but excluding Antarctica.
Fields of monthly climate anomalies, relative to a 1961–90 climatology, were
interpolated using thin-plate splines from surface climate data. The anomaly grids were
then combined with the 1961–90 climatology resulting in grids of monthly climate the
full period. Primary variables (precipitation, mean temperature, and diurnal temperature
range) are interpolated directly from station observations. The secondary variables
(including rain day frequency and cloud cover) are interpolated from merged datasets
comprising station observations and, in regions without station data, synthetic data
estimated using predictive relationships with the primary variables.
7.4.3

GPCP daily precipitation
The Global Precipitation Climatology Project (GPCP) daily, 1997-present, 1.0
degree precipitation product (Huffman et al., 2001) is based on a combination of
estimates from a merged satellite IR dataset over 40oN-40oS and a rescaling of the
Susskind et al. (1997) TIROS Operational Vertical Sounder (TOVS) satellite estimates at
higher latitudes. Both contributing estimates are scaled to match the GPCP version 2
monthly satellite-gauge dataset totals (Huffman et al., 1997). Rain day frequencies of the
IR based estimate are adjusted to match data from the Special Sensor Microwave Imager
(SSM/I) retrieval. The TOVS based rain day frequencies are adjusted to the IR based
estimate at 40oN and 40oS separately.
7.4.4

CPCU daily precipitation
The Climate Prediction Center (CPC) Unified (CPCU) product (Chen et al., 2008)
is a gauge-based precipitation analysis, available globally for 1979-present, at daily, 0.5
degree resolution. The analysis is based on the optimal interpolation (OI) objective
analysis technique of about16,000 gauges worldwide.
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7.4.5

TRMM 3-hourly precipitation
The Tropical Rainfall Measuring Mission (TRMM) is a joint mission between the
National Aeronautics and Space Administration (NASA) of the United States and the
Japan Aerospace Exploration Agency (JAXA). The TRMM satellite was launched in
November of 1997 and covers the tropics between approximately 40S to 40N latitude. A
number of experimental, real-time datasets, based on the TRMM products and other
satellite sources are currently available (Huffman et al., 2003), including the 3B42RT
product which is a merger of the 3B40RT and 3B41RT products. The 3B40RT product is
a merger of all available SSM/I and TRMM microwave imager (TMI) precipitation
estimates. The SSM/I are calibrated to the TMI using separate global land and ocean
matched histograms. The 3B41RT product consists of precipitation estimates from
geostationary infrared (IR) observations using spatially and temporally varying
calibration by the 3B40RT product.
7.4.6

NASA Langley monthly surface radiation budget (SRB)
The NASA/Langley Research Center product is available from 1983 (Gupta et al.,
1999) with a series ofextensions to 2007 (Stackhouse et al., 2004). We use the latest
version, V3.0. The primary data sources are satellite data from the International Satellite
Cloud Climatology Project (ISCCP) C1 data product (Rossow and Schiffer 1991) and
from the Earth Radiation Budget Experiment (ERBE; Barkstrom et al. 1989). The C1
data provide cloud parameters derived from a network of geostationary satellites and
NOAA’s polar orbiters, along with temperature and humidity profiles from TOVS, on a
2.5 degree equal-area global grid and a 3-hourly time resolution. Monthly average clearsky planetary albedos used for deriving surface albedos over snow/ice-free land areas
were obtained from ERBE data. Two versions are available for short and longwave
radiation. Firstly, the SRB-SW and SRB-LW products are derived using the algorithms of
Pinker and Laszlo (1992) and Fu et al. (1997) respectively. Secondly, the SRB-QCSW
and SRB-QCLW products are derived using the algorithms of Darnell et al. (1992) and
Gupta et al. (1992), respectively. Comparison of these products with surface
measurements has indicated that no one product is superior globally. For example, the
SW product underestimates shortwave radiation over the higher elevations of the Tibetan
Plateau and western China but the QCSW product does not, although comparisons
undertaken for the GSWP2 over North America showed that the SW product performed
better
(GSWP2
forcing
data
webpage
at
http://www.jamstec.go.jp/frcgc/research/p2/masuda/gswp/b1alpha.html). Given these
preliminary analyses, the SRB-QCSW and SRB-LW products are used in this study.
7.5

Product Validation

The goal of this study is to provide a global dataset of forcings that has long
temporal and global coverage and is consistent in time and space. In this respect, the
dataset makes use of the latest available global meteorological datasets and combines
them with state of the art reanalysis to form a consistent, high quality dataset.
Nevertheless, an essential part of the development of any dataset is validation against
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independent data sources, which will quantify the errors and known biases and hopefully
instill confidence in the use of the data. This is a difficult task given the general lack of
large-scale observations and the fact that potential validation datasets are better utilized in
the development of the forcing dataset to produce the highest quality dataset possible.The
intended application of the forcing dataset is for long-term, large-scale modeling, where
the focus of interest is on the variation of the land surface over seasonal to annual
timescales and across regional and continental space scales. Here it is more important to
ensure that the statistics of the forcing data are correct rather than trying to replicate the
fine scale features of the historic record. For example, the forcing dataset is unlikely to
recreate actual historic storm events partly because the correction of the daily
precipitation frequencies may disrupt spatial coherence at the daily time scale. This is
because the disaggregation and correction methodologies are designed to match the
observed data only in a statistical sense whilst providing consistency among variables
where possible, and any detrimental effects on the terrestrial water budget will be small at
seasonal and regional scales.
The dataset can be evaluated by forcing a land surface model and comparing the
resultant water and energy fluxes and states with observations, such as streamflow
records, snow cover extent and in situ soil moisture measurements. Several studies have
shown that evaluating land surface model simulations over large areas requires detailed
examination of all aspects of the modeling process (e.g. Nijssen et al., 2001a,b; PILPS2-E
experiment: Nijssen et al., 2003, Bowling et al., 2003; the series of NLDAS papers:
Mitchell et al., 2004a). In addition to the errors in the forcings, there are also
uncertainties in the land surface model structure, physical parameterizations, and input
parameters (vegetation, soils, etc) as well as in the observations themselves. The relative
contribution of these factors to the differences from observations is difficult to discern
without a detailed examination of all aspects of the modeling process and this is work in
progress.
Nevertheless, it is possible to evaluate the dataset against similar bias corrected
forcing products and this is done next by comparing against the GSWP-2 forcing dataset
that uses a similar strategy to combine reanalysis with observations, although for a much
shorter time period.

7.5.1

Comparison with GSWP-2 forcing dataset
The goal of GSWP-2 is to develop global datasets of soil moisture and other
hydrologic variables from multiple land surface models and investigate the differences
and sensitivities of these models. The GSWP forcing dataset has the same temporal (3hourly) and spatial (1.0 degree) resolution but for a shorter time period (1986-1995), is
based on the NCEP-DOE reanalysis and is described in detail by Zhao and Dirmeyer
(2003). This section compares monthly mean values of precipitation, temperature, and
radiation from the two datasets as absolute differences and using the non-parametric
Wilcoxon signed ranks test of differences. The monthly mean diurnal temperature range
and daily precipitation frequencies are also examined, as these generally have a
significant impact on the hydrologic cycle. Figure 7.13 shows the mean annual
differences and statistical significance of differences in the monthly means for these
variables.
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7.5.1.1 MONTHLY MEAN TEMPERATURE
Comparison of the monthly temperatures revealed differences that are consistent
with differences in the observations used to create the two datasets. Both use long-term
monthly temperature from CRU but different versions (GSWP uses version 1.0 and this
comparison uses the updated and extended version 2.0). Using the Wilcoxon signed ranks
test, the null hypothesis was tested that the median difference of monthly means between
the two datasets is zero for each grid cell at the 95% confidence level. Figure 7.13 shows
that the null hypothesis can be rejected in the majority of regions, possibly due to changes
in contributing gauges between the two versions of the CRU dataset and the effects of
using different datasets to correct for elevation effects. The GSWP uses the ISLSCP
elevation product and this study uses the National Geophysical Data Center (NGDC) 2minute elevation dataset aggregated up to 1.0 degree resolution. The mean difference is
0.0965 oC over global land areas and maximum monthly differences of up to 4-5 oC occur
in parts of the Himlayas and Tibetan plateau, Northern Greenland and in small isolated
regions scattered across the globe.
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Figure 7.13 Difference of monthly mean values, averaged over 1986-1995, between the GSWP-2
forcing dataset and this study. Unshaded regions are where the two datasets are statistically
similar as determined using the Wilcoxon signed ranks test at the 95% level.

7.5.1.2 MONTHLY MEAN PRECIPITATION
Monthly precipitation shows widespread differences that are statistically
significant, which is to be expected given the independent sources of observation data
used by each dataset. The GSWP data are based on Global Precipitation Climatology
Centre (GPCC) monthly data which are used to scale the NCEP-DOE sub-monthly
precipitation amounts. Corrections are also applied for gauge undercatch. Data from the
Global Precipitation Climatology Project (GPCP) are blended in for regions where the
density of contributing gauges for the GPCC product is low. For this study the CRU
monthly means are used, with correction for gauge undercatch based on the analysis of
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Adam and Lettenmaier (2003). Several regions stand out as being coherently biased one
way or the other. The GSWP dataset is generally greater across mid-latitudes in both
hemispheres, with larger differences greater than 1.0 mm/day in Scandinavia, the Pacific
Northwest and Alaska, the eastern US and southern South America. It is generally lower
in the Tropics and high northern latitudes most notably in Central America and the
Amazon basin, northern Canada and Greenland. The global mean annual bias in the
GSWP is 0.0661 mm/day (24.1 mm./yr).
7.5.1.3 MONTHLY MEAN DOWNWARD SHORT AND LONGWAVE RADIATION
For downward short and longwave radiation, both forcing datasets use SRB
products, although different versions (this study uses the SRB-QCSW and SRB-LW
datasets and GSWP uses the SRB-SW and SRB-QCLW datasets). Additionally, this
study uses observed cloud cover data to adjust the inter-annual variability of the
shortwave monthly means, whereas the GSWP uses the data as is because of the direct
overlap with the SRB time period. The differences between the two datasets are
consistent with the difference between the SRB-SW and SRB-QCSW datasets (global
mean bias for GSWP is -8.2 W/m2). The GSWP is generally smaller with the greatest
differences across a band stretching from northern Africa to Japan, and also in the
western and northeast US. For longwave, the differences are again consistent with the
differences between the SRB-LW and SRB-QCLW. The SRB-QCLW (GSWP) values
tend to be larger (global mean bias of 6.0 W/m2), and distributed similarly to the
shortwave differences, but are lower at high latitudes.
7.5.1.4 DIURNAL TEMPERATURE RANGE
Both datasets use CRU DTR products to correct the air temperature. As for mean
temperature the GSWP dataset uses CRU version 1.0 and version 2.0 is used here. For the
GSWP dataset, the 3-hourly air temperature values are scaled by the ratio of the CRU to
NCEP-DOE reanalysis DTR values but with restrictions on the size of the ratio to avoid
excessive values. A similar method is used here (Section 7.3.4.2) but with no restriction
on the ratio of CRU to NCEP values. The mean global bias for GSWP is -1.4oC and
maximum monthly differences can exceed 5oC. GSWP is generally larger in the Western
Hemisphere, the Tropics during the wet season and is lower predominantly over central
Asia and other dry regions worldwide.
7.5.1.5 DAILY PRECIPITATION FREQUENCY
The distribution of precipitation within a month in terms of the number of wet and
dry days plays an important role in partitioning the monthly precipitation into runoff and
evaporation (Sheffield et al., 2004). The GSWP2 dataset makes no adjustment to daily
precipitation frequencies and so uses the NCEP-DOE as is. For this study, the NCEPNCAR reanalysis daily data are resampled to match observation based datasets of
precipitation frequencies. The GSWP2 has on average 0.48 fewer precipitation days per
month globally. GSWP is generally greater in the humid Tropics (except for northwest
South America) and in southwest South America and is smaller in most other regions,
especially in higher northern latitudes. Maximum monthly differences are generally less
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than 4 precipitation days but can reach 10 precipitation days in small regions in
Greenland, central Siberia and the humid Tropics.

7.5.2

Future improvements and extension to near real-time
Although the emphasis has been on using global scale observation datasets to
ensure consistency in space, nevertheless, better quality data sets exist in terms of spatial
and temporal resolution but with smaller spatial and temporal extents. For example, for
the temporal disaggregation of precipitation at high northern latitudes, it was assumed,
because of the lack of coverage by the TRMM dataset, that the diurnal cycle in cold, midlatitude climates is representative of neighboring polar regions. Sub-daily station data
from Canadian surface airways products and the Former Soviet Union (Razuvaev et al.,
1998) are available for a significant number of high-latitude locations and can be used to
derive the probability distributions used for the disaggregation. Furthermore, most
monthly gridded precipitation datasets also do not allow for orographic effects. As the
network of rain gauges that contribute to these data sets are generally not located in
regions of complex and elevated topography, this usually results in an underestimation of
precipitation, by as much as 3 times (Adam et al., 2006). The correction method of Adam
et al. (2006) uses a simple catchment water balance method to calculate adjustments to
precipitation. These changes may be incorporated into new versions of the dataset in the
future, although concerns over consistency in time and space may make this somewhat
counter-productive. In addition, as improved and extended versions of observation-based
datasets used in this study become available these will be incorporated where applicable.
Updates to near real-time can be done using essentially the same procedures as
outlined above, but with observations taken from available near real-time products. The
basis of the dataset is the NCEP/NCAR reanalysis, which is available to within one
month of real-time. Observations of precipitation, air temperature and radiation from the
CRU and SRB datasets are generally available only up to 1 to 3 years from real-time and
thus must be supplemented with real-time versions of GPCP, CPCU and other merged
multi-satellite retrievals for precipitation. Surface air temperature and humidity can be
obtained from, for example, the Atmospheric Infrared Sounder (AIRS) and NOAA GFS
or ECMWF analysis fields. Downward short- and longwave radiation can be obtained
from the Flashflux real-time version of the SRB dataset (Stackhouse et al., 2008). These
products can be blended to create continuous fields in space and time and be used either
at their native temporal resolution (usually 3-hourly) or to scale the NCEP/NCAR
reanalysis to match its monthly means and mean diurnal cycle.
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Abstract
Terrestrial water cycle variables are very important for the sustainability of this
society. The quantitative knowledge of these water cycle variables has direct impacts on
agriculture, forest ecology, civil engineering, water resources management, and crop
system modeling. There are many observation techniques and networks (in-situ
observations, field experiments, airborne measurements, satellites etc.) available these
days mostly in developing countries to measure water cycle variables. Satellites have
been the major source of the measurements in last three decades to measure water cycle
variables from continental to global scales. Land surface models can also simulate the
land surface processes and provide the data continuously for the water cycle variables.
The land surface models have gone through many generations of developments with a
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wide range land surface models having different complexity of the land surface processes.
Though satellite data and models are plentiful, accurate global scale water cycle data
products are elusive. Data assimilation is a technique which is getting popular within
many model groups these days to find the model representation that is most consistent
with the observations so that a global product can be generated from that model. In
essence, data assimilation merges a range of diverse data fields with a model prediction
to provide that model with the best estimate of the current state of the natural
environment so that it can then make more accurate predictions. There are many
advantages of doing data assimilation.
This document gives an overview of the satellite-model assimilated data products which
are going to be produced during this current project. This document describes the
historical prospective of data assimilation, its application in hydrology, different data
assimilation techniques and data assimilation algorithm in details. It also provides the
description of methods which will be adopted to perform data assimilation for every
water cycle variables: soil moisture, snow, evapotranspiration and reservoir storage and
discharge.

8.1

Introduction
The spatial and temporal variability of hydrologic cycle variables has direct
applications in agriculture, forest ecology, civil engineering, water resources management,
and crop system modeling. Observation of global water cycle variables is a high priority.
In-situ observations and various field experiments are the most reliable sources for
providing accurate data for the hydrologic cycle variables. But these kind of
measurements are sparse and very limited in space (cover very small geographic region)
and time (for few days to months).There are many satellites dedicated recently to
measure water cycle variables from continental to global scales. “However, it is
recognized that satellite remote sensing data products contain uncertainties due to
imperfect instrument calibration and inversion algorithms, geophysical noise,
representativeness error, communication breakdowns, and other sources” [Zhan et al.,
2004]. The land surface models can simulate the land surface processes and provide the
data continuously for the water cycle variables. But most of the models are unable to
imitate the real life land surface processes because of simplicity of the model itself,
biases and errors in the model processes and imperfect input atmospheric forcings which
mostly come from the coarse resolution atmospheric general circulation models.
Though satellite data and models are plentiful, accurate global scale water cycle
data products are elusive. Improving the synergistic use of satellite data, model forcing,
model physics and data processing techniques should improve our knowledge and take us
closer to achieve the goal of producing water cycle data products accurate enough to be
useful in end-user solutions.
Data assimilation is a technique which is getting popular within many model
groups these days to find the model representation that is most consistent with the
observations so that a global product can be generated from that model. In essence, data
assimilation merges a range of diverse data fields with a model prediction to provide that
model with the best estimate of the current state of the natural environment so that it can
then make more accurate predictions. The application of data assimilation in hydrology
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has been limited to a few one-dimensional, largely theoretical studies primarily due to the
lack of sufficient spatially-distributed hydrologic observations.
Data assimilation is used in many different disciplines, such as industrial
applications, space sciences and many research areas of earth sciences. The idea of data
assimilation is to provide improved utilization of observations. A good estimate of the
state is needed for a good prediction. Interpolation was the most popular method in initial
days of numerical weather prediction to interpolate the available observations to find the
initial state and hence calculate the prediction from that. But the observations themselves
contain different kinds of errors which hinder the usefulness of the observations to
produce a reasonable initial state of the system. Hence, an additional source of priori was
needed apart from the observations for accurate estimation of the state. That priori
information was estimated from the climatology in earlier days and an improvement on
the forecast was observed. Charney et al. [1969] were the first ones in earth science to
suggest combining the observations with a model (data assimilation) to produce the
present state of the atmosphere.
In earth sciences, such as oceanography, meteorology, climatology and hydrology,
the objective of data assimilation is generally to obtain a best estimate of the state by
merging all available a priori information about this state, i.e. observations, physical laws,
climatological or statistical information and measures of the uncertainty and error of the
different information sources. The aim is to obtain a physically consistent estimate of
spatially distributed environmental variables. Combination of observations and model
forecasts, taking into account their respective accuracies, will result in a superior estimate
than what would be obtained from either source of information individually, because
forecasts are never perfect and observations are noisy and sparse. There are two main
data assimilation approaches. Through sequential assimilation, the state is forecasted by a
model and updated each time an observation is available. Variational assimilation is used
to find the model state that yields a minimal value for a cost function, which is defined by
the misfit between the model and the observations (instantaneously or over a given time
period).

8.2

Background and Overview

8.2.1

Data Assimilation Objective
Data assimilation is a novel, versatile methodology for estimating state variables.
The estimation of a quantity of interest via data assimilation involves the combination of
observational data with the underlying dynamical principles governing the system under
observation. The assimilation of data and dynamics is a powerful methodology, which
makes possible efficient, accurate and realistic estimations which might not otherwise be
feasible.
A data assimilation system consists of three components: a set of observations, a
dynamical model, and a data assimilation scheme. Central to the concept of data
assimilation is the concept of errors, error estimation and error modeling. Both the
observations and dynamic models have errors arising from various sources. An aspect
common to all assimilation schemes is that the quantitative basis of assimilation is the
relative uncertainties of the dynamics and observations. Thus, the assimilated estimate
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does not degrade the reliable information of the observational data but rather enhances
that information content.
The specific uses of data assimilation depend upon the relative quality of data sets
and models, and the desired purposes of the field and parameter estimates. These uses
include the control of errors for state estimates; the estimation of parameters; the
elucidation of real ocean dynamical processes; the design of experimental networks; and
ocean monitoring and prediction.
Data assimilation aims at accurate re-analysis, estimation and prediction of an
unknown, true state by merging observed information into a model. This issue arises in
all scientific areas that enjoy a profusion of data. The problem is fundamental yet
challenging as it does not naturally afford a clean solution.
In data assimilation, one prepares the grid data as the best possible estimate of the
true initial state of a considered system by merging various measurements irregularly
distributed in space and time, with a prior knowledge of the state given by a numerical
model. Data assimilation now plays a very important role in studies of earth science
problems to improve forecasting or modeling and increase physical understanding of
considered systems.
Data assimilation can be used for model updating. Basically there are four
methods for model updating ([O’Connell and Clarke, 1981]; [Refsgaard, 1997]),
depending on what factor is considered to be responsible for the discrepancy between
observed and modeled variables. (i) if model input is erroneous or incorrectly defined,
then corrections (e.g. through reanalysis) of the input can improve the model accuracy
(input updating). (ii) if the model suffers from deficiencies, then one could alter the state
of the model so that it comes closer to the observations (state updating), or (iii) one could
change the parameters to better adjust the models to the current information (parameter
updating). (iv) sometimes the model output should be corrected by an integrated error
term in order to approach the observations (error correction). Yang and Michel [2000]
warned that state updating can be justified by lack of knowledge about the initial
conditions for a model, but that with unconstrained state updating, the logic of models is
foregone, while this is exactly the main strength of dynamic assimilation and modeling.

8.2.2

Historical Prospective
Data assimilation techniques for earth sciences were pioneered in meteorology
[Daley, 1991] and are operationally used right now for weather forecast [Gustafsson,
2002]. Mackenzie [2003] illustrated in a very comprehensive way for a broad public of
readers how weather forecasts depend critically on data assimilation techniques. Also in
oceanography [Bennett, 1992] data assimilation has been successfully used for improving
ocean dynamics predictions. Some reviews of applications in these fields were given by
McPherson [1975] and Ghil and Malanotte-Rizzoli [1991]. Ghil and Malanotte-Rizzoli
[1991] and Malanotte-Rizzoli and Tziperman [1996] discussed how the motivations,
models and observations for data assimilation differ in meteorology and oceanography.
Ghil and Malanotte-Rizzoli [1991] indicated that for atmospheric applications, “the
hydrologic cycle is, in fact, the most poorly observed component of atmospheric
motions”.
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8.2.2.1 Data Assimilation in Hydrology
Observations for hydrologic variables were used to be very limited in nature.
Hence hydrologic data assimilation was mostly driven by the availability of the
observations. With the advent of new satellite sensors and technical advances, more and
more data have become available, which will change research directions [Margulis et al.,
2006]. These remotely sensed data can be used as parametric information or input
([Sandholt et al., 2003]; [Bach and Mauser, 2003]; [Schneider, 2003]) in distributed
models, to initialize the state or to be merged with simulation results in order to keep the
simulation on track through state estimation [Kostov and Jackson, 1993]. Besides this use
of remote sensing data for generation of optimal output, it can also be used for validation.
As more hydrologically relevant data become available, more attention goes to the
correct processing, interpretation and use of these data. Walker et al. [2003] gave a brief
history of hydrological data assimilation, focusing on the use and availability of remote
sensing data, and stated that this research field in hydrology is still in its ‘infancy’.
Walker and Houser [2005] gave an overview of hydrologic data assimilation, discussing
different data assimilation methods and several case studies in hydrology. van Loon and
Troch [2001] gave a review of data assimilation applications in hydrology and added a
discussion on challenges facing future hydrological applications. McLaughlin [1995]
reviewed some developments in hydrological data assimilation and McLaughlin [2002]
transferred the options of interpolation, smoothing and filtering for state estimation from
the engineering sciences to hydrological research.
Soil moisture and soil temperature have been the most studied variables for
estimation in land surface models, because of their well known impact on weather
forecasts ([Zhang and Frederiksen, 2003]; [Koster et al., 2004]) and climate predictions
[Dirmeyer, 2000]. Besides these variables, also snow mass and vegetation properties have
received attention. The soil moisture and temperature state of a system are very variable
in all three space dimensions. A complete and detailed assessment of these variables is
consequently a difficult task. Therefore, most studies focus on assimilation in one or two
dimensions (e.g. soil moisture profiles or fields).
McLaughlin [2002] stated that it is “unreasonable to rely on models that relate
each pixel of a large grid to every other pixel” and that data assimilation asks for more
efficient models, using for example model-reduction techniques, multi-scale models or
geometrical rather than traditional differential equations. If an intensive state updating is
needed for good results, the model may simply not be able to produce correct state or flux
values. This is mostly due to inaccurate parameter values. Therefore, assimilation for
parameter estimation is better advised in such cases. The static parameters obtained
through calibration may not always result in a proper model definition, because of the
state and time dependency of parameters or problems in the model structure or input.
Often the residuals show the presence of bias, variation in error (heteroscedasticity) and a
correlation structure. Therefore, it might be advised to update the effective parameters
with information extracted from observations, when they become available. Several
papers reported the use of filtering techniques for parameter estimation ([Katul et al.,
1993]; [Leng and Yeh, 2000]; [Boulet et al., 2002]; [Roux and Dartus, 2005]; [Chen and
Zhang, 2006]). Van Loon and Keesman [2003] found similar results for state
regularization as for parameter regularization only. Probably, a combined state and
parameter estimation [Thiemann et al., 2001] opens most perspectives for good model
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simulations. Two options can be considered for such an approach: (i) joint estimation of
state and parameters, where the state vector is augmented with a parameter vector ([Bras
and Rodriguez-Iturbe, 1985]; [Evensen, 2003]), or the objective function for parameter
optimization is extended for state estimation ([De Lannoy et al., 2006]; [Visser et al.,
2006]) and (ii) dual estimation, using two interactive filters or optimization procedures
([Hebson and Wood, 1985]; [Vrugt et al., 2005]; [Moradkhani et al., 2005a; 2005b];
[Gove and Hollinger, 2006]; [Vrugt et al., 2006]). Another option is to estimate the bias,
as an integrated value for all errors in the parameters, the forcings and the model structure.

8.2.3

Various Data Assimilation Methods

8.2.3.1 Sequential Data Assimilation
Through sequential methods for assimilation, a correction is added to an a priori
(forecasted) state estimate to obtain an a posteriori (analysis) estimate of the true state.
These methods are sometimes referred to as direct observer assimilation methods and are
mostly intermittent. The a priori state estimate, also referred to as background, can be
climatology or a trivial state, a prediction from a forecast model or the output from a
previous analysis. For earth systems, the state vector generally consists of a number of
variables at different locations in space. A logical feature of data assimilation is that in
data rich areas the analysis is dominated by the observations, while in data poor regions
the a priori estimates dominate, but they are improved by the information from
surrounding areas. For distributed models, forecasts are able to propagate information
from data rich to data poor areas (in case these areas are linked somehow through the
model).
8.2.3.1.1 Direct Insertion/Replacement
As is common in practice, observations are assumed to provide the best estimates of a
state and a priori state estimates by the model are simply replaced by the corresponding
observations. The risk of this approach is that unbalanced state estimates may result,
which causes model shocks: the model will attempt to restore the dynamic balance that
would have existed without insertion. The model needs to propagate information towards
unobserved parts of the system. Some applications of this method were described e.g. by
Gauntlett and Seaman [1974], Li and Islam [1999] and Heathman et al. [2003].
8.2.3.1.2 Statistical Correction
Closely related to the method of direct insertion is assimilation by statistical correction
[Houser et al., 1998]. This method adjusts the mean and variance of the model states to
match the statistics describing the observations. The model needs to propagate
information towards unobserved parts of the system. Some practical applications are
described e.g. by Pauwels et al. [2001] and Pauwels et al. [2002].
8.2.3.1.3 Successive Correction
The successive corrections method (SCM) was developed by Bergthorsson and Doos
[1955] and Cressman [1959], and is also known as observation nudging. The scheme
begins with an a priori state estimate (background field) for an individual (scalar)
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variable, which is successively adjusted by nearby observations in a series of iterations
through the data.
The advantage of this method lies in its simplicity and mostly satisfying results. However,
in case of observational error or different sources (and accuracies) of observations, this
scheme is not a good option for assimilation, since information on the observation
accuracy is not accounted for. Further, the radii of influence are user-defined and should
be determined by trial and error or more sophisticated methods that reduce the advantage
of its simplicity. The weighting functions are empirically chosen and are not derived
based on physical or statistical properties. Obviously, this method is not effective in data
sparse regions. Some practical examples are discussed by Bratseth [1986] and Daley
[1991].
8.2.3.1.4 Analysis Correction
The analysis correction method is a modification to the successive correction approach,
in which the observation vector is also successively updated [Lorenc et al., 1991]. In
practice, assumptions to simplify this method result in an update equation which is
equivalent to the one for optimal interpolation.
8.2.3.1.5 Nudging
Nudging [Hoke and Anthes, 1976] or Newtonian relaxation consists of adding a term to
the prognostic model equations that causes the solution to be gradually relaxed towards
the observations. Nudging is very similar to the successive corrections technique and
only differs in the fact that through the numerical model the time dimension is included
[Stauffer and Seaman, 1990].
Two distinct approaches have been developed ([Stauffer and Seaman, 1990]; [Stauffer et
al., 1991]). In the first method (analysis nudging), the nudging term for a given variable
is proportional to the difference between the model simulation at a given grid point and
an ‘analysis’ of observations (i.e. processed observations) calculated at the corresponding
grid point. In the second method (observation nudging), the difference between the model
simulation and the observed state is calculated at the observation locations. To update a
single variable, multiple observations within a preset radius are included. Some examples
of applications of this method are described by Stauffer et al. [1991], Stauffer and
Seaman [1994], Seaman et al. [1995], Houser et al. [1998] and Paniconi et al. [2003].
8.2.3.1.6 Optimal Interpolation (OI)
The optimal interpolation or statistical interpolation method [Daley, 1991] is an
approximation of the Kalman filter. It is also a least squares method. This method differs
from successive correction methods and nudging methods in the fact that the observations
are weighted according to some known or estimated error statistics, rather than by
empirical values. This technique is closely related to kriging. For this method, as for all
methods discussed above, observations are mostly selected only in a limited geometrical
domain around the model variable to be estimated, often by imposing small a priori error
covariances for large separation. When the a priori error covariance matrix is assumed to
be static, it is most often named the background error covariance. Some examples of this
method are discussed by Houser et al. [1998] and Lorenc [1981].
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8.2.3.1.7 Linear Discrete Kalman Filter (KF)
The Kalman filter yields a Best Linear Unbiased Estimator (BLUE) which provides an
optimal estimate ([Jazwinski, 1970]; [Maybeck, 1979]; [Welch and Bishop, 2003];
[Brown and Hwang, 1992]; [Willems, 2003]). Compared to the above methods, the KF
can be defined as an adaptive filter, for which the different factors alter with time or with
the evolving. The naming ‘filter’ refers to the fact that the KF is a low pass filter which
removes noise from the observations. The KF is an optimal recursive filter that does not
need all previous data in storage to be reprocessed every time a new measurement is
available. Per update, all useful information is extracted from the observations.
8.2.3.1.8 Extended Kalman Filter (EKF)
The system and observation errors can be of any dimension as contrast to those defined
for the KF for linear systems with additional noise. There are two possibilities to linearize
the system equation: (i) a linearization about some nominal trajectory in statespace that
does not depend on the measurement data (=linearized Kalman filter) or (ii) linearization
about the trajectory that is continually updated with the state estimates, calculated using
measurements (=extended Kalman filter). The main difference is the way the Jacobian
matrices of the partial derivatives are determined. Once these are known, the procedure is
completely analogous to the basic KF.
8.2.3.1.9 Ensemble Kalman Filter (EnKF)
Both the KF and the EKF explicitly propagate the state error covariance matrices. In case
of non-linearities, these linearized equations are only an approximation. Furthermore, the
integration of covariance matrix is often hardly computationally feasible. Evensen [1994b]
used an ensemble of model trajectories (Monte-Carlo approach, dynamical ensembles) to
determine the error covariances directly from the spread of the states in an ensemble at a
certain point in time, instead of obtaining a value for the error covariance matrix
calculated with an approximate linearized equation. The model error is included in the
ensemble perturbation and its covariance is not explicitly needed anymore for the
propagation of the state error covariances.

8.2.3.2 Variational Assimilation
Variational assimilation is another approach to solve the same state estimation problem.
With this method, the optimal state estimate is chosen as the state vector that minimizes a
cost function. As opposed to the method of the Kalman filter, variational algorithms do
not provide directly an estimate of the analysis error.
Variational data assimilation is formulated as an optimization problem, based on optimal
control theory and can be solved using classical numerical methods, rather than stochastic
calculus in estimation theory. The optimal state, the model solution if the model is
assumed to be perfect (strong constraint), is found in variational data assimilation by
minimizing a cost function that penalizes the distance between observations and model
results. The cost or penalty function is a functional of the state vector (control variable),
that penalizes the misfit between the guess (current analysis) of the true state and two
possible representations of the true state: observations and model forecasts. It is possible
to consider the distances or misfits over a time interval or at one point in time, resulting
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in respectively a smoothing or filtering problem. When dealing with linear models, the
cost function is typically quadratic. However, it should be noticed that non-linear models
lead to non-quadratic cost functions, which -due to the shape- may result in complications
in finding the optimal state. There are 2 standard formulations of the minimization
problem: strong and weak constraint formulations. In case the model is assumed to be
‘perfect’, the optimal state to be found will be an exact solution of the model dynamics: a
strong constraint [Le Dimet and Talagrand, 1986] is imposed to the inverse problem. This
leads to the most compact formulation of the cost function. Possible additional
constraints can be added in the cost function, taking into account e.g. model error.
Expansion of classic inverse problems to the weak constraint fit [Sasaki, 1970] of both
model dynamics and observations leads to generalized inverse problems [Bennett, 1992].
In the weak constraint formulation, prespecified weights are often used in the cost
functional.
There are basically 2 ways to find the optimal state in variational assimilation. Direct
minimization of the cost function (e.g., Liang [2004]) uses mostly iterative descent
algorithms. This involves evaluations of the cost function and its gradient and iterative
updates of the state at a given instant or at the beginning of the variational assimilation
window for smoothing (4D-Var). Usually, the state is updated by adding a correction
proportional to the gradient of the cost function with a magnitude that corresponds to the
vector form of the usual derivative, as in the steepest descent method. A more efficient
but similar descent method is the conjugate gradient method. Other direct minimization
techniques are Newton and quasi-Newton methods, simulated annealing and genetic
algorithms. Simulated annealing is especially well suited for strongly nonlinear inverse
problems, where methods like gradient descent tend to fail [Evensen, 1994a]. Adjoint
techniques, as used in 4D-Var (strong constraint), offer an efficient method to solve the
gradient and can be readily derived using calculus of variations. Courtier et al. [1993]
compiled a list of literature references addressing mainly applications of adjoint
equations to meteorological problems.
Another approach to the minimization problem is to obtain extrema by setting the
variation of the cost function to 0, leading to Euler-Lagrange equations. In case of a weak
constraint problem, model error typically couples the state evolution in the EulerLagrange equations with the adjoint evolution. The representer technique [Reichle, 2000]
is an optimal method to solve this kind of problem in case the model is linear. For nonlinear dynamics, an iteration technique with linearization is used.
8.2.3.2.1 Three-Dimensional Variational Assimilation (3D-Var)
In 3D-Var, the 3D refers to the 3 dimensions in space that may be covered by the system
state. The state vector is the control vector which will minimize the cost function and
yields the a posteriori estimate that best fits the background information as well as the
observations, given their degrees of accuracy.
8.2.3.2.2 Four-Dimensional Variational Assimilation (4D-Var)
4D-Var is an extension of 3D-Var, by including a time dimension. It is sometimes
referred to as a dynamic observer assimilation method and it can be considered as an
optimization problem in which the state at the beginning of the assimilation window is to
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be found by minimizing the a priori residuals (difference of observation and forecasts)
over that time window.

8.2.4

Kalman Filter versus Variational Data Assimilation

The 4D-Var method and the Kalman filter yield the same result at the last moment of
assimilation, given a finite time interval for modeling and assuming a perfect model.
Inside the time interval, 4D-Var is more optimal, because it uses all observations at once
(before and after the time step of analysis), i.e. it is a smoother. A disadvantage of
sequential methods is the discontinuity in the corrections, which causes model chocks.
Through variational methods, there is a larger potential for dynamically based balanced
analyses, which will always be situated within the model climatology. Operational 4DVar assumes perfect models: no model error can be included. With inclusion of model
error, coupled equations are to be solved for minimization. Through Kalman filtering it is
in general simpler to account for model error.
Both the Kalman filter and 3D/4D-Var rely on the validity of the linearity assumption.
Adjoints depend on this assumption and incremental 4D-Var is even more sensitive to
linearity. Uncertainty estimates via the Hessian are critically dependent on a valid
linearization. Further, with variational assimilation it is more difficult to obtain an
estimate of the quality of the analysis or of the state’s uncertainty after updating.
In the framework of estimation theory, the goal of variational assimilation is the
estimation of the conditional mode (maximum a posteriori probability) estimate, while
for the Kalman filter the conditional mean (minimum variance) estimate is sought.
Hybrid assimilation methods have been explored, in which a sequential method is used to
produce the a priori state error or background error covariance for variational assimilation.

8.3

Algorithm Description

8.3.1

Physical Description of EnKF Algorithm
Ensemble Kalman Filter (EnKF) is an optimal sequential data assimilation
method. EnKF has recently been used by many researchers ([Walker and Houser, 2001];
[Reichle and Koster, 2005]) for the hydrologic data assimilation study. It has better
performance over the other data assimilation method such as Extended Kalman Filter
(EKF). A schematic diagram of the EnKF is shown in Figure 8.1.
The EnKF works sequentially from one measurement time to the next, applying in turn a
forecast step and an update step [Reichle et al., 2002]. During the forecast step, the EnKF
propagates an ensemble of state vectors in parallel (from time step tk to tk+1) using the
Monte Carlo approach rather than a single discrete forecast of covariances. Each state
vector represents a particular realization of the possible model trajectories generated
using different initial conditions and forcing, different parameters and/or models,
different model error (e.g. additive/multiplicative), etc., in order to get a representative
spread of state forecasts amongst the ensemble members. While this is a quite straight
forward, the question is what model error w to apply, and how, is still a major unknown.
Moreover, special care is required when the number of ensembles is less than the number
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of observations. The EnKF avoids the expensive integration of the state error covariance
matrix but computes it instead diagnostically from the distribution of the model states
across the ensemble. However the computational efficiency depends on the number of
ensembles used in the EnKF. During the update step (at time step tk+1), the EnKF updates
each ensemble member separately, using the observation and the diagnosed state error
covariance. In the EnKF, the reduction of the uncertainty is reflected in the reduction of
the ensemble spread. The EnKF state estimate is given by the mean of the ensemble
members.
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Figure 8.1 A schematic diagram of the Ensemble Kalman Filter (EnKF; after Reichle et al.
[2002b]).

8.3.2 Mathematical Description of Algorithm
8.3.2.1 Land Surface System
Any hydrologic data assimilation system typically requires a state of the art land
surface model, observation data of the variable of interest and a data assimilation
algorithm.
Land surface hydrology process models are typically nonlinear, and can be
considered to forecast the system state vector x at time k+1 as a function of the system
state vector estimate at the previous time step k and a forcing vector u. The model state
forecast is subject to a model error vector w, which represents errors in the model forcing
data, initial conditions, parameters and physics. As a result the state is a random variable
and cannot be calculated as a classical solution of the deterministic system equations. The
state propagation equation is given by

xk +1 = f k ( xk , uk ) + wk

(8.1)
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where xk is the prognostic state variable vector at time ‘k’, f (.) is the nonlinear forward
operator which mostly includes the forcing data and wk is the model error which includes
all the uncertainties in the model or the forcing data and is assume additive for simplicity.
This equation can be linearized to obtain the ‘tangent linear model’ as

xk +1 = Fk xk + Bk uk + wk

(8.2)

The state space equation is subject to the initial state vector

x̂0 = x0 + e0

(8.3)

which is an approximation of the truth x and an error vector e at time step k=0.
The observations at any time ‘k+1’ can be put together into an observation vector
yk+1. The relationship of this observation vector to the model state vector can be
expressed as:

yk +1 = hk +1 ( xk +1 ) + vk +1

(8.4)

where hk+1 is a nonlinear operator which relates the system state to the output observation,
yk+1 is the actual observation and vk+1 is an error vector (assumed additive for simplicity).
This equation can also be linearized as

yk +1 = H k +1 xk +1 + vk +1

(8.5)

A typical observation system in hydrological applications is the transformation hk+1 of
land surface model state variables (xk+1, e.g. soil moisture) to the actual values measured
by satellites (yk+1, e.g. brightness temperature), based on radiative transfer theory.
There are few assumptions used in linear optimal assimilation approaches: e0, wk
and vk+1 are (i) gaussian in nature with mean zero and covariance vectors P0, Qk and Rk+1
respectively; (ii) random (white noise), i.e. they are uncorrelated in time and (iii)
mutually independent.

E ( wk ) = 0
E (e0 ) = 0
E (vk +1 ) = 0

E ( wk wkT ) = Qk
E (e0 e0T ) = P0
E (vk +1 vkT+1 ) = Rk

(8.6)

where E(.) is the expectation operator. The assumption that observational and model
errors are unbiased relative to each other and the ‘truth’ is the most restrictive assumption,
the most commonly violated assumption, and the most detrimental assumption in terms
of predictive performance.
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8.3.2.2 EnKF Technique
EnKF assimilation method consists of two steps, (a) the forecast or propagation
step and (b) the update step. During the forecast step, the EnKF propagates an ensemble
of state vectors in parallel (each state vectors represent a realization of the Equation (8.1))
i+

from the initial state estimate at time ‘k’ ( xk ) to give a model forecast at time ‘k+1’
i−

( x k +1 ) which can be represented as:

xki −+1 = f k ( xki + , uki ) + wki

i = 1, 2, ..., N (number of ensembles)

(8.7)

During the update stage, the EnKF first calculates the diagnosed state error
−

covariance ( Pk +1 ) and Kalman gain ( K k + 1 ) from the spread of the model ensemble
forecasts and the observation error covariance using the equations described in Equations
(8.8)~(8.11).
(8.8)
1
−
T

Pk +1 =

N −1

Z k +1 Z k +1

K k +1 = Pk−+1 H kT+1 [ H k +1 Pk−+1 H kT+1 + Rk +1 ]−1

(8.9)

where,

Z k +1 = [ x1k−+1 −xk−+1 ,................, xkN+−1 −xk−+1 ]
x

−
k +1

1
=
N

N

∑x
i =1

i−
k +1

(8.10)

(8.11)

Z kT+1 = the transpose of Z k +1
EnKF then updates each model ensemble member prediction separately using the
model forecast states and the observations through Equation (8.12).

xki ++1 = xki −+1 + K k +1 [ yk +1 − H k +1 xki −+1 + vki +1 ]

i = 1, 2,……, N
(8.12)

The accurate estimation of the state error covariance depends on the size of the
ensemble members. The spread of the ensemble decreases and hence the uncertainty
associated with the ensembles also decreases after the update stage. The EnKF state
estimate at any time step is the mean of the ensemble members.

8.3.3 Bias in Data Assimilation
A first difficult assumption in hydrologic data assimilation is that the data as well as the
model are unbiased (first order error statistic) and only perturbed by some zero mean
white random error.
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8.3.3.1 Observation Bias
Bias in observations reflects instrumental inaccuracies and representativeness
error. After decent quality control of data, one can usually assure that the observations are
unbiased. However, it is not possible to find a system identification procedure that is able
to yield a model that never generates (temporally) biased forecasts. Model forecasts, are
hardly ever unbiased. The model often differs from the actual climatology. Details on the
model error depend on the particularities of the model producing the forecasts (e.g.
parameters, discretization) and also on the analysis used to initialize the model, which is
influenced by observations in a cyclic data assimilation system. In general, model error
consists in persistent model bias and a random component. Under the condition that
observations are unbiased, it is relatively easy to account for forecast bias in an
assimilation scheme.
The most practical way to deal with observation errors, is to perform a thorough
quality control and to preprocess the observations where needed to reduce persistent
observation bias to a minimum. This way the remaining differences between observations
and model data can be attributed to forecast bias. Usually the removal of biases can be
guaranteed by instrumentation calibration and intercomparison of different sources of
observations. Observation bias can be taken into account in the assimilation scheme.
The buddy check ([Lorenc, 1981]; [Andersson and Jarvinen, 1999]) is a way to do
quality control of observations by testing the extent to which suspect observations are
supported by their ‘buddies’, which are nearby observations that are not suspected. This
is done by predicting the values of the suspect data from the buddies and judging about
the discrepancy between the predictions and the observed data. Dee et al. [2001]
proposed a new buddy check algorithm for which the rejection limits for outlier
observations were adapted to the actual variability of surrounding data (buddies).
Thacker [2003] examined the model-data-error compatibility and stated that the
confidence intervals for the observation and the model counterpart should not be widely
separated. The Mahalonobis length (e.g. Clark et al. [1993]), i.e. the distance between
data and the model counterpart scaled by the statistical variation in each component of
the vector, was proposed as a natural definition of an incompatibility distance.
Mahalanobis distances provide a powerful method of measuring how similar a set of
conditions is to an ideal set of conditions. Once a user-defined maximum distance is
exceeded, one can argue that the model, data and errors are incompatible and hence that
the observations under consideration should be excluded from the analysis or that a bias
estimation is needed. Otherwise, a systematic modeling problem is encountered.
8.3.3.2 Model and Innovation Bias
Model bias can be present in the forecast as well as in the analysis. An a
priori/forecast estimation is biased if the mean (a priori/forecast) estimation error is nonzero. Following Daley [1992a] and Daley [1992b] a priori/forecast error can be
subdivided into 2 components: (1) a component due to error in the initial conditions or
the a posteriori/analysis error at the previous analysis time, i.e. predictability error, and (2)
a component due to imperfections in the model. Analogously to the a priori estimation
error, the a posteriori/analysis estimation is biased if the mean a posteriori estimation
error is non-zero. Dee and da Silva [1998] stressed that an unbiased analysis can only be
produced if explicit estimates of forecast bias and observation bias are available.
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The innovation (difference between observed and the forecast residual) contains
bias, when the observation or/and the forecast is/are biased.
Neglecting forecast and observational bias inevitably results in a biased analysis,
even though a particular gain matrix can be calculated that results in the smallest total
root mean squared analysis error in the presence of bias. It is possible to reduce bias only
at the expense of increasing the noise on the a posteriori estimate (analysis), as expressed
by the a posteriori error covariances.
8.3.3.3 Bias Estimation
8.3.3.3.1 Augmented State Filter
A common practice has been to augment the state vector of the original state
estimation problem by adding some uncertain parameters that are designated as bias
terms. This is described in extensu by [Jazwinski, 1970] and was already tested with
ensemble Kalman filter methods [Evensen, 2003], including studies with different types
of specific bias models [Baek et al., 2006], and more general model error processes as
discussed by Zupanski and Zupanski [2006] and Reichle et al. [2002a] for soil moisture
assimilation in particular. State augmentation has also been applied to include model
error in variational assimilation approaches ([Griffith and Nichols, 2000]; [Nichols,
2002a; 2002b]). A practical problem arises when the number of model error terms is on
the order of the number of state variables and the augmented state vector becomes so
large that filter computations become excessive. To keep the size of the augmented
control vector manageable, often only the random, systematic, or time-correlated part is
included [Vidard et al., 2004]. Another drawback of state augmentation is the difficulty to
change an existing state estimation algorithm.
8.3.3.3.2 Separate Bias Estimation
Friedland [1969] presented a technique, known as the ‘separate-bias estimation’,
where the estimation of a bias (parameter) vector was essentially decoupled from the
computation of the bias-blind estimate of the state. The separate bias estimation
algorithm is based on zero cross-correlation between the a priori state and bias estimation
errors. The estimation of the bias vector as described by Friedland [1969] was equivalent
to the estimation of a constant that is observed through white noise [Friedland, 1978].
Dee and da Silva [1998] made a link between the bias parameter estimation explained in
the work of Friedland [1969] and the estimation of the forecast bias.
Dee and da Silva [1998] presented three practical methods of bias estimation,
working with unbiased observations only: (i) Off-line forecast bias estimation, (ii) Online forecast bias estimation and correction and (iii) On-line forecast bias estimation and
correction with feedback.

8.4 Data Assimilation for Water Cycle Variables
The data assimilation set of products for the water cycle variables will include
precipitation, soil moisture, snow, evapotranspiration and reservoir storage and discharge.
We require a state of the art land surface model and a reliable observation dataset for the
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variable of interest to perform the data assimilation. The Pathfinder water cycle forcing
variables will be extended through this current project for the period of 1950 to 2008
which will be used to simulate the land surface model to produce other terrestrial water
cycle variables. But the time range of each observation data product (which will also be
produced through this current project) for different water cycle variable will vary from
each other depending on the availability of the observations. Hence the time range of the
assimilated terrestrial water cycle data products will depend on the time period of the
observation datasets. We will adopt the Ensemble Kalman Filter (EnKF) data
assimilation algorithm for the data assimilation study because of its wide popularity,
better performance over other optimal DA algorithms and computational efficiency. We
will use the Variable Infiltration Capacity (VIC) land surface model for the data
assimilation work. A brief description of the VIC model is provided here. For the detailed
description of the VIC model, please refer to the Land Surface Model Terrestrial Water
Cycle data product ATBD.
Data assimilation provides a framework to merge satellite observations and land
surface model predictions to estimate the variable of interest in a way that accounts f or
both model and observation errors. The open-loop simulation (without data assimilation)
represents model uncertainties through an ensemble of model states, where each
ensemble corresponds to a different realization of the forcing fields that will drive the
VIC model. Model uncertainty can emanate from errors in forcings (boundary inflows)
and model parameters/formulation. Generally the ensemble of model states is generated
by treating model forcings and/or parameters as stochastic variables. The ensemble
members required for the EnKF technique will be generated by including different
additive and multiplicative errors in the input pathfinder forcing variables such as
precipitation, incoming solar radiation etc. Through assimilation update, the state
variables for all the three soil layers (moisture and temperature) will individually be
updated.
Data assimilation will be performed for each variable separately and all the associated
state variables along with the variable of interest will be updated simultaneously during
the data assimilation.

8.4.1

Variable Infiltration Capacity (VIC) Land Surface Model
The variable infiltration capacity (VIC) model was developed at the University of
Washington and Princeton University ([Liang et al., 1994; 1996a; 1996b]). It is a
macroscale hydrologic model, which solves the full energy and water balance on a grid
cell basis. In general, VIC simulates the physical processes of moisture state changes and
the related partitioning of energy fluxes. VIC’s distinguishing hydrologic features are its
representation of subgrid variability in soil storage capacity as a spatial probability
distribution, to which surface runoff is related [Zhao et al., 1980], and its
parameterization of base flow, which is represented in the lower soil moisture zone as a
nonlinear recession [Dumenil and Todini, 1992]. Subgrid-scale variability in soil
properties is represented in VIC by a spatially varying infiltration capacity. Thus the
spatial variability in soil properties and topographic effects at scales smaller than the grid
scale are represented statistically, without assigning infiltration parameters to specific
subgrid locations. VIC uses three vertical soil layers. VIC employs two snow layers of
variable thickness. The upper thin snow layer is used to solve the surface energy balance
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while the lower layer is used to simulate deeper snowpacks. The model closes the
surface energy budget by iterating for surface temperature. VIC runs full energy physics,
which means that snowpack thermodynamic processes are coupled into the energy
transfer processes of the entire model [Cherkauer and Lettenmaier, 1999]. The model has
been widely applied to large continental river basins, for example, the Columbia [Nijssen
et al., 1997], the Arkansas-Red ([Abdulla et al., 1996]; [Wood et al., 1997]), and the
Upper Mississippi [Cherkauer and Lettenmaier, 1999], as well as at continental scales
(the 50-year retrospective NLDAS activities ([Maurer et al., 2002]; [Roads et al., 2003])
and global scales [Nijssen et al., 2001].

8.4.2

Ensemble Multiscale Filter (EnMSF)
The advantage of using the EnMSF is that it combines the power/advantages of
both EnKF and multiscale methods (Multiscale Autoregressive Algorithm (MAR)). The
multiscale structure of states is perhaps the most utilized area, because a wide range of
natural processes show multiscale properties in space/time. What makes the MAR
framework more powerful is the filtering procedure developed for multiscale state
systems [Kumar, 1999], which replaces a high-dimensional filtering problem with many
low-dimensional localized filtering problems defined across spatial scales and that
provides an extremely efficient solution to high-dimensional filtering problems. The
EnMSF is very suitable for hydrologic applications because optimal state estimation
problems in hydrology have nonlinear dynamics and are usually solved using an
ensemble (or Monte Carlo) algorithm [Crow and Wood, 2003]. The MAR algorithm is
fully established in Zhou et al., 2008, including both the identification of the multiscale
structure from input state ensembles using the method of maximum predictive efficiency
(MPE) [Frakt and Willsky, 2001] and the two-sweep filtering procedure operating on
state ensembles across scales. The formulation to handle measurements from coarser
scales is also introduced, and a data assimilation experiment on a numerical model
solving Navier-Stokes equations in a rectangular domain is performed in Zhou et al.,
2008.
The EnMSF has recently been implemented in the VIC model for data
assimilation. The synthetic experiments conducted with different data assimilation
algorithms in VIC verified that the EnMSF produces reasonable results compared to the
results from other data assimilation algorithms, but with less computational cost. Please
see Pan et al. (2009) for details on the EnMSF implementation in VIC and the synthetic
experiment results.
8.4.3 Soil Moisture
8.4.3.1 Input Observation Data
For soil moisture data assimilation, the required observed soil moisture will be
retrieved from passive microwave brightness temperatures measured from the 6 and 10
GHz radiometers on the SMMR, TRMM, and AMSR-E satellite sensors in this current
project. The retrieval algorithm is based on Princeton’s Land Surface Microwave
Emission Model (LSMEM) [Gao et al., 2006]. Retrievals with LSMEM (e.g. [Gao et al.,
2006]; [McCabe et al., 2005]), as well as comparisons by Crow [2007] of LSMEM
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retrievals with NASA’s standard AMSR-E level-3 retrieved product [Njoku et al., 2003]
and with TMI retrievals show that LSMEM is highly skillful, especially over landcovers
with vegetation water contents below about 2.5 to 3 kg/m2. The retrieval algorithm is
based on a semi- empirical model for passive microwave brightness temperatures
observed at the top of the atmosphere (TOA) as proposed by Kerr and Njoku [1990].
Thus, LSMEM predicts TOA horizontally-polarized brightness temperature (Tb-H) based
on surface soil moisture, surface temperature, and surface soil and vegetation
characteristics, with the total brightness temperature being a weighted average of
radiation originating from bare soil and from vegetation covered soils. For retrievals, an
initial soil moisture estimate is provided and an optimization search algorithm iterates on
this until the predicted and satellite observed brightness temperatures match.
LSMEM comprises a set of parameterizations for the key components, which
include the atmospheric optical depth and emissions; surface roughness (from
[Choudhury et al., 1979]); soil texture; vegetation structure and single scattering albedo
(from [Jackson and Schmugge, 1991]); vegetation fraction and water content based on
NDVI following Chang and Wetzel [1991]; and water fractional coverage from land
cover maps.
The observed soil moisture will cover the whole globe for the time period from
1978 to 2008. The spatial and temporal resolution will be ¼ degree and daily respectively.
8.4.3.2 Data Assimilation
The VIC land surface model will be simulated using the extended pathfinder
forcing datasets. Soil moisture is a model output variable. The satellite observed soil
moisture datasets produced in this project will be assimilated to the top layer soil
moisture using the EnKF technique whenever and wherever the observation is available.
The moisture in the subsurface layers will also be updated during the data assimilation.
Special care will be given to take care of the water budget closure during the data
assimilation. A bias correction method will be applied if a significant bias is found
between the model simulated soil moisture and the observed soil moisture data sets.

8.4.4 Snow
8.4.4.1 Input Observation Data
For data assimilation purpose, we will use the constructed observed Snow Cover
Extent (SCE) product which will be generated during this project. This constructed SCE
product will use two sources of satellite snow cover. The primary product will be the
NOAA/NESDIS global snow cover extent (SCE) product, constructed from AVHRR,
GOES, and other visible sensors updated weekly from late 1978 through 2005 (likely to
be updated over the course of the project) at 25 km EASE grid projection for the northern
hemisphere. These data report presence/absence of snow only. From 2000 on (depending
on certain complications in the early years of the record) a MODIS-based global product
at 1/20 degree (NOD10C2) is available from the National Snow and Ice Data Center as
an 8-day composite. It is based on aggregation of a much higher resolution 500 m
MODIS product, and in general is expected to be superior to the NESDIS product
(particularly in forested areas, as shown by Maurer et al [2002]).
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8.4.4.2 Data Assimilation
The VIC model calculates SWE. Hence the SCE will be calculated from the SWE
either using the model internal conversion equation or the empirical equation derived
from the observations. The latter one is better because it involves the real observations
and we will implement that one. To do so, we will plot the observed cloud free SWE and
the SCE from satellites (e.g. MODIS or AVHRR) or ground observations (e.g. SNOTEL
sites) and find the empirical relationship between the two observed variables. We will
apply that empirical equation in the VIC model to convert SWE to SCE at each time step.
The ensemble members for the EnKF will be generated by adding noise to the
input forcing variables for the VIC model as explained above in the soil moisture data
assimilation section. The MODIS SCE will be assimilated to the VIC model derived SCE
during the data assimilation whenever the MODIS SCE will be available. Since SWE and
the snow depth (SD) are the VIC model state variables for snow, we will update the VIC
model SCE and both the state variables simultaneously during data assimilation. The
error covariance matrix used in the Kalman Filter will incorporate the errors associated
with the model SCE and both the state variables while calculating the Kalman gain.
Hence the Kalman gain/update will be applied to all the variables simultaneously. Since
we will be using the Kalman Filter, the SCE values will be fractional (no logical
presence-absence values).

8.4.5 Evapotranspiration
8.4.5.1 Input Observation Data
For data assimilation, we need use the observed evapotranspiration (ET) data set.
This observed terrestrial ET data set will be produced in this project using the 0.5-degree
ISCCP-DX surface radiation data set being produced as part of this project as well. The
satellite-based algorithm called the Surface Energy Budget System (SEBS) of Su (2002)
will be used in this project to generate the observed ET data. A core parameterization in
SEBS is for the computation of the sensible heat flux H based on surface turbulence
theory. The sensible heat flux is solved as a function of the potential temperature gradient
at the surface, surface characteristics (vegetation and surface roughness) that
parameterizes the zero plane displacement and roughness heights for momentum and heat
transfer. In SEBS, model output can be constrained by considering dry-limit and wetlimit conditions, which give the upper (lower) boundary of sensible heat flux estimation,
Hdry (Hwet), and the reader is directed to Su [2002] for complete details. Under the drylimit, evapotranspiration (latent heat) is assumed to be some minimum value, often zero,
due to the limitation of soil moisture and the sensible heat flux is at its maximum value,
which is the available energy. Under the wet-limit, the evaporation takes place at a
potential rate, limited by the available energy under the given surface and atmospheric
conditions and can be estimated using a Penman-Monteith parameterization [Monteith,
1981]. These dry and wet limit constraints, with the computed actual sensible heat from
above, allow the computation of an evaporative fraction and actual evpotranspiration.
The data sets required to generate the ET using the SEBS method will be 1.
surface radiation, from the ISCCP-DX data set. 2. surface meteorological data (air
temperature, pressure, wind and vapor pressure) from the metrological forcing data set
for the land surface model; 3. vegetation parameters (vegetation type, height, LAI),
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albedo, emissivity from the land surface; and 4. surface temperature, from the VIC land
surface model.
8.4.5.2 Data Assimilation
The observed ET data (discussed in the above section) will be assimilated to the
ET data calculated by the VIC model (which uses the Penman-Monteith parameterization)
using the Kalman Filter whenever and wherever the observations will be available. The
ensembles required for the EnKF algorithm will be generated by adding uncertainties in
the input forcing variables for the VIC model as described above in the soil moisture data
assimilation section. Since the ET is related to the model state variables surface
temperature and the root zone soil moisture, these two state variables will be updated
simultaneously through the Kalman gain along with the ET. The error covariance matrix
required to calculate the Kalman gain will incorporate both the state variables and the ET.
One major problem in our EnKF data assimilation will be that the basic assumption “the
errors in the observations and the model forecast are uncorrelated” will be violated since
the observations used to update the VIC model ET will also be generated from the same
VIC surface temperature data which will also be used for the model ET forecast. There
are couple of ways to deal with this problem: (1) generate the observed ET using the
surface temperature from another land surface model except VIC or (2) use different
model parameters and other model internal coefficients in VIC while creating the surface
temperatures to calculated the observed ET and the model ET forecast. The idea here is to
reduce the correlation between the errors in the observed ET and the model forecast ET
so that the basic uncorrelated error assumption between the observations and the model
forecast for the EnKF can be applied.

8.4.6 Reservoir Storage and Discharge
8.4.6.1 Input Observation Data
For this data assimilated product, we will use the observation datasets that will
include – water storage in major man-made reservoirs and consumptive water use
through irrigation. In the case of reservoir storage, we will utilize, as did Haddeland et al
[2006a] the data set of large reservoir characteristics from the International Commission
on Large Dams (ICOLD, 2003) which consists of the ~2500 largest reservoirs globally.
We will correct the model estimates using satellite altimetry data where they exist.
Although existing satellite altimeters are designed for oceanographic, rather than inland
water applications, for cases where altimeter tracks (all current generation altimeters are
nadir pointing, hence produce estimates of water surface altimetry in the vicinity of the
nadir track) fortuitously cross major reservoirs, it is possible to assemble time series of
inland water (reservoir in our case) stage. This has been done in two data sets that we
will utilize – one assembled by Dr. Charon Birkett at GSFC, and archived as the U.S.
Department
of
Agriculture’s
Global
Reservoir
and
Lake
Monitor
(www.pecad.fas.usda.gov/cropexplorer/glob al_reservoir) and the other prepared by the
French Space Agency (CNES) under the name “Surface water monitoring by satellite
altimetry” (www.legos.obs- mip.fr/soa/hydrologie/hydroweb). By combining these data
with surface water extent observations from e.g. MODIS, AVHRR, and other sensors
(limited of course to clear sky conditions), we will compute reservoir storage changes
over time, and over a period of years, to estimate (using geometric arguments advanced
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by [Haddeland et al, 2006b]) reservoir storage below the lowest observed reservoir stage,
and hence construct time series of total reservoir storage.
8.4.6.2 Modeling Component
Incorporation of observations for the water storage and discharge will be made
feasible by recent enhancements to the VIC model by Haddeland et al [2006a; b]. We
will utilize the extended VIC routing algorithm described in Haddeland et al [2006b] to
produce a model-derived data set of reservoir storage for the entire period for which VIC
forcing data exist. The algorithm considers three basic reservoir operating purposes:
water supply, hydroelectric power generation, and flood control.
For model discharge, VIC model will be combined with a raster based
hydrodynamic model called LISFLOOD_FP of Bates and de Roo [2000] which can
simulate spatially and temporally continuous discharge. LIS FLOOD-FP is a twodimensional hydrodynamics model that is designed to estimate floodplain inundation
over complex topography [Bates and de Roo, 2000]. LISFLOOD-FP couples two
modeling approaches: one-dimensional finite difference solution to a kinematic wave
approximation for channel flow, and a two-dimensional diffusion wave representation of
flood plain flow. The solution of the latter is simplified by decoupling the x- and ycomponents of the flow [Horritt and Bates, 2001]. Inputs to the model include slopes and
elevations of the domain derived from the Shuttle Radar Topography Mission (SRTM) 1
arc-sec DEM, channel characteristics (width and roughness) taken from the National
Hydrography Data set, and upstream and lateral inflow discharge hydrographs. Boundary
inflows will be produced using VIC, implemented at a 3-hourly time step as described by
Maurer et al. [2002].
8.4.6.3 Merging approach
We will combine model simulations and observations of reservoir storage using a
very simple assimilation approach as follows. We will undertake an uncertainty analysis
of estimates of reservoir storage derived from existing satellite altimetry, where available.
This analysis should be quite straightforward, as error characteristics of satellite altimetry
have been estimated, either directly or indirectly, by several authors [see e.g. Coe and
Birkett, 2004]. Furthermore, it is possible to estimate the uncertainty in MODIS and
AVHRR-based estimates of reservoir surface extent, through comparison with higher
resolution optical sensors (e.g., Landsat TM). Through combination of these two sources
of error, we will be able to derive estimates of the errors in reservoir storage. Given the
necessity for the assumptions outlined above in the reservoir model, we expect that the
satellite-based observations of reservoir storage, where available, will have errors
considerably less than those of the model estimates. However, by using the satellite
estimates to constrain the reservoir model (which we will implement in a smoothing
mode, i.e., proceeding both forward and backward in time) we expect to greatly improve
the temporal resolution of the reservoir storage estimates. Furthermore, we will use the
satellite storage information to improve the reservoir model in cases where there is clear
divergence between the satellite and model estimates. As for other reconstructed water
cycle variables, prior to the availability of satellite altimetry data, reservoir storage
estimates will be based entirely on model output.
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8.5

Validation of the Assimilated Products
The EnKF data assimilation algorithm has been implemented in the VIC model to
assimilate observations into the VIC model for the water cycle variables ([Andreadis and
Lettermaier, 2006]; [Pan and Wood, 2006]; [Andreadis et al., 2007]). The assimilated
water cycle data products from the VIC model have been validated extensively [Pan et al.,
2008]. We will use various in-situ and satellite observations to validate the assimilated
products which we will generate through this project. A detailed description of the
validation strategy will be provided later.
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