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ABSTRACT 

 The hydrological components of land surface climate models have increased 

greatly in complexity over the past decade, from simple bucket models to multilayer 

models including separate and distinct soil water and ground water components.  While 

the parameterizations included in these models have also increased in complexity, the 

fundamental ability of the numerical solution for the vertical movement of soil water in 

the Community Land Model (or other land surface models) to simply maintain the 

hydrostatic solution of the original partial differential equation has yet to be determined.  

Also, the ability of current generation reanalysis products to simulate near surface 

quantities as gauged by flux tower measurements has yet to be determined. 

 This study demonstrates that the numerical solution as used in CLM3.5 cannot 

maintain the hydrostatic state.  An alternate form of the equation, titled the Modified 

Richards equation is presented so that the numerical solution maintains steady state 

solutions.  Also, an improved and simple bottom boundary condition is derived that itself  

doesn't destroy hydrostatic initial conditions.  The new solution is demonstrated to be as 

accurate as proven numerical solutions while being one to three orders more 

computationally efficient.  The Modified Richards equation together with the new bottom 

boundary condition is shown to improve the ability of CLM to simulate soil water, water 

table depth, and near surface turbulent fluxes. 

 Comparison with flux tower observations shows that ERA-Interim better 

simulates near surface temperature and wind speed than other current generation 

reanalysis products.  Reanalysis products are able to reproduce the flux tower 
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observations on monthly timescales, and the errors between the products and the 

measurements are primarily due to biases.  However, at six hourly timescales the errors 

are not only larger but also caused primarily by a lack of correlation with the 

observations. 
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INTRODUCTION 

 

Background and Rational 

 This dissertation research is primarily focused on improving both the accuracy 

and physical realism of land surface climate models, with specific attention paid to the 

numerical solution of vertical soil moisture transport and to the quality of the forcing data 

typically used to drive land surface models on a global scale.  The unique contribution to 

the scientific community of my work is 1)  a theoretically derived, physically and 

numerically correct method of solving the Richards equation that is both accurate and 

much more computationally efficient as compared to previous solutions from both the 

land surface modeling and groundwater communities, 2) a simple and effective bottom 

boundary condition for use in the solution in climate and weather forecasting models that 

couples near surface soil moisture to groundwater, and 3)  the evaluation of various 

reanalysis products from different international centers with a focus on the various 

products validity for use in forcing land surface models. 

 Recent research has highlighted the need to not only predict the anthropogenic 

impact on climate but also to understand the physical processes involved in climate 

(IPCC, 2007).  Land surface models are an important tool for both predicting climate and 

also reconstructing past climate states when observations are scarce (Dirmeyer et al. 

1999).  Of all of the factors that determine climate, the land surface is of significance due 

to the fact that it provides fluxes of water, energy, and trace constituents to the 

atmosphere (Koster et al., 2006; Wang et al., 2008; Bosilovich and Schubert, 2002) which 
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alter the state of the atmosphere.  The importance of soil moisture in altering large-scale 

circulations has been known for decades due to the direct impact it has on 

evapotranspiration (Shukla and Mintz, 1982; Milly, 1992, Dirmeyer et al. 2000).  Apart 

from the  impact of soil moisture on large-scale circulations, the direct coupling of soil 

moisture and precipitation has been studied extensively through observations, theoretical 

work, and direct numerical simulation (e.g., Betts et al. 1996; Findell and Eltahir 2003 ; 

Eltahir, 1998 ; Dirmeyer, 1994; Lau and Bua 1998; Xue et al. 2001, 2004 ; Guo et al., 

2006).  While the actual strength of the coupling differs depending on the region studied, 

the consensus is that soil moisture does couple to and alter precipitation and climate.  

Aside from the direct coupling of soil moisture to climate, its importance is also seen due 

to its role in the global nitrogen and carbon cycles (Thorton and Zimmermann, 2007; 

Bonan and Levis, 2006).  Coupling a land model to an atmospheric model to study 

climate therefore requires accurate simulation of soil moisture processes in the land 

model.   While accurate representations of soil moisture processes are necessary, other 

factors also limit a model’s ability to simulate the climate (whether it be past or future).  

When run in an offline mode and forced with reanalysis data, land surface models are 

adversely effected by spurious changes in forcing data and therefore can be of limited use 

in climate change studies (Qian et al. 2006).  Besides temporal inconsistencies, model 

simulated fields are sensitive to large biases in forcing data (Berg et al., 2003). 

 Due to the importance of soil moisture in climate there has been much recent 

research that focused on including all aspects of the hydrological cycle into land models.  

The earliest land surface models, such as the original Simple Biosphere (SiB) model, 
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didn't include vertical movement of soil water and instead simply used a bucket type 

model (Sato et al. 1988).  Later, when coupled to the Biosphere Atmosphere Transfer 

Scheme (BATS), the representation of soil water in the National Center for Atmospheric 

Research (NCAR) Community Climate model calculated vertical water movement 

between three near surface layers (Dickinson et al., 1993).  More recently, the treatment 

evolved to a much more complex representation with ten soil layers in the Community 

Land Model version 3.0 (Oleson, et al., 2004), and to its current state that includes a 

separate groundwater model (Oleson et al. 2008).  The coupling of the near surface water 

to ground water has generally been neglected, as the bottom boundary condition 

necessary for the solution of the Richards equation (the equation that controls the 

movement of fluids in a porous media) for the vertical movement of soil water has 

generally been assumed to be free drainage in most land surface models (Dickinson et al., 

1993; Sellers et al., 1996; Mitchell et al., 2004, ECMWF, 2003).  In 1998, 13 out of 16 

models compared by Lohmann et al. (1998) used some form of free drainage as the 

bottom boundary condition.  Recently, work has been done to incorporate a two-way 

coupling between groundwater and near surface water in land surface models (Niu et al. 

2007; Oleson et al., 2008; Pan et al., 2008; Jiang et al., 2009).  These efforts to 

incorporate groundwater effects on climate have varied in both complexity and scope.  

While Niu et al. (2007) incorporated a separate groundwater model to the soil column 

already in CLM, Pan et al. (2008) completely removed the treatment of vertical soil water 

movement in CLM and replaced it with iterative methods typically utilized in the 

groundwater and soil physics community.  Although these two approaches are 
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substantially different, both resulted in improved simulation of soil moisture due to the 

coupling between near surface soil water and groundwater.  Due to the enhanced soil 

moisture simulation in CLM from the  added groundwater model,  it was included in the 

recent model improvements made to CLM (Oleson et al., 2008).  Even though these 

studies demonstrated the improvement of soil moisture simulation with the inclusion of 

two-way coupling between near surface and groundwater, many other land surface 

models still don't incorporate this effect due to the use of free drainage as a bottom 

boundary condition when solving for the vertical movement of soil moisture (ECMWF, 

2009; Ek et al., 2003).  Also, while the inclusion of two way coupling and a groundwater 

model improves the simulations of soil moisture (Oleson et al., 2008), it may also 

introduce conditions that the model has not been designed to handle.  When free drainage 

is the bottom boundary condition, soils will never be partially saturated due to the 

persistent drainage of water from the soil column (Zeng and Decker, 2009).  Therefore 

while two-way coupling between the land surface and groundwater produces desirable 

results on simulated soil moisture, it also introduces variably saturated conditions into the 

land model for which the numerical solution may not be appropriate.   

 The vertical movement of soil moisture in a one dimensional column is governed 

by the one dimensional Richards equation, which is simply the conservation of mass 

applied with the aid of Darcy's Law (Richards, 1931).  Darcy's Law is simply that the 

flux of soil water is equal to the gradient of the pressure in a porous medium (i.e. the soil 

matric potential) multiplied by the hydraulic conductivity.  Richards equation is included 

in land surface models for the determination of vertical soil water movement, however 
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the numerical solution used to solve the equation depends on the land model (Oleson et 

al. 2008; Ek et al., 2003; ECMWF 2003).  Neglecting vapor transport and changes in 

fluid density, Richards equation is 

 










dz

z+Pd
K

dz

d
=

dt

d
    (1) 

where  is the volumetric water content (mm3 mm-3), t is time (s), z is the vertical 

coordinate (mm), K is the hydraulic conductivity (mm/s) and is a function of either P or 

, and P is the soil matric potential (or pressure in mm).  Richards equation is a partial 

differential equation that typically must be solved numerically due to the nonlinearities 

between the soil matric potential, the soil water, and the hydraulic conductivity.  

Analytical solutions of (1) only exist in very special circumstances in which the empirical 

relation between P, , and K (known as the soil water retention function) is unrealistically 

simple (Basha, 1999).  Numerous empirical retention functions have been developed 

(Clapp and Hornberger, 1978; Brooks and Corey, 1964; van Genuchten, 1980).   The 

Clapp and Hornberger soil water retention function is typically used in land surface 

models as it is the simplest of the three and because the choice of the soil water retention 

function has been shown to not qualitatively effect the conclusions derived from model 

studies (Shao and Irannjead, 1998).  The various earth science communities have derived 

numerical solutions of (1) that vary greatly in terms of both the complexity of the 

solutions and the situations in which they are applicable. 

 Land surface models utilize various methods for the solution for Richards 

equation.  ECMWF, BATS (Bioshere Atmosphere Transfer Scheme), and the Noah LSM 
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utilize the traditional soil moisture based approach, where the soil matric potential in (1) 

is replaced by the diffusivity to give 

  







 K+

dz

d
D

dz

d
=

dt

d 



     (2) 

where D is given by 

   


 K
d

dP
=D       (3) 

The limitations of (2) are well documented.  This form of Richards equation is only 

applicable to homogeneous, unsaturated soils (Celia et al., 1990; Pan and Wierenga, 

1995) due to the fact that soil water is discontinuous in heterogeneous soils and that soil 

pressure is not a singular function of the soil water content in saturated soils.  Even 

though this form of the equation cannot be used in conditions with a shallow water table 

(i.e. variably saturated conditions) it is still applied in land surface models such as those 

from ECMWF and NCEP in regions where variably saturated conditions should occur 

(ECMWF, 2003; EK et al., 2003).  The advantage of this form of the equation is that 

solutions are easily obtained that conserve mass because water mass is the dependent 

variable. 

 Due to the inherent inability of (2) to handle diverse conditions (i.e. saturated and 

heterogeneous soils), the soil physics and groundwater communities developed very 

different solutions to (1).  Instead of removing P from the equation as in (2),  is removed 

to give the pressure based Richards equation as 
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Numerical solutions to (4) that conserve mass are difficult to achieve due to the gradient 

of  with respect to P.  Traditionally, iterative methods have been introduced that enable 

the numerical solution of (4) to conserve mass.  Celia et al. (1990) utilized Newton 

iterations in order to solve (4) and conserve mass to within machine roundoff.  While 

numerically accurate, the method devised by Celia et al. (1990) suffers from poor 

computational efficiency when the soil is initially dry due to the large gradients in soil 

matric potential (Kirkland, 1992).  To enhance the computational efficiency of the 

method of Celia et al. (1990), Pan and Wierenga (1995) utilized a non-linear transform on 

the soil pressure P to reduce these gradients.  Using the transformed pressure as the 

dependent variable resulted in numerical simulations that converged faster at each time 

step and thus resulted in improved computational efficiency (Pan and Wierenga, 1995).  

The use of transformation functions to solve (4) is known to improve rate of convergence 

of  the iterative solutions, however the ideal value of parameters introduced in the 

transformations depends not only on the boundary conditions but also soil properties 

(Williams et al., 2000).  While these iterative methods involving transformations are 

computationally more efficient than those that solve for P directly, they are still inherently 

slower than non-iterative methods.   Realizing this, non-iterative methods of solving (4) 
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have been developed that conserve mass to a desired level.  In order to control the 

truncation error and thus conserve mass to a specified amount, Kavetski et al. (2002) used 

a second-order scheme with an adaptive time step.  The non-iterative method showed 

computational advantages over traditional iterative methods; however the mass in the soil 

column was only conserved to within 0.01 to 1.0 mm of water per time step which is 

larger than an acceptable level of mass error in land surface models. 

 The third alternate form of Richards equation in traditionally referred to the mixed 

form, as (1) is solved numerically without the use of (3) or (5) to remove either P or  

from the equation.  Instead, the numerical solution solves (1) for  through the use of P to 

calculate the fluxes.  While traditionally called the mixed form, this is in reality an 

alternate  from in unsaturated conditions, as P is calculated as a function of  and 

therefore  is the only dependent variable.  Due to this, the applicability of this form is 

questionable in both heterogeneous and saturated soils for the same reasons that (3) is 

inappropriate in these conditions.  This mixed form is solved with a non-iterative solution 

that relies on Taylor approximations to implicitly calculate the fluxes at the next time step 

in the CLM (Oleson et al., 2004).  An alternate solution, that can more appropriately be 

called the mixed form, solves for  only in unsaturated regions and the soil pressure in 

saturated regions is given by Ross (2003).  This solution has been shown to match well to 

analytical solutions under conditions where analytical solutions are available and is more 

robust and computationally faster than iterative pressure based methods (Varado et al., 

1999; Simunek et al., 1999; Crevoisier et al., 2009).  Independent of the numerical 
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solution of Richards equation or the type of groundwater model (or lack thereof) in land 

surface models, the ability of a model to simulate past climate and land surface 

conditions depends greatly on the data used to force the model. 

 Land surface models are simply numerical solutions to sets of partial differential 

equations that govern changes and storage of water and energy.  Like all partial 

differential equations, these models require both initial and boundary conditions.  Land 

surface models can either be run in a coupled mode where fluxes and state variables (i.e. 

the boundary conditions at the interface between the land and the atmosphere) from the 

land model are both passed to and received from an atmospheric model (such as in the 

studies used to investigate coupling between soil moisture and precipitation), or they can 

be run in an offline mode where atmospheric conditions are only passed to but not 

received from the land surface.  Recent work has shown that land model simulations of 

past climate are sensitive to large biases in forcing data (Berg et al. 2003).  Due to the 

lack of a globally and temporally complete observations to drive land models, reanalysis 

products are typically used.  Reanalysis products merge available observations with a 

state of the art atmospheric (or more recently coupled ocean/atmosphere/sea ice) model to 

derive the state of the atmosphere and land surface.  The National Center for 

Environmental Prediction (NCEP), the European Center for Medium Range Weather 

Forecasting (ECMWF), and the National Aeronautic and Space Administration (NASA) 

are three national centers that have recently produced ―second generation‖ reanalysis 

datasets. 

 While reanalysis products are the best approximation of the state of the 
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atmosphere based on both data and models, the various reanalysis products by the 

different centers have been found to have many deficiencies on various time scales, 

especially at smaller (i.e. regional) spatial scales.  A spurious peak in the diurnal cycle of 

precipitation exists over the Amazon basin in ERA-40 (Betts and Jakob, 2002), and the 

seasonal cycle of precipitation over this region is too low in both ERA-40 and ERA-

interim. Also, the seasonal cycle of 2-m temperature is higher than observations over the 

Mississippi River Basin for both ERA-40 and ERA-interim (Betts et al., 2008).  The 

NCEP/NCAR reanalysis contains significant biases in the moisture fields in the tropics 

(Trenberth and Guillemot, 1998), it is substantially different regionally from the Global 

Precipitation Climatology Project (GPCP) rainfall data, and it has a diurnal cycle that is 

much too large over land during the warm seasons (Janowiak et al., 1998).  Similarly, 

Berg et al. (2003) found that NCEP/NCAR and ERA-40 have substantial biases in 2-m 

air and dew point temperatures, radiative surface fluxes, and precipitation over land in 

North America as compared to various gridded datasets.  Aside from the atmospheric 

fields used to force land surface models, evapotranspiration during the warm season over 

the U.S. Great Plains region has also been found to be substantially biased in both 

NCEP/NCAR and ERA-40 (Ruiz-Barradas and Nigam 2005).  Acknowledging these 

deficiencies, different techniques such as bias correction (Qian et al., 2006; Berg et al., 

2003) and directly combining observations and reanalysis (Fan and Van den Dool, 2004) 

have been used to derive better land surface forcing datasets.  However, the question 

remains as to the accuracy of new reanalysis from NASA (the Modern Era Retrospective 

Reanalysis or MERRA), NCEP (the Climate Forecast System Reanalysis or CFSR), and 
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ECMWF (the ECMWF Reanalysis or ERA-Interim) as compared to direct observations 

near the land surface. 

 These newer ―second generation‖ reanalysis products have been shown to be 

improvements on the older products.  Previous work has shown that precipitation fields in 

the newer reanalysis are better than in the older datasets, although this isn't universally 

true for all regions of the globe.  For example, ERA-40 corresponds better to observations 

over the Northern Hemisphere land than it does in the tropics (Bosilovich et al., 2008).  

Also, 5 day forecast scores of 500 mb heights fields show that the CFSR is considerably 

more accurate than the first generation NCEP/NCAR reanalysis (Saha et al., 2010).  

Similarly, Uppala et al. (2005) found that ERA-40 is enhanced as compared to the first 

generation reanalysis products NCEP/NCAR and ERA-15 (Gibson et al. 1997).  While 

research shows that reanalysis products are improving, it is important to evaluate these 

products directly with near-surface observations from various climate regimes and 

regions.  Specifically, the atmospheric quantities used to force land surface models 

together with the fluxes of energy and moisture from the land surface to the atmosphere 

in the various reanalysis must be objectively evaluated. 

 

Goals and Objectives 

 The goals and objectives of this research are multifaceted, and all fit under the 

same goal of improving the hydrological cycle in land surface models.  The initial goal is 

to determine the limitations of the current numerical solution for the vertical movement 

of soil water in the Community Land Model (CLM).  Then, with adequate knowledge of 
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the inadequacies of the current solution, provide a mathematically and physically based 

numerical solution that is not hindered by the previously found limitations.  The second 

goal is to determine both the accuracy and computational cost relative to other numerical 

solutions of the new solution.  The new solution should be at least as accurate as other 

proven solutions even though it is non-iterative.  Third, the ability of the improved 

solution to enhance the simulation of near-surface soil water and climate in global offline 

simulations will be accessed.  The goal is to demonstrate that the new solution is able to 

better simulate the desired quantities without the need for a separate ground water model.  

The final objective of this research is to ascertain the ability of various new reanalysis 

products in simulating near-surface climate as observed by flux tower measurements.  In 

fulfilling all of these goals and objectives, this research will result in a significant 

improvement in the ability of land surface models to represent the state of the Earth 

surface and fluxes from the surface to the overlying atmosphere. 
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PRESENT STUDY 

 

Summary 

 The methods, results, and conclusions of this study are presented in the papers 

appended to this dissertation. The following is a summary of the most important findings 

in this dissertation.  

 

Appendix A: Improving the Numerical Solution of the Soil-Moisture Based Richards 

Equation for Land Models with a Deep or Shallow Water Table 

(Note: This manuscript has been published in the Journal of Hydrometeorology) 

  

 The vertical movement of soil water in land surface models is simulated through 

the numerical solution of the Richards equation.  The soil water based, mass conservative 

methods used in such models, for example the Community Land Model (CLM), is shown 

to have a serious deficiency in that it cannot maintain the hydrostatic solution of the 

original partial differential equation.  The deficiency has been overlooked in the past due 

to the simple and physically unrealistic bottom boundary condition applied when solving 

Richards equation in land surface models.  Land surface models have typically utilized a 

free drainage bottom boundary condition, meaning that water is allowed to freely drain 

from the soil layers, preventing any of the soil layers from ever becoming fully saturated.  

Only recently have land surface model begun to incorporate realistic bottom boundary 
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conditions, and in doing so the inaccuracies of the soil moisture based numerical solution 

of Richards equation have become apparent. 

 The inability of the numerical solution to maintain the hydrostatic solution of the 

original partial differential equation is demonstrated through the use of several simple 

numerical tests.  The original solution is applied to two different sets of hydrostatic initial 

conditions.  First, it is tested when the water table depth is within the model domain so 

that the bottom portion of the domain is fully saturated.  The solution is also tested in 

situations where the water table depth is below the soil domain so that the entire soil 

column is unsaturated.  When the soil is initially partially saturated, the original 

numerical solution cannot maintain the water table depth at a constant level, instead the 

solution loses water until the water table depth falls to the bottom of the modeled soil 

domain.  The final solution is independent of the initial water table depth level.  Also, the 

behavior of the numerical solution is independent of the actual grid spacing. 

The cases when the soil is fully unsaturated, however, behave differently than the 

partially saturated cases.  The numerical scheme doesn’t lose water, rather it redistributes 

the water vertically to obtain a new steady state solution, even though the initial condition 

was already prescribed as the hydrostatic solution.  In unsaturated soils, the degree to 

which the solution differs from the true hydrostatic solution is a function both of the grid 

spacing and the overall wetness of the soils.  For situations in which the water table depth 

is initially just below the model domain (i.e. wet yet still unsaturated soils) and the grid 

spacing is large, the final incorrect numerical solution differs significantly from the 

correct hydrostatic solution.  However, when the soil is very dry (i.e. the water table 
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depth is well below the model domain) the incorrect final solution only differs slightly 

from the original hydrostatic initiation condition.  The finding supports the argument that 

the deficiency was not recognized previously due to the unrealistic bottom boundary 

condition in land surface models.  Only when the bottom boundary condition allows soils 

to become saturated (with the water table within the model domain) do the numerical 

inadequacies of the original numerical solution become apparent. 

A physically realistic, mathematically based solution to the problems with solving 

the soil moisture based Richards equation is presented.  The new solution rewrites 

Richards equation into a format called the Modified Richards equation.  The new 

equation explicitly accounts for the hydrostatic profile and thus will not cause the 

solution to deviate from hydrostatic initial conditions unlike the previous methods.  The 

new solution is shown to not only maintain the hydrostatic profile, but also shown to have 

the ability to maintain other steady state solutions of the original partial differential 

equation.  Aside from the revised equation for use in land surface models, a new bottom 

boundary condition for such models is also presented.  The Modified Richards equation 

explicitly finds the hydrostatic profile at each time step, and therefore a natural bottom 

boundary condition arises.  The new bottom condition is found by simply assuming that 

the soil water below the model domain is at the hydrostatic state.  In this way, neither the 

new bottom boundary condition nor the Modified Richards equation cause deviation from 

the hydrostatic solution when the infiltration rate is zero.  The new bottom boundary 

condition is also implemented with the original Richards equation, where it is shown that 
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even though the new bottom boundary condition doesn’t degrade the hydrostatic profile, 

the original numerical solution does. 

 

Appendix B: Intercomparison between three numerical solutions of the Richards equation 

in variably saturated soils 

(Note: This manuscript has been submitted to Water Resources Research) 

 

The previous work demonstrated that the Modified Richards equation, together 

with the new bottom boundary condition, is able to maintain the hydrostatic solution 

while conserving soil water mass in both saturated and unsaturated soil conditions (Zeng 

and Decker, 2009).  However, the solution must also be tested against other numerical 

solutions, to determine both the level of accuracy and the numerical efficiency of the 

solution. 

The Modified Richards equation method (referred to as ZD) is tested against two 

well-known numerical solutions of Richards equation.  The first is the iterative, soil 

pressure based method from Pan and Wierenga (1995), hereafter referred to as PW, and 

the second is the combined soil pressure and moisture based solution of Ross (2003), 

hereafter referred to as RS.  PW is iterative at each time step, as are all soil pressure 

based solutions that maintain soil water mass.  While ZD and RS (in unsaturated 

conditions) both solve the equation to find the change in water content at each time step, 

PW finds the change in soil pressure.  Unlike ZD, in saturated regions RS solves for the 

change in soil pressure instead of the soil water. 
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To facilitate a comparison between ZD, RS, and PW, several simple numerical 

tests are carried out.  These tests include different top boundary conditions (i.e. varying 

infiltration rates), different soil compositions, and different initial conditions (all based on 

the hydrostatic profile).  ZD, RS, and PW are all tested under these different conditions 

with different time steps and grid spacing.  It is found that in homogeneous soils, with 

both strong infiltration and/or evaporation as a top boundary conditions, both RS and ZD 

are able to mimic PW with a high degree of accuracy in both unsaturated and partially 

saturated soils.  In fact, the solutions found by varying the time step used for PW differ 

more than the differences in the solutions found by using ZD or RS.  While ZD and RS 

mimic the PW solution, both do so at a much greater efficiency in terms of the 

computational time.  The homogeneous cases demonstrate that ZD is one to three orders 

of magnitude faster than PW depending on the time step chosen.  RS is also orders of 

magnitude faster than PW, however ZD is roughly 20% faster than RS.  Therefore, ZD is 

the most computationally efficient solution and is able to provide a highly accurate result 

in homogeneous conditions.  

The three numerical solutions are also tested in heterogeneous soils, where the 

soil composition changes with depth.  In heterogeneous soils, ZD and RS are again able 

to mimic PW when the three solutions utilize the same number of soil layers.  When ZD 

and RS are run with only three soil layers that follow the discontinuities in the soil 

composition, ZD is able to maintain the characteristics of the PW solution, however 

differences in the final solution are evident.  The cause of the discrepancies is found 

through a simple sensitivity test to be due to the way ZD calculates soil properties at the 
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interface of heterogeneous soil layers, and not due to the use of the Modified Richards 

equation.  It is shown that when ZD calculates soil properties in a way more closely 

related to that of RS and PW, the numerical solution in heterogeneous soils greatly 

improves.  Similar to the homogeneous cases, RS and ZD are shown to be one to three 

orders of magnitude computationally faster than PW depending on the number of soil 

layers and the time step used.  Again, ZD is roughly 20-30% computationally faster than 

RS. 

 The Modified Richards equation is proven to be highly accurate, and significantly 

more computationally efficient than fully iterative solutions for the vertical transport of 

water in soil.  It is also shown to be more efficient than other non-iterative methods.  

Therefore, the simply tests demonstrate that the method of ZD is best suited for land 

surface modeling studies. 

 

Appendix C: Impact of Modified Richards Equation on Global Soil Moisture Simulation 

in the Community Land Model (CLM3.5) 

(Note: This manuscript was published in the Journal of Advances in Modeling Earth 

Systems) 

 

The impact of the Modified Richards equation on the simulation of soil water and 

near surface climate is investigated through offline sensitivity tests of the Community 

Land Model (CLM).  The simulations of soil water and turbulent fluxes from CLM3.5 

and from CLM3.5 with the Modified Richards equation and the new bottom boundary 
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condition are evaluated using several different data sources.  The data utilized are in situ 

soil moisture measurements from the Amazon, Illinois, and China, in situ flux tower 

measurements of latent and sensible heat fluxes from 17 different flux towers, soil water 

anomaly measurements from the Gravity Recovery and Climate Experiment (GRACE), 

and water table depth measurements from the United States Geology Survey (USGS). 

Since the method of ZD uses the same numerical solution for the vertical 

movement of soil water as CLM3.5 (simply applied to a corrected equation) the 

implementation of ZD into CLM is straightforward.  However, the impact of the new 

bottom boundary condition is also examined.  While CLM3.5 couples a separate 

groundwater model to the near surface soil, the bottom boundary condition from Zeng 

and Decker (2009) allows for a direct coupling between the soil and groundwater without 

the need for a separate groundwater model.  Therefore the new solution of vertical 

transport of soil water removes a prognostic variable (the total groundwater) from 

CLM3.5 and thus simplifies the model. 

The bottom boundary condition in ZD doesn’t account for processes that must be 

considered in a global land surface model.  The limitation of the soil water movement 

from the bottom of the domain due to soil ice and the horizontal transport of water due to 

topography must be considered.  To account for soil ice, a simple empirical formula is 

developed that limits the downward (and upward) flow of water through the bottom of 

the soil domain when soil ice is present.  Also, an empirical formulation for the 

horizontal drainage of soil water is developed based upon original formulation in 

CLM3.0.  These two formulations are tested by performing sensitivity tests over regions 
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without freezing soil (Amazonia) and regions with frozen soil (Siberia).  The tunable 

parameters introduced in the frozen and horizontal drainage schemes are then tuned to 

match what the expected behavior of the model should be. 

The final empirical formula necessary for the implementation of the modified 

Richards equation into CLM is a formula for calculating the water table depth.  The 

formulation presented in ZD is an effective, albeit iterative method.  Through sensitivity 

tests over Illinois, Australia, and Siberia, it is found that the iterative method doesn't 

always converge, especially when the soil is partially frozen.  To avoid the convergence 

issues, an empirical formula is developed that mimics the iterative solution.  The 

coefficients are found to depend strongly on soil composition, and thus a look-up table is 

provided so that the coefficients can be found at every point around the globe for 

different soil types. 

The Modified Richards version of CLM (CLM-MR) is verified against the 

aforementioned observations and the control CLM (CLM3.5) run.  It is found that 

CLM3.5 has a global distribution of annual water table depth that varies from near the 

surface to only two meters deep.  CLM-MR, on the other hand, has a shallow water table 

depth in wet regions (i.e. the Amazon) and much deeper water table depth in deserts (i.e. 

Australia and the Sahara).  Also, CLM-MR is in better agreement with water table depth 

measurements from the USGS than CLM3.5. 

Soil moisture measurements over Illinois show that soil moisture varies most near 

the surface of the soil, and less so deeper down.  However, CLM3.5 is shown to have the 

largest soil moisture variability in the middle of the soil column, in direct contrast with 
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the observations.  CLM-MR, however, agrees with the observations in that the soil varies 

most near the surface, and less so deeper down.  The simulation of the absolute amount of 

soil moisture is also improved, as CLM-MR is drier than CLM3.5 and therefore it is in 

much better agreement with observations in the Amazon.  Aside from the amount and 

variability of soil moisture, CLM-MR also doesn’t degrade the simulation of latent and 

sensible heat fluxes as compared to CLM3.5.  CLM-MR actually improves the simulation 

of turbulent fluxes in some regions as demonstrated by comparing the simulations with 

flux tower observations. 

The impact of the Modified Richards equation, together with the new bottom 

boundary condition, on CLM is shown to be profound.  The new equation and boundary 

condition not only simplify the model by eliminating several tunable parameters and 

prognostic variables, they improve the offline simulation of soil moisture amount and 

variability.  Also, the new formulations do not degrade the simulation of turbulent fluxes, 

and in some regions actually improve them. 

 

Appendix D: Evaluation of Reanalysis Products from NASA, NCEP, and ECMWF Using 

Flux Tower Observations 

(Note: This manuscript will be submitted to a special issue of the Journal of Climate) 

 

The evaluation of the new reanalysis products from NASA, ECMWF, and NCEP 

through the use of flux tower observations provides insights into which reanalysis is best 

able to replicate the observed near surface climate and turbulent fluxes.  Flux tower 
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observations of air temperature, wind speed, downward solar radiation, net surface 

radiation (including longwave and shortwave), latent heat flux, and sensible heat flux are 

compiled from 33 separate flux tower locations from the FluxNet tower network. 

To facilitate the comparison between reanalysis products and observations of 

different temporal resolutions, the reanalysis products and tower observations are all 

converted to six hourly temporal resolutions.  The state and flux quantities were treated 

differently, as the reanalysis flux output is given as averages over time, while the states 

(temperature and wind speed) are instantaneous values.  Therefore, the observed fluxes 

were averaged to six hourly and for the states the instantaneous values were used. 

A ranking system is utilized to enable a simple comparison of all reanalysis 

products against datasets over all locations.  The rankings are applied to two separate 

statistics, the mean bias in the six hourly data and also the standard deviation of the 

errors, again calculated from the six hourly data.  For each station, the reanalysis products 

are ranked from either one to six (for temperature, wind speed, precipitation, and 

downward solar radiation) or from one to five (turbulent heat and net radiative fluxes), 

with one given to the dataset with the lowest absolute bias and six (or five) given to the 

dataset with the largest absolute bias.  The rankings were then averaged across all of the 

stations to produce a single average bias ranking for each dataset for each quantity 

considered.  The same procedure is also applied using the standard deviation of errors as 

the statistic to measure performance. 

It is found that ERA-Interim, MERRA, and GLDAS have lower temperature bias 

than ERA-40, NCEP, and CFSR.  The rankings for wind speed bias demonstrate that 
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MERRA, NCEP, and CFSR all behave similarly while ERA-Interim, GLDAS, and ERA-

40 perform better overall.  The precipitation bias is significantly lower for GLDAS than 

the other products.  The latent heat flux bias is lowest for ERA-40 and CFSR.  The use of 

observed precipitation in CFSR during the land data assimilation cycle is the probable 

cause that CFSR has a high precipitation bias yet has a low latent heat flux bias.  

MERRA and ERA-40 have the lowest sensible heat flux bias overall.  The rankings based 

on the standard deviation of errors behave quite differently than those from bias.  ERA-

Interim has a substantially lower standard deviation of errors for temperature, wind 

speed, downward solar radiation, and sensible heat flux than all of the other reanalysis 

products.  MERRA, however, has the lowest net radiation standard deviation of errors.  

The precipitation error is lowest for both GLDAS and ERA-Interim, with MERRA 

slightly higher, while NCEP, CFSR, and ERA-40 are all significantly higher. 

The comparison between the datasets and the observations at monthly timescales 

shows that the reanalysis products all perform well and similarly at monthly timescales.  

The error at these timescales is shown to be primarily due to bias and not to correlation or 

the standard deviation errors.  However, at shorter six hourly timescales, the errors are 

shown to be primarily attributable to the lack of correlation.  This result is important 

because the techniques currently used to correct reanalysis data for creating land surface 

model forcing datasets only correct monthly mean biases.  In order to actually improve 

reanalysis products on six hourly timescales, the correlation is the most important 

quantity to correct errors and the bias are much less significant. 
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Conclusions 

 The research presented here demonstrates the need for the Modified Richards 

equation, as the original equation coupled with the numerical solution cannot maintain 

the hydrostatic solution of the partial differential equation.  The validity of the solutions 

found using the Modified Richards equation are demonstrated by comparing the new 

solution to two different proven methods for solving for the vertical movement of water 

in soils.  The new solution is not only accurate, but also up to three orders of magnitude 

computationally faster than iterative solutions and 20-30% faster than another non-

iterative solution. Implementing the new equation and bottom boundary condition into 

CLM improves the soil moisture simulation in terms of both the variability and absolute 

amount.  Lastly, the research demonstrates that ERA-Interim is in better agreement with 

flux tower observations than other reanalysis products in terms of wind speed and 

temperature.  Turbulent fluxes, however, are well simulated by MERRA, CFSR, and 

ERA-40 as well as ERA-Interim.  The differences between the six hourly reanalysis 

quantities and the six hourly observations are shown to be primarily caused by a lack of 

correlation, and therefore methods other than those used currently must be utilized to 

improve these reanalysis for the purposes of creating land surface model forcing datasets 
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Future Research 

 Much work remains to be accomplished in regards to simulating the hydrological 

cycle in land surface models.  The Modified Richards equation developed here has only 

been applied in the vertical dimension.  However, there is no reason why the new 

equation cannot be expanded and applied to all three spatial dimensions.  Future work 

will include the theoretical work needed to apply the Modified Richards equation in three 

dimensions.  The benefits of a numerically stable, accurate, and computationally fast 

method for solving three dimensional soil water dynamics are significant.  The Modified 

Richards equation, as implemented in CLM4.0, utilized an entirely empirical method for 

finding horizontal soil water fluxes.  By expanding the Modified Richards equation into 

three dimensions, these sorts of empirical horizontal drainage terms can be eliminated.  

Physically realistic, three dimensional soil water modeling will be a powerful tool in the 

future to access the anthropogenic impact on groundwater, as well as allow the direct 

simulation of wetland  dynamics.  Three dimensional soil water modeling will also aid in 

the estimation of streamflow and runoff, as these quantities are currently modeled using 

empirical formulas. 

 The next step beyond the comparison of the reanalysis products is to correct these 

products and create a global forcing dataset for land surface models.  However, future 

work needs to address the results that the errors in the reanalysis products are not bias 

related at sub-diurnal timescales, but caused by the correlation.  The current methods 

(Qian et al, 2006) only correct the monthly bias, which is not adequate for correcting 

current reanalysis products at six hourly timescales.  Theoretical work that accounts for 
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errors due to the bias and the correlation must be developed.  A more accurate dataset 

with a higher temporal and spatial resolution than the forcing used today will be a great 

benefit to the broader scientific community. 
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AB\\\STRACT

The soil moisture–based Richards equation is widely used in land models for weather and climate studies,

but its numerical solution using the mass-conservative scheme in the Community Land Model is found to

be deficient when the water table is within the model domain. Furthermore, these deficiencies cannot be

reduced by using a smaller grid spacing. The numerical errors are much smaller when the water table is

below the model domain. These deficiencies were overlooked in the past, most likely because of the more

dominant influence of the free drainage bottom boundary condition used by many land models. They are

fixed here by explicitly subtracting the hydrostatic equilibrium soil moisture distribution from the Richards

equation. This equilibrium distribution can be derived at each time step from a constant hydraulic (i.e.,

capillary plus gravitational) potential above the water table, representing a steady-state solution of the

Richards equation. Furthermore, because the free drainage condition has serious deficiencies, a new bottom

boundary condition based on the equilibrium soil moisture distribution at each time step is proposed that

also provides an effective and direct coupling between groundwater and surface water.

1. Introduction

The vertical movement of soil moisture (u) is gov-

erned by the Richards equation derived from u conser-

vation (Richards 1931). This partial differential equa-

tion for u [rather than the soil matric potential (C)] is

solved numerically with gravitational drainage as the

bottom boundary condition in many land models

(Dickinson et al. 1993; Sellers et al. 1996; Mitchell et al.

2004\\\). The accuracy of these numerical solutions is cru-

cial not only to the terrestrial water cycle but also to the

energy cycle (Dickinson et al. 2006\\\), nitrogen and car-

bon cycles (Thornton and Zimmermann 2007; Bonan

and Levis 2006\\\), and global change (Cox et al. 2000\\\).

In general, numerical solutions contain truncation er-

rors that usually depend on the grid spacing in land

models (typically from a few centimeters near surface

to more than one meter for deep soil layers\\\). The mo-

tivation for raising the issue of truncation errors comes

from the well-known fact about the vertical momentum

equation in the atmosphere (Holton 2004\\\). This equa-

tion is dominated by the approximate hydrostatic bal-

ance between the pressure gradient force and the gravi-

tational force, and the hydrostatic pressure is not di-

rectly involved in the vertical movement of air parcels.

If the original form of the vertical momentum equation

is used directly for numerical solutions, the typical (and

finite�\\\) grid spacing in atmospheric models would result

in large truncation errors in the computation of vertical

velocity—even though these errors do converge to zero

as the grid spacing and time step approach zero. To

solve this problem, the vertical momentum equation

with the hydrostatic pressure subtracted, rather than its

original form, is used for numerical solutions in atmo-

spheric models (Holton 2004\\\).

\\\Similar to the above atmospheric equation, the hy-

drostatic equilibrium soil moisture distribution, derived

under the assumption of constant hydraulic—that is,

capillary (or matric\\\) plus gravitational—potential

above water table, represents a steady-state solution of

the (differential\\\) Richards equation. Therefore, the fol-

lowing question, as the counterpart of the above atmo-

spheric equation, is asked: If the current form of the

u-based Richards equation is directly used for numeri-

cal solutions, how do the truncation errors affect the

computation of the vertical movement of u in land

models?
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A related issue is the treatment of saturated layers

within a land model domain—that is, a shallow water

table. Theoretically, because (saturated\\\) soil moisture

does not change but the matric potential still changes in

the saturated layers (Celia et al. 1990; Pan and

Wierenga 1995; Ross 2003\\\), numerical solutions of the

u-based Richards equation are not appropriate for

simulating water fluxes in soils with saturated regions.

In practice, however, the same u-based Richards equa-

tion has been used in land models over arid regions

(with a deep water table\\\) and the tropical rain forests

(with a shallow water table\\\). The question is then, how

large are the errors of the numerical solutions when the

land model domain contains saturated layers?

The purpose of this paper is to demonstrate that the

direct use of the u-based Richards equation to saturated

layers and, to a lesser degree, unsaturated layers would

generate significant numerical errors in the u computa-

tion, and both problems can be fixed by explicitly sub-

tracting the hydrostatic equilibrium soil moisture distri-

bution from the u-based Richards equation. The impor-

tance of the hydrostatic equilibrium state in the soil was

also recognized before (Koster et al. 2000) in which the

soil water transfer between the surface and the root

zone (or between the root zone and the water table\\\) is

proportional to the surface layer (or root zone\\\) soil

moisture deviation from the equilibrium state. The re-

lation of our work to previous efforts on the Richards

equation with C as the dependent variable as used in

groundwater hydrology and soil physics (e.g., Celia et

al. 1990) will also be discussed later. Other issues re-

lated to the Richards equation (e.g., the subgrid hori-

zontal variability; Famiglietti and Wood 1994; Albert-

son and Montaldo 2003) are out of the scope of this

study and will not be addressed here.

An obvious question related to these two issues—the

truncation errors with a shallow or deep water table—

is, why were these issues overlooked in the past by the

land modeling community, at least for weather and cli-

mate studies? This is most probably related to the bot-

tom boundary condition, which has a significant influ-

ence on the simulation of u distribution but cannot be

determined accurately in regional and global studies. In

other words, deficiencies of the bottom boundary con-

dition may be even more serious than the above issues

and hence may mask the deficiencies of the numerical

solution itself with a deep or shallow water table. For

this reason, a new bottom boundary condition will also

be proposed in this paper. \\\Section 2 quantifies deficien-

cies related to the numerical solutions and the bottom

boundary condition, whereas section 3 discusses our

solutions. \\\Section 4 provides the summary and further

discussions.

2. The original u-based Richards equation

a. Formulations

For one-dimensional vertical water flow in soils, the

conservation of mass (i.e., the Richards equation\\\) is

›u

›t
5

›

›z
K
›ðC1 zÞ

›z

� �

� S; ð1Þ

where u is the volumetric soil water content, t is time, z

is height above the data in the soil column (positive

upward\\\), S is a soil moisture sink term (e.g., transpira-

tion loss in the rooting zone\\\), which was not included in

the original equation (Richards 1931), K is the hydrau-

lic conductivity, C is the soil matric (or capillary\\\) po-

tential, and z, as used in the hydraulic potential (C 1

z), also represents the gravitational potential. Note that

other components of the total soil water potential [e.g.,

osmotic (or solute) potential, pneumatic (air or vapor\\\)

potential, and chemical potential] are not considered in

(1\\\).

The soil water flux q as used in (1\\\) is called the Dar-

cy’s law:

q5 �K
›ðC1 zÞ

›z
; ð2Þ

and the top boundary condition at the soil surface (z0)

for (1) is

q05P1M � Eg � Rg; ð3Þ

where P is the rainfall reaching the soil surface,M is the

snowmelt, Eg is ground evaporation, and Rg is surface

runoff. In general, Eg and Rg are dependent on u in land

models (e.g., Oleson et al. 2004\\\). At the bottom of a

land model domain (zb), the gravitational drainage con-

dition is used in many land models (Dickinson et al.

1993; \\\Sellers et al. 1996; Oleson et al. 2004; Mitchell et

al. 2004\\\):

qb5KðzbÞ; ð4Þ

which is obtained by setting ›C/›z 5 0 in (2\\\). In fact, it

was mentioned in Lohmann et al. (1998\\\) that 13 of the

16 land models in their model intercomparison used (4\\\)

or a combination of (4\\\) with other considerations (e.g.,

topography and bedrocks\\\). Many land models for

weather and climate studies also use the formulations

for K and C (Clapp and Hornberger 1978):

K5Ksatðu=usatÞ
2B13

; C5Csatðu=usatÞ
�B; ð5Þ

where the saturated hydraulic conductivity Ksat and

saturated matric potential Csat are exponential func-

tions of the percentage of sand, the saturated soil mois-

ture content (or porosity\\\) usat is a linear function of the
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percentage of sand, and the exponent B is a linear func-

tion of the percentage of clay (Cosby et al. 1984). \\\Sen-

sitivity tests using the Brooks and Corey (1964) relation

will also be reported later.

Equations (1\\\) and (2\\\) can be solved numerically us-

ing a mass-conservative scheme,

ðz
i2 1=2

� zi11=2Þ ui
n11

� ui
n

� �

=Dt 5 � qn11
i�1=21 qn11

i11=2 � Si;

ð6Þ

where Dt is the time interval (typically from a few min-

utes to one hour\\\) between time step n and n 1 1, ui and

Si are layer-averaged quantities between zi11/2 and

zi21/2, and qi21/2 and qi11/2 represent fluxes at layer

interfaces. Their expressions from the Community

Land Model, version 3 (CLM3; Oleson et al. 2004\\\), are

used here. Furthermore, the 10 soil layer structures

with model bottom at 3.44-m depth from the CLM3 are

used in most of the numerical simulations, although

different soil layers are also used in sensitivity tests. For

all numerical tests, we use soil texture with 40% sand

and 40% clay (and hence 20% silt\\\), independent of soil

depth, so that usat 5 0.44 (mm3 of water per mm3 of

soil\\\), Ksat 5 0.0038 (mm s21), B 5 9.3, and Csat 5

2227.0 (mm).

b. Truncation errors of the numerical solution (6)

when the water table is below the land model

domain

Mathematically, the soil moisture distribution uE(z)

is derived from a constant hydraulic potential (C)

above the water table:

CE1 z5Csat uE zð Þ=usat½ ��B1 z5C; ð7Þ

which represents a steady-state solution (or hydrostatic

equilibrium state, denoted by the subscript E) of (1)

because q [ 0 from (2\\\) and ›uE/›t [ 0 from (1\\\) (omit-

ting the source/sink term\\\). It is a special case of the

general steady-state solution derived from a constant q

(to be discussed later\\\). When uE(z) is applied to the

numerical scheme (6\\\), the layer-averaged u and C are

computed as

ui5

ð z
i11=2

z
i2 1=2

uEðzÞ dz

ðzi11=2 � zi�1=2Þ
and Ci5Csat

ui

usat

� ��B

:

ð8Þ

Using (7\\\), ui in (8\\\) can then be analytically obtained as

ui5
usat Csatð Þ1=B½ðC� zi�1=2Þ

1�1=B � ðC� zi11=2Þ
1�1=B�

ðzi11=2 � zi�1=2Þð1� 1=BÞ
:

ð9Þ

Although CE is a linear function of z in (7\\\), Ci com-

puted from (8\\\) and (9\\\) is a nonlinear function of z. As

the grid spacing—that is, zi11/2 2 zi21/2—approaches

zero, it is straightforward to demonstrate using (8\\\) and

(9\\\) that ui and Ci would correctly converge to uE and

CE, respectively. For a typical grid spacing of a few

centimeters near the surface to more than one meter

for deep soil layers (as used in land models for weather

and climate studies\\\), however, Ci deviates from CE, so

that the flux q in (2\\\) is also a function of z and ui, and

would change with time in (6\\\). To quantify the effect of

these truncation errors on the maintenance of an initial

hydrostatic equilibrium soil moisture distribution uE(z),

we assume the same soil texture as provided at the end

of section 2a, omit the sink term S in (1\\\), and assume

q0 5 0 in �(3�\\\)—that is, zero flux at the top. Furthermore,

we assume zero flux at the bottom (i.e., qb 5 0\\\). Then

(6\\\) is integrated from an initial equilibrium state, which

is obtained using three steps: 1) prescribing an initial

water table depth (WTD\\\) of 4 m (or zw 5 24 m), 2\\\)

obtaining C 5 Csat 1 zw (see discussion in section 3),

and 3) obtaining soil moisture for each layer from (9\\\).

After 30 days of integration using the 10 soil layers in

the CLM3 from an initial equilibrium state of u, the u

distribution is found to approach its steady state. This

final state is slightly different from the initial state, and

the differences in soil moisture [or the truncation errors

of the numerical scheme (6\\\)] can be quantified by the

mean absolute deviation (MAD\\\) from all soil layers

between u after 30 days of integration and its initial

equilibrium state. Figure 1 shows the dependence of

MAD on the grid spacing (Dz) and the initial water

FIG. 1. The dependence of MAD between u after 30 days of

integration and its initial equilibrium state on uniform grid spac-

ing (Dz) and the initial WTD, all at or below the bottom of the

model domain. Zero fluxes are used as the top and bottom bound-

ary conditions in all simulations.
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table depth zw (all at or below the bottom of the model

domain\\\). For a deep water table depth of 8 m, MAD is

very small, nearly independent of Dz. For a shallower

water table depth of 3.4 m (at the bottom of the model

domain\\\), MAD increases nearly exponentially with Dz.

Overall, however, the truncation errors are small when

the water table is below the model domain.

c. Deficiencies of the numerical solution (6) when

the water table is within the land model domain

As mentioned in section 1, numerical solutions of the

u-based Richards equation, theoretically, are not ap-

propriate for simulating water fluxes in soils with satu-

rated regions (e.g., Ross 2003\\\). In practice, however,

when saturated soil layers exist in the model domain,

the same u-based Eq. (1) is used in land models for

weather and climate studies. The consequence is that

some of these saturated layers become supersaturated,

and the extra soil water above the saturation is usually

removed as runoff in land models. Figure 2 shows the

results with a different initial water table depth (all

within the model domain\\\) and different Dz. Note that

even with the same initial distribution of u(z), different

layer thicknesses lead to different initial distribution of

layer-averaged soil moisture [cf. (9\\\)], as indicated by

the dotted, dashed, and dotted–dashed lines in Fig. 2a

versus Fig. 2b.

For all simulations in Fig. 2, saturated layers cannot

be maintained, even though zero fluxes are used as the

top and bottom boundary conditions. Furthermore,

with the same Dz, the u distribution after 30 days of

integration would be the same (with the bottom layer

saturated\\\), independent of the initial water table depth

(Figs. 2a or 2b\\\). Comparing the small deviations in Fig.

1, the u deviation after 30 days of integration from the

initial equilibrium state in Fig. 2 is much larger (par-

ticularly near the water table depth\\\) when the initial

water table is within the model domain. In addition,

these large deviations using 10 soil layers (Fig. 2a\\\) can-

not be reduced by using 344 layers with Dz5 1 cm (Fig.

2b\\\), which is very different from the simulation when

the water table is below the model domain (Fig. 1).

Therefore, based on results from Figs. 1 and 2, the

answers to the first two questions raised in section 1 are

as follows: 1) the numerical solution (6\\\) of the u-based

Richards equation (1\\\) is inappropriate for simulating

water fluxes in soils with saturated regions (i.e., con-

tains significant errors that cannot be reduced by using

a smaller grid spacing\\\), and 2\\\) the numerical errors are

much smaller when the water table is below the model

domain.

d. Deficiencies of the bottom boundary condition (4)

An obvious question related to the above two issues

is, why were these issues overlooked in the past by the

land modeling community, at least for weather and cli-

mate studies? This is likely related to the deficiencies of

the bottom boundary condition (4\\\) as used in many

land models. In other words, deficiencies of the bottom

boundary condition may be even more serious than the

FIG. 2. (a\\\) The initial equilibrium state of soil moisture (dotted, dashed, or dotted–dashed lines) and its distri-

bution after 30 days of integration (solid lines\\\) with different initial WTDs at 0.5, 1, 1.5, and 2 m using the 10 soil

layers in the CLM3. All four solid lines overlap with each other. (b\\\) \\\Same as (a\\\) except with a uniform grid spacing

of 1 cm. Zero fluxes are used as the top and bottom boundary conditions in all simulations, and the extra soil water

above saturation in each layer is removed as runoff at the end of each time step.
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above issues and hence may mask the deficiencies of

the numerical solution itself, particularly when a shal-

low water table is present.

One deficiency of (4\\\) is that soil water can only move

down as a result of gravitational potential, and the state

of soil water below the model domain (e.g., groundwa-

ter\\\) cannot affect the soil water above.

Another deficiency of (4\\\) is the requirement of an

unrealistically high precipitation rate to maintain a rela-

tively wet soil moisture at which vegetation can tran-

spire without soil moisture stress. To illustrate this

point, the steady state solution of (1) for a single soil

layer can be obtained by integrating (1) along with (2)–

(5):

q0 � St5KðzbÞ5Ksatðu=usatÞ
2B13; ð10Þ

where St represents the total transpiration from the

rooting zone. As an example, we take the soil texture

provided at the end of section 2a and assume that veg-

etation can transpire without soil moisture stress at

Cf 5 20.15 Pa (or 21.52 3 103 mm) or uf 5 0.36 based

on (5\\\). The minimum (q0 2 St) required to main-

tain uf can then be obtained from (10\\\) as 4.3 mm

day21. As a rough estimate, assuming evapotranspira-

tion is 50% of the precipitation and surface runoff is

50% of the total runoff—that is, surface runoff and

bottom drainage—then the minimum precipitation rate

to maintain uf would be 17.2 mm day21, which is much

greater than the precipitation rate even over most of

the tropical rain forests. This implies that, with the use

of (4\\\), soil would be too dry nearly everywhere.

To evaluate the effect of (4\\\) on the soil moisture

simulations, we have repeated the simulations in Figs. 1

and 2 except with (4\\\) as the bottom boundary condi-

tion. Compared with the case with a water table depth

of 2 m in Fig. 2a, the deviations of u after 30 days of

integration from the initial state are much larger, par-

ticularly for bottom layers (Fig. 3a\\\). These deviations

become smaller with the increase of the initial water

table depth from 2 to 8 m (Fig. 3a\\\). In other words, the

deficiency of (4\\\) is most critical when the water table is

relatively shallow.

The dependence of these results on the number of

model layers (with the model bottom at 3.44-m depth\\\)

using (1\\\) and (4\\\) is shown in Fig. 4. After 30 days of

FIG. 3. (a\\\) \\\Soil moisture distribution at the initial equilibrium states with WTDs at 2, 4, 6, and 8 m,

respectively, (solid lines\\\) and after 30 days of integrations of (6\\\) with zero flux as the top boundary

condition and (4\\\) as the bottom boundary condition (dashed lines\\\). (b\\\) \\\Same as (a\\\) except using the

Brooks and Corey (1964) relation to replace the Clapp and Hornberger (1978\\\) relation. (c\\\) \\\Same as (a\\\)

except using the modified form of the Richards equation (11\\\) to replace (1\\\).
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integration, the soil moisture distributions become

similar. In other words, the deficiencies of (4) are in-

sensitive to the number of model layers and hence can-

not be reduced by using finer vertical resolutions.

3. A modi\\\fied form of the u-based Richards

equation

\\\Section 2 has demonstrated the deficiencies of the

numerical solution (6\\\) and the free drainage bottom

boundary condition (4\\\), particularly under shallow wa-

ter table conditions. The critical question is then, how

can these deficiencies be removed or reduced?

The main idea of this study, as motivated by the form

of the vertical momentum equation used by atmo-

spheric models, is to subtract the equilibrium state (7\\\)

from (1\\\), that is,

›ðC1 zÞ=›z5 ›ðC1 z� CÞ=›z

5 › C 1 z� ðCE1 zÞ½ �=›z

5 ›ðC�CEÞ=›z;

and the modified form of the Richards equation be-

comes

›u

›t
5

›

›z
K
›ðC�CEÞ

›z

� �

� S: ð11Þ

To obtain uE(z) for use in (11\\\), (7\\\) is applied between

the water table depth (zw, with saturated soil\\\) and

height z:

CE1 z5Csat uEðzÞ=usat½ ��B1 z5Csat1 zw ð12Þ

with the mass-conservation constraint of

X

N

i5 1

usat � ui

� �

Dzi5

ð z0

zb

usat � uEðzÞ½ � dz; ð13Þ

where N is the number of soil layers, Dzi is the layer

thickness, and ui is the average soil moisture in layer i.

If zw is specified (e.g., as an initial condition in most of

the simulations here\\\), uE(z) can be directly obtained

from (12\\\). If ui (i 5 1, N\\\) is known—as an initial con-

dition or during model integrations—the expression of

uE(z) from (12\\\) can be used to analytically solve the

integral in (13\\\) as a nonlinear function of zw, which can

then be solved iteratively to obtain zw and hence uE(z).

The same approach was widely used to compute zw in

the past (e.g., Chen and Kumar 2001\\\).

We have repeated the simulations in Figs. 1 and 2

except (11\\\) replaces (1) and found that the soil mois-

ture distribution does not change with time—that is, the

initial hydrostatic equilibrium state is maintained and

hence no figures are shown—independent of the num-

ber of soil layers used or the initial water table depth

(within or below the model domain\\\). This demonstrates

that our modified form of u-based Richards equation

(11\\\) effectively removes the deficiencies of the numeri-

cal solution (6\\\) with a deep or shallow water table.

When land models are used for weather and climate

studies, zero flux is generally not a good bottom bound-

ary condition because it assumes there are bedrocks at

the bottom or that the soil water below the domain and

in the bottom model layer are always in equilibrium—

that is, satisfy the condition (12\\\). Although the bottom

condition (4) has serious deficiencies as discussed in

section 2d, many land models still use it because few, if

any, better alternatives are available for regional and

global modeling studies.

To preliminarily address this difficult issue, we add

an extra soil layer (N 1 1) with the same thickness

(DzN) as the bottom layer of a land model and compute

uN11 directly from uE(z) [cf. (9)]. Then the bottom con-

dition becomes

qb5KðzbÞ
›ðC�CEÞ

›z
; ð14Þ

where the vertical gradient is computed using soil mois-

ture in the bottom layer ðuNÞ and in the extra layer

ðuN11Þ, just as between any adjacent layers in the model

domain.

Note that there is no perfect bottom condition for

regional or global applications. Equation (14\\\) is gener-

ally better than the free drainage or zero flux condition

because it allows for the direct (vertical\\\) coupling of

groundwater with unsaturated soil moisture in the

FIG. 4. \\\Same as Fig. 3 except with a WTD of 2 m (solid lines\\\).

Results with 4, 10 (the control simulation\\\), and 344 even layers

(Dz 5 1 cm\\\) are shown.
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model domain. This will be further discussed in section 4,

and a more detailed discussion will be presented in a

separate study (Decker and Zeng 2008, manuscript sub-

mitted to J. Adv. Model. Earth Syst., hereafter DeZe).

The uncertainty of (14) is related to the specific way uN11

is computed—that is, simply based on the hydrostatic

equilibrium state uE(z) at each time step in our approach.

We have repeated all the computations in Figs. 1–4

except using (11\\\) and (14) to replace (1\\\) and (4\\\) (or the

zero flux condition\\\), respectively. It is found that the

soil moisture distribution does not change with time—

that is, the initial hydrostatic equilibrium state is main-

tained and hence no figures are shown. In other words,

if the soil moisture distribution is in a hydrostatic equi-

librium state, (14) is equivalent to the zero flux condition.

To separate the effects of the numerical solution (6\\\)

based on (1\\\) or (11\\\) versus the bottom boundary con-

dition (4\\\) or (14\\\), we have performed simulations using

all four combinations:

d (1\\\) and (4\\\) (i.e, control simulations, discussed in sec-

tion 2\\\);
d (11\\\) and (14\\\) (discussed above and further discussed

below\\\);

d (11\\\) and (4\\\) [to evaluate the effect of (11\\\) alone]; and
d (1\\\) and (14\\\) [to evaluate the effect of (14\\\) alone].

The comparison of Fig. 3a and 3c indicates that, if the

free drainage condition (4\\\) is applied, the use of (1\\\) or

(11\\\) does not make a difference. This further demon-

strates the dominating effect of the free drainage con-

dition and may explain why the deficiencies of the nu-

merical solution (6\\\) of the u-based Richards equation

(1\\\) were overlooked in the past by the land modeling

community. Although (14\\\) itself would not cause the

deviation of u from the initial equilibrium state, Fig. 5b

shows that (1\\\) still leads to the drop of u and hence a

nonzero flux at the bottom of the model domain. This

suggests that (14) itself cannot remove the deficiencies

of the numerical solution (6\\\) of the Richards equation

(1\\\). On the other hand, (14\\\) does reduce the deficien-

cies, as indicated by the slower rate of decrease of u in

Fig. 5b in comparison with that in Fig. 5a in which (1\\\)

and the free drainage condition (4\\\) are used.

As an additional test, we evaluate (1\\\) and (4\\\) versus

(11\\\) and (14\\\) with a constant surface flux q0 5 21 mm

day21 (e.g., evaporation\\\) or 1 mm day21 (e.g., precipi-

tation\\\). Figure 6 shows that soil moisture after 30 days

FIG. 5. The 30-day evolution of average soil moisture in 10 layers from an initial equilibrium state with an initial

WTD of 2 m. (a\\\) Integration of (6\\\) using (1\\\) with S 5 q0 5 0 and bottom boundary condition (4\\\). (b\\\) \\\Same as (a\\\)

except using the new bottom boundary condition (14\\\) that itself does not destroy the equilibrium state.
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of integration using (1\\\) and (4\\\) is drier than the initial

state, independent of the direction of surface flux. It is

particularly surprising that the surface soil moisture is

still drier than the initial state for the case of q05 1 mm

day21 (Fig. 6b). Further analysis indicates that surface

soil moisture is—correctly—wetter than the initial state

in the first few days �(figure not shown\\\). Eventually, the

free drainage is too strong and dries up the whole soil

column including the top layer (Fig. 6b). At the end of

the 30-day integrations using (1\\\) and (4\\\), the water

table depths become much deeper than the initial 2 m

(4.8 for q0 5 21 and 3.9 m for q0 5 1 mm day21). In

contrast, results using (11) and (14) correctly show the

downward propagation of soil moisture anomalies due

to the upward or downward surface fluxes (Fig. 6). Ac-

cordingly, the water table at the end of the 30-day in-

tegrations using (11\\\) and (14\\\) is more reasonable (2.8

for q0 5 21 and 1.5 m for q0 5 1 mm day21).

The infiltration rate (q0 5 1 mm day21) in Fig. 6b is

small. If q0 is substantially increased, (14\\\) is effectively

equivalent to the zero flux condition, leading to a fully

saturated state. In contrast, the free drainage condition

(4\\\) will lead to the final state that can be roughly esti-

mated from (10). On the other hand, if bottom drainage

is taken as q0, then q [ q0 [or a constant soil water flux

in (2\\\)] represents the general steady-state solution of

the Richards equation. The constant hydraulic poten-

tial in (7) is just a special case—that is, q0 5 0—of this

general solution. The question is then, can the numeri-

cal solution (6\\\) based on (1\\\) or (11\\\) lead to the correct

steady-state solution for q [ q0 . 0 from an initially

different soil moisture distribution? This would provide

more stringent tests than the case with q0 5 0 in Figs.

1–5. Note the steady-state soil moisture profiles with

q[ q0 6¼ 0 have been widely studied in the hydrological

community [e.g., based on (2\\\) and with a prescribed

water table depth to cover both cases of steady re-

charge to, and steady capillary rise from, the water

table in \\\Salvucci and Entekhabi (1994\\\)]. Here we focus

on the solution with the bottom drainage taken as q0,

and the water table depth computed at each time step.

Figure 7 shows the soil moisture distribution after 30

days of integration using (1) or (11\\\) from the initial

hydrostatic equilibrium state based on constant hydrau-

FIG. 6. \\\Soil moisture distribution at the initial equilibrium state with a WTD of 2 m (solid lines\\\) and after 30 days

of integrations using (1) and (4\\\) (control simulation, dashed lines\\\) vs (11) and (14\\\) (new simulation, dotted–dashed

lines) for (a) q0 5 21 mm day21, and (b) q0 5 1 mm day21. The source/sink term is assumed to be zero in (1) and

(11).
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lic potential with zw 5 2 m. For a small infiltration rate

(q0 5 1 mm day21), the final state using (11) is similar

to its initial state, with a slight increase in soil moisture

near surface (as a result of infiltration�\\\) and a slight

decrease in the bottom layer (as a result of drainage\\\).

The total soil water is conserved and q is found to be

constant (and equal to q0) at each interface between the

soil layers. In other words, (11\\\) leads to the correct

equilibrium state for q0 5 1 mm day21. For q0 5 10 or

50 mm day21, similar conclusions can be drawn.

When the original Richards equation (1\\\) is used,

however, the final state is unrealistic: at q0 5 1 mm

day21, the near-surface soil becomes drier (despite in-

filtration�\\\) and the bottom layer soil becomes wetter

(despite drainage\\\). Furthermore, for q0 5 1, 10, or 50

mm day21, the numerical solution (6\\\) using (1\\\) leads to

supersaturated layers with the extra soil water above

the saturation removed as runoff. This, in turn, results

in the loss of soil water: the total soil water at the end

of the 30-day integration using (1\\\) is 1.3084, 1.3379, and

1.3625 m (all less than the initial 1.3728 m) for q0 5 1,

10, or 50 mm day21, respectively. Note that the signif-

icant soil water loss also exists for q0 5 0 in Fig. 2. In

contrast, the total soil water does not change with time

using (11\\\).

If q0 is further increased to 200 mm day21, supersatu-

rated layers would occur using (1) or (11), with signif-

icant soil water loss (as runoff) and the total soil water

at the end of the 30-day integration is 1.1738 and

1.1715 m, respectively. The overall soil moisture distri-

bution is also similar using (1) or (11) as a result of the

strong infiltration (Fig. 7). Furthermore, if the initial soil

is very dry (with zw 5 6 m), supersaturation does not

occur using (1) or (11), and both yield the correct

steady state at q0 5 1, 10, 50, or 200 mm day21 �(figure

not shown\\\). Further tests of (1) and (4) versus (11) and

(14) using the full physics in CLM3 over one site will be

discussed in section 4, whereas global tests will be dis-

cussed in a separate study (DeZe\\\).

Note that although the Clapp–Hornberger formula-

tions in (5\\\) are widely used in land models for weather

and climate studies, other formulations are widely used

in groundwater hydrology and soil physics studies. The

suitability of different formulations or the combination

of different formulations for different soil types has

been addressed in the past (e.g., Fuentes et al. 1992\\\).

The sensitivity of land models to these formulations has

also been addressed before (e.g., Shao and Irannejad

1999). As a sensitivity test, we have replaced (5\\\) with

the Brooks and Corey (1964\\\) relation and repeated all

the simulations and found that our conclusions remain

the same. For instance, the comparison of Figs. 3a and

3b indicates that although the exact values of u(z) after

30 days of integration depend on the particular relation

used, all the points based on Fig. 3a as discussed in

section 2d are equally valid for Fig. 3b in which the

Brooks and Corey relation is used. The use of the u-

based versus C-based Richards equation will be dis-

cussed in section 4.

4. Conclusions and further discussion

The soil moisture (u\\\)-based Richards equation (1\\\) is

widely used to govern the vertical water movement

over regions with a deep or shallow water table in land

models for weather and climate studies, but its mass-

conservative numerical solution (6\\\) is found to be de-

ficient for saturated soil layers in the model domain—

that is, with a shallow water table. Furthermore, these

deficiencies cannot be reduced by using a smaller grid

spacing. The numerical errors are much smaller when

the water table is below the model domain. \\\Sensitivity

tests in this study demonstrate that these deficiencies

are related to the failure of the numerical solution (6\\\)

to maintain the hydrostatic equilibrium soil moisture

distribution uE(z), which can be derived at each time

step from a constant hydraulic—that is, capillary plus

gravitational—potential above the water table and rep-

resents a steady-state solution of the Richards equa-

tion. Therefore, a modified form of the u-based Rich-

ards equation, in which C[uE(z)] is explicitly subtracted

at each time step, is developed here to fix these defi-

FIG. 7. \\\Soil moisture distribution at the initial state (same as that

in Fig. 5) with a WTD of 2 m (dots\\\) and after 30 days of integra-

tions using (1\\\) (control simulation, dotted–dashed lines\\\) and (11\\\)

(new simulation, solid lines\\\). The infiltration rate at top and drain-

age at bottom are the same and taken as 1, 10, 50, and 200 mm

day21, respectively.
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ciencies. If the same free drainage bottom boundary

condition is applied, the use of the original or modified

form of the Richards equation does not make much

difference, demonstrating the more dominant influence

of the bottom boundary condition. This may also ex-

plain why the deficiencies of the numerical solution (6\\\)

of the u-based Richards equation (1\\\) were overlooked

in the past by the land modeling community, at least for

weather and climate studies.

Recognizing the serious deficiencies of the free

drainage bottom boundary condition as used by many

land models, a new bottom boundary condition (14\\\)

based on the hydrostatic equilibrium soil moisture dis-

tribution at each time step is also proposed. If the origi-

nal form of the Richards equation is applied, the new

bottom condition can reduce, but cannot remove, the

deficiencies of the numerical solution (6) in comparison

with the free drainage condition. Using the modified

form of the Richards Eq. (11) along with the new bot-

tom condition (14), however, can remove the above

deficiencies of the numerical solution (6) with a deep or

shallow water table.

These results are based on the expressions in CLM3

for the fluxes in the numerical solution (6\\\). Although we

expect that our conclusions should remain the same using

expressions in other land models, further studies by

different modeling groups are still needed to verify it.

With the central role of u in land–atmosphere inter-

actions, our modified form of the Richards Eq. (11\\\)

along with the new boundary condition (14\\\) is expected

to significantly affect the energy, water, and carbon

fluxes as well as the dynamic growth of vegetation in

land models for weather and climate studies. In particu-

lar, (11) and (14) allow the (upward) capillary pump of

water from below the model domain to help maintain

the transpiration during the dry season (e.g., over the

Amazon Basin, Nepstad et al. 1994), which has been a

significant issue for many land models (Dickinson et al.

2006). As a preliminary test, we have implemented (11)

and (14) in CLM3 (Oleson et al. 2004) and run the

model using the atmospheric forcing data for the period

of 1970–2004 from Qian et al. (2006). In both simula-

tions, full model physics (e.g., root distribution, surface

and subsurface runoff, transpiration and evaporation,

and snow) is included. Figure 8 shows that, compared

with the control simulation using (1) and (4), the new

simulation with (11) and (14) is much closer to the in

situ soil moisture observations over Illinois (Hollinger

and Isard 1994). Note that there is a low point between

1.5- and 2-m depth—that is, layer 9 in CLM3—because

the lateral drainage in CLM3 is assumed to occur in

layers 6–9 only, whereas the free drainage occurs in the

bottom or layer 10. A more comprehensive evaluation

of the positive effects of (11) and (14) on the global

offline land modeling will be reported in a separate

paper (DeZe) that will also include the further im-

provement of the bottom boundary condition by con-

sidering the horizontal movement of soil water.

The Richards equation with C (rather than u) as the

dependent variable is widely used in the studies of

groundwater hydrology and soil physics (e.g., Neuman

1973; Milly 1985). For the numerical solution of the

C-based Richards equation, subtraction of the equilib-

rium state is not needed but maintaining the mass bal-

ance is challenging (Celia et al. 1990; Pan and Wierenga

1995). For the numerical solution (6\\\) of the u-based

Richards Eq. (1\\\) here, in contrast, mass is conserved

but maintaining the equilibrium state is challenging.

Note that the removal of supersaturated water as runoff

at the end of each time step is not regarded as a viola-

tion of the mass conservation in a land model. The mass

conservation problem for the C-based equation has

been largely fixed through the use of various modified

or mixed forms of the equation (Celia et al. 1990; Pan

and Wierenga 1995; Ross 2003\\\). Complementary to

these efforts, the hydrostatic equilibrium state mainte-

nance problem for the u-based Eq. (1\\\) is largely fixed

here through the use of (11\\\). It will be a future task to

compare the accuracy and computational efficiency of

the numerical solution (6\\\) using the modified form of

the u-based Richards Eq. (11) versus the numerical so-

lutions of C-based Richards equation (Pan and

FIG. 8. Vertical profile of the averaged volumetric soil moisture

from 1990–2004 for CLM3—that is, with (1) and (4\\\); labeled

‘‘cont’’—CLM3.0 with the modified form of the Richards equa-

tion (11\\\) along with the bottom boundary condition (14\\\) (labeled

‘‘new’’�\\\), and the in situ observations over Illinois (labeled ‘‘obs’’�\\\).
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Wierenga 1995; Ross 2003\\\) for situations with a deep or

shallow water table and with depth-dependent or uni-

form soil properties.

In the modified form of the Richards equation (11\\\),

water table depth is explicitly computed at each time

step to obtain the hydrostatic equilibrium soil moisture

distribution uE(z). Furthermore, u in the extra layer be-

low the model domain is directly computed from uE(z).

This effectively provides a mechanism for the direct

(vertical\\\) coupling of surface and underground water,

which is complementary to prior efforts (Liang et al.

2003; Yeh and Eltahir 2005; Maxwell and Miller 2005;

Fan et al. 2007\\\). Further discussion of this issue will be

provided in DeZe. \\\Significant progress has also been

made in recent years in the modeling of horizontal

movement of soil water caused by subgrid topography

(Koster et al. 2000; Walko et al. 2000; Chen and Kumar

2001; Niu et al. 2005; Yu et al. 2006). With a focus on the

vertical u exchange, our modified form of the Richards

equation can also be directly used in combination with

these topography-generated runoff formulations. In fact,

the horizontal movement of soil water has been included

and is needed for global offline simulations in our sub-

sequent study (DeZe\\\). Finally, if a land model contains a

river transport submodel (e.g., Oleson et al. 2004), the

change in the horizontal water flux can be added to u in

the extra layer, providing a direct coupling mechanism

between the horizontal transport of water (between

model grids\\\) and the vertical u exchange within a grid.

These issues are all related to (11) and (14) but are also

affected by other processes in each landmodel and hence

are better left for future studies using various land

models.
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Abstract 

Different numerical methods have been developed by the weather/climate and 

groundwater/soil physics communities to solve Richards equation for vertical soil 

moisture movement, but the intercomparison of these methods from different 

communities has seldom been done. Here the numerical accuracy and computational 

efficiency are compared using the pressure head-based solution of Pan and Wierenga 

[1995] (or PW), the combined pressure head- and soil moisture-based solution of Ross 

[2003] (or RS), and the entirely non-iterative solution for the soil moisture-based 

modified Richards equation from Zeng and Decker [2009] (or ZD).  Simple tests drawn 

from previous work are performed in which the direct effects of the solution 

methodology are not complicated by other hydraulic processes.  It is found that for the 

same time step and grid spacing, both the ZD and RS solutions are computationally more 

efficient (roughly by an order of magnitude) and provide nearly identical results to the 

PW solution for both variably saturated, homogeneous and heterogeneous soils with 

different initial conditions and infiltration rates.  Furthermore, both the ZD and RS 

solutions can utilize a much longer time step and greater grid spacing than the PW 

method with differences no larger than those arising from small changes in the soil water 

retention function parameter.  The implication is that simulations of soil moisture in both 

the unsaturated and saturated zones for land-atmosphere interaction studies do not require 

the iterative PW method, and can instead be adequately and efficiently achieved via the 

non-iterative ZD method or the RS method (without or with limited iterations). 
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1. Introduction 

 

Soil water is an important component of land surface models for several reasons.  

Not only does the amount of soil water control the partitioning between latent and 

sensible heat fluxes, it alters the thermal conductivity of a soil column and controls the 

amount of latent heat released during freeze and thaw periods.  Modeling studies have 

shown that the evaporative fraction (i.e., the surface latent heat flux divided by the sum of 

surface sensible and latent heat fluxes) is sensitive not only to vegetation type but also to 

soil moisture [Dirmeyer et al., 2000].  Soil water also regulates biogeochemical 

processes.  For instance, experiments indicate that ground water level is the primary 

control for the release of various greenhouse gases from soil [Jungkunst et al., 2008] and 

that CO2 efflux from soils is more sensitive to soil water than soil texture [Bouma and 

Bryla, 2000].   

In recognition of the importance of soil water in weather and climate, much effort 

has been put forth recently to improve the ability of land surface models to simulate the 

hydrological cycle through the addition of more complex representations of subsurface 

processes [Oleson et al., 2008; Pan et al., 2008; Decker and Zeng, 2009].  Pan et al. 

[2008] incorporated an iterative, soil pressure based soil water scheme (TOUGH2) into 

the Community Land Model (CLM) to improve the model’s ability to simulate ground 

water processes.  Decker and Zeng [2009] demonstrated that the ability of CLM to 

simulate soil water can also be improved through utilizing the correct form of the soil 
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water-based Richards equation even when no separate groundwater model is coupled to 

the land surface.  While these efforts improve a model’s ability to simulate the 

hydrological cycle, they don’t address the issue of the numerical accuracy and 

computational efficiency of the numerical solution of the one dimensional Richards 

equation. 

The vertical movement of soil water (neglecting water vapor fluxes and changes 

in fluid density) is governed by the Richards equation [Richards, 1931] 
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z
K

zt
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 (1) 

where  is the volumetric water content (mm
3 

of water / mm
3
 of soil), t is time, z is the 

vertical dimension (positive upwards and defined from some arbitrary datum, typically 

the soil surface or the water table depth), is the soil matric potential (i.e. pressure 

head), K is the hydraulic conductivity (related to  or depending on the empirical 

relation of the soil water retention curve), and S is the source/sink term (i.e. the soil water 

removed due to transpiration).  Richards equation (1) is derived from the conservation of 

mass and Darcy’s law (i.e., the flux is equal to the hydraulic conductivity times the 

gradient in soil matric potential).  Due to the nonlinear nature of the relation between K 

and either or , (1) must be solved numerically for all but very simple and specific 

cases.  Various methods of differing complexity have been previously developed by 

different Earth science communities. 

Soil physicists and hydrologists typically expand the derivative on the left hand 

side of (1) to eliminate  from the equation and solve the -based form.  These solutions 
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are computationally inefficient due to their iterative nature and require special treatment 

to eliminate mass balance errors.  Celia et al. [1990] introduced the modified Picard 

method to eliminate mass balance errors in the -based solution.  This numerical scheme 

accounts for the change in water content in a single time step directly from the change in 

the soil matric potential.  While mass conservative, the solution suffers from poor 

computational efficiencies when the soil column is initially dry [Kirkland et al., 1992].  

This inefficiency is due to large gradients of soil matric potential under these conditions 

and the inherent iterative nature of the solution.  To reduce these gradients, Pan and 

Wierenga [1995] (hereafter referred to as PW) introduced a nonlinear transformation on 

the pressure head.  Compared to the method of Celia et al. [1990], this transformation 

results in a much improved computational efficiency without introducing mass balance 

errors in the modified Picard method. More recent work has compared both the effect of 

the choice of the transformation and the optimization of the free parameters in the 

transformation and found that various transformations can lead to more efficient and 

robust solutions of the Richards equation [Williams et al. 2000].  Even so, the vertical 

and temporal discretizations required by the PW solution are generally too fine for use in 

land models in land-atmosphere interaction studies:  land surface models typically have a 

time step of minutes to one hour, while solutions of the aforementioned form require time 

steps on the order of seconds to facilitate convergence. When CLM was coupled to 

TOUGH2 (an iterative pressure based soil moisture movement solver) in Pan et al. 

[2008], the standard soil discretization in which 10 soil layers vary in thickness from a 

few millimeters near the surface to greater than a meter deeper in the soil column was 
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changed to 61 layers with 59 of the layers having a thickness of 10 cm.   As discussed in 

PW, the convergence of this iterative solution dictates a time step depending on boundary 

and initial conditions, the soil water retention function used, and the soil type.   

Although iterative pressure-based methods conserve mass exactly, noniterative 

methods that acceptably conserve mass have also been constructed.  Kavetski et al. 

[2002] developed a second-order noniterative scheme for the one dimensional form of 

Richards equation that utilizes an adaptive time step to control truncation errors and thus 

conserves mass to a desired level (1.0 to 0.01 mm per time step in their study).  These 

mass balance errors would not lend themselves well to use in models such as CLM, 

where the water balance error per time step is constrained to be less than 10
-7 

mm.  

Therefore, this method isn’t evaluated here as all three methods utilized in this study 

conserve mass to within machine precision. Note that the computational efficiency by 

removing the iterations from solving Richards equations in Kavetski et al. [2002] is in 

general agreement with what is found here. 

Ross [2003] developed a method combining both the -based form and the based form 

of the equation depending on the degree of saturation (hereafter referred to as RS).  RS 

has been demonstrated to be as accurate as analytical solutions under the specific 

conditions when analytical solutions can be derived [Varado et al., 2006].  Also, it has 

been shown to be 1.25 to 14 times numerically faster and more robust than the commonly 

utilized numerical package Hydrus-1D [Simunek, et al. 1999] in various homogeneous 

soils and boundary conditions [Crevoisier, et al. 2009].  Due to the proven efficiency and 

accuracy of RS, it serves as another benchmark numerical method here. While soil 
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physicists and hydrologists typically eliminate  from the Richards equation, land surface 

modelers generally express and K as a function of  in (1), resulting in the -based 

form of the equation [Oleson et al., 2004].  While the latter method conserves mass, it is 

not applicable in saturated soils and requires special treatment for soil discontinuities due 

to the discontinuous nature of as opposed to .  Zeng and Decker [2009] (hereafter 

referred to as ZD) showed that the numerical solution of this form as applied directly to 

the Richards equation cannot maintain the hydrostatic solution (  + z = constant) of the 

original differential equation (1).  To remove this deficiency, they modified the equation 

by explicitly removing this equilibrium state. While their numerical solution is non-

iterative and hence is computationally efficient, it still contains truncation errors due to 

the use of a first-order Taylor expansion. The question still remains: is the method of ZD 

valid and how efficient is it in both heterogeneous and saturated soils as compared to the 

-based solution of PW and the combined  and -based method of RS?  Also, which of 

these methods is suitable for the land modeling community for land-atmosphere 

interaction studies?  The purpose of this paper is to directly address these questions using 

idealized test cases for varying infiltration/evaporation rates with various soil 

compositions, largely following the tests in PW for the constant boundary conditions and 

that of Kavetski et al. [2002] for the time varying boundary conditions. 
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2. Soil Properties, Numerical Solutions, and Numerical Experiments 

2.1 Soil Properties 

 While soil physicists typically use the van Genuchten relation [van Genuchten, 

1980] to relate soil matric potential and volumetric water content, land surface models 

usually use the Clapp-Hornberger relation [Clapp and Hornberger, 1978].  Previous 

modeling studies indicate that while the choice of the soil hydraulic model affects land 

modeling results quantitatively, it generally does not change the conclusions [Shao and 

Irannejad, 1998].  Since the Clapp-Hornberger relation neglects the residual water 

content and the van Genuchten relation is more complex, the Brooks-Corey relation is 

used here 





























satrsat

r

eS  (2) 

for  < sat  where Se is the degree of saturation of soil moisture, sat is the volumetric 

water content at saturation (mm
3
 / mm

3
), r is the residual water content (mm

3
 / 

mm
3
),sat is the soil matric potential at saturation (mm), and  is the dimensionless pore-

size distribution parameter.  The parameters sat, rsat, and  are constants that depend 

on the soil type.  These parameters are found experimentally, and due to the highly 

nonlinear nature of (2) combined with the inherent heterogeneity of soils, their exact 

values are difficult to ascertain.  The impact of small deviations in  on the numerical 

solutions is discussed later.  For  > sat,     sat.  Using (2) and the Burdine [1953] 
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hypothesis, the hydraulic conductivity as a function of the degree of saturation is given 

by 

)/23(
)(


 esate SKSK  (3) 

Three different soil types (sandy loam, silt loam, and sandy clay) were chosen for this 

study from the 11 USDA soil types.  Table 1 lists the soil types and their corresponding 

empirical parameter values. 

 

2.2 Numerical Solutions 

a. The Pan and Wierenga [1995] (or PW) method  

As previously stated, PW introduced a transformation on the soil matric potential 

to enhance the computational efficiency of the modified Picard method.  The 

transformation function is 








1
P   (4) 

where P is the transformed pressure head and is a constant.  While the value of can 

improve the efficiency of the solution [Williams et al. 2000], the optimal choice is not 

only a function of soil type but also boundary conditions and thus cannot be easily 

optimized for all cases that occur in global models.   Therefore, we follow PW in taking 

as a constant independent of soil type (-0.004 mm
-1

).  When combined with the 

modified Picard method of Celia et al. [1990], this transformation produces the following 

finite difference equation from (1) 
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In (7) and (8) j = i-1/2 or i+1/2, and in (5)-(8) N is the time step, M is the iteration 

number, i is the vertical level (increasing upwards), t is the time step (s), cond is -K 

d/dP, z is the layer thickness (mm), and Si is the source/sink term in mm s
-1

 (taken as 

zero in this paper).  All parameters (e.g. cond) are evaluated as the average of the N and 

N+1 time steps (i.e. N+1/2).  Similarly, the hydraulic conductivity at the interface 

between two soil layers (Ki+1/2) is taken as the arithmetic mean of Ki and Ki+1.  Equations 

(4)-(8) then result in a tridiagonal set of equations that can be solved by a simplified form 

of Gaussian elimination known as the Thomas algorithm (see PW).  The number of 

iterations needed for convergence depends not only on the time step t but also on the 

material properties (i.e. the soil water retention function and its parameters) and the 

spatial discretization.  Following PW, convergence is achieved with the absolute value of 

the maximum difference between the soil pressure between two iterations is less than 10
-
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13
 (mm).  While the computational code implementing (4)-(8) in this paper was written 

with an attempt to eliminate all unnecessary computations (and thus minimize 

computational time), codes of this method written by other research groups could 

possibly be slightly faster or slower. 

b. The Ross [2003] (or RS) method 

The numerical solution of RS utilizes  as the predicted variable only when the 

soil is unsaturated and as the dependent variable when the soil is fully saturated.  A 

brief description is given here and the reader is referred to RS for further details.  When 

averaged over a layer and assuming the flux from layer i to the interface between i and 

i+1 is equal to the flux from the interface to the layer i+1, the numerical solution of 

Richards equation takes the form 

     2/12/1,,,

2/12/1
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with 

N

ie

N

ieie SSS ,

1

,,  
  (10) 

where 

 Se,i is the change in degree of saturation [as defined in (2)] in layer i,sat,i is the 

saturated volumetric water content, r,i is residual volumetric water content, (zi+1/2 - zi-1/2) 

is the layer thickness (z), qi-1 (qi) is the flux between layer i-1 and i (i and i+1) at time 

N+ in mm s
-1

,  is either 0.5 or 1.0 depending on the conditions, and Si is the 

source/sink term in mm s
-1

 (taken as zero in this paper).  Note that in fully saturated soils 
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the left hand side of (9) is equal to zero.  The fluxes are found after using the Kirchhoff 

transformation to calculate the matric flux potential:  
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where e=Ksatsat) in unsaturated conditions.  Using the matrix flux potential, 

Darcy’s Law can be written as 
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The fluxes are then linearized through a Taylor expansion: 
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where  =Se for unsaturated soils, and = for saturated soils.  While in 

unsaturated soils the use of (13) results in truncation errors of the order (Se)
2
, it is exact 

for fully saturated soils.  The flux from layer i to i+1 (qi) between two layers of uniform 

soil composition is calculated using (12) as 
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   (14) 

where the weight w is calculated for each layer at each time step such that the resulting 

weight will enable the numerical solution to maintain the hydrostatic solution of Richards 

equation.  In other words, if it is assumed that the pressure head at layer i is 1, then in 

order to maintain hydrostatic balance the pressure head at layer i+1 must be 1– zi, and 

66 
 

  



 

 

the flux must be zero.  Substituting these results into (11) and (14) yields the equation for 

w 
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An alternative, empirical, and approximate method for calculating w is also given in RS.  

This study utilized the empirical form to calculate w, as several sensitivity tests indicate 

that the solution was nearly independent of the choice, in agreement with the finding of 

RS. 

 The calculation of the flux between two layers of different soil composition is 

more complicated.  The steady state flux from layer i to the interface between layer i and 

i+1 must be equal to the flux from the interface to layer i+1.  These two fluxes can be 

equated to calculate the unknown pressure head (and hence the matric flux potential) at 

the interface.  To find the pressure head, Newton iterations are used to solve 

0)()()( 22111  iiiii qqf     (16) 

where i1 (i2) is the matrix flux potential at the layer above (below) the interface, qi1 is 

the flux from layer i to the interface, and qi2 is the flux from the interface to layer i+1 

given by (13).  The number of iterations needed to solve (16) is generally very small, and 

in this study the solution to (16) converged in a single iteration for every test case. 

Substitution of (10)-(16) into (9) results in a set of tridiagonal linear equations 

that can be solved using the Thomas algorithm.  In addition to using (9)-(16), RS also 
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utilizes a variable time step to prevent large changes in the degree of saturation in a given 

time step for several reasons.  Utilizing a variable time step helps to eliminate 

overshooting--the state when a given soil layer transforms from unsaturated to beyond 

saturated in a single time step.  Essentially, after the change in water content is calculated 

for a given time step, if the change is too large the time step is reduced and the change in 

water is recalculated.  This is repeated until a suitable change in the water content is 

found.  For this study, the maximum change in the degree of saturation for a single time 

step was set to 1.0.  Also, the initial time step (shown in Tables 2 and 3) was taken to be 

relatively short, and is based on a qualitative analysis of the ZD method.  In doing so, the 

need for the RS solution to reduce the time step can be eliminated in these test cases (to 

facilitate the fair comparison between the RS and ZD methods).  

c. The Zeng and Decker [2009] (or ZD) method 

 ZD provided an alternative and simpler method of solving (1) by always using  

as the predicted variable.  First, a hydrostatic solution of (1) [see (21) below] is explicitly 

subtracted from (1) and the Richards equation becomes 

S
z

K
zt

E 




















 )( 
  (17) 

 

where E is the equilibrium (i.e. hydrostatic) soil matric potential,  calculated from the 

equilibrium solution of (1)  

constzz satE      (18) 
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with zbeing the water table depth and computed at each time step following the 

procedure in ZD.  Combining (18) and the soil water retention function, the equilibrium 

volumetric water content can be calculated as a function of depth: 

 

   zzFFz satEE   )(   (19) 

 

where F is the soil water retention function [i.e., the Brooks-Corey relation (2) in this 

study].  The final step in calculating E is to average from (19) over the depth of a 

single layer and use the inverse of the soil water retention function 
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and 

 iEiE Fz ,
1)(     (21) 

 

It can be shown that as the grid spacing goes to zero, E goes to –z, and only for large 

grid spacing in dry soils does E vary significantly from –z.  The numerical scheme to 

solve the modified Richards equation is taken from the Community Land Model [Oleson 

et al., 2004].  The finite difference form of (16) when averaged over the soil layer is 
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where 
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and the flux between layers in (22) (qi and qi-1) are calculated using the Taylor expansion 

as 


















 

z
Kq E

ii

)(
2/1


  (24) 

1

1

1





 








 j

j

j

j

j

jN

j

N

j

qq
qq 





 ,  j=i or i-1       (25) 

Similar to RS, the first-order Taylor approximation in (25) results in a linear set of 

equations for efficient computations, but it also introduces truncation errors of the order 

of (
2
.  

 The hydraulic conductivity between layers is not calculated as the arithmetic 

mean of Ki and Ki+1/2 in Oleson et al. [2004] or ZD but as 
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where K is the functional relation (determined from the soil water retention relation) 

between the volumetric water content and the hydraulic conductivity [i.e., equation (3) in 

this study].  The use of (26a) is found to introduce errors in the numerical solution of ZD 

in simulations with heterogeneous soil layers with large grid spacing (see section 3), and 

an alternative method is developed to provide more accurate numerical simulations:  

       (26b) 
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Although  is discontinuous at the interface of heterogeneous soil layers,  is continuous 

so that (26b) would, in theory, be more appropriate  in calculating interfacial properties, 

which will be confirmed by numerical simulations in section 3.  Equations (20)-(26) then 

result in a tridiagonal set of equations that again is solved using the Thomas algorithm.  

While all three methods solve a set of tridiagonal equations, the main difference is that 

the ZD approach is always a non-iterative process with truncation errors, RS is iterative 

(however it doesn’t require iterations in the simple cases presented here) but also has 

truncation errors in unsaturated soils, while PW is always iterative but without truncation 

errors due to linearization when convergence is achieved. 

 

2.3 Simple Numerical Experiments 

 The idealized tests in this study largely follow the experiments performed in PW. 

Time varying boundary conditions are also included here following the functional form in 

Kavetski et al. [2002].  The numerical solutions to Richards equation (and any other time 

dependant partial differential equation) require initial and boundary conditions.  The 

initial conditions for each experiment are found using equation (18) and (2) based on 

various water table depths.  These initial conditions are thus a hydrostatic solution of (1) 

so that deviation from this state is either the result of the boundary conditions or from 

errors in the numerical solution.  Flux boundary conditions are applied to both the top and 

bottom of the domain, with the bottom boundary condition taken as zero flux for all 

cases.  The surface fluxes (or infiltration rates) are provided in Tables 2 and 3. These 

rates are relatively small and surface ponding does not occur, because surface ponding is 
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usually computed in the surface runoff module of a land model (e.g., LM) rather than in 

the solution of the Richards equation (even though the RS method is equipped to allow 

for surface ponding).  

Table 2 lists the case numbers and relevant information for the homogeneous soil 

composition cases. In particular, we define the ratio RPW and RRS as:  

                        itime

itime

iRS

itime

itime

iPW
ZD

RS
R

ZD

PW
R

,

,

,

,

,

, ;      i = S or L (27) 

where PWtime,i is the computer time used for either PWL or PWS solution, RStime,i is the 

computer time used for either RSL or RSS solution, and ZDtime,i is the computer  time used 

for the ZDL or ZDS solution (to be explained later).  The computer time used to initialize 

all of the arrays and output the results is not included in the calculation of the wall clock 

time.  The ratio of the two times is used in place of the actual time because the simulation 

time itself will vary substantially depending on the computer used to perform the 

simulations.  To ensure that the computer time elapsed for all of the test cases is 

representative, five simulations were run for each case, and the best (shortest) computer 

time was used in (27).   

 In all of the test cases, the PW method is run with a grid spacing of 1 cm.  To 

ensure that PW with this small grid spacing can be considered the true solution, PW was 

also run with a grid spacing of 0.5 and 0.1 cm for all of the test cases (results not shown).  

The final solution was independent of the choice of z (either 1, 0.5, or 0.1 cm), and 

therefore PW can be considered the valid true solution.  The time step for the PW method 

tS is chosen as only a few seconds to provide a solution with the highest possible 
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numerical accuracy.  The larger time step, tL  is chosen so that the solution converges, 

yet doubling it would cause the solution to diverge for all homogeneous test cases, thus it 

is approximately the largest time step possible for the PW method.  

  For the homogenous soil cases (i.e., all cases in Table 2), the ZD and RS methods 

are run twice, each with a grid spacing of 1 cm.  One simulation utilizes the same short 

time step as the PWS method (ZDS and RSS), while the other (ZDL and RSL) use the 

largest possible time step that the ZDL would still yield results comparable to the PWS 

method.  Due to the use of a variable time step, the initial time step in RS can be as large 

as the user wants (i.e., 10
15

 seconds).  In this study, the initial time step in RS is taken as 

the same as that used in ZD, and the need for the RS method to reduce the time step is 

nearly eliminated a priori.  However, RS is not limited to the shorter time steps dictated 

by ZD. 

 The model domain for these homogeneous tests is taken as 100 cm for the cases 

with a constant infiltration rate (1.1, 1.2, 2.1, 2.2, 3.1, and 3.2)  and 400 cm for the cases 

with a time varying infiltration rate (1.3, 2.3, and 3.3).  The initial conditions are chosen 

as the hydrostatic solution of (1) based on a water table depth of 5 m (representing 

moderately dry soil), or 0.75 m and 3.75 m (with the bottom of the model domain 

initially saturated).  Three cases (1.3, 2.3, and 3.3) have a time varying upper boundary 

condition to simulate conditions more likely to be found in hydrometeorological studies 

(e.g., Decker and Zeng [2009]):   

          for t ≤                          (28a) 
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        for t >  (28b)  

where  = 10
5
 seconds (~27.8 hours), and Qc = 5.0 mm/hr for Cases 1.3 and 2.3 and Qc = 

1.0 mm/hr for Case 3.3.  Qc is smaller for Case 3.3 than for Cases 1.3 and 2.3 because the 

saturated hydraulic conductivity for sandy clay in Case 3.3 is smaller than that for other 

types (Table 1).  In this way, surface ponding does not occur.  The functional form of 

(28) is similar to that in Kavetski et al. [2002], however it is formulated as a Nuemann 

boundary condition here as opposed to a Dirichlet condition due to the fact that flux 

boundary conditions are the conditions applied in CLM (and other land surface models).  

The physical interpretation of (28) is straightforward:  the smoothly time-varying 

infiltration for a little more than a day may be considered as coming from irrigation or 

large scale precipitation followed by evaporation that is large right after the wetting 

period (or storm) but decreases with time. Table 3 lists case numbers and relevant 

information for the heterogeneous soil composition cases. The domain is 60 cm in depth 

and composed of two different soil types.  The first type is from 0-10 cm and 20-60 cm, 

and the second type in between (from 10-20 cm depth).  The ZD and RS methods are run 

with two different grid spacing configurations.  In these heterogeneous cases, ZDS and 

RSS refer to a constant grid spacing of 1 cm with the same time step as the PWS method, 

while ZDL and RSL use non-uniform grid spacing but the same time step as the PWL 

solution.  While PWS, ZDS , and RSS use 60 even layers (1 cm grid spacing), ZDL and 

RSL utilize only three layers with nodes at depths of 5 cm, 15cm, and 40 cm.  For the 

purpose of land surface modeling, the configuration used in ZDL and RSL would be the 
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natural selection for modeling these experimental soil columns because it follows the soil 

type changes.   

 Because the PW method is usually used with a fine vertical resolution (e.g., 1-10 

cm), a natural question is whether it is also valid for coarser resolutions with uneven grid 

spacing. Therefore, the PW method was also tested with the above three layers only (and 

with a various time steps ranging from 2 to 1200 seconds).  However, the solution never 

converged (at each time step) within 10,000 iterations, and the resulting numerical 

solution didn’t conserve the soil water mass due to the lack of convergence.  

Convergence can be achieved for all scenarios in the PW method only when the grid 

spacing and time step are much smaller than are typically used for land-atmosphere 

interaction modeling studies.  Therefore, while the RS and ZD methods were run with 

three heterogeneous layers and a large time step, the PW method was run with 60 even 

layers and the same large time step as ZDL and RSL. 

 

3. Results and Discussion 

 The volumetric water content as a function of depth for the homogeneous cases is 

plotted in Figure 1 (Cases 1.1, 1.2 and 1.3), Figure 2 (Cases 2.1, 2.2 and 2.3), and Figure 

3 (Cases 3.1, 3.2  and 3.3).  The ZD and RS methods with the same time step as PWS 

(i.e., ZDS and RSS) are not only able to nearly exactly reproduce the results from PWS 

when the bottom of the domain is saturated (Cases 1.1 and 1.3), but they are also able to 

mimic the PWS solution when the infiltration rate is high enough to cause the top of the 

model domain to be saturated (Case 1.2).  For Cases 1.1 and 1.3, ZDL and RSL (with the 
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largest time step) yield nearly the same results as PWS and PWL, even though Case 1.3 

uses a  time varying boundary condition that includes both infiltration and evaporation.   

For Case 1.2, the only differences between the various solutions occur at the wetting 

front, but these differences are small.  In fact, the differences between ZDL, RSL, RSS, 

and RSS are as small as the differences between PWS and PWL.  Thus the choice of 

numerical solution is less important in this case than the choice of time step for the PW 

solution. 

 Cases 2.1, 2.2 and 2.3 in Figure 2 yield the same conclusions as Cases 1.1, 1.2  

and 1.3 for ZDS, RSS and RSL. Furthermore, unlike Case 1.2 in Figure 1, results from 

both ZD and RS exactly mimic the position of the wetting front at the end of the 

integrations for Case 2.2 in Figure 2. In other words, the ZD and RS solutions are less 

sensitive to the time step in Case 2.2 than they are in Cases 1.1 and 1.2, as is the PW 

solution.  For Cases 2.1 and 2.3, ZDL is very slightly wetter near the surface and drier 

directly above the water table than both ZDS and the PW solution.  For these two cases, 

ZD is more sensitive to the time step than RS and PW.  However, the differences in the 

final solution between ZDL (or RSL) and PWL are small as the root mean square error is 

0.015 for ZDL and 0.002 for RSL for Case 2.1 and 0.024 for ZDL and 0.015 for RSL in 

Case 2.3.   Cases 3.1, 3.2 and 3.3 in Figure 3 again show no differences between the ZDL, 

ZDS, RSL, RSS, and the PWL and PWS solutions.  For example, the root mean square 

errors for Case 3.1 between PWS versus ZDL, ZDS, RSL, and RSS are 0.0088, 0.0009, 

0.0024, and 0.0003 respectively.  For Case 3.3, the root mean square errors are 0.0189, 
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0.0128, 0.0192, and 0.0116 respectively.  While RSL has a smaller error than ZDL for two 

Cases in Figure 2, ZDL has nearly the same accuracy as RSL for Case 3.3. 

 The only significant difference in all of these cases is the computer time required 

to complete the simulations.  The ZDS (or RSS) solution performs 8-72 (or 6-36) times as 

fast as the PWS method (Table 2).  Furthermore, the ZDs solution is approximately 20% 

faster than the RSS solution for these homogenous cases as the median value of RRS,S is  

~1.2.  Since the soil is homogeneous and the non-iterative empirical formula was used to 

calculate w in Equation (14), the RS method in these cases doesn’t contain any iterations 

to calculate the soil water flux between layers. Also, since the initial time step chosen is 

only a few seconds the method doesn’t have to reduce the time step using its variable 

time step formulation.  Thus the difference in computational time between the RS and ZD 

methods cannot be due to the variable time step or to the need for iterations.  Instead, the 

difference is in all likelihood due to the fact that the RS solution is more complicated 

(and thus involves more calculations) than the ZD method. 

 The ratio RPW,L is significantly higher in every case, ranging from 72 to 1321 with 

a median value of ~381 (Table 2).  Thus, due to the larger time step, the ZDL solution is 

more than two orders of magnitude faster than the PWL method.  The large time step 

combined with the large infiltration rate for 1.2, 2.2,, and 3.2 requires that the PW 

method utilize many iterations at each time step.  However, the wall clock time to 

complete the PW simulations is shorter when the large time step is used (PWL is ~5 times 

faster than PWS).  The RS solution is again slightly slower than the ZD method (with a 

median value of RRS,L of 1.3) when the large time step is utilized.  Due to the remarkable 
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similarity in the differences between RRS,L and RRS,S for the various homogeneous test 

cases, it seems that the difference in computational time between RSL and ZDL is caused 

simply by the greater complexity of the RS method in all of these simple cases.  Cases 

1.3, 2.3, and 3.3 all have a higher value of RRS,L  than the other cases in Table 2 due to the 

overhead associated with the infiltration rate changing every time step because of the way 

RS is coded.  Sensitivity tests (not shown) revealed that changing the infiltration rate only 

once every five time steps (and using the average of (28) over the five time steps as the 

infiltration rate) brings RRS,L down to ~1.3 for these three cases. 

 In Figures 1-3 results using the original -based Richards equation (Oleson et al. 

2004) without the revision in ZD but the same numerical solution are also shown for 

completeness. Evidently, these results differ significantly from the correct PW solution 

for the cases when the water table depth is located within the model domain (panels a and 

c in Figures 1-3).  For panel b in Figures 1-3 with a water table depth of 5 m (much 

deeper than the 1-m model domain), results using the original -based Richards equation 

are nearly the same as those from ZD , RS and PW. These conclusions are consistent with 

those in ZD, further demonstrating that the revised Richards equation in ZD is needed for 

the numerical modeling of soil moisture in both the unsaturated and saturated zones when 

 is the only dependent variable. 

 Figures 4 and 5 show the results for Cases 4.1 – 4.6 with heterogeneous soil 

compositions and a constant infiltration rate. For the same time step and grid spacing as 

PW, results for both ZDS and RSS match the PW solution very well. For the three cases in 
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Figure 4, the initial volumetric water content from 10-20 cm depth is significantly higher 

than those from 0-10 cm and 20-60 cm, and the soil water difference between ZDL (with 

three layers only) and PW averaged to the three layers (denoted as PWave in the figure) is 

positive and reaches a maximum value of 0.0125.  These differences can be positive or 

negative for the top 0-10 cm layer and the maximum difference in magnitude is 0.0096. 

For the bottom layer of 20-60 cm, the differences are much smaller than in the top two 

layers. The deviation of RSL from PWavg is at most half as much as the difference 

between ZDL and PWavg. 

 These results raise a question: why is the RS method more accurate than the ZD 

method in these cases while the two methods are quite similar in accuracy in the 

homogeneous soil cases in Figures 1-3? It is found through extensive evaluations that the 

primary reason is the better treatment of calculating flux between heterogeneous layers in 

the RS method by utilizing the fact that  is continuous (but θ is discontinuous) across 

heterogeneous soil layers.   While RS has an iterative solution (that converges in a single 

iteration for these test cases) to find the pressure head at the interface between layers, ZD 

doesn’t use any special treatments.  To demonstrate that the method of calculating 

interfacial properties is the primary reason behind the disagreement between ZDL and 

PWavg (or RSL), the solution found using an alternative formulation for K in ZD (labeled 

ZDhk) is shown in Figures 4 and 5.  The only difference between ZDhk and ZDL is the use 

of Eq. (26b) (based on the continuous  profile) as opposed to Eq. (26a) (based on the 

discontinuous  profile). The benefit of utilizing (26b) over (26a) is clearly seen in Figure 
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4c, where the maximum error between the assumed correct PWavg and ZDhk is only 

0.0061, which is comparable to the error of RSL and is less than half of the error of ZDL.    

Therefore, the deviation of ZDL from PWavg is not caused by the use of the modified 

Richards equation in ZD or truncation errors due to the Taylor expansions in the 

numerical solution, but by the use of an inappropriate method of calculating the 

interfacial properties.   

 To quantify the magnitudes of the deviations between the numerical solutions, 

two other sensitivity tests are also shown in each panel, labeled lo and hi.  lo is the 

solution found from using PWS, however the parameter   in Eq. (2) was reduced by 10% 

in all of the soil layers.   Similarly, hi is the same as PWS with  increased by 10% in all 

of the soil layers.  The soil water retention function (2) is an empirical equation that 

provides the relation between  and  in unsaturated soil, and the parameter  is poorly 

known on the scales at which land surface models are run [Shao and Irannejad, 1998].  In 

fact, the parameters for a given soil in Eq. (2) are derived at scales much smaller than 

land models are run.  For example, Clapp and Hornberger (1978) found a standard 

deviation in  for soil textural classes of up to 44% of the mean, much larger than the 

10% used here.  As can be seen in Figure 4, a slight (10%) change in  causes the 

solution to deviate more from PWS than ZDL and RSL do for nearly all of the cases.  

Therefore, while RSL provides a slightly more accurate solution than ZDL due to the more 

accurate method of calculating interfacial hydraulic conductivity in RS, the differences 

are not large when the uncertainty in the parameters is also considered. 
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 For the three cases in Figure 5, the initial water content from 10-20 cm depth is 

less than those from 0-10 cm and 20-60 cm, which is opposite to that in Figure 4. 

Correspondingly, ZDL underestimates soil water in the middle layer compared with 

PWavg, and the maximum difference in magnitude is 0.019. The differences can be 

positive or nearly zero for the top layer of 0-10 cm and the maximum difference in 

magnitude is 0.0353. Similar to Figure 4, the differences for the bottom layer of 20-60 cm 

is much smaller than those in the top two layers. The characteristics of the PW solutions 

are maintained in the ZDL solutions in Figure 5, even though the ZDL solutions (with 

three layers only) do not exactly match the PW solutions-which is not surprising 

considering the very coarse resolution and heterogeneous soil composition. However, it is 

again seen that both the RSL and the ZDhk solutions much more closely match PWavg than 

does ZDL.  The maximum difference between RSL (or ZDhk) and PWavg is only 0.004 (or 

0.0074), which is much smaller than the difference between ZDL and PWavg (0.019).  

Again, the simple method of calculating K at heterogeneous interfaces with large grid 

spacing is the reason for decreased accuracy of ZDL.  Similar to Figure 4, Figure 5 shows 

that the deviation of RSL from PWavg is smaller in magnitude than that between ZDL and 

PWavg, and these differences are generally smaller than the difference if  is changed by 

±10% in Eq. (2).   

 While ZDS, RSS, and PWS all give similar results in Figures 4 and 5, Table 3 

shows that for the heterogeneous soil cases, ZDS is 16-21 times as fast as PWS, and it is 

20% faster than RSS. The improvement of computational efficiency is greatly enhanced 

for both ZDL and RSL (as compared to ZDS or RSS) due to the much larger grid spacing: 
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the RPW,L values range from 950 to 2116 with a median value of ~1400 (i.e., ZDL is 

~1400 times as fast as PWL).   

 Note that RRS,L values in Table 3 (and for Case 3.1 in Table 2) are not as 

representative as RRS,S values, because the computational time for these cases to complete 

is as small as the detection limit of time in the intrinsic Fortran functions.  For Cases 4.2, 

4.4, and 4.5 in Table 3 and 3.1 in Table 2 the computation time for ZDL is 0.000 seconds 

because it is smaller than the minimum the Fortran functions are able to record.  

Therefore, the cases where ZDL was reported as 0.000 seconds are labeled with an * in 

Tables 2 and 3.  For these simple test cases, RS only needs to perform a single iteration to 

find the flux between the heterogeneous layers.  Thus the computational time for RSL 

relative to ZDL should be similar to RSS relative to ZDS so that.RRS,L is expected to be 

1.2.  

 

4. Conclusions 

 This paper compared the numerical accuracy and computational efficiency of both 

the transformed modified Picard method introduced by Pan and Wierenga [1995] (or PW) 

and the combined   and -based solution from Ross [2003] (or RS) to the modified 

Richards equation method proposed by Zeng and Decker [2009] (or ZD).  The iterative 

-based solution of PW is highly numerically accurate (when convergence is achieved) 

and taken as the truth in this paper, but it requires a small grid spacing and frequently a 

short time step. In contrast, the non-iterative -based solution of ZD trades some 
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numerical accuracy for computational efficiency.  The combined  and -based RS 

solution trades less numerical accuracy in heterogeneous soils with large grid spacing due 

to the accurate method of calculating interfacial properties, but also gains slightly less 

computational efficiency than ZD.   

 For the variably saturated simulations with homogeneous soil composition, both 

the ZD and RS methods with the same time step and grid spacing (i.e., ZDS and RSS) 

mimic the PWS method very well with better computational efficiency.  For these cases, 

ZDS performs approximately 10 times as fast as the PWS method on average, and 

approximately 20% faster (1.2 times as fast) than the RSS method.  The computational 

efficiency is greatly improved for both RS and ZD when a larger time step is utilized 

(i.e., ZDL and RSL) since ZDL is 72-1321 times as fast as the PWL, and approximately 

20% faster than RSL. 

For the cases with heterogeneous soil composition, there is considerable 

agreement between the PW and ZD (or RS) for the same time step and grid spacing, yet 

ZDS is still 16-20 times as fast as PWS and again 20% faster than RSS on average.  When 

the ZD and RS methods are applied to fewer soil layers that correspond to the 

discontinuities in soil properties (i.e., ZDL and RSL), RSL provides a solution much closer 

to the PW method than does ZDL.  For ZDL, the vertical transport of water can be either 

overestimated or underestimated slightly, depending on the soil composition.  However, 

these differences are no larger than those arising from small changes in the soil water 

retention function parameter. The inaccuracies in ZDL are found to be primarily caused 

by the use of a very simple (and inaccurate) method to calculate soil properties at the 
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interfaces between heterogeneous soil layers.  By slightly changing this simple method in 

Eq. (26b), much more accurate solutions are achieved in these test cases.  While the 

numerical accuracy is  reduced for ZDL due to only using three soil layers and a 20-

minute time step, ZDL is able to reproduce the general pattern of soil water from the PW 

solution, yet it is over ~1400 times as fast on average.  The increased accuracy of RSL 

over ZDL comes at a computational cost as RS takes 20% longer to run than ZD, however 

RS is still three orders of magnitude faster than PW for these cases. 

 For land surface models in land-atmosphere interaction studies, only 3-10 soil 

layers with a soil depth of 1-4 m are usually used along with a typical time step of 

minutes (in mesoscale/regional models) to tens of minutes (in global models). 

Furthermore, homogeneous soil layers (or slightly heterogeneous soil layers) are usually 

used. Evidently both the ZD and RS methods are very appropriate. If the PW method is 

applied instead, both the vertical grid spacing and/or the time step (depending on soil 

composition and boundary conditions) must be significantly reduced, and the 

computational cost will be increased by 2-3 orders of magnitude.  

 For soil physics simulations that prefer high vertical resolutions, the ZD and RS 

methods would give similar results as the PW method, but they are faster by an order of 

magnitude on average. In heterogeneous soils, the RS method would give more accurate 

results than the ZD method, but at 20% higher computational cost.  For situations where 

truncation due to linearization is not allowed, however, only the iterative PW method 

would be appropriate.  However, Ross (2003) found that solving the nonlinear equations 
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did not appear to have any benefit; presumably the truncations errors due to finite 

differencing in space and time were dominant. 

 Consistent with the conclusions in ZD, the numerical solutions of the original -

based Richards equation (Oleson et al. 2004) differ significantly from the correct PW 

solutions when the water table is shallow, further demonstrating that the revised Richards 

equation in ZD or other treatments such as that in RS are needed for the numerical 

modeling of soil moisture in both the unsaturated and saturated zones.   

 Note that, in general, the Brooks-Corey relationship in Eq. (2) or other soil water 

retention function cannot be used to calculate the water pressure from saturation when 

soil becomes fully saturated. RS handles this situation by explicitly solving for the soil 

pressure instead of the water content in fully saturated soils.  For the revised Richards 

equation in ZD, because the flux is computed from the vertical gradient of the difference 

of (   – E) in Eq. (17), we simply have E =  = sat for the saturated zone. In other 

words, the vertical gradient of (   – E) is simply zero in the saturated zone. This is why 

the numerical solution of the revised Richards equation (but not the original Richards 

equation) can be applied in both the unsaturated and saturated zones even though the soil 

water is always the dependent variable. 

 The above conclusions on the comparison of the ZD, RS, and PW methods are 

based on limited cases and hence are preliminary. More comprehensive comparisons are 

still needed using observational data.  Considering the central role of soil moisture in 

energy, water, and carbon cycles as well as dynamic vegetation, a logical next step would 

be to organize an intercomparison of numerical methods against different soil texture and 
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soil moisture datasets under the umbrella of an international program [e.g., the Global 

Energy and Water Experiment (GEWEX)].  
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Table Captions 

 

Table 1.  List of the parameters used in the Brooks-Corey relation for the 

three soil types used in the numerical simulations.  sat is the volumetric water content at 

saturation, r is the residual water content, Ksat is the saturated hydraulic conductivity, 

 is the shape parameter, and sat is the soil matric potential at saturation. 

 

 

Table 2.  Summary of the configurations and results from the simulations with a 

homogenous soil composition with case numbers largely following those in PW.  All 

simulations utilized a uniform grid spacing of 1 cm.  Soil Type (uniform throughout the 

soil column) refers to SaL (sandy loam), SiL (silt loam), and SaC (sandy clay), IC refers 

to the initial condition (given as the hydrostatic profile based on a given water table depth 

or wtd), Qin is the infiltration rate [held constant expect for the three cases (1.3, 2.3, and 

3.3) that use Eq. (28)], Z is the depth of the domain, tS is the same time step used in all 

three methods.  tL(PW) is the longest time step (used for PWL)  at which the solution 

converges using the PW method, while tL(ZD,RS)  (used for ZDL and RSL respectively) 

are the same and are the longest time step that doesn’t significantly degrade the results of  

ZDL.  RPW,L and RRS,L (or RPW,S and RRS,S) are defined in Eq. (27).  Note that the value 

labeled with * will be explained at the end of section 3.  
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Table 3.  Summary of the configurations and results from the simulations with a 

heterogeneous soil composition with case numbers largely following those in PW.  The 

initial condition for all cases was the hydrostatic solution with a water table depth of 5 

meters.  A grid spacing (z) of 1 cm together with a 10-second time step (tS) was 

applied to the PW, RS, and ZD methods.  The schemes from ZD and RS were also used 

with 3 uneven layers (z=10, 10, and 40 cm; corresponding to the layered soil types) and 

a much longer time step (tL) that is typical of a land surface model for land-atmosphere 

interaction studies (20 minutes), while PWL used even layers with the same large time 

step.  RPW,L and RRS,L (or RPW,S and RRS,S) are defined in Eq. (27).  Note that the values 

labeled with * will be explained at the end of section 3, but should be consistent with 

other results and around 1.2. 
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Figure Captions 

 

Figure 1.  The volumetric water content as a function of depth at the end of the 

simulation for Cases 1.1 (panel a), 1.2 (panel b), and 1.3 (panel c)  in Table 2. CTS is the 

same as ZDS except using the original Richards equation without the revision in Zeng and 

Decker [2009].  All other simulations are described in Table 2.  

 

Figure 2.  Same as Figure 1 but for Cases 2.1 ( panel a),  2.2 (panel b), and 2.3 (panel c) 

in Table 2. 

 

Figure 3.  Same as Figure 1 but for Cases 3.1 ( panel a),  3.2 (panel b), and 3.3 (panel c) 

in Table 2. 

 

Figure 4.  The volumetric water content as a function of depth at the end of the 

simulation for Cases 4.1 (panel a), 4.2 (panel b), and 4.4 (panel c) in Table 3.  IC refers to 

the initial condition, and PWavg is the average value of the water content from  PWL 

corresponding to the layers in ZDL.  lo (hi) refers to the PWS solution with the soil water 

retention curve parameter  decreased (increased) by 10%.  ZDhk is the same as ZDL, 

except with (26b) replacing (26a).  All other simulations are described in Table 3. 
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Figure 5.  Same as Figure 4 but for Cases 4.3 (panel a), 4.5 (panel b), and 4.6 (panel c) in 

Table 3. 
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  Sandy Loam Silt Loam Sandy Clay 

sat 0.453 0.501 0.43 

r 0.041 0.015 0.109 

Ksat (m/s) 7.20E-06 3.67E-06 3.33E-07 

 2.64 4.27 4.48 

sat (m) -0.302 -0.5087 -0.7948 

 

Table 1.  List of the parameters used in the Brooks-Corey relation for the 

three soil types used in the numerical simulations.  sat is the volumetric water content at 

saturation, r is the residual water content, Ksat is the saturated hydraulic conductivity, 

 is the shape parameter, and sat is the soil matric potential at saturation. 
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Case Number 1.1 1.2 1.3 2.1 2.2 2.3 3.1 3.2 3.3

Soil Type SaL SaL SaL SiL SiL SiL SaC SaC SaC

IC (wtd in m) 0.75 5 3.75 0.75 5 3.75 0.75 5 3.75

Qin (mm/hr) 5 25.92 Eq. (28) 5 13.212 Eq. (28) 5 1.1988 Eq. (28)

tS (s) 2 2 10 2 2 10 3 3 10

tL (PW), tL(ZD) (s) 60,360 60,180 1200 60,360 60,360 1200 60,360 60,360 1200

Sim. Time (hrs) 4 8 83 3 8 83 0.75 12 83

Z (cm) 100 100 400 100 100 400 100 100 400

RPW,L 381.3 126.5 390.9 448.3 263.4 1321.2 117.0 72.3 970.7

RPW,S 8.2 8.4 12.9 11.2 9.0 67.5 9.8 5.2 72.3

RRS,L 1.3 1.1 2.0 1.3 1.3 2.3 1.0* 1.2 1.6

RRS,S 1.2 1.2 2.1 1.2 1.1 2.1 1.1 1.1 2.0
 

 

Table 2.  Summary of the configurations and results from the simulations with a 

homogenous soil composition with case numbers largely following those in PW.  All 

simulations utilized a uniform grid spacing of 1 cm.  Soil Type (uniform throughout the 

soil column) refers to SaL (sandy loam), SiL (silt loam), and SaC (sandy clay), IC refers 

to the initial condition (given as the hydrostatic profile based on a given water table depth 

or wtd), Qin is the infiltration rate [held constant expect for the three cases (1.3, 2.3, and 

3.3) that use Eq. (28)], Z is the depth of the domain, tS is the same time step used in all 

three methods.  tL(PW) is the longest time step (used for PWL)  at which the solution 

converges using the PW method, while tL(ZD,RS)  (used for ZDL and RSL respectively) 

are the same and are the longest time step that doesn’t significantly degrade the results of  

ZDL.  RPW,L and RRS,L (or RPW,S and RRS,S) are defined in Eq. (27).  Note that the value 

labeled with * will be explained at the end of section 3.  
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Table 3.  Summary of the configurations and results from the simulations with a 

heterogeneous soil composition with case numbers largely following those in PW.  The 

initial condition for all cases was the hydrostatic solution with a water table depth of 5 

meters.  A grid spacing (z) of 1 cm together with a 10-second time step (tS) was 

applied to the PW, RS, and ZD methods.  The schemes from ZD and RS were also used 

with 3 uneven layers (z=10, 10, and 40 cm; corresponding to the layered soil types) and 

a much longer time step (tL) that is typical of a land surface model for land-atmosphere 

interaction studies (20 minutes), while PWL used even layers with the same large time 

step.  RPW,L and RRS,L (or RPW,S and RRS,S) are defined in Eq. (27).  Note that the values 

labeled with * will be explained at the end of section 3, but should be constant with other 

results and around 1.2. 

 

Case Number 4.1 4.2 4.3 4.4 4.5 4.6 

soil type (0-10 / 20-60 
cm) 

Sandy 
Loam 

Sandy 
 Loam 

Silt 
 Loam 

Silt 
 Loam 

Sandy 
 Clay 

Sandy 
 Clay 

soil type (10-20 cm) 
Silt  

Loam 
Sandy 
 Clay 

Sandy 
 Loam 

Sandy 
 Clay 

Sandy 
 Loam 

Silt 
 Loam 

Qin (mm/day) 5 5 5 5 5 5 

tS (s) 10 10 10 10 10 10 

tL(s) 1200 1200 1200 1200 1200 1200 

zPW,S , zZD,S, zRS,S 
(cm) 1 1 1 1 1 1 

zZD,L, zRS,L (cm) 10,10,40 10,10,40 10,10,40 10,10,40 10,10,40 10,10,40 

Simulation Time (hrs) 48 48 48 48 48 48 

RPW,L 950 1007 2116 1989 1480 1330 

RPW,S 16.13 16.02 21.33 20.95 18.43 16.48 

RRS,L 2.0 * 2.0 * * 2.0 

RRS,S 1.18 1.18 1.20 1.19 1.18 1.19 
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Figure 1.  The volumetric water content as a function of depth at the end of the 

simulation for Cases 1.1 (panel a), 1.2 (panel b), and 1.3 (panel c)  in Table 2. CTS is the 

same as ZDS except using the original Richards equation without the revision in Zeng and 

Decker [2009].  All other simulations are described in Table 2.  
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Figure 2.  Same as Figure 1 but for Cases 2.1 ( panel a),  2.2 (panel b), and 2.3 (panel c) 

in Table 2. 
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Figure 3.  Same as Figure 1 but for Cases 3.1 ( panel a),  3.2 (panel b), and 3.3 (panel c) 

in Table 2. 
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Figure 4.  The volumetric water content as a function of depth at the end of the 

simulation for Cases 4.1 (panel a), 4.2 (panel b), and 4.4 (panel c) in Table 3.  IC refers to 

the initial condition, and PWavg is the average value of the water content from  PWL 

corresponding to the layers in ZDL.  lo (hi) refers to the PWS solution with the soil water 

retention curve parameter  decreased (increased) by 10%.  ZDhk is the same as ZDL, 

except with (26b) replacing (26a).  All other simulations are described in Table 3. 
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Figure 5.  Same as Figure 4 but for Cases 4.3 (panel a), 4.5 (panel b), and 4.6 (panel c) in 

Table 3. 
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Appendix C: 

Impact of Modified Richards Equation on Global Soil 

Moisture Simulation in the Community Land Model (CLM3.5) 
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Impact of Modified Richards Equation on Global Soil
Moisture Simulation in the Community Land Model (CLM3.5)

Mark Decker and Xubin Zeng

Department of Atmospheric Sciences, The University of Arizona, Tucson, Arizona, USA

Manuscript submitted 21 October 2008; in final form 15 March 2009

A fundamental deficiency has been found in the numerical solution of the soil moisture-based Richards

equation using the mass-conservative scheme in the Community Land Model (CLM) in the first part of our

efforts (Zeng and Decker 2009). This study implements the revised form of the Richards equation from that

study (which doesn’t change the property of the differential equation but does remove the deficiency of the

numerical solution) along with a new bottom boundary condition into the current version of CLM

(CLM\3.\5) for global offline modeling evaluations. CLM\3.\5 represents a significant improvement over its

earlier version (CLM\3.0), but it also introduces a new deficiency in the vertical distribution of the soil

moisture variability. Mean soil moisture in CLM\3.5 is also too wet. It is found that the new treatments
(primarily a numerically correct solution of Richards equation with a new bottom boundary condition) with

minimal tuning are able to maintain the improvements of the CLM3.5 over CLM\3.0 and, at the same time,

remove the new deficiencies of CLM\3.\5 based on in situ and satellite data analysis. Because the deficiency in

the numerical solution of the soil moisture-based Richards equation is also expected in other land models,

implementation details are provided to facilitate similar tests using other land models in the future.

DOI:10.389\4\/JAMES.2009.1.5

1. Introduction

The land surface is an important factor in determining
climate as it provides fluxes of energy, water, and trace

gases to the atmosphere (e.g., Bosilovich and Schubert 2002;

Koster et al. 2006; Wang et al. 2008). It has been recognized

for a long time that soil moisture is a key component that

affects large-scale circulation patterns due to its role in

evapotranspiration (e.g., Shukla and Mintz 1982; Mintz

1984; Milly 1992; Timbal et al. 2002). Modeling efforts have

shown that different land surface models interact differently
with atmospheric circulations to create a range of climate

sensitivities to latent heat fluxes (Irannejad et al. 2003). Even

with the same atmospheric forcing, the simulation of soil

moisture by land surface models still has considerable

scatter (e.g., Shao and Henderson-Sellers 1996). Recent

studies also demonstrate the importance of considering all

aspects of the hydrological cycle including groundwater to

properly simulate near surface soil moisture (Fan et al. 2007;
Niu et al. 2007). Modeling the terrestrial water cycle there-

fore needs to contain an accurate representation of the

hydrological cycle in the land model, from water storage

in the soil to the partitioning of evapotranspiration between

evaporation and transpiration.

In our efforts towards land model improvements, a

serious deficiency has been found in the numerical solution

of the soil moisture-based Richards equation using the

mass-conservative scheme in the Community Land Model

(CLM) and probably most other land models as well (Zeng

and Decker 2009). This deficiency can be fixed by explicitly

subtracting the hydrostatic equilibrium soil moisture distri-

bution, derived at each time step from a constant hydraulic

(i.e., capillary plus gravitational) potential above the water

table, from the Richards equation. While this does not affect

the differential Richards equation (because only a gradient

of constant, or zero, is subtracted), it does significantly

improve the numerical solution, just as the role of the

hydrostatic subtraction in the non-hydrostatic vertical

momentum equation in atmospheric modeling (Zeng and

Decker 2009). The question is then: How does this

improvement of the numerical solution affect the model-

ing of land surface processes in general?

The current version of CLM (i.e., CLM\3.\5) represents a

significant improvement of the earlier version (CLM\3.0) in

the partitioning of evapotranspiration (into transpiration,

ground surface evaporation, and wet leaf evaporation) and

the seasonal variation of runoff and total column soil
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moisture. This was achieved through the implementation of

several new treatments in canopy interception, photosyn-

thesis over shaded leaves, surface resistance in ground

evaporation computation, effect of frozen soil on runoff

and the vertical distribution of soil moisture, surface runoff,

bottom drainage, and the addition of a groundwater model

as well as new surface datasets based on the Moderate

Resolution Imaging Spectroradiometer (MODIS)

(Lawrence and Chase 2007) products. On the other hand,

these treatments introduce a major new deficiency in the

vertical distribution of soil moisture variability (Oleson et

al. 2008) and cause the mean soil moisture to be too wet

over most regions. The question is then: How can we

remove the new deficiencies of the CLM3.5 while still

maintaining all the improvements of CLM3.5 over

CLM3.0?

The goals of this study are: a) to demonstrate that by

using the revised form of the Richards equation, a new

bottom boundary condition, no separate groundwater

model, and with minimal tuning, the new deficiencies of

CLM\\\3.\\\5 can be removed while all the improvements of

CLM\\\3.\\\5 over CLM\\\3.0 can still be maintained; and b) to

provide all the details of the implementation in CLM\\\3.5 so

that other land modeling groups can test the same imple-

mentation and evaluate its impact on their modeling of soil

moisture and energy, water, and carbon fluxes. Section 2

describes the numerous observations used to validate the

model and section 3 briefly discusses the relevant compo-

nents of CLM\\\3.5 and our new formulations, while all details

are provided in the Appendices A and B. Section 4 discusses

the results with a focus on the improvement of the main

deficiencies of CLM\\\3.5, while Section 5 provides the sum-

mary.

2. Observations

Multiple datasets from numerous sources were used to

validate nearly all aspects of the hydrological cycle in the

model. The data include both in situ data (flux tower

measurements of sensible and latent heat fluxes, soil mois-
ture measurements, and water table measurements) and

remote sensing data [Gravity Recovery and Climate

Experiment (GRACE) measurements of terrestrial water

storage changes]. A summary of the various datasets is

provided below.

2a. In situ flux tower measurements

Measurements of both sensible and latent heat fluxes from

flux towers were obtained from the Ameriflux website

(http://public.ornl.gov/ameriflux/available.shtml). The
Ameriflux network is part of a set of regional networks

known as Fluxnet. The network provides data on fluxes of

energy, momentum, and carbon at the surface of the earth

in North, Central, and South America. The network consists

of over 100 flux towers. For this study, 17 locations

(described in Table 1) were chosen that had a continuous

observation period of four years or greater that coincided

with the time period of the global forcing data used to run
the model in offline mode �������(1970–2004). The observations

for sensible and latent heat fluxes were averaged from their

original 30 minute form to create monthly means, and then

further averaged over the observational record to create the

mean annual cycle over the period of observations. Gaps in

the data were not filled.

2b. In situ soil moisture measurements

Three different datasets were used to analyze soil moisture

anomaly magnitude, vertical structure within the soil col-
umn, timing, and volumetric soil moisture content. These

consist of data from 19 stations over Illinois �������(\\\37–44 oN, 86–

94 oW) from 1990–2004 (Hollinger and Isard, 1994), and

from 15 stations over China [Eastern China �������(\\\32–\\\3\\\5 oN, 110–

112 oE) and Southern China (22.\\\5–25 oN, 102–110 oE)]

from 1980–1990, as well as weekly measurements from the

Anglo-Brazilian Amazonian Climate Observation Study

Table 1. Summary of the 17 flux tower sites including their names, vegetation type, location, and the period used in this study.

Site Name Ve\\\getation Type Latitude Lon\\\gitude \\\Years

1 Atqasuk AK Tundra 70.\\\47 2157.\\\41 1999–200\\\4
2 Blodgett Forest CA Evergreen Needleleaf 38.90 2120.63 1997–200\\\4
3 Bondville IL Crops \\\40.01 288.29 1996–2004
4 Donaldson FL Evergreen Needleleaf 29.75 282.16 1999–2004
5 Fort Peck MT Grassland \\\48.31 2105.10 2000–200\\\4
6 Harvard Forest MA Deciduous Broadleaf \\\42.5\\\4 272.18 1991–2004
7 Howland Forest Main ME Evergreen Needleleaf \\\45.21 268.73 1996–2004
8 Howland Forest West ME Evergreen Needleleaf \\\45.21 268.75 1999–2004
9 Kennedy Space Center FL Evergreen Broadleaf 28.61 280.67 2000–2004

10 Lost Creek WI Closed Shrub \\\46.08 289.98 2000–2004
11 Metolius OR Evergreen Needleleaf \\\4\\\4.50 2121.62 1996–2000
12 Morgan Monroe State Forest IN Deciduous Broadleaf 38.32 286.\\\41 1999–2004
13 Mize FL Coniferous Forest 29.76 282.2\\\4 1998–2004
1\\\4 Tonzi Ranch CA Woody Savanna 38.\\\43 2120.97 2001–200\\\4
15 Vaira Ranch CA Grassland 38.\\\41 2120.95 2000–200\\\4
16 Walker Branch CA Deciduous Broadleaf 35.96 28\\\4.29 1995–1999
17 Wind River WA Evergreen Needleleaf \\\45.82 2121.95 1999–200\\\4
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(ABRACOS ) in Reserva Jaru (10 oS, 66.5 oW) of south-

western Amazonia (Gash et al. 1996). The Illinois and China

data are available from the Global Soil Moisture Data Bank

website (http://climate.envsci.rutgers.edu/soil_moisture/)
(Robock et al. 2000), while the ABRACOS data are available

from the Large-Scale Biosphere-Atmosphere Experiment

(LBA) website (http://daac.ornl.gov/LBA/lba.html). The

data from Illinois and the two regions in China were plotted

for each station to show the range of observed soil moisture

anomaly magnitudes and averaged over all stations for each

region. The averaging helps to eliminate the extreme uncer-

tainties in comparing climate model output with in situ soil
moisture point measurements which are sensitive to subgrid

scale processes such as local precipitation and topographical

forcing.

The annual cycle for each region in Illinois and China was

calculated in the following manner. The observations for

each level, station, and depth were averaged from daily

values to monthly values. The data were then summed over

the layers to produce soil moisture mass measurements for
0–1 meter (China and Illinois), 1–2 meters, and 0–2 meters

(Illinois only). The observations were converted to anom-

alies for different levels so that the vertical structure of soil

moisture anomalies can be shown. The Illinois data consist

of 11 layers, the first and the last being 10 cm thick, and the

middle 9 being 20 cm thick, with the 6th layer extending

from 90 to 110 cm. To calculate soil moisture mass from 0–1

m and 1–2 meters, it was assumed that half of the water in
the sixth layer is from 90–100 cm while the other half is

from 100–110 cm. The mean for each station over the entire

time series was subtracted to produce anomaly timeseries.

The mean annual cycle of soil moisture anomalies was then

calculated. The mean annual cycle for the soil moisture in

the top 1 meter of soil wasn’t calculated for the Reserva Jaru

site due to the short length of the measurements. The

observational record for this site was short (only two years)
and only consisted of once weekly measurements. Therefore

no attempt was made to infer a mean annual cycle from

these particular observations. The data for the Reserva Jaru

site are presented in this study without the processing that

was performed on the other sites (Illinois and China).

2c. In situ water table measurements

Water table depth measurements from the United States

Geological Survey (USGS) compiled by Fan et. al (2007)

were used to validate the simulated water table. The data are

available at (http://envsci.rutgers.edu/,yreinfelder/SMC/

README.html). A total of 549,616 site observations were
used from the period 1927–2005. There are several limita-

tions in comparing these in situ water table depth measure-

ments to the water table depth simulated by climate models

that must be addressed. The majority of the sites have only a

single point observation over the entire period, meaning

that the data has low spatial and temporal frequency. Also,

the observations are generally made in low lying areas near

population centers and agriculture (Fan et al. 2007). Lastly,

the water table is sensitive to local topography so that point

measurements may not be representative of an area the size

of a typical land surface model grid cell. However, the data

still provide a reasonable constraint on the simulated water

table as no temporally and spatially complete dataset of

water table exists. Due to the low temporal resolution of the

data, only the simulated climatological water table was

compared to the observations, similar to Fan et al. (2007).

No attempt was made to extract the temporal variability

from the observed record. To account for the low spatial

resolution, all point observations within a model grid cell

were averaged together to create one mean observation for

the respective grid cell.

2d. GRACE terrestrial water stora\\\ge

Two GRACE (Gravity Recovery and Climate Experiment)

datasets were used (Chen et al. 2005; Seo and Wilson 2005).

GRACE measures changes in terrestrial water storage indir-

ectly through the changes in the Earth’s gravitational field

caused by the changes in terrestrial water. These data were

aggregated to the coarse resolution of the model runs. The

differences between the two datasets indicate the uncertainty

in the retrieval of terrestrial water storage changes due to the

use of different techniques to convert the gravitational

signals as measured by the satellites to changes in terrestrial

water storage. These uncertainties are further increased by

aggregating to coarse model grids because river basins can

no longer be accurately represented. Despite these uncer-

tainties, the GRACE data are still very valuable to evaluate

the variation in water storage simulated by models and have

been used for model validation in the past (Niu et al. 2007).

3. Model improvements

The improvements in the treatment of the hydrological cycle

from CLM\\\3.0 to CLM\\\3.\\\5 are documented in Oleson et al.

(2008). These changes are also summarized in Stocklii et al.

(2008). Virtually all aspects of the model formulations to

simulate the hydrological cycle were altered. These include

explicit groundwater scheme added to account for deep

water storage not previously considered in CLM3.0. Also,

canopy interception was reduced to improve the partition-

ing of evapotranspiration. Surface runoff was also altered to

account for soil ice through an impermeable soil ice frac-

tion. While these changes result in improved model per-

formance (Oleson et al. 2008; Stocklii et al. 2008), they also

increase the complexity of the model.

A fundamental deficiency in the numerical solution

employed in CLM\\\3.\\\5 (and probably most other land models

for that manner) is its inability to maintain the analytical

steady-state solution of the original partial differential

Richards equation (Zeng and Decker 2009). Various meth-

ods have been previously developed by different Earth

sciences communities to solve the Richards equation. The
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method utilized by CLM\\\3.5 is fully described in Appendix A

and uses the soil water (h)-based Richards equation [i.e., h is

the dependant variable, not matric potential (y)]. Soil

hydrologists have recognized that h-based solutions of the

Richards equation are not appropriate for variably saturated

conditions because these solutions can’t account for the

variation of pressure head (matric potential) below the

water table depth (the region that is fully saturated) (Celia

et al. 1990). In unsaturated conditions, h-based solutions

can determine h and subsequently determine y uniquely

through the soil water retention curve [e.g., the Clapp and

Hornberger (1978) relations used in CLM3.5]. In saturated

conditions, h is constant (at the saturated value) while y

varies spatially and temporally so that y is no longer a

singular function of h. Despite this, CLM\\\3.\\\5 and almost all

other land models for hydrometeorological studies use a

simple h-based solution even when the water table depth is

in the model domain and some of the model layers are fully

saturated (e.g., over tropical regions). As shown in Zeng and

Decker (2009), the numerical scheme as implemented in

CLM\\\3.\\\5 cannot maintain the equilibrium solution of the

differential Richards equation. The consequence of this

deficiency is that soil layers beneath the water table become

supersaturated due to physically and mathematically unreal-

istic movement of water. These supersaturated layers must

then be separately reduced to the saturated value and the

problem of how to handle the misplaced, extra water arises.

The relevant CLM\\\3.\\\5 formulations and our new formula-

tions are provided in Appendices A and B, respectively,

while a brief summary of these changes is discussed here.

To remove the above numerical deficiency, Zeng and

Decker (2009) demonstrate that the gradient of a constant

hydraulic potential, i.e., zero, needs to be subtracted from

the Richards equation before the numerical solution is

applied. This does not change any properties of the differ-

ential Richards equation. This method replaces Richards

equation (A1) with the revised Richards Equation (B1). The

resulting numerical solution is then capable of maintaining

the steady state solution and is applicable for variably

saturated conditions (i.e. for both shallow and deep water

table depths). The relevant formulations are provided in

Sections A1 and B1.

Physically, the water table depth (z=) is defined as the

distance from the soil surface to the fully saturated region

(i.e. it is the depth of the unsaturated region closest to the

surface of the Earth). The water table depth in CLM\\\3.5

controls the amount of subsurface drainage and the amount

of water that is partitioned either into infiltration or surface

runoff. It is calculated based on the total column soil water

and the effective porosity. Depending on the depth of the

water table, various combinations of layers are used to

calculate the effective porosity. While these highly tuned

and complex formulations are conducive to a fast spin-up

time (Oleson et al. 2008), they are difficult to justify

physically. Our new water table depth calculation follows

the same approach used extensively in the past (e.g., Chen

and Kumar 2001; Oleson et al. 2004). To reduce the

computational expense of iterative methods and remove

the occasional failure to converge within a specified iteration

number, we do the offline calculations of all combinations

of soil texture (i.e., %sand and %clay) and the total soil

moisture deficit in the model layers. Furthermore, to reduce

the saved data volume of this look-up table (LUT)

approach, we mathematically fit analytical expressions to

these data so that only 11 coefficients need to be saved for

the efficient and analytical solution of water table depth. The

water table depth in the new run is capped at 10 meters to

prevent it from continually deepening in arid regions. Our

sensitivity tests show that limiting the water table to 10, 20

or 30 m in the new run has a minimal effect on the soil

moisture variation in the model domain, because soil is

already dry. These results agree with other studies on the

impact of a deep water table on root zone soil moisture (Fan

et al. 2007). The relevant formulations are provided in

Sections A2 and B2.

In CLM\\\3.\\\5, water stored in the aquifer and the water table

depth are added as prognostic variables. While it is phys-

ically justifiable to include a groundwater model (Fan et al.

2007; Niu et al. 2007), the primary purpose of this com-

ponent in CLM3.5 is to provide a means to prescribe the

flux at the bottom of the soil column. The bottom boundary

condition for the tridiagonal solution of Richards equation

is taken as zero flux, followed by the coupling of the

groundwater aquifer with soil layers. This two-step coupling

of the groundwater to the soil layers in CLM\\\3.5 doesn’t

seem to be physically consistent due to the fact that this

process isn’t physically separated into two components in

nature. Rather, the soil column is continuous between the

unsaturated zone and the groundwater. The question that

arises from this coupling of the groundwater to the near

surface unsaturated zone is: If a properly formed bottom

boundary condition can be applied to the tridiagonal

solution for vertical soil water movement, is the addition

of a groundwater model necessary?

In CLM\\\3.5, the subsurface drainage is removed from the

aquifer if the water table depth is below the model domain.

If the water table depth is in the model domain the drainage

is removed from the soil layers below the water table depth.

In our treatment, an extra layer is added to the bottom of

the soil domain that has the same layer thickness as the 10th

layer. Soil moisture in this layer is determined from the

hydrostatic equilibrium solution for the vertical movement

of soil water. The subsurface drainage is then simply

computed as the flux between this extra layer and the 10th

layer combined with an added subsurface horizontal drain-

age term. It is also fully coupled to the tridiagonal solution

of soil moisture in the model domain. This provides the

direct coupling of groundwater (as represented by this extra

layer and the computation of groundwater table depth) with

soil layers in the model domain. The subsurface drainage is
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further constrained when soil ice or very dry soil is present.

The relevant formulations are provided in Sections A2, A\\\3,

B2, and B3.

The surface runoff in CLM\\\3.5 is parameterized as a

function of the saturated fraction. In our treatment, we

revise the expression of the saturated fraction by explicitly

considering the effect of a fully saturated first soil layer.

Furthermore, we correct the minor error of CLM3.5 in the

computation of the impermeable ice fraction as used in the

calculation of the saturated fraction. The relevant formula-

tions are provided in Sections A4 and B4.

In summary, our revised CLM\\\3.\\\5 uses the revised

Richards equation, provides direct (rather than two-step)

coupling of groundwater to unsaturated soil layers, and

computes water table depth (z=) only (rather than z= and

two additional prognostic variables in CLM\\\3.\\\5).

4. Comparison of global offline modeling results

with observations

CLM\\\3.\\\5 (control) and the revised CLM\\\3.\\\5 (new) were run

for 35 years from 1970 through 2004 on a T42 horizontal

grid (,2.8o by ,2.8o). The same horizontal resolution was

used in Oleson et al. (2008). The model was started with

arbitrary initial conditions and run offline using the atmo-

spheric forcing data from Qian et al. (2006) in which

observed monthly mean quantities (such as precipitation

and air temperature) were utilized to constrain the monthly

mean NCEP/NCAR reanalysis. Monthly mean model output

from 1990–2004 was analyzed in the following subsections,

allowing for 20 years of spin up. It was found that there were

no trends in deep soil moisture, water table depth, or aquifer

water content in the control run at the end of the first 20

years of simulations, in agreement with Oleson et al. (2008).

4a. Flux tower measurements of sensible and latent

heat fluxes

The mean annual cycle of sensible and latent heat fluxes was

compared with 17 different flux tower measurements. While

care must be taken in comparing point measurements with

the model grid cell output, the observations do help to

constrain what the model behavior should look like in terms

of the magnitude and timing of the seasonal cycle. Due to

the point nature of the measurements and the grid box

output of the model, we only looked at the general behavior

of the mean annual cycle. Averaging over time should help

to eliminate some of the discrepancies introduced when

comparing point measurements to model output.

Figure 1 is a Taylor diagram (Taylor 2001) comparing the

mean annual cycle (computed over the years for which

observations are available) of the latent and sensible heat

fluxes between the control and new model runs versus the

observations from the flux towers. In a Taylor diagram, the

standard deviation of the annual cycle for the model output

normalized by the standard deviation of the observations is

plotted as the distance from the origin, and the correlation

between the model output and the observations is plotted as

the angle from the horizontal axis. A perfect correlation

would fall on the horizontal axis, while a zero correlation

would fall on the vertical axis. For the locations where the

control run was poorly correlated with the observations

(with the correlation coefficient r , 0.7\\\5) the new model

run didn’t agree with the observations any better than the

control, and in fact was slightly worse (see points labeled 9,

3, 4, 13, and 12 in Figure 1). For these locations, the

seasonal cycle of sensible and latent heat fluxes changes very

little between the new and control model runs. As can be

seen from Table 2, for these locations, the root mean square

errors (RMSEs) for the sensible and latent heat fluxes are

also similar between the two model runs, because slight

changes in soil moisture cause a slight repartitioning of the

net radiatvie energy between sensible and latent heat fluxes.

In addition, both model runs significantly underestimate the

sensible heat fluxes throughout the year, but even more so in

the summer months.

While results are similar over most sites between the two

model runs, the new model run has a significantly lower

RMSE in both sensible and latent heat fluxes for several sites.

For example, for the Tonzi Ranch Site (site number 14) the

new model run has a RMSE of 19.63 (or 9.82) Wm22 for

sensible (or latent) heat while the control run has a RMSE of

26.16 (1\\\5.44) Wm22. Figure 1 shows that while the latent

heat flux at this site from the control run has a standard

deviation very similar to that of the observations, they are

poorly correlated. The new run has less variability than the

observations but the simulated and observed latent heat

fluxes are much more closely correlated. In terms of the

sensible heat flux at this site, the new run has a higher

correlation with the observations and a more realistic

variability. Figure 2 shows the mean annual cycle of sensible

and latent heat fluxes for the Tonzi Ranch site. Both

simulations give very similar results in the cool months

(November–April) that are lower than the measured fluxes.

For the warm months (May–October�������), the new run has a

slightly drier soil column (not shown) and thus has a larger

(and more realistic) seasonal cycle of sensible heat flux as

more of the incoming radiation is partitioned into sensible

heat as opposed to evapotranspiration. Consequently, the

latent heat flux is greatly reduced during the summer

months, in much better agreement with the observations

(except in May).

Another site where significant improvement is shown is

the Vaira Ranch tower (site number 1\\\5). The RMSE for the

sensible heat fluxes is reduced from 24.44 Wm22 in the

control run to 17.82 Wm22 in the new run, while the RMSE

for the latent heat flux is reduced from 27.81 to 19.00

Wm22. The correlation between the observed latent heat

flux and the control run is only approximately 0.2 while it is

improved to 0.5 for the new simulation (Figure 1). Similar

to the Tonzi Ranch site, the new model run decreases the
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variability of the latent heat flux in contrast to the observa-

tions; however the timing of the seasonal increase of latent

heat flux is greatly improved.

Metolius Oregon, site number 11 (Figure \\\3) has a greatly

improved seasonal cycle of latent and sensible heat fluxes in

the new run as opposed to the control. The RMSE is nearly

halved for both of the surface fluxes from the control to the

new simulations (Table 2). In particular, for the months of

June–September, the control run significantly underesti-

mates sensible heat and overestimates latent heat. In con-

trast, with a drier soil, the new simulation gives much more

realistic latent heat and reduces the sensible heat bias by half.

4b. Global distribution

While the discussion in section 4a. shows that the surface

energy fluxes in the new run are very similar to the control

run or slightly improved as compared to flux tower obser-

vations, Figure 4 shows that the standard deviation of latent

and sensible heat flux differences between the new and

control for the period from 1990 through 2004 is minimal

over much of the globe. This result is desirable, because

these fluxes in the control run are already reasonable overall

(Oleson et al. 2008). The standard deviation of total runoff

is generally larger and is between 10 and 30 Wm22 (with 29

Wm22
, 1 mm day21).

The annual averaged runoff and latent heat fluxes are

summarized over various regions in Table 3. It is clear that

the ground evaporation in the new run is lower than the

control run, due to the decrease in soil moisture. The total

latent heat flux in the new run is slightly lower over all

regions in Table 3, also because of the decrease in soil

moisture. The difference in the partitioning of surface and

subsurface runoff can be seen from the ratio of these two

values over these regions. While CLM\\\3.\\\5 has a globally

averaged ratio of 0.22 for surface runoff divided by subsur-

face runoff, the new method has a ratio of 0.36. Because the

seasonal cycle of surface and subsurface runoff is different,

Fi\\\gure 1. Taylor diagram of the mean annual cycle of the latent and sensible heat fluxes of the new and control model runs as

compared to the 17 flux tower observations. Site numbers are provided in Table 1. Note that for some of the sites the standard

deviation of the model (both new and control) was so much larger than that of the observations that the points lie off of the graph.
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Table 2. Root mean squares errors of the monthly sensible and latent heat fluxes between the observed mean annual cycle from the 17

flux tower sites and the control and new model runs.

Site Name RMSESH,CONTROL RMSESH,NEW RMSELH,CONTROL RMSELH,NEW

1 Atqasuk AK 27.18 27.95 12.76 13.\\\41
2 Blod\\\gett Forest CA 12.17 10.82 20.17 26.9\\\4
3 Bondville IL 13.98 15.01 12.86 11.56
4 Donaldson FL 18.89 18.7\\\4 1\\\4.39 12.35
5 Fort Peck MT 11.7\\\4 10.15 11.61 7.75
6 Harvard Forest MA 16.11 13.\\\47 6.37 6.54
7 Howland Forest Main ME 6.10 6.54 3.21 3.27
8 Howland Forest West ME 7.69 7.54 2.46 2.\\\46
9 Kennedy Space Center FL 22.07 22.32 12.99 12.69

10 Lost Creek WI 1\\\4.02 1\\\4.38 10.06 9.93
11 Metolius OR 12.\\\49 6.91 13.11 6.75
12 Mor\\\gan Monroe State Forest IN 22.\\\48 23.36 7.65 7.78
13 Mize FL 23.50 23.70 10.\\\41 10.0\\\4
1\\\4 Tonzi Ranch CA 26.16 19.63 15.44 9.82
15 Vaira Ranch CA 2\\\4.\\\40 17.82 27.81 19.00
16 Walker Branch CA 27.26 27.\\\48 8.61 8.53
17 Wind River WA 9.76 6.86 7.\\\40 5.2\\\4
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Fi\\\gure 2. The mean annual cycle of sensible and latent heat fluxes from the new and control model runs as compared to the

observations at the Tonzi Ranch site.
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Fi\\\gure 3. The mean annual cycle of sensible and latent heat fluxes from the new and control model runs as compared to the

observations at the Metolius site.

Table 3. Summary of the annual mean hydrological fluxes from the control and new runs for various regions for the years 1990–200\\\4.

Ground Evaporation (mm/day) Transpiration (mm/day) Latent Heat (mm/day)

Control New Control New Control New

Southern Hemisphere 0.661 0.599 0.7\\\43 0.721 1.816 1.733
Northern Hemisphere 0.515 0.\\\458 0.\\\491 0.\\\479 1.2\\\43 1.175
Global 0.566 0.507 0.578 0.563 1.\\\4\\\41 1.368
Amazon 0.52\\\4 0.495 1.587 1.5\\\42 3.395 3.322
Siberia 0.137 0.12\\\4 0.275 0.278 0.512 0.503
AK Arctic 0.109 0.082 0.119 0.123 0.230 0.208
West US 0.\\\431 0.343 0.313 0.300 0.797 0.697
Brazil 1.010 0.897 1.232 1.175 2.863 2.693

Subsurface Runoff (mm/day) Total Runoff (mm/day) Surface/Subsurface

Control New Control New Control New

Southern Hemisphere 0.166 0.272 0.7\\\43 0.717 0.22\\\4 0.379
Northern Hemisphere 0.153 0.235 0.703 0.686 0.218 0.3\\\43
Global 0.158 0.2\\\48 0.717 0.696 0.220 0.356
Amazon 0.506 0.710 2.221 2.088 0.228 0.3\\\40
Siberia 0.101 0.1\\\41 0.502 0.\\\470 0.202 0.301
AK Arctic 0.099 0.095 0.158 0.18\\\4 0.627 0.516
West US 0.113 0.165 0.555 0.597 0.20\\\4 0.276
Brazil 0.161 0.295 0.73\\\4 0.766 0.219 0.385
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the change of the total runoff partitioning leads to a

relatively large standard deviation of total runoff between

the control and new runs in Figure 4. The mean multi-
model ensemble from the Global Soil Wetness Project

(GSWP2) found that the ratio of surface to subsurface

runoff is 0.51 (Dirmeyer et al. 2006), in better agreement

with the new run than the control.

4c. GRACE terrestrial water stora\\\ge data

As discussed in section A2, CLM\\\3.\\\5 introduces two pro-
gnostic variables to represent the amount of groundwater

while the revised model doesn’t. Therefore only water

storage changes in the soil column from the surface to

3.43 meters (the bottom of the soil column) were used to

calculate terrestrial water storage changes. This facilitates a

fair comparison between the two models. In CLM3.5 the

water table depth is usually within the model domain and

the water content in the unconfined aquifer doesn’t change

significantly and thus has almost no influence on water

storage anomalies examined here.

Figure 5 shows that the new formulations leave the water

storage changes virtually unaffected over various river

basins. The slight differences that do occur are well within

the observational uncertainty. The total water storage in the

soil column is simply the balance of the incoming water

(infiltration) minus the water that leaves the soil column

(transpiration and subsurface drainage). The new model has

similar infiltration and runoff, therefore it is expected that

the total water storage in the column doesn’t differ from the

control run, as indicated in Figure 5. The results from

Figures 4 and 5 as well as Table 3 indicate that the improve-

ments noted by Oleson et al. (2008) of CLM\\\3.\\\5 over CLM\\\3

are preserved in the new run.

4d. In situ soil moisture measurements

Figure 6 compares the annual cycle from 1990–2004

between the observations and models over Illinois. The

observations in Figure 6 clearly show a much higher vari-

ation in the top meter as compared to the bottom meter,

with the standard deviation in the top meter (sobs,1) of 37.5

Fi\\\gure 4. The standard deviation (as a function of latitude and longitude) of the monthly difference between the new and the control

of latent and sensible heat fluxes, as well as total runoff for the period 1990–200\\\4. Note that the runoff is plotted in Wm22 for easy

comparison with latent and sensible heat flux results with 29 Wm22
, 1 mm day21.
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versus sobs,25 9.1 for the bottom meter. The control

CLM3.5 correctly shows the minimum in summer/fall but

there is more variability deep in the soil column than near the

surface (scontrol,1 5 17.2 versus scontrol,2 5 22.2), in direct

conflict with the observations. The new run more closely

simulate the vertical structure and magnitude of anomalies

from the observations with snew,15 17.7 versus snew,2 5

14.9. In particular, the minimum anomaly for 0–1 m (or 1–2

m) in CLM3.5 is above (or below) the observed range of

anomalies among the 19 stations, while it is within the range

in the revised CLM3.5. The above unrealistic behavior of

CLM3.5 may be caused by the two-step (rather than direct)

coupling between the soil column and the groundwater (see

section A1) even though the exact mechanism is unknown.

To further address this issue, Figure 7, compares the

model results with the same Illinois data without summing

Fi\\\gure 5. A comparison of modeled and observed (GRACE) soil water changes for nine different river basins. The y-axis is the anomaly

of total water storage (DTWS) in mm and the x-axis corresponds to the time period from 2002 to 200\\\4. Soil water changes retrieved

using two different algorithms from GRACE measurements are shown to indicate the data uncertainty.
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the data in the vertical as for Figure 6. The observed

variability drastically decreases with depth and its seasonal

phase changes with depth (i.e., the time for the peak or

minimum anomalies delays with depth). The physical rea-

son is that water enters the soil column through precipita-

tion at very short time scales, groundwater interactions with

soil layers occur at much longer time scales. Variability in

the new run is smaller than observations but is qualitatively

realistic: it decreases with depth and shows the phase delay

with depth. In contrast, the control run incorrectly shows

the greatest variability in model layers 8 and 9 (with nodal

depths of 1.038 m and 1.728 m, respectively). Note that if

results are averaged for 0–2 m in CLM\\\3.\\\5 the deficiencies in

0–1 m and 1–2 m largely cancel each other, leading to the

‘‘realistic’’ model results in Figure 6. This illustrates the

importance of analyzing the vertical structure of anomalies.

Fi\\\gure 6. The comparison of the annual cycle of monthly soil moisture anomalies (in mm) between 19 Illinois stations, the control and

new runs. The blue, starred line corresponds to the average of all of the Illinois stations. The x-axis denotes the month, starting in

January and ending in December.
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The comparison with the two regions in China is only

from 0–1 m due to data availability. When compared to the

in situ data from Eastern China (Figure 8), both the control

and new runs greatly underestimate soil moisture variability

from 0–1 m. One possible reason is that the observations in

China largely come from agriculture sites, and human

factors (e.g. irrigation and harvest) are not considered in

the model. In Southern China, both simulations over-

estimate the seasonal variability from 0–1 m compared with

the observations averaged over three sites. However, indi-

vidual sites show opposite seasonal cycles and the results in

Southern China are inconclusive.

The timing of drying and wetting of the soil column as

observed over Reserva Jaru (Figure 9) is simulated well by

Fi\\\gure 7. Monthly volumetric soil moisture anomalies (mm3 mm23) over Illinois from Jan 2000 to Dec 2002. The layer depths for the

observations and the two model runs are shown on the right.
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both the new and control formulations. The observed soil

moisture decreases after the end of the rainy season from

approximately 0.4 mm3 mm23 to 0.15 mm3 mm23, and the

drying occurs throughout the entire soil column with the

greatest near the surface. The control run is too wet during

the dry season (0.\\\32 mm3 mm23). The new run better

simulates the soil column during both the wet and dry

seasons, with a soil moisture decrease from 0.41 mm3 mm23

to 0.28 mm3 mm23. At the Reserva Jaru site, the depth of

the measurements was limited by bedrock. While the zero

flux bottom boundary condition in CLM\\\3.\\\5 is consistent

with the lower condition at this site, the new formulation

doesn’t have this assumption. Thus even though the new

formulation doesn’t use the necessary bottom boundary

condition of zero flow it still simulates soil moisture better

than the control. While the new model doesn’t explicitly use

a zero flux bottom boundary condition, the flux at the

bottom of the soil column is very small in this region.

Therefore the bottom boundary condition for the new run is

nearly zero flux, in close agreement with the physical

conditions of the region.

To further evaluate the vertical structure of soil moisture

variability, the mean annual soil moisture and standard

deviation of monthly soil moisture as a function of depth

for various regions is shown in Figure 10. Both the new and

control runs correctly show a larger annual soil moisture over

the Amazon than the Western US. However, over all regions

the control run is wetter than the new run, with the greatest

differences in deep soil layers. The standard deviation of soil

moisture in the control run has a maximum in the middle of

the soil column in Siberia and the Amazon. In contrast, the

new run doesn’t show a maximum of soil moisture variability

in the middle of the soil column.

Both simulations correctly show the seasonal shift of soil

moisture with depth (Figure 11). The control run shows a

peak in soil moisture variability in the middle of the soil

column over Siberia and the Amazon (Figure 11), similar to

the unrealistic behavior discussed previously over Illinois

(Figure 7). In contrast, the new run doesn’t have this
deficiency; it has the smallest standard deviation of monthly

soil moisture in the middle of the soil column, agreeing with

the observations over Reserva Jaru. Over very short time

scales (approximately a few days) infiltration drives soil

moisture variability, therefore the new formulation has

larger soil moisture variation in the first layer than in the

middle of the soil column. However, over longer timescales

soil moisture variability is also driven by upward soil
moisture transport associated with changes in the water

table depth. Therefore, it is qualitatively realistic that the

new formulation also has more variability in the bottom

layer than in the middle of the soil column.

4e. In situ water table observations

Figure 12 shows the mean annual water table depth for the

control and new simulations. The new run generally has a
deeper water table depth than the control run, in closer

agreement with the results of Yu et al. (2006) over North

America and the observations. The water table depth is

compared to the United States Geological Survey (USGS)

observations in Figure 13. Due to the fact that the new run

has a maximum water table depth of 10 m (see section 3),

only results for water tables of 10 meters or less are shown.

Fi\\\gure 8. The annual cycle of monthly soil moisture anomalies from 0–1 meter (in mm) over two regions in China. The y-axis

corresponds to the anomaly in mm and the x-axis to the month from January to December.
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The water table depth in the control run is much shallower

than the observations and tends to be approximately 1.5 m,

independent of the observations. The new run is still

shallower than the observations, however much less so than

the control. Linear regression was performed and these lines

and equations are shown in Figure 13. From the regression,

it is seen that the control has a water table approximately

30% of the observed value, while the new run is greatly

improved at about 65%. The water table depth difference

between the new run and control run is reflective of the soil

moisture differences. In particular, the water table over the

Western U.S. in the new run (capped at 10 m) is nearly twice

as deep as that in the control, but it is still shallower than

that in Fan et al. (2007) (e.g., as deep as 80 m). Thus even

Fi\\\gure 9. Weekly volumetric soil moisture (mm3 mm23) as a function of depth and time for the Abracos site. The y-axis for all three

panels corresponds to depth in m below the surface, and the x-axis is in weeks from January 1, 1992.
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without an additional groundwater model, the new run

better simulates the water table.

5. Summary

CLM\\\3.\\\5 contains many improvements to the hydrological

cycle as compared to CLM\\\3, yet a major deficiency in soil

moisture variability still remains (Oleson et al. 2008).

Further more, soil is overall too wet. In this study, improve-

ments to the subsurface drainage treatment and the numer-

ical solution of the Richards equation including a new

bottom boundary condition and the removal of the separate

groundwater model were implemented into CLM\\\3.5. In

Fi\\\gure 10. Vertical profile of annual mean volumetric soil moisture and monthly soil moisture standard deviation (STD) for various

regions. The y-axis corresponds to the depth below the surface (m), and the x-axis is volumetric water content (mm3 mm23).
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particular, the revised form of the Richards equation is

physically and mathematically based rather than a result of

tuning. The new parameterization for subsurface drainage is

based on the modified Richards equation and provides a

simple yet efficient parameterization as compared to the

current CLM\\\3.\\\5 formulations.

The benefits of CLM\\\3.\\\5 over CLM\\\3 as shown by Oleson

et al. (2008) and Stockli et al. (2008) are retained in the new

model. The timing and magnitude of total runoff are

preserved. Changes in the annual cycle of latent and sensible

heat fluxes are small over most of the globe. Comparison to

observed sensible and latent heat fluxes over 17 Ameriflux

Fi\\\gure 11. The annual cycle of modeled volumetric soil moisture anomalies (mm3 mm23) for each of the ten soil layers for various

regions for the new and control model runs. The x-axis corresponds to the month, starting in January and ending in December.
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tower sites indicates that indeed both simulations yield

similar results over most sites. For several sites, however,

the revised model does improve the simulation of latent and

sensible heat fluxes in the warm months.

Comparing model results with in situ soil moisture obser-

vations over Illinois, two regions in China, and one site in the

Amazon shows that the new model is better at simulating soil
moisture anomalies. The vertical structure of anomalies from

the observations over Illinois is in direct contrast with

CLM3.5, while the improved model agrees well with these

observations. The new run yields a drier and probably more

realistic soil (particularly for deep layers) almost everywhere

than CLM3.5. The timing of the soil moisture anomalies

remains relatively unchanged between the two models, yet

the magnitude of these anomalies is improved.

The simulated water table depth in the new run is

generally deeper than that of the control, in better agree-

ment with in situ observations over the United States. The

deepening of the water table in the new run over the control

run is reflective of the new run generally having a drier soil

column. Even though the new formulations don’t add an

explicit groundwater treatment like the control, it is much

more capable of simulating the water table depth due to the
improved numerical scheme for vertical soil water move-

ment and the bottom boundary condition.

Therefore, through this modeling study, we have satisfact-

orily addressed the two questions posed in the introduction.

The implementation of the modified Richards equation and

new bottom boundary condition do affect CLM\\\3.5 model-

ing of land surface processes; in particular they have

improved some of the new deficiencies of CLM3.5 over
CLM\\\3.0 while still maintaining all of the other improve-

ments. Furthermore, by directly addressing these questions

and by providing details of the implementation in the

Appendices, we have achieved the goals of this study as

stated in the introduction.

The physically realistic improvement of soil moisture

variability is expected to play an important role in the

improvement of land surface modeling in the future.

While the total latent heat flux may not be much affected

by these changes, as explicit chemical, biogeochemical, and

biological processes are included in land models the relevant

changes (e.g. in dynamic vegetation) are expected to be

large. Also, to fully understand the impact of the modified

Richards equation on the modeling of land surface processes
it will need to be implemented in numerous other land

surface models. While it has proved to be beneficial to CLM,

other models may be more or less sensitive to these changes.

It will be our future task to quantify these effects.
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Appendix A: Default CLM3.5 formulations

All details of CLM3.5 formulations are provided in Oleson

et al. (2008), and only the relevant parts are presented here

for comparison with new formulations in Appendix B and

for convenience.

A1. Vertical soil water movement

The Richards equation governs the vertical soil water

movement:

Lh

Lt
~

L

Lz
K|

L(yzz)

Lz

� �

zS ðA1Þ

where h is the volumetric water content (mm\\\3 of water/

mm\\\3 of soil), t is time, z is the vertical coordinate (defined

Fi\\\gure 12. Mean annual water table depth (m) (as a function of latitude and longitude) for the control and new simulations.
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from some arbitrary datum, typically the soil surface or

water table depth), y is the soil matric potential (i.e.,

pressure head), K is the hydraulic conductivity, and S is

the source/sink term (i.e., the soil water removed due to

transpiration). The Clapp and Hornberger (1978) relation is

used in CLM\\\3.\\\5 for the computation of K and y from h.

The numerical scheme to solve (A1) in layer i is:

ziz1=2{zi{1=2

� �

Dt
Dhi~{qNz1

i{1
zqNz1

i zSi and

Dhi~hNz1
i {hNi

ðA2Þ

and the flux between layers in (A2) are based on the Darcy’s

law and calculated using a Taylor expansion as

qi~{Kiz1=2
L(yzz)

Lz
ðA\\\3Þ

qNz1
i ~qN

i z
Lqi

Lhi
Dhiz

Lqi

Lhiz1
Dhiz1 ðA4Þ

qNz1
i{1 ~qN

i{1z
Lqi{1

Lhi{1
Dhi{1z

Lqi{1

Lhiz1
Dhi ðA\\\5Þ

The hydraulic conductivity between layers in (A\\\3) is calcu-

lated as

Kiz1=2~K
hizhiz1

2

� �

ðA6Þ

where K is the functional relation (determined from the soil

water retention relation) between the volumetric water

content and the hydraulic conductivity. Equations (A\\\3)-

(A\\\5) result in a tridiagonal system of equations that is easily

solved.
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(m) over the United States. The red (blue) line is found from linear regression of the control (new) simulation on the observations. The

black line is the one-to-one line for reference.
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The top boundary condition for the solution of �������(A2�������)–

(A6) is the infiltration which is calculated as the residual

from the surface water balance. The bottom boundary

condition is taken as zero flux, followed by the coupling

of a groundwater aquifer with the 10 soil layers in the

CLM\\\3.\\\5 model domain. This two-step coupling doesn’t

seem to be consistent physically, because the groundwater

is not directly coupled with the soil layers in the tridiagonal

system for soil moisture solution.

A2. Groundwater and water table depth

CLM\\\3.\\\5 considers the water stored in the unconfined

aquifer Wa (mm) when the water table depth z= is below

the bottom of the soil column (zh,10 5 3433 mm) and the

actual groundwater Wt when z= is within the soil column. In

addition to z= as used in CLM\\\3.0, Wa and Wt are new

prognostic variables introduced in CLM\\\3.\\\5. For z= . zh,10
(i.e., deep water table)

LWa

Lt
~qre{qdrai ðA7Þ

where qre is the recharge to the aquifer and represents the

coupling between the aquifer and the bottom soil layer. The

subsurface runoff qdrai is equivalent to the groundwater

discharge and will be discussed in Section A\\\3. For z= ,

zh,10, (A7) is used for Wt instead, and qdrai is extracted from

the soil water layers within the water table.

The water table depth calculation is parameterized as

z+~zh,iz1{

Wt{103|Sy{
P

10

j~iz2

Dzj(hsat ,j{hice,j)

103|(hsat ,iz1{hice,iz1)

2

6

6

6

4

3

7

7

7

5

ðA8Þ

for 1 # i # 8 in which i is the index of the layer directly

above the water table depth, hice is the volumetric ice

content, zh,i+1 is the layer interface depth of layer i+1

(mm), Wt is the total amount of soil water (including the

aquifer) (mm), and Sy is the specific yield and is defined as

0.2. For the case when the water table depth is in layer 10

(i.e., i59) then

z+~zh,iz1{
Wt{103|Sy

103|(hsat ,iz1{hice,iz1)

� �

ðA9Þ

Equations (A8) and (A9) are chosen in CLM3.5 so that the

water table depth would converge to a stable value within 30

years of spin up when initialized with arbitrary initial

conditions. As recognized in Oleson et al. (2008), (A8)

and (A9) are not easy to justify physically even though they

produce desirable results.

When z= is below the soil column zh,1053.43m,

z+~zh,10z25{
Wa

103Sy

ðA10Þ

A3. Subsurface drainage

The subsurface drainage in CLM\\\3.\\\5 is taken as

qdrai~(1{fimp)|qdrai,max| exp ({fz+) ðA11Þ

where qdrai,max 5 4.5 x 10-4 (kg m-2 s-1) is the maximum

amount of subsurface drainage and fimp is the impermeable

fraction due to the presence of soil ice, and f is a scale factor

taken as 2.5 (m-1). The drainage is removed from the aquifer

if the water table depth is below the model domain. If the

water table depth is in the model domain the drainage is

removed from the soil layers below the water table depth.

The impermeable ice fraction (fimp) is calculated as

fimp~ exp ({aDice){ exp ({a)f g§0 and

Dice~1{

P

10

i

wice,i

wice,izwliq,i
Dzi

P

10

i

Dzi

ðA12Þ

where wice and wliq are the mass of ice and liquid moisture in

the layer, respectively, and a is an adjustable parameter

chosen as 0.3 in CLM\\\3.5. Note that (A12) is not exactly

correct because fimp 5 1 – exp(-a) (rather than 1) when wliq

5 0.

A4. Surface runoff

The surface runoff is parameterized as a function of fsat (the

saturated fraction) as

fsat~(1{ffrz,1)|fsat ,max| exp ({0:5fz+)zffrz,1 ðA1\\\3Þ

where ffrz,1 is the impermeable ice fraction, which has the

same functional form as (A12) and is given as

ffrz,1~ exp ({aDice,1){ exp ({a)f g§0 and

Dice,1~1{
wice,1

wice,1zwliq,1
Dz1

ðA14Þ

Similar to fimp in (A11), ffrz,1 does not converge to 1 (which

is incorrect) at wliq ,1 5 0. Following Niu et al. (2006),

CLM\\\3.\\\5 uses a spatially variable fsat,max defined in a surface

dataset.

Appendix B: New parameterizations

B1. Vertical soil water movement

Richards equation is rewritten in Zeng and Decker (2009) as

Lh

Lt
~

L

Lz
K|

L(y{�yyE)

Lz

� �

zS ðB1Þ

where yE is the equilibrium soil matric potential derived at

each time step from
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yEzz~ysat

h

hsat

� �

{B

zz~ysatzz+~const ðB2Þ

where yE is the soil matric potential at equilibrium

expressed using the Clapp and Hornberger (1978) relation.

Subtracting the gradient of a constant, i.e., zero, does not

change the property of the differential Richards equation,

but it does remove the serious deficiency of the numerical

solution (A2), as demonstrated in Zeng and Decker (2009).

After obtaining z= from Section B2, the equilibrium

volumetric water content hE(z) can be calculated from

(B2) and its layer-averaged value is

hE,i~

ð

ziz1=2

zi{1=2

hE(z)dz ðB3Þ

Then the average yE as used in (B1) is computed from

yE(zi)~ysat ,i

hE,i

hsat ,i

� �{Bi

ðB4Þ

The flux between layers then becomes

qi~{Kiz1=2
L(y{yE)

Lz

� �

ðB5Þ

Equations (A2), (A4), and (A\\\5) remain unchanged from the

default numerical solution in Appendix A.

The top boundary condition remains the same as that in

CLM\\\3.\\\5, while the bottom boundary condition is discussed

in Section B3.

B2. Groundwater and water table depth

The explicit groundwater aquifer in CLM\\\3.5 is removed and

the prognostic variables Wa and Wt are not needed.

Furthermore, z= is treated as a diagnostic variable at each

time step (rather than a prognostic variable that needs to be

saved at each time step and for history and restart files). This

issue is further discussed in Section B3.

The new formulation for the water table depth is based on

mass conservation and given by

Dsm~

X

10

i~1

(hsat ,i{hliq,i)|Dzi~

ð

z~zb

z~0

(hsat{hE)Lz ðB6Þ

where zb5 zh,10 if z= is below the model domain while zb 5

z= if z= is within the model domain, hliq,i is the total liquid

water content in layer i (mm3 mm23), and Dzi is the layer

thickness (mm). The combination of (B2) and (B6) to

obtain z= is the same approach used extensively in the past

(e.g., Chen and Kumar 2001). While the solution to (B6)

using Newton’s iterative method is generally obtained in less

than 10 iterations, many more iterations are needed for

some grid cells in global simulations. Because ysat and hsat
depend on % sand and the Clapp and Hornberger (1978)

parameter B depends on % clay in CLM3.5, we have done

offline computations for any combinations of % sand (from

0–100%), % clay (from 0–100%), and Dsm from (B6). These

pre-computed results are then directly used to obtain z=.

Note that the two prognostic variables Wa and Wt in

CLM\\\3.\\\5 are not needed in our approach. The above look-up

table (LUT) approach reduces the computational expense of

iterative methods and removes the occasional failure of

convergence within a prescribed iteration numbers.

Furthermore, considering the relatively large data volume,

we have conveniently fit these results to

z+~
zh,10

a1za2S%za3C%
|

a1|
Dsm

Dc

� �a4

za2S
%
|

Dsm

Dc

� �a5

za3C
%
|

Dsm

Dc

� �a6
� � ðB7Þ

for Dsm # Dc and

z+~zh,10|
Dsm

Dc

� �V

ðB8Þ

for Dsm . Dc in which V is calculated as

V~ b1
Dsm

DC

� �2

zb2
Dsm

DC

� �

zb3

" #

| b4
S%

C%

� �2

zb5
S%

C%

� �

" #

ðB9Þ

In �������(B7�������)–�������(B9), S% denotes % sand in the soil column, C%

denotes % clay, zh,10 is the bottom of the soil domain

(approximately 3.43 m), Dsm is the soil moisture deficit in

(B6), and Dc is the critical deficit found by integrating the

right hand side of (B6) under the assumption of z= 5 zh,10.

The six coefficients a1–a6 are independent of soil prop-

erties, while b1–b5 depend on the soil % sand and % clay.

Therefore, only these coefficients are saved in the model and

z= is directly obtained from �������(B7�������)–�������(B9). Note that for

different land models that don’t use the Clapp and

Hornberger (1978) formulations for soil water retention

functions, or if different model domain is used, different

coefficients should be obtained from offline simulations and

used following the same approach above.

B3. Subsurface drainage

To facilitate the computation of bottom boundary flux, we

add an extra soil layer below the model domain with the

same thickness as that of the bottom layer; i.e., Dz11 5 Dz10.

The finite difference form of (B\\\5) between the 10th and 11th

layers is:
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qout~{K10

(y11{yE,11){(y10{yE,10)

Dz10

 !

h

ðB10Þ

where qout is the flux out of the model domain. We set y11

5 yE,11 as in the idealized simulations in Zeng and Decker

(2009). The hydraulic conductivity between the bottom

layer and the groundwater (K10) is computed differently

than the hydraulic conductivity between model layers (A6).

The modifications to K10 are due to the necessity to limit

subsurface drainage in partially frozen soils. When the soil

surface begins to freeze, it acts as a drying front and water

transports towards the partially frozen soil. These complex-

ities aren’t considered in the soil ice scheme in CLM\\\3.\\\5,

leading to large amounts of subsurface drainage from (B10)

when the near surface soil layers are partially frozen yet the

bottom of the soil column remains ice free. To limit

subsurface drainage in these conditions, K10 is calculated as

K10~Ksat ,10

hliq,1{10

hsat ,1{10

� �2B10z3

ðB11Þ

where Ksat,10 (mm s21) is a global constant (for simplicity),

as argued in Dickinson et al. (1993), and is the assumed

saturated hydraulic conductivity of the bottom layer (\\\5 mm

day21), hliq,1–10 is the average volumetric water content

from all of the soil layers, and hsat,1–10 is the average

saturated volumetric water content from all of the soil

layers. The assumed value of Ksat,10 is much lower than

typical values of saturated hydraulic conductivities (several

hundred millimeters per day) to limit upward pumping of

water from below the model domain during dry periods.

Note that the use of zero flux in CLM\\\3.\\\5 is equivalent to

taking Ksat,10 5 0.

Horizontal subsurface drainage (qh) is computed as

qh~qsub,max exp ({z+)|
exp (1{fice,avg ){1

exp (1){1
ðB12Þ

where qsub,max is the maximum drainage taken as 50.0 mm

day-1, and fice,avg is the average fraction of the bottom five

layers in soil column computed as

fice,avg~1:0{

P

10

i~1

hliq,i

P

10

i~1

hsat ,i

ðB13Þ

In order to limit horizontal drainage in frozen soils, fice,avg is

taken as the maximum of (B13) and the ice fraction of the

layer containing the water table depth (when the water table

is within the model domain) or the bottom soil layer (when

the water table is below the model domain). The subsurface

horizontal drainage term (qh) is included in the sink term

(S) in (B1) and is removed from the layer that contains the

water table depth (when the water table is within the model

domain) or from the bottom soil layer (when the water table

is below the domain). In this way the horizontal drainage

doesn’t explicitly removewater from the fully saturated layers.

Because of the use of the extra layer and the computation of

groundwater table depth at each time step, groundwater and

soil layers in the model are fully coupled in the tridiagonal

system for soil moisture solution. In contrast, while Wa, Wt,

and z= are all computed as prognostic variables inCLM3.5, the

groundwater is coupled to soil layers after the tridiagonal

computation using zero bottom flux.

B4. Surface runoff

Because the variation of z= is dominated by changes in water

content of the thicker bottom layers, surface runoff in

CLM\\\3.\\\5 (as discussed in Section A4) is nearly independent

of the moisture content of the first layer. To more explicitly

consider the impact of the moisture content in the top soil

layer, we calculate the surface runoff using a revised fsat:

fsat~
htot ,1

hsat ,1

� �

|½(1{ffrz,1)|fsat ,max

| exp ({
z+

3:0
)zffrz,1�

ðB15Þ

Furthermore, we take fsat,max 50.5 as a global constant for

simplicity. As mentioned earlier, (A1\\\3) does not converge to

1 as the soil becomes fully frozen. Therefore, we use the

normalized (correct) formulation:

ffrz,1~
exp {a 1{

wice,1

wice,1zwliq,1

� �h i

{ exp ({a)

1{ exp ({a)
§0 ðB16Þ

so that the impermeable ice fraction for the first layer ranges

from 0 to 1. Similarly, (A11) is replaced by the normalized

formulation so that fimp ranges from 0 to 1.
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Abstract 

 Reanalysis products produced at the various centers around the globe are utilized 

for many different scientific endeavors, including forcing land surface models and 

creating surface flux estimates.  Here flux tower observations of temperature, wind speed, 

precipitation, downward short wave radiation, net surface radiation, and latent and 

sensible heat fluxes are used to evaluate the performance of various reanalysis products 

(NCEP and CFSR from NCEP; ERA-40 and ERA-Interim from ECMWF; and MERRA 

and GLDAS from GSFC) .  To combine the biases and standard deviation of errors from 

the separate stations a ranking system is utilized.  It is found that ERA-Interim has the 

lowest overall bias in six hourly air temperature, followed closely by MERRA and 

GLDAS.  The variability in six hourly air temperature is again most accurate in ERA-

Interim.  ERA-40 is found to have the lowest overall bias in latent heat flux, followed 

closely by CFSR, while ERA-40 also has the lowest six hourly sensible heat bias. 

MERRA has the second lowest and is close to ERA-40.  The variability in six hourly 

precipitation is best captured by GLDAS and ERA-Interim, and ERA-40 has the lowest 

precipitation bias.  It is also found that at monthly time scales biases in the datasets are 

the dominant cause of the errors, while at six hourly and daily time scales the dominant 

contributor of errors is the correlation.  Also, it is found that the hourly CFSR data has 

discontinuities present due to the assimilation cycle, while the hourly MERRA data 

doesn’t contain these jumps. 
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1.  Introduction 

  Reanalysis products are typically used for many varying applications in the earth 

science community due to the lack of globally and temporally complete direct 

observations.  Examples of the uses of reanalysis products are to drive land surface 

models, study the climate system, and provide boundary conditions for regional 

modeling.  Reanalysis products merge available observations with a state of the art 

atmospheric (or more recently coupled ocean/atmosphere/sea ice) model to derive the 

best estimate of the state of the atmosphere and land surface.  The National Center for 

Environmental Prediction (NCEP), the European Center for Medium Range Weather 

Forecasting (ECMWF), and the NASA/GSFC Global Modeling and Assimilation Office 

(GMAO) are three national centers that have recently produced “second generation” 

reanalysis datasets.  While they are the best approximation of the state of the atmosphere 

based on both data and dynamic models, the various reanalysis products by the different 

centers have been found to have many deficiencies on various time scales, especially at 

smaller (i.e. regional) spatial scales.  A spurious peak in the diurnal cycle of precipitation 

exists over the Amazon basin in ERA-40 (Betts and Jakob, 2002), and the seasonal cycle 

of precipitation over this region is too low in both ERA-40 and ERA-interim. Also, the 

seasonal cycle of 2 m air temperature is higher than observations over the Mississippi 

River Basin for both ERA-40 and ERA-interim (Betts et al., 2008).  The NCEP/NCAR 

reanalysis contains significant biases in the moisture fields in the tropics (Trenberth and 

Guillemot, 1998), it is substantially different regionally from the Global Precipitation 

Climatology Project (GPCP) precipitation data, and it has a diurnal cycle that is much too 
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large over land during the warm seasons (Janowiak et al., 1998).  Similarly, Berg et al. 

(2003) found that  NCEP/NCAR and ERA-40 have substantial biases in 2 m air and dew 

point temperatures, surface radiative fluxes, and precipitation over land in North America 

as compared to various gridded datasets.  Aside from the atmospheric fields used to force 

land surface models, evapotranspiration during the warm season over the U.S. Great 

Plains region has also been found to be substantially biased in both NCAR/NCAR and 

ERA-40 (Ruiz-Barradas and Nigam 2005).  Previous work has shown that precipitation 

fields in the newer reanalysis are better than in the older datasets, although this isn't 

universally true for all regions of the globe.  For example, ERA-40 corresponds more to 

the data over the Northern Hemisphere land than it does in the tropics (Bosilovich et al., 

2008).  Also, 5 day forecast scores of 500 mb height fields show that the CFSR is 

considerably more accurate than the first generation NCEP/NCAR reanalysis (Saha et al., 

2010).  Similarly, Uppala et al. (2005) found that ERA-40 is enhanced as compared to the 

first generation reanalysis products NCEP/NCAR and ERA-15 (Gibson et al. 1997).  

Acknowledging these deficiencies, different techniques such as bias correction  (Qian et 

al., 2006; Berg et al., 2003) and directly combining observations and reanalysis together 

(Fan and Van den Dool, 2004) have been used to derive better land surface forcing 

datasets.  However, the question remains as to the accuracy of new reanalysis from 

GMAO (the Modern Era Retropescive Reanalysis or MERRA), NCEP (the Climate 

Forecast System Reanalysis or CFSR), and ECMWF (the ECMWF Reanalysis or ERA-

Interim) as compared to direct observations near the land surface.  While research shows 

that reanalysis products are improving, it is important to evaluate these products directly 
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with near surface observations from various climate regimes and regions.  Specifically, 

the atmospheric quantities used to force land surface models together with the  fluxes of 

energy and moisture from the land surface to the atmosphere in the various reanalysis 

must be objectively evaluated. 

 This study utilizes flux tower observations from 33 different locations in the 

Northern Hemisphere to evaluate the various reanalysis products from the different 

centers. Such critical evaluations are helpful to researchers who will use these reanalysis 

products for land-atmosphere interaction studies. They will also help guide the efforts in 

combining various reanalysis products and in situ data to obtain the best available near 

surface atmospheric forcing data for land surface modeling. 

 

2.  Datasets 

2.1.  In Situ Observations 

 The in situ measurements for this study include 33 flux tower locations taken 

from the FluxNet network of observations (http://www.fluxnet.ornl.gov).  FluxNet is a 

global network of micrometeorology measurements of the exchange of water, energy, and 

CO2 using eddy covariance techniques at well over 100 towers of differing heights.  The 

data are available through the FluxNet website.  For the present study, the air 

temperature, wind speed, downward solar radiation, net total radiation, latent heat flux, 

and sensible heat flux were analyzed for 33 different locations.  The locations were 

chosen so that each has a record of at least 3 years during the period when reanalysis data 

is also available.  17 of the locations were used in a previous study (Decker and Zeng, 
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2009) to analyze the performance of the Community Land Model and were therefore 

used again here.  Table 1 specifies the locations, period of record used, vegetation type, 

and tower height for all of the tower observations.  Utilizing numerous towers from 

across the continent allows for analysis from different vegetation types and climate 

regimes including tundra, grassland, and evergreen forests.  No gap filling techniques 

were utilized on the flux tower observations, but the level 3 data used has quality flags 

provided, that were used to selectively remove any data that had been deemed of 

questionable quality.  The half hourly flux data (turbulent, precipitation and radiative 

fluxes) were averaged to hourly data to match the time resolution of the MERRA and 

CFSR reanalysis data, while the observations of the atmospheric states (temperature and 

wind speed) were filtered by only using every other data point (as the state variables from 

the reanalysis are not averaged, either) to create hourly time series. 

 

2.2.  Reanalysis Products 

 A brief summary of the reanalysis products utilized in this study follows below.  

The important commonalities and differences between the products are highlighted.  For 

a complete list of the methods and all of the observations assimilated into each product, 

consult the references. 

a. MERRA 

 The MERRA product (Bosilovich et al., 2010) is a “second generation” reanalysis 

project from NASA spanning only the satellite era, from 1979 to present, although only 

the years 1991-2006 are used in the present study.  MERRA uses the current Goddard 
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Earth Observing System Data Assimilation System (GEOS-5) (Rienecker et al. 2008).  

The dynamical atmospheric model in the system is the GEOS-5 AGCM (with observed 

sea surface temperatures) which includes a finite volume dynamical core (Lin, 2004) with 

72 vertical levels and a native lat/lon horizontal resolution of only ½ by 2/3 of a degree.  

The land surface model in GEOS-5 is a catchment based model (Koster et al. 2000) that 

divides the land surface into various catchments as opposed to regular lat/lon grids.  The 

assimilation of observations in GEOS-5 occurs through the use of a three dimensional 

variational (3dVar) assimilation scheme called the NCEP unified grid-point statistical 

interpolation analysis scheme (Rienecker et al. 2008).    In the analysis cycle, MERRA 

implements an incremental analysis update (IAU) from Bloom et al. (1996) to slowly 

update the model.  Incrementally applying the update eliminates shocks to the model 

system by applying frequent small updates as opposed to infrequent large updates.  

Satellite radiances are directly assimilated while accounting for variational bias 

correction through the use of the JCSDA community radiative transfer model.  MERRA 

also assimilates instantaneous rain rate (precipitation) observations though the use of 

SSM/I and the TRMM Microwave Imager (TMI) measurements. 

 A key difference between MERRA and other products is the spatial and temporal 

resolution of the archived data, as MERRA archives much of the model output at its 

native spatial resolution for every hour.  The two dimensional data, including 

meteorological states of the first model level, the state of the land surface (including 

temperature, soil moisture and canopy intercepted moisture, turbulent and radiative 

fluxes, and the components needed to derive the near surface turbulent fluxes (such as 
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roughness lengths, friction velocities, and stability parameters) are all available at hourly 

time resolutions at the native resolution of 2/3 by ½ degree.  Also, vertically integrated  

atmospheric quantities such as precipitable water, tendency terms for water and ice by the 

different physics packages including sublimation, evaporation, enthalpy fluxes, and 

generation of kinetic energy are also stored at this high resolution.  The three dimensional 

atmospheric quantities including states and fluxes are available at a three hourly time 

resolution.  The near surface quantities used here (summarized in Table 2) are all 

archived at an hourly timescale as the average value over the specified hour.  MERRA 

provides several ways to access the data, including a website 

(http://disc.sci.gsfc.nasa.gov/mdisc/data-holdings). 

 

b. NCEP/NCAR 

 The NCEP/NCAR I product is a frequently used dataset that covers the period 

from 1948-2009 (1991-2006 are used here) and is the oldest product included in this 

study (available at http://dss.ucar.edu/pub/reanalysis/).  The dynamical atmospheric 

model used is the NCEP global atmospheric spectral model (operational in 1995) with 28 

vertical levels and a horizontal resolution of approximately 210 km (Kalnay et al. 1996).  

The land surface model is the OSU land surface model with two vertical layers.  As with 

MERRA, a 3dVAR approach is used to assimilate the observations into the model.  The 

observations include, but aren't limited to, rawisondes, satellite retrievals of atmospheric 

temperature, satellite-based winds from cloud tracking, aircraft observations of 

temperature and wind, and land and oceanic surface pressure measurements.  While 
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MERRA directly assimilates radiances, the satellite measurements in NCEP/NCAR are 

first used to derive vertical temperature profiles before being incorporated into the model 

(Kalnay et al. 1996).  The data are archived at six hour intervals, with fluxes being 

archived as the average value over six hours while the wind speed and temperature are 

archived as the instantaneous values. 

 

c. ERA-40 

 The ECMWF ERA-40 dataset (available from http://dss.ucar.edu/pub/era40) 

covers the period from September 1957 to August 2002 (ECMWF, 2003), with 1991-

2001 utilized in the present study.  ERA-40 uses the ECMWF dynamical model version 

CY23R4, with 60 vertical levels at a horizontal resolution of T159 (~125 km).  The data 

assimilation system used a 3dVar approach with an analysis cycle of six hours (for both 

the atmosphere and the land surface).  It includes types of data that are very similar to 

those used by MERRA and other reanalysis but with one significant distinction.  ERA-40 

includes observed 2-m air temperature (and relative humidity) from weather stations 

during the six hourly analysis cycle of the land surface.  While the 2-m air temperature 

isn't used directly in the full atmospheric model (the land surface analysis is decoupled 

from the atmospheric analysis during the assimilation cycle, it indirectly influences the 

full model by altering the modeled soil temperature and moisture (ECMWF,  2003).  

Also, the observed 2 m air temperatures were utilized in the post processing during the 

output of 2 m air temperatures (Saha et al., 2010).  The near surface atmospheric states 

and fluxes are archived at six hourly intervals. 

133 
 

  

http://dss.ucar.edu/pub/era40


 

 

d. ERA-INTERIM 

 ERA-Interim is the newest ECMWF reanalysis and covers the period from 2001 

to present (only 2002 is used in the present work).  An updated version of the ECMWF 

forecasting model (version CY31r1) is used with a horizontal resolution of T213 (~80 

km).  Aside from the increased resolution over ERA-40, ERA-Interim incorporates a full 

four dimensional variational (4dVAR) assimilation scheme and is the only reanalysis 

product in this study to do so (ECMWF, 2009).  While 3dVar assimilates all observations 

that occur within a specific time period at a single time, the 4dVar is a temporal extension 

of 3dVar.  The cost function used to minimize the difference between the observations 

and the model is calculated over the 12 hour assimilation window.  As with ERA-40, the 

land surface analysis incorporates 2-m air temperature and relative humidity to improve 

the land surface model temperature and soil moisture fields.  ERA-Interim outputs the 

near surface fluxes (latent and sensible heat, precipitation, and radiative fluxes) at three 

hour intervals as the average over the time period.  The near surface wind speed (10 m) 

and air temperature (2 m) are archived at six hour intervals. 

 

e. CFSR 

 The CFSR is the newest dataset from NCEP and currently covers from 1979-

present, and 2001-2002 are utilized for this analysis.  The atmospheric model used in the 

analysis is the Global Forecast System (GFS) model at a horizontal resolution of T382 

(~38 km) with 64 vertical layers (Saha et al., 2010).  The land surface component is the 
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Noah land surface model with four vertical layers (Ek et al., 2003).  While all of the other 

reanalysis here use observed sea surface temperatures to drive the atmospheric model, 

CFSR includes a fully coupled ocean model, the GFDL MOM version 4 (Griffies et al. 

2004) .  The atmospheric analysis occurs at six hour intervals and uses the GSI technique 

like MERRA.  The oceanic assimilation cycle is separate from the atmospheric analysis 

but also occurs on the same six hour cycle.  The land surface assimilation only occurs 

once every 24 hours and uses observed precipitation.  The CMAP five day mean (2.5 by 

2.5 degree) gridded and the daily CPC gauge analysis (0.5 by 0.5 degree) precipitation 

estimates are combined to drive the land surface model directly to eliminate the biases 

associated with using model estimated precipitation rates.  Satellite radiances are directly 

assimilated through the use of radiative transfer models in the atmospheric analysis and 

satellite derived ocean surface wind speeds are used in the oceanic analysis.  Unlike the 

ERA products, the observed 2 m air temperatures are not assimilated.  The 10 m wind 

speed,  2 m surface, and first model level temperatures, the turbulent heat and radiative 

flux data are archived at hourly intervals, which include both the analyzed states every 

six hours but also the model forecasts of the states between these analyses.  However, this 

study doesn't utilize the hourly quantities due to the discontinuities found in the six 

hourly assimilation cycle (See Section 5).  To negate using the hourly forecasts between 

the six hourly analysis cycles, only the six hourly CFSR data was utilized in the 

comparisons. 

 

  f. GLDAS 
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 GLDAS produces several different datasets (available at 

http://disc.sci.gsfc.nasa.gov/hydrology/data-holdings) available for use in weather and 

climate research (Rodell at al., 2004).  GLDAS utilizes various different land models 

from NASA, NOAA, NCAR, and University of Princeton/University of Washington to 

characterize the state of the land surface.  The atmospheric data utilized in the creation of 

the GLDAS forcing dataset varies depending on the time period of the data.  The GLDAS 

data utilized in this study have atmospheric states from the NOAA GDAS analysis fields.  

While the atmospheric states utilize reanalysis products, the precipitation and radiation 

fluxes are both observation-based.  The NOAA Climate Prediction Center Merged Analysis 

of Precipitation (CMAP) data is used for the precipitation field, and the downward 

shortwave radiation is derived using the Air Force Weather Agency's AGRicultural 

METeorological modeling system (AGRMET) (Fang and Won, 2009). The horizontal lon/lat 

resolution of the data used here is 1.0 by 1.0 degrees.  The GLDAS forcing dataset 

consists of three hourly air temperature (at 2 meters), wind speed (at 10 meters), 

precipitation, and downward solar radiation, however, unlike the other reanalysis 

products considered here, no turbulent or upward radiative flux data is provided in the 

GLDAS forcing dataset.   

 

3.  Methods 

3.1. Vertical Interpolation 

 The tower measurements for each location occur at a unique tower height.  In 

order to compare the measured temperature and wind speed at the different heights to the 
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reanalysis output (at either the first model level or a given height of 10 or 2 meters) the 

reanalysis data is interpolated (except for ERA-40, ERA-Interim, and GLDAS, discussed 

later) to the height of the tower at each location.  The method (formulation) that each 

reanalysis uses in the model to determine surface fluxes and near surface air temperatures 

and wind speeds was used to perform the vertical interpolation. 

 For MERRA, the air temperature and wind speed were interpolated from the 

surface utilizing the bulk transfer formulations found in GEOS-5 (Rienecker et al. 2008) 

to the level of the tower observations.  The formulations relate the surface Richardson 

number to the friction velocity and temperature scale. All the necessary quantities for 

interpolating the data are included in the archive (friction velocity, temperature scale, 

Richardson number, and roughness lengths for momentum and heat) so that the 

interpolation is direct and non-iterative. 

 To interpolate the NCEP/NCAR reanalysis, the atmospheric states were 

interpolated between the first model level and the surface using the Monin-Obuhkov 

similarity functions from the NCEP/Noah Land surface model used in the NCEP global 

atmospheric spectral model.  Due to the fact that NCEP/NCAR only archives friction 

velocities as six hourly averages and atmospheric states as instantaneous values, it is 

inappropriate to use the averaged friction velocity for interpolation.  To circumvent this 

issue, the temperature at two heights (the surface and 2-m) and the 10 m wind speed were 

used to iteratively solve for the friction velocities and the stability parameter.  These 

values, together with the archived roughness length, were then used to interpolate the 

data. 

137 
 

  



 

 The same procedure was used to interpolate the CFSR air temperatures and wind 

speeds to the tower heights as both NCEP/NCAR and CFSR use variations of the OSU 

(Noah) land surface model.  The air temperature from the surface and the first model 

level, along with the wind speed from the first model level and the roughness length, are 

iteratively used to calculate the values for the stability parameter and the friction 

velocities.  These were then used to interpolate the temperature and wind speed from the 

ground to the tower height. 

 The air temperature and wind speed were not interpolated to the tower heights for 

both the ERA-40 and ERA-Interim data.  When archiving near surface temperature and 

wind speed, ERA-40 and ERA-Interim utilize a modified Monin-Obuhkov scheme to 

interpolate the data to produce temperatures and wind speed that correspond well to those 

observed by surface weather stations.  ERA-40 uses a large (much larger than other 

models, including ERA-Interim) roughness length to account for the drag that orography 

induces on the atmosphere.  While providing the needed drag, the use of such large 

roughness lengths prevents the interpolation from the land surface to 2 or 10 m heights 

directly.  Therefore, ERA-40 uses an empirically formulated blend of winds and 

temperatures from a 75 meter height to derive near surface quantities (White et al., 2003).  

Although ERA-Interim uses smaller roughness lengths that don't include orographic drag, 

the near surface wind and temperature are still empirically found in the same way as they 

are in ERA-40.  Due to the care and expertise in deriving these methods to interpolate the 

data, we feel that any attempt to improve on these interpolations would result in less valid 

values. 
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 The GLDAS forcing data set wasn't interpolated due to the fact that the dataset 

only includes air temperatures and wind speeds at a single level, and also doesn't include 

roughness lengths or friction velocities.  Since not enough data are included to interpolate 

the atmospheric states, they were left unaltered. 

 

3.2. Temporal Averaging and Interpolation 

 The atmospheric states and fluxes were evaluated on different timescales.  First, 

the mean annual cycle is evaluated by computing monthly values averaged over the entire 

period of observations for each station.  The average and standard deviation was then 

calculated for each dataset and location based on the mean monthly values.  Finally, for 

each site the bias, correlation, root mean square error, and the standard deviation of the 

errors were calculated between the tower observations and the reanalysis products.   

 The six hourly data are also analyzed in addition to the monthly mean quantities.  

For the fluxes of energy and water (i.e., latent and sensible heat fluxes, radiative fluxes, 

and precipitation), each dataset is temporally averaged from its native resolution (hourly 

for MERRA, three hourly for ERA-Interim and GLDAS) to six hourly.  The NCEP, 

CFSR, and ERA-40 fluxes already have a six hourly temporal resolution and don't 

require any processing.  The state variables, however, are output as instantaneous values 

and therefore aren't averaged over the six hour period.  Rather, the hourly (or three 

hourly) values that correspond to the six hourly values from NCEP and ERA-40 are 

simply utilized without averaging.  The correlation, bias, ratio of standard deviations, 

standard deviation of the errors, and root mean square error were then found by 
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comparing the tower observations to the reanalysis from specific months. 

 The mean diurnal cycle for various months is also presented.  The mean diurnal 

cycle is found (at a six hourly temporal resolution) by first averaging all of the days 

within a month to a single mean diurnal cycle for that month.  Then, the statistics 

(mentioned previously) are calculated between the observations and the reanalysis 

products using the mean diurnal cycles for several different months.  The diurnal cycle 

from June-August, and from December-February are considered here. 

 To facilitate a comparison for all of the sites in a single figure, histograms of the 

correlation, the ratio of the standard deviation of reanalysis to tower observations, bias, 

and root mean square error are plotted separately for the statistics found by comparing the 

monthly data, the six hourly data, and the mean diurnal cycles.    

 

3.3. Decomposition of the Mean Square Error 

 The mean square error (MSE; simply the square of the root mean square error) 

was calculated for every variable and site at the three different time scales.  To quantify 

the contribution of the bias (accuracy), correlation (the correspondence), and difference in 

standard deviation (the agreement in the amount of variation) the mean square error was 

decomposed (Gupta et al., 2009) as 

221 )μ(μ+)σ(σ+ρ)(σσ=MSE obsdobsdobsd    (1) 

where is the correlation between the reanalysis and the tower observations, d is the 

standard deviation of the reanalysis, obs is the standard deviation of the observations, d 
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is the mean of the reanalysis, and obs is the mean of the tower observations.  The first 

term is the contribution of the correlation to MSE, the second is the contribution of the 

differences in standard deviation between the observations and the reanalysis, and the 

third is the bias contribution.  Dividing (1) through by MSE, and the three terms become 

the relative contribution of MSE from the three different statistics.  While the relative 

contribution doesn't aid in defining which of the reanalysis is better than another, it 

allows for an easy interpretation of the reasons for the disagreement between the 

reanalysis and the measurements. 

 

3.4. Ranking 

 Due to the large number of sites and quantities that are presently compared, a 

ranking system is utilized to determine which dataset has the best performance for a 

given quantity.  The ranking system used in Brunke et al. (2003) is chosen due to its 

simplicity.  Due to the different time periods for the different reanalysis products, only 

stations with data for all of the products are compared.  Since different locations have 

non-missing data for different periods depending on the variable, the number of stations 

utilized to calculate the average rank varies depending on variable.  For a given variable 

(e.g., temperature) at a given station (e.g., Blo in Table 1), the bias is calculated for each 

product using the six hourly data.  Then, each station is given a rank (for temperature 

between 1-6, for sensible and latent heat fluxes between 1-5 since GLDAS doesn't 

contain turbulent fluxes), with 1 given to the product with the lowest absolute bias and 6 

(or 5) given to the product with the highest absolute bias.  The procedure is repeated for 
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each station and then averaged over all of the stations.  For example, a product with the 

lowest absolute bias at every single station would have a bias ranking of 1.  The result is 

the average ranking over all of the towers for each product.  The same method is also 

utilized for the standard deviation of the errors. 

 

4.  Results 

4.1.  Temperature 

 The histogram showing the correlation, bias, ratio of standard deviations, and root 

mean square error for six hourly air temperature is shown in Figure 1.  All of the 

reanalysis products have a correlation of greater than 95% for nearly every single station 

in terms of the six hourly air temperature.  The ratio of standard deviations also shows 

that the products match the observed six hourly variation in temperature very well, as 

nearly all of the stations fall within a range of 0.9 to 1.1, meaning that there is less than a 

10% error for the variation of the temperature.  However, CFSR tends to underestimate 

the variability in the six hourly temperature, as 7 stations (Aud, Fpe, KS2, LPH, Los, 

SP2, Wsc) have a ratio of standard deviations of less than 0.9.  NCEP clearly 

underestimates the temperature much more often than it overestimates the temperature 

while other reanalyses all tend to overestimate the six hourly temperature (i.e. have a 

positive bias) approximately as often as they underestimate the temperature.  In fact, 10 

locations for NCEP have a bias of less than -4.5 K.  The root mean square error for all of 

the products is greater than 1 K.  Yet, it is clear from Figure 1 that NCEP has the worst 

performing air temperature, as 17 locations have an RMSE of greater than 2.5 K, while 
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all other products have more than half of the stations with an error less than 2.5 K.   

 The rankings calculated for both the bias and the standard deviation of the errors 

are shown in Table 2.  The six hourly temperature bias is lowest for ERA-Interim (2.71) 

followed closely by MERRA (2.86) and GLDAS (2.79).  However, while the temperature 

variability is again the best for ERA-Interim (1.43), MERRA, GLDAS, CFSR, and ERA-

40 are much closer together and distinctly not as good as ERA-Interim, even though the 

ratio of standard deviations falls between 0.9 and 1.1 for all of the datasets at most of the 

stations (Fig. 1). 

 As stated previously, the monthly mean diurnal cycle for different months was 

also analyzed.  Figure 2 shows the histogram from the analysis for the mean diurnal 

cycles of temperature in June-August.  For ERA-40 and ERA-interim, nearly all of the 

locations have a correlation of greater than 0.95.  CFSR, MERRA, and NCEP, on the 

other hand, have several stations with a correlation between 0.9 and 0.95.  MERRA, 

ERA-40, and ERA-Interim have a variability (ratio of standard deviations) between 0.9 

and 1.1 for 13, 12, and 18 locations respectively.  NCEP, however, tends to overestimate 

the variability with 12 stations having a ratio of standard deviations between 1.1 and 1.3.  

CFSR and GLDAS both underestimate the variability at the greatest number of locations 

(9, including the same 7 from Figure 1 and ARM and Ivo for CFSR, and SP3, Fpe, Goo, 

Ho2, Ho1, Ivo, SP2, SO2, Wsc, and Var for GLDAS), unlike the other reanalysis 

products.  However CFSR also overestimates the variability at 10 locations.   It is also 

clear from Figure 3 (and from Figure 1) that NCEP has a much larger RMSE than the 

other reanalysis under these circumstances as 12 stations have an RMSE greater than 3 K.  
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ERA-40 and ERA-Interim have the largest number of stations with an RMSE less than 

1K (7 and 11, respectively), while MERRA and CFSR have 18 and 15 locations, 

respectively, with an RMSE of less than 2 K. 

 The mean diurnal cycle of temperature in December-February has a much weaker 

cycle due to the decreased incoming solar radiation as compared to June-August.  While  

ERA-40, ERA-Interim, and GLDAS have the vast majority of stations with a correlation 

of greater than 0.95, MERRA has a nearly equal number of stations with a correlation 

between 0.9 and 0.95 as it does between 0.95 and 1.0, and NCEP only has slightly more 

stations with a correlation greater than 0.95 as it does between 0.9 and 0.95.  Clearly, 

NCEP, MERRA, ERA-40, and CFSR are better at simulating the strong diurnal cycle of 

temperature in the summer than the weaker cycle in the winter.  For the winter, the spread 

of the ratio of standard deviations is much larger for all of the reanalysis, and CFSR has a 

particularly degraded diurnal variability in the winter.  The bias in ERA-40 is much larger 

in DJF than during JJA, and this is reflected in the large number of stations with a RMSE 

of greater than 3 K.  The stations with large negative biases are similar among most of the 

reanalysis datasets.  MERRA, NCEP, CFSR, and GLDAS all have a bias less than -5 K 

for both Blo and Var.  ERA-40, however, has the smallest bias at Blo of only -0.82 K, 

while ERA-Interim is the only reanalysis with a positive bias at Blo, with a value of 

nearly 1.7 K.  The cause for the large warm bias at Blo for ERA-Interim as opposed to 

the other products is that the afternoon temperature in ERA-Interim is much larger here 

than in both the observations and the other reanalysis products even though the nighttime 

temperature is more accurate.   In terms of RMSE, ERA-Interim clearly has does the best 
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for the winter time diurnal cycle, although GLDAS also does well.   

 The relative contributions of the correlation and the bias to the total mean squared 

error (from Equation 1) for the six hourly, daily, and monthly air temperature are shown 

in Figure 4.  On a monthly timescale, the bias is the largest contributing factor to the 

mean squared error for all of the datasets, as most of the locations have a bias term 

greater than 0.5 (meaning more than half of the MSE is due to the bias).  As the averaging 

period becomes shorter, however, the bias becomes much less of a contributing factor.  

For the daily temperatures, the bias term is still consistently greater than 0.5 for most of 

the stations.  However, the six hourly data shows that the bias term doesn't contribute as 

significantly to the MSE.  In general, as the averaging period becomes longer, Figure 4 

shows that the correlation term becomes the dominant cause of the MSE. 

 

4.2. Wind Speed 

 Although the mean monthly temperature was very well correlated with the 

observations for all of the reanalysis products, the monthly wind speed only has a 

correlation greater than 0.95 for a handful of stations (Figure 5).  MERRA has a 

correlation of between 0.4 and 0.8 for 8 stations, while only two stations (Bo1 and MMS) 

have a correlation greater than 0.95.  NCEP, ERA-40, CFSR, and GLDAS have a clear 

peak in the correlation histogram with the greatest number of stations having a 

correlation between 0.4 and 0.7, much lower than that for temperature.  It is also clear 

from Figure 5 that all of the reanalysis products except GLDAS have a large tendency to 

overestimate the variability in the wind, with most of the stations having a ratio of 
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standard deviations of between 1.7 and 5.0.  The reanalysis that best simulates the 

variability in wind speed is GLDAS, as 8 stations fall between 0.7 and 0.9.  The bias is 

positive for nearly every station for all the different reanalysis.  The RMSE is quite low 

for the majority of the products except a couple of locations for MERRA, NCEP, ERA-

Interim, and CFSR.  Both MERRA and CFSR have an RMSE greater than 3.0 m/s at 

Wsc, while ERA-40, GLDAS, and NCEP all have an RMSE around 1.8 m/s there. 

 The six hourly wind speed analysis yields very similar results to that from the 

monthly analysis, with a few notable exceptions.  The correlation between the products 

and the observations is lower for the six hourly data, and the spread in the variability 

histogram and the RMSE are both slightly greater.  The rankings in Table 2 again show 

that ERA-Interim has the lowest bias on average, with a ranking of 2.57, while GLDAS is 

only slightly larger with a score of 2.93.  The bias ranking is the worst for MERRA 

(4.36), although CFSR and NCEP are both close at 4.14 and 3.93, respectively.  The 

rankings based upon the standard deviation of errors again show ERA-Interim to be the 

best, with a score of only 1.50.  The other datasets all score much higher, with MERRA, 

ERA-40, and GLDAS scoring 3.21, 3.43, and 3.93, respectively.  NCEP and CFSR, on 

the other hand, clearly have the worst rankings (5.36 and 4.43, respectively) for the 

standard deviation of the errors.  

 The analysis of the average diurnal cycle for the months of June-August as well as 

December-February (figures not shown) provide similar conclusions as that of the 

monthly averages and the six hourly data.  The correlation for all of the reanalysis 

products is very poor as compared to that of temperature.  The diurnal cycle in wind 
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speed was very weak in the tower observations for nearly every location (the amplitude 

was typically ~ 1 m/s) and thus it seems reasonable to not expect the reanalysis to be able 

to match such a weak diurnal cycle.  However, MERRA and ERA-Interim have the 

lowest values of root mean square error and bias as compared to other datasets. 

 The contributions of MSE for wind speed behave in a similar manner to those for 

temperature, however certain differences are evident.  For the monthly averages, Figure 6 

shows that the bias is the dominant factor in MSE as a majority of the stations are 

grouped near the point (1,0).  However, for the six hourly data, all of the reanalysis show 

that both the correlation and the bias are important terms, with the level of the importance 

depending on the location.  The daily data, on the other hand, behaves either like the six 

hourly or the monthly data, depending on the reanalysis product.  For MERRA, the daily 

wind speed MSE is comprised nearly entirely of the bias term, with only 6 stations 

having a bias contribution term less than 0.7.  This results isn't surprising, given the poor 

bias ranking for six hourly wind speeds for MERRA.  Other products, however, have 10 

of more locations with a bias contribution term of less than 0.7 on a daily timescale.   The 

six hourly data behave similarly to the daily data, as MERRA is the only dataset with a 

significant number of stations where the bias contribution term is greater than 0.6.  The 

standard deviation, however, is much less important than both of these terms, as the 

majority of the points in Figure 6 follow very close to the line x+y=1 (with x and y being 

the bias and correlation terms, respectively). 

 

4.3. Precipitation 
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 Similar to the analysis of the monthly wind speed, the correlation of monthly 

precipitation rate is much poorer than that of temperature, as shown in  Figure 7.  For 

MERRA, almost a third of the stations have a monthly precipitation correlation of greater 

than 0.9, however a nearly equal number have a correlation between 0.4 and 0.7.  CFSR 

performs very similar to MERRA in terms of precipitation, as is seen in Figure 7.   Of all 

the reanalysis, NCEP overestimates the variability in monthly precipitation the most, as 

approximately a third of the stations have a ratio of modeled standard deviation to 

observed between 1.1 and 1.7.  ERA-40 greatly underestimates the precipitation at five 

locations, as the ratio of standard deviations is less than 0.7.  MERRA does a very good 

job of capturing the variability in precipitation as half of the stations have a ratio of 0.7-

1.3.  The biases in monthly precipitation are the lowest for MERRA, CFSR, and ERA-40, 

so while ERA-40 does a very poor job of capturing the monthly variability in 

precipitation it does a good job in capturing the mean amount.  Overall, the root mean 

square error shows that GLDAS has the best overall monthly precipitation as compared 

to the other reanalysis, as nearly all of the stations have a root mean square error of less 

than 0.5 mm day
-1

.  The location that is the most poorly simulated among the different 

products is Wsc, as NCEP, ERA-40, ERA-Interim, CFSR, and GLDAS all have an 

RMSE greater than 2.5 mm day
-1

 there.  However, Blo and LPH have an RMSE greater 

than 2.5 mm day
-1

 for NCEP, CFSR, and GLDAS, while MERRA, ERA-40, and ERA-

Interim all simulate the monthly precipitation well at these two locations. 

 The six hourly precipitation, like the monthly precipitation, is poorly correlated 

amongst all of the datasets, as shown in Figure 8, especially for SO2.  MERRA, NCEP, 
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ERA-Interim, CFSR, and GLDAS all have a correlation of less than 0.2 at SO2.  For 

GLDAS, 50% of the stations have a correlation greater than 0.5, while CFSR, ERA-

Interim, ERA-40, NCEP, and MERRA have 56%, 50%, 32%, 39%, and 50% of the 

locations with a correlation greater than 0.5, respectively. The variability is greatly 

underestimated for all of the reanalysis. In particular, it is less than 20% of the observed 

variability at SO2.  MERRA, CFSR, and NCEP all tend to have positive biases much 

more so than negative biases.  However, all of the products have a bias less than -1.5 mm 

day
-1

 at SO2.  The rankings from the precipitation rate (Table 2) show that overall 

GLDAS is the least biased product (2.14), followed by ERA-40, ERA-Interim, and 

MERRA with scores of 3.0, 3.5 and 3.71 respectively.  CFSR and NCEP are clearly more 

biased overall with scores of 4.21 and 4.43.  The variability of the precipitation errors in 

Table 2 again shows that GLDAS has the best performing precipitation (2.14), however 

ERA-Interim also performs quite well (2.29).  Unlike the bias ranking, MERRA (3.36) 

performs better than ERA-40 (4.29), however NCEP is again the worst amongst all of the 

products. 

 The monthly averaged diurnal cycle of precipitation, shown in Figure 9, is again 

poorly correlated between all of the datasets and the tower observations, with a 

correlation below 0.7 over the vast majority of stations.  The correlation for all of the 

reanalysis is equally poor for both JJA and DJF (Figure not shown).  However, GLDAS 

has 10 stations that have a correlation greater than 0.7.  The bias is the lowest for 

MERRA, ERA-40, and GLDAS, as there are 13, 12, and 15 stations, respectively, with a 

bias between -0.5 and 0.5 mm day
-1

.  ERA-Interim, CFSR, and NCEP, however, have 14, 
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11, and 11 stations, respectively, with a bias between 0.5-1.5 mm day
-1

.  The RMSE 

shows that overall GLDAS has the best diurnal cycle of precipitation, as 11 stations have 

an RMSE < 1 mm day
-1

, confirming the results from Table 2.  All of the reanalysis, 

expect CFSR, generally have an RMSE less than 2 mm day
-1

.  The three stations (Goo, 

Ha1, LPH) where MERRA has an RMSE > 3.5 mm day
-1

 are the stations where CFSR 

has an RMSE > 4 mm day
-1

.  However, the majority of the error in sub-diurnal 

precipitation is not related to the bias.  

 The relative contribution to the MSE from the three terms in Equation (1) (Figure 

10) is very different for precipitation on the six hourly timescale than it is for temperature 

or wind speed.  While the bias term contributes over 40% of the MSE for the monthly 

data, the bias term is almost zero for every reanalysis for the six hourly and the daily 

data.  The implication of this result is that the rankings from the standard deviation of the 

errors is more significant that those from the biases because the biases contribute so little 

to the total error on six hourly timescales.  The correlation component is the largest term 

on short timescales for nearly every station for MERRA, NCEP, ERA-40, ERA-Interim, 

and CFSR.  Only GLDAS has a significant number of stations (9) with a correlation term 

less than 0.5.  Unlike wind speed and air temperature, the major source of error in all of 

the datasets in the precipitation at sub-diurnal and daily timescales is the timing of the 

events.  

  

4.4. Latent Heat Flux 

  The monthly averaged cycle of latent heat flux is well correlated for all of 
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the reanalysis at many locations (Figure 11).  Nearly half of the stations have a 

correlation of greater than 0.85 for MERRA, while a majority of the stations for ERA-40 

and ERA-Interim have a correlation of greater than 0.9.  While MERRA is well 

correlated, it tends to overestimate the monthly variability, as the ratio of standard 

deviations is frequently 1.7 – 2.5.  ERA-Interim also tends to overestimate the variability, 

while ERA-40 has 10 stations with a ratio between 1.1 and 1.5.  For MERRA, the bias is 

less than 25 Wm
-2

  at 7 stations, and 8 stations have a bias between 25 and 50 Wm
-2

.  

CFSR, ERA-Interim and ERA-40 all have approximately two thirds of the stations with 

monthly averaged biases of less than 25 Wm
-2

.  NCEP, on the other hand, has two thirds 

of the locations with a bias greater than 25 Wm
-2

.  All of the reanalysis have a tendency to 

overestimate the latent heat flux (i.e. a positive bias).  However, at Blo, SO2, SO3 all of 

the reanalysis (except for ERA-Interim at SO3) underestimate the latent heat fluxes by 

more than 10 Wm
-2

 on average annually, and both NCEP and CFSR have an RMSE 

greater than 30 Wm
-2

 at Blo.  The root mean square error is less than 40 Wm
-2

 at 11 

stations for MERRA, 19 for ERA-40, 12 for ERA-Interim, and 13 for CFSR.  The 

stations with the largest RMSE are the locations that also coincide with the largest biases 

as well.  

 The histogram of statistics from the mean diurnal cycle over all months for the 

latent heat flux is shown in Figure 12.  Since the diurnal cycle of surface turbulent fluxes 

is driven by the available energy at the surface, it is not surprising that MERRA, NCEP, 

ERA-40, and ERA-Interim all have a correlation of greater than 0.9 for nearly every 

location (see Section 4.6).  The stations that have relatively poor correspondence ( < 
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0.9) compared to the observed diurnal cycles of latent heat fluxes for the aforementioned 

datasets are Blo, Me4, SO2, SO3 (all except ERA-Interim), and Var.  While MERRA has 

10 stations that have r between 0.9 and 0.95 and 11 that have r greater than 0.95, it also 

only has four stations (listed above) with r < 0.4.  Therefore the only stations that 

MERRA has a poor correspondence with the observations are the stations that none of the 

reanalysis products are able to mimic the observations.  Of these four locations, three are 

from immature and young forests (SO2, SO3 and Me4) with canopy heights less than 10 

m which may partially explain why all of the reanalysis perform poorly at these locations.  

CFSR has a very poor correlation on the diurnal time scale (as 14 stations have r < 0.9 

while only 12 have r > 0.9), the variability on this time scale is good, as most of the 

stations have a ratio of standard deviations between 0.9 and 1.1.  The diurnal variability 

of latent heat flux is much too large in all of the reanalysis datasets.  The primary reason 

for the large variability for the diurnal cycle is the overestimation of the late afternoon 

latent heat flux; however, all of the reanalysis also overestimated the six hourly 

variability as well.  ERA-Interim, MERRA,  and ERA-40 also have a small bias in the 

latent heat flux at a majority of the stations, with ERA-Interim having 18 stations with a 

bias between -10 and 10 Wm
-2

.  CFSR overestimates the mean latent heat flux at nearly 

half (13) of the stations with a bias between 10-25 Wm
-2

.  

 The six hourly LH is much less correlated and has a larger RMSE than the 

diurnally averaged latent heat flux for all of the reanalysis products (Figure 13).  While 

less correlated among all of the datasets, only NCEP has an appreciable number of 

locations (10 out of 19) that has a correlation less than 0.7.  MERRA is poorly correlated 
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at several locations (Blo, SO2, and SO3), however at these locations the other reanalysis 

products are also poorly correlated.  ERA-40 and ERA-Interim both have correlations 

less than 0.7 at SO2 and SO3, CFSR is poor at SO2 and Blo.  It is clear from Figure 13 

that MERRA, NCEP, and ERA-Interim all tend to overestimate the variability in the six 

hourly latent heat flux.  Also, all of the products have a tendency to overestimate the 

mean amount of LH as the bias is positive for the majority of the locations, and NCEP 

almost universally has a bias from 25-50 Wm
-2

.  The rankings from the six hourly latent 

heat fluxes (Table 2) show that ERA-40 is clearly the least biased product with a score of 

1.93, and CFSR is also less biased overall than the other products and scores 2.73.  The 

standard deviation of errors rankings again show that ERA-40 has the best six hourly 

latent heat flux (2.13), however ERA-Interim has the second best variability with a score 

of 2.4. 

 In terms of the latent heat flux, the bias contributes significantly to the MSE on 

monthly timescales but much less significantly on six hourly and daily timescales (Figure 

not shown), as the contributions to MSE behave much like those for wind speed.  All of 

the reanalysis show that the bias term is greater than 0.5 for nearly every location for the 

monthly data.  However on the six hourly timescale, the correlation term is dominant as it 

is less than 0.5 only for 6, 9, 3, 5, and 4 stations for MERRA, NCEP, ERA-40, ERA-

Interim, and CFSR, respectively.  Similar to air temperature and wind speed, the standard 

deviation doesn't contribute significantly to the MSE. 

4.5. Sensible Heat Flux 

 The monthly sensible heat flux is again well correlated to many of the 
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observations for all of the reanalysis datasets except for NCEP (Figure 14).  While 

MERRA, ERA-Interim, and CFSR have 48%, 56%, and 66% of the total stations with a 

value of  greater than 0.9, 52% of the stations for NCEP have  < 0.7.  Clearly, ERA-40 

and NCEP have a worse representation of the monthly sensible heat flux than MERRA, 

ERA-Interim, and CFSR.  Like the latent heat flux, the reanalysis products tend to 

overestimate the variability in sensible heat flux, as MERRA, NCEP, and CFSR have 5, 

9, and 8 stations, respectively, with a ratio of standard deviations greater than 1.5 (i.e. the 

variability is over 50% more than it should be).  ERA-40 tends to underestimate the 

variability as much as it does overestimate it, as 6 locations have a ratio of standard 

deviations greater than 1.3 while 5 have a ratio less than 0.7.  At three of the five 

locations that MERRA greatly overestimates the variability (Blo, Los, SP2), NCEP and 

CFSR also overestimate the variability there (with the ratio of standard deviation > 1.7).  

Of these three stations that are simulated so poorly, Blo and Los are also overestimated 

(ratio>1.5) for ERA-Interim.  ERA-interim, on the other hand, has the most accurate 

monthly variability as 9 stations have a value between 0.9 and 1.1.  While MERRA 

overestimates the variability at several stations including the ones that no reanalysis 

simulates well, it also has the lowest bias amongst the products.  For MERRA, 53% of 

the stations have a bias between -10 and 10 Wm
-2

, while for ERA-40 (ERA-Interim) the 

fraction is 39% (42%).  ERA-Interim also tends to underestimate the bias by over 10 

Wm
-2

 (58% of the locations).  The RMSE is lowest for ERA-Interim, as three stations 

have an RMSE of less than 10 Wm
-2

, however MERRA has 13 stations with an RMSE < 

30 Wm
-2

, while ERA-40 has 17 and ERA-Interim has 16. 
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 The histogram based upon the six hourly sensible heat fluxes (Figure 15), much 

like Figure 13, shows that MERRA, ERA-Interim, and ERA-40 are the least biased 

amongst the datasets.  However, the variability in ERA-Interim most closely matches the 

observations for the largest number of stations, while NCEP and CFSR tend to greatly 

overestimate the variability quite frequently.  CFSR has a ratio of greater than 1.5 at Aud, 

Blo, Fpe, KS2, Los, Ton, and Var, while NCEP is the largest at Aud, Blo, Los, Wsc, and 

Var.   Similar to NCEP and CFSR, MERRA has a ratio greater than 1.5 at both Blo and 

Var.  The biases in sensible heat fluxes are nearly evenly distributed in MERRA around 

the -10 to 10 Wm
-2

 bin, while CFSR has a large positive bias (>25 Wm
-2

) at Aud, Ton, 

and Var (three of the seven locations where the variability is greatly overestimated).  

NCEP also has a largest positive bias (> 25 Wm
-2

) at Aud.  The RMSE follows the results 

discussed above, as NCEP and CFSR have an RMSE > 75 Wm
-2

 for the majority of the 

locations.  ERA-Interim is the only dataset with a significant number of stations (6) with 

an RMSE <  40 Wm
-2

, while MERRA has two and ERA-40 has four.  Interestingly, Aud 

and Var are two of the locations where the RMSE for ERA-Interim is less than 40 Wm
-2

.  

The rankings from the six hourly bias and standard deviation of errors (Table 2) clearly 

summarize the results from Figure 15.  The bias is lowest for ERA-40 (2.27), followed 

closely by MERRA (2.53) and ERA-Interim (2.80).  The standard deviation of errors 

rankings, however, demonstrate that ERA-Interim has a better variability (1.80), followed 

closely by ERA-40 (2.27) and MERRA (2.60).  From Table 2, it is clear that ERA-40, 

ERA-Interim, and MERRA have six hourly sensible heat fluxes more like the 

observations than both CFSR and NCEP. 
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 The monthly averaged diurnal cycle sensible heat flux (Figure not shown) is 

simulated very accurately by all of the reanalysis products, with the exception of NCEP.   

As is the case with the diurnal cycle of latent heat flux, ERA-Interim, ERA-40 and 

MERRA are all very well correlated with the observations, an expected finding since the 

diurnal cycle of sensible heat flux is driven primarily by the net radiative fluxes. 

 The contributions to the MSE for the sensible heat flux follow a very similar 

pattern to that for the latent heat flux on both monthly and six hourly timescales (Figure 

not shown).  The errors for all of the reanalysis on a monthly timescale are dominated by 

the bias, while on six hourly and daily scales the errors are dominated by the correlation, 

with a smaller contribution from the variability. 

 

4.6. Incoming Shortwave Radiation 

 The mean monthly incoming shortwave radiation is perhaps the best simulated 

quantity compared in this study among all of the reanalysis datasets (Figure 16).  Nearly 

all of the stations have a correlation greater than 0.95 and a ratio of the standard 

deviations between 0.9 and 1.3 for all of the products.  However, MERRA, ERA-Interim, 

and NCEP all have more stations with a ratio between 1.1 and 1.3 than they do between 

0.9 and 1.1.  Therefore, these datasets tend to overestimate the monthly variability in 

incoming shortwave radiation as compared to the observations.  Interestingly, the bias for 

MERRA and NCEP is nearly always positive, and neither of these datasets has a bias less 

than -10 Wm
-2

.  While ERA-40, GLDAS, and CFSR all have at least one station with a 

bias < -10 Wm
-2

 (Los, CA3, and CA6 for ERA-40, and Aud for both GLDAS and CFSR), 
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they too tend to overestimate the incoming shortwave radiation.  NCEP is the only 

reanalysis with a significant (24) number of stations with a bias greater than 25 Wm
-2

. 

 The diurnal cycle of downward solar radiation (Figure not shown) at the surface is 

nearly perfectly correlated with the observations for all reanalysis products.  The 

variability of diurnal shortwave radiation is the best for ERA-40, ERA-Interim, CFSR, 

and GLDAS, as 95%, 81%, 62%, and 60%, respectively, of the stations have a ratio of 

standard deviations between 0.9 and 1.1.  NCEP, however, overestimates the diurnal 

variability in shortwave radiation as 78% of the locations have a ratio greater than 1.1.  

While MERRA slightly overestimates the variability with the ratio between 1.1-1.3 for 

48% of the stations, it does so much less than NCEP.  The reason that both MERRA (and 

to a much greater extent NCEP) overestimate the variability is due to the peak values of 

shortwave radiation in the late afternoon being too large.  These large values are reflected 

in the bias, as a third of the stations have a bias between 10-20 Wm
-2

 for MERRA and 

nearly half of the stations have a bias between 40-60 Wm
-2

 for NCEP.  The RMSE for 

ERA-40, ERA-Interim, and CFSR are considerably lower at a majority of the locations 

than for MERRA and NCEP. 

 The six hourly incoming shortwave radiation (Figure not shown) is again very 

well correlated among all of the products, however ERA-Interim is the only product to 

have the majority of the locations with a correlation greater than 0.95, as the other five 

products all typically have a correlation between 0.9 and 0.95.  The variability is between 

0.9 and 1.1 for every location for MERRA, and nearly every location for CFSR, GLDAS, 

and the ECMWF products.  Only NCEP and GLDAS overestimate the variability in six 
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hourly downward shortwave radiation (with a ratio greater than 1.1) for an appreciable 

number of locations (SP3, Fpe, Los, SP2, and Wsc for NCEP; and SP3, Fpe, Los, MMS, 

and SP2 for GLDAS).  The bias tends to be small and positive among all of the datasets, 

however NCEP is the only reanalysis where the bias is nearly always greater than 25 

Wm
-2

.  The bias and standard deviation of the errors rankings in Table 2 again show that 

ERA-Interim has the smallest overall bias and standard deviation of errors.  For the bias 

ranking NCEP is clearly the worst amongst all of the products, as the score of 6 means 

that it has the largest bias at every site.  However, GLDAS obviously has the worst 

standard deviation of errors ranking, even though the bias ranking is better than both 

MERRA and NCEP.  

 The MSE from the six hourly, daily, and monthly shortwave radiation, like the 

turbulent fluxes, is again primarily due to the bias on monthly timescales and the 

correlation on six hourly and daily timescales (Figure not shown).  However, unlike the 

turbulent fluxes, NCEP has a bias term that is  also significant on six hourly timescales.  

All of the other reanalysis have a correlation contribution greater than 0.8 for nearly 

every location at six hourly timescales.  NCEP, however, has a correlation contribution 

less than 0.8 at 15 locations.  At these sites, the remaining MSE is from the bias, and not 

the standard deviation. 

 

4.7. Net Surface Radiation 

 As the net surface radiation is comprised of the downward solar  (and also the 

upward shortwave and new longwave) radiation, the monthly net surface radiation, 
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similar to the shortwave radiation, is produced accurately by all of the reanalysis products 

(Figure not shown).  While the variability and timing of monthly net radiation is adequate 

among all of the products, MERRA is the only dataset with nearly every station having a 

bias between -10 and 10 W m
-2

.  The low bias for MERRA translates to the lowest RMSE 

amongst all of the datasets, with the majority of the stations having an RMSE from 10-15 

W m
-2

. 

 The six hourly net radiation behaves in a similar manner to the downward 

shortwave radiation, however several important differences are evident from Figure 17.  

While the shortwave radiation is nearly perfectly correlated with the observations for all 

of the reanalysis products, the timing of the net radiation is slightly worse.  However, 

MERRA, NCEP, ERA-Interim, and CFSR all have correlations greater than 0.9 at all of 

the sites.  ERA-40, on the other hand, has a correlation less than 0.9 at MMS, WBW, and 

CA6.  The variability and biases of net radiation is nearly identical for MERRA and 

ERA-Interim, as both have a tendency to overestimate both quantities at the same 7 

locations.  From Figure 17, MERRA and ERA-Interim obviously have lower RMSE 

values at the most stations, even though the RMSE is typically 50-70 W m
-2

.  The 

rankings for the six hourly net radiation bias (Table 2) show that, surprisingly, NCEP has 

the lowest bias in the six hourly net radiation (2.46), followed by MERRA (2.92).  

However, from the ranking of the standard deviation of the errors, NCEP obviously has 

the worst variability, while MERRA and ERA-Interim (with scores of 2.31 and 2.38) are 

better than the other reanalysis products. 
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5.  Discussion  

 There are several locations where all (or most) of the reanalysis datasets don't 

simulate the quantities considered here well, and physical interpretation of the results 

enables us to identify the probable cause of these errors.  All reanalysis products have 

poor turbulent fluxes over SO2, SO3, and Me4.  Also, MERRA has a very large 

temperature bias at Me4, while the other reanalysis products also have a larger bias and 

RMSE at Me4 than they do in other stations.  For SO2 and SO3, MERRA, NCEP, ERA-

40 and CFSR all underestimate the mean precipitation.  ERA-40 underestimates the 

precipitation at SO2 the most (with a bias of -1.9 mm day
-1

), while NCEP, GLDAS, 

CFSR, MERRA, and ERA-Interim have biases of  0.7, 0.58, 0.65, 0.54, and 0.62 mm 

day
-1

, respectively.  The underestimation of latent heat due to lack of available moisture 

causes the overestimation of sensible heat flux at these locations, which contributes to the 

near surface temperatures being too high.  For CFSR, the temperature bias is greater than 

4 K at SO2, while MERRA, NCEP, ERA-Interim, and ERA-40 all have large RMSE at 

these two locations.  However, another possible cause for the general disagreement 

between all of the reanalysis and the tower observations at these points is the immature 

vegetation at these locations.  The models used to derive the reanalysis data simply 

cannot account for the small patches of immature vegetation that these towers are located 

near. 

 Another site where the reanalysis products didn't simulate well is Blo.  The 

temperature and turbulent fluxes for CFSR, NCEP, ERA-40, and ERA-Interim are all 
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especially poor at Blo.  Similar to SO2 and SO3, the root cause of the poor representation 

of this site is most probably the bias in precipitation.  The four aforementioned datasets 

have a negative bias in precipitation ranging from -2.16 mm day
-1

 for NCEP to -1.42 mm 

day
-1

 for ERA-40.  Consequently, CFSR, NCEP, ERA-40, and ERA-Interim all 

underestimate the mean latent heat flux at Blo by approximately 15 Wm
-2

, which is one 

third to one quarter approximately of the error (converting from mm day
-1

 to W m
-2

) in 

precipitation.  MERRA is the only reanalysis to have a positive bias in precipitation at 

Blo (0.2 mm day
-1

) and consequently has a positive bias in latent heat flux (3.6 Wm
-2

).  

Also, like SO2 and SO3, the smaller LH in CFSR, NCEP, ERA-40, and ERA-Interim is 

partially compensated for by an overestimation of sensible heat flux. 

 Although it is sometimes possible to deduce the causes for the disagreements 

between the datasets at certain locations, other sites don't have errors that can be traced so 

easily.  At Var, CFSR, NCEP, MERRA, and GLDAS all had a large cold temperature bias 

there.  However, all of the datasets at Var (except GLDAS) had a positive bias in both 

incoming shortwave and net surface radiation.   Understandably, these reanalysis also had 

large values of RMSE for the turbulent fluxes as well, especially ERA-40 and ERA-

Interim, even though the ECMWF products had lower values of temperature biases than 

the other datasets.  Although MERRA has the largest bias in precipitation there (1.26 mm 

day
-1

) while ERA-40 and ERA-Interim had biases of 0.63 and 0.16 mm day
-1

, 

respectively, all of these products overestimated the latent heat flux by approximately 1 

mm day
-1 

(~30 Wm
-2

).  A consequence of the positive bias in both downward shortwave 

and net surface radiation is that all of the products overestimated sensible heat fluxes as 
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well as latent heat fluxes.  While reanalysis products performed poorly at certain 

locations, the majority of the locations had atmospheric states and surface fluxes 

simulated well by the reanalysis. 

 While specific sites can have the errors of different quantities traced to each other, 

the differences between the reanalysis products can be partially attributed (qualitatively) 

to the different methods used by the various reanalysis products.  Although ERA-40 and 

ERA-Interim are not interpolated in this study, these two datasets are accurate in terms of 

the air temperature.  Clearly, not interpolating these two datasets didn't hinder the 

comparison of air temperature from them.  The empirical methods used at ECMWF to 

output both near surface air temperature and wind speed (by combining the near surface 

value and the value at 75 m above the surface, depending on the roughness length) 

provide good estimates of the actual near surface temperature and wind speed. 

 The accuracy of the ECMWF products is most certainly partially attributable to 

the use of 2-m air temperature in the output of these quantities at ECMWF.  While 

MERRA, NCEP, and CFSR don't utilize 2-m air temperatures during the assimilation 

procedure, the monthly air temperatures is generally very reasonable.  Also, the bias 

(summarized in Table 2) for the six hourly air temperature in MERRA is nearly as good 

as ERA-Interim even though MERRA doesn't assimilate the 2 m air temperature 

observations.  While the temperature bias is low for both ERA-Interim and MERRA, 

ERA-Interim clearly has the lowest standard deviation of errors for all of the quantities 

considered here except for the turbulent fluxes. 

 The use of observed precipitation in GLDAS and CFSR is evident in the analysis.  
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While CFSR’s performance is similar to MERRA and ERA-40 in terms of the standard 

deviation of errors ranking for temperature, it has a lower bias overall for latent heat than 

MERRA does.  The primary factor for the improved simulation of latent heat in CFSR 

may be related to the use of observed precipitation in the land surface data assimilation 

cycle in CFSR.  Through the use of observed precipitation, CFSR produces accurate 

mean latent heat fluxes even though the temperature (and consequently the sensible heat 

fluxes) are more biased than MERRA and ERA-Interim.  The CMAP precipitation in 

GLDAS is the reason that GLDAS has the lowest precipitation bias and standard 

deviation of errors among the products.  However, due to the different scales between the 

CMAP observations and the in situ observations used here, differences still exist between 

GLDAS and tower precipitation fields. 

 Even though CFSR and MERRA utilize essentially the same observations in the 

assimilation process, major differences exist between the two datasets.  CFSR has a much 

better correlation with the observations for six hour temperature than hourly temperature 

due to the assimilation increment being applied once every six hours.  The correlation of 

the hourly CFSR wind speed and temperature data is much less than that of the six hourly 

CFSR data (generally less than 0.95 compared to greater than 0.95 for the mean diurnal 

cycle of temperature), due to the analysis only occurring once every six hours.  On the 

other hand, the hourly MERRA data is as well correlated as the six hourly data for 

temperature.  When only using the six hourly data, the impact of the analysis cycle in 

CFSR cannot be seen, however it becomes apparent in the hourly data.  Figure 18 shows 

an example of the “jumps” that are sometimes seen in the hourly CFSR data products.  
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The time series in Figure 18 shows the temperature in CFSR is rising too quickly in the 

afternoon, and at 1200 hours (the analysis time) the series suddenly jumps downward 

only to continue rising again later.  However, MERRA doesn't contain such jumps as the 

analysis increment is applied over several time steps between analysis cycles.  Therefore, 

the hourly MERRA data are not hindered by this limitation as the CFSR hourly data are. 

 The importance of examining the relative contributions of MSE can be seen by 

carefully examining the methods currently used to adjust reanalysis products to create 

land surface forcing datasets.  The method employed by Qian et al (2006) scales the 

reanalysis using available observations.  The reanalysis is scaled such that the monthly 

mean of the reanalysis will equal the monthly mean of the observations.  Utilizing such a 

technique, the bias is the only statistic examined here that will be guaranteed to match the 

observations.  The standard deviation of the reanalysis is not directly scaled to match the 

observations, even though it changes according to the scaling factor used to alter the bias. 

and the correlation between the two may not change much.  In light of this information, it 

is clear that all of the reanalysis products can be greatly improved at the monthly 

timescale, because a majority of the MSE comes from the bias on this timescale.  

However, at six hourly timescales, none of the reanalysis products can be improved 

significantly as the bias is not the largest source of the errors.  In order to improve the 

reanalysis greatly, another, more complicated method, would need to be developed in the 

future. 

 Similar to the air temperature, the monthly average wind speed has errors due in a 

large part to the biases.  On a six hourly timescale, however, the bias is still significant for 
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all of the reanalysis.  Even though the correlation of the diurnal wind speed between all 

of the reanalysis and the observations is poor, the bias still plays a significant role in the 

RMSE.  Therefore, correcting the six hourly (or hourly) wind speed in each of the 

reanalysis using previously mentioned methods is not only straightforward but very 

useful. 

 The turbulent and radiative fluxes are much more difficult to characterize than the 

atmospheric states.  While the monthly averaged values agree well with the observations, 

the sub-diurnal timescales are generally not nearly in as good agreement in terms of the 

variability.  MERRA, ERA-40, and ERA-Interim all are very well correlated with the 

observations on diurnal timescales for the turbulent fluxes.  However, MERRA tends to 

overestimate (especially in JJA) the latent heat flux and underestimate the sensible heat 

flux in the afternoon.  NCEP, on the other hand, significantly underestimates the sensible 

heat flux for a great many stations.  It is clear that ERA-Interim, ERA-40, and MERRA 

have the best sensible heat flux at these locations, while ERA-Interim and ERA-40 have 

the best latent heat flux.  While the atmospheric states can easily be improved for the 

purposes of creating land surface model forcing datasets, the turbulent fluxes cannot be 

significantly improved on diurnal timescales by a simple scaling.  NCEP overestimates 

the incoming shortwave radiation at nearly every location, while MERRA also slightly 

overestimates the shortwave more than ERA-40, ERA-Interim, and CFSR.  However, all 

of the datasets overestimated the shortwave radiation on monthly and diurnal timescales 

just to different degrees. 
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6.  Conclusions 

 This research evaluated the reanalysis products from GMAO, NCEP, and 

ECMWF using FluxNet observations from 33 different locations.  The quantities 

considered were the atmospheric variables used to force land surface models, and the 

turbulent fluxes of energy and water near the surface.  The sources of the MSE were 

examined on both six hourly and monthly timescales, and the overall performance of 

each of the reanalysis products for each atmospheric state of land surface flux was 

examined. 

 The near surface air temperature is best simulated by ERA-Interim, followed 

closely by MERRA, ERA-40, and GLDAS on six hourly, monthly and diurnal timescales.  

The bias in the air temperature is lowest for ERA-Interim, however the bias is also small 

in MERRA overall.  ERA-Interim has a much lower standard deviation of errors for the 

temperature than the other reanalysis products. 

 The RMSE errors in the monthly wind speed are comparable among all of the 

reanalysis datasets.  MERRA, NCEP, ERA-40, CFSR, GLDAS, and to a lesser extent 

ERA-Interim, all overestimate the monthly variability of wind speed.  Unlike 

temperature, the wind speed is not well correlated on a diurnal timescale with any of the 

reanalysis.  The biases in the six hourly wind speed are lowest for ERA-Interim, although 

not much more so than GLDAS and ERA-40.  However, the ranking based on the 

standard deviation of the errors clearly shows that ERA-Interim is better than the other 

products. 
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 The errors in monthly precipitation can be largely attributed to bias in all of the 

reanalysis.  However, the six hourly data, while still containing biases, has error primarily 

caused by the timing of precipitation events.  Overall, GLDAS has the lowest 

precipitation bias and standard deviation of errors.  Several locations (SO2 and SO3) 

show considerable errors in the mean precipitation amount for all of the products. 

 The monthly turbulent fluxes are well simulated in MERRA, ERA-40, ERA-

Interim, and CFSR, and the diurnal cycle of turbulent fluxes is much better correlated 

with the observations than the temperature.  MERRA has the most accurate sensible heat 

flux, while ERA-Interim has the best latent heat flux at diurnal timescales.  

 All of the reanalysis overestimate the incoming shortwave radiation, with NCEP 

overestimating the most followed by MERRA.  ERA-Interim, again, has the best 

incoming shortwave radiation. 

 Overall, the ERA-Interim dataset appears to be slightly better than all of the rest, 

at least when qualitatively combing the results from all of the quantities analyzed here.  

However, the usefulness of the hourly data from MERRA is apparent because its native 

temporal resolution is much more similar to that of land surface models. 
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Site Name Abbr. Lat (N) Lon (E) Period  Vegetation Ztower (m)

SGP Main ARM 36.61 -97.49 2003-2006 Grassland 60
Atqasuk Atq 70.47 -157.41 2003-2006 Grassland 2

Audubon Ranch Aud 31.59 -110.51 2002-2006 Open Shrublands 4
Blodgett Forest Blo 38.9 -120.63 1997-2006 Evergreen Needle-leaf 12.5

Bondville Bo1 40.01 -88.29 1996-2006 Croplands 10
Donaldson SP3 29.75 -82.16 1999-2004 Evergreen Broad-leaf 24.3

Fermi Prairie IB2 41.84 -88.24 2004-2007 Cropland/Natural 3.76
Fort Peck Fpe 48.31 -105.1 2000-2006 Grassland 3.5

Goodwin Creek Goo 34.25 -89.87 2002-2006 Cropland/Natural 4
Harvard Forest Ha1 42.54 -72.17 1991-2006 Mixed Forest 30
Howland Main Ho1 45.2 -68.74 1996-2002 Mixed Forest 60
Howland West Ho2 45.21 -68.75 1999-2004 Mixed Forest 60

Ivotuk Ivo 68.49 -155.75 2003-2006 Open Shrublands 3.5
Kennedy Space KS2 28.61 -80.67 2000-2006 Evergreen Broad-leaf 3.8

Little Prospect Hill LPH 42.54 -72.18 2002-2005 Deciduous Broad-leaf 22
Lost Creek Los 46.08 -89.98 2000-2005 Deciduous Broad-leaf 10.2

Metolius Old Pine Me4 44.5 -121.62 1996-2000 Evergreen Needle-leaf 47
Mize SP2 29.76 -82.24 1998-2004 Woody Savannas 48

Morgan Monroe MMS 39.32 -86.41 1999-2005 Deciduous Broad-leaf 18.5
Sky Oaks Old SO2 33.37 -116.62 1997-2006 Woody Savannas 23

Sky Oaks Young SO3 33.38 -116.62 1997-2006 Closed Shrublands 5.8
Tonzi Ranch Ton 38.43 -120.97 2001-2006 Woody Savannas 1.5

UCI 1850 CA1 55.88 -98.48 2002-2005 Evergreen Needle-leaf 24
UCI 1930 CA2 55.91 -98.52 2001-2005 Evergreen Needle-leaf 20
UCI 1964 CA3 55.91 -98.38 2001-2005 Woody Savannas 10

UCI 1964 wet CA4 55.91 -98.38 2002-2003 Woody Savannas 10
UCI 1981 CA5 55.86 -98.49 2001-2005 Evergreen Needle-leaf 9
UCI 1989 CA6 55.92 -98.96 2001-2005 Evergreen Needle-leaf 6
UCI 1998 CA7 56.64 -99.95 2002-2005 Woody Savannas 6

UMBS UMB 45.56 -84.71 1999-2006 Deciduous Broad-leaf 10
Vaira Ranch Var 38.41 -120.95 2000-2006 Woody Savannas 9

Walker Branch WBW 35.96 -84.29 1995-1999 Deciduous Broad-leaf 6
Wind River Crane Wsc 45.82 -121.95 1998-2006 Evergreen Needle-leaf 6

 

 

Table 1.  Summary of the names, abbreviations (Abbr.), latitudes (Lat), longitudes (Lon), 

period of observations (years), the vegetation type, and the tower height (Ztower)  at the 33 

flux tower locations used in this study. 
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       Bias  

 Merra NCEP ERA-40 ERA-Interim CFSR GLDAS 

Temperature 2.86 4.29 3.64 2.71 4.71 2.79 

Wind Speed 4.36 3.93 3.07 2.57 4.14 2.93 

Downward Shortwave 3.75 6.00 2.75 2.38 2.88 3.25 

Precipitation 3.71 4.21 3.00 3.50 4.43 2.14 

Net Surface Radiation 2.92 2.46 3.08 3.15 3.38 * 

Latent Heat Flux 3.27 3.93 1.93 3.13 2.73 * 

Sensible Heat Flux 2.53 4.07 2.27 2.80 3.33 * 

       

   Standard Deviation of Errors  

 Merra NCEP ERA-40 ERA-Interim CFSR GLDAS 

Temperature 3.93 5.36 3.43 1.43 3.21 3.64 

Wind Speed 3.21 4.50 3.43 1.50 4.43 3.93 

Downward Shortwave 3.00 4.63 2.75 1.25 3.63 5.75 

Precipitation 3.36 4.79 4.29 2.29 4.14 2.14 

Net Surface Radiation 2.31 4.31 3.31 2.38 2.69 * 

Latent Heat Flux 3.27 4.20 2.13 2.40 3.00 * 

Sensible Heat Flux 2.60 4.20 2.27 1.80 4.13 * 

 

Table 2.  The average (across all stations) ranking for each reanalysis product for all of 

the variables considered.  The * under GLDAS is due to the fact that the GLDAS dataset 

doesn’t contain any data for the net radiation or the turbulent fluxes. 
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Figure 1.  Histograms of the correlation (), the ratio of the standard deviation of the 

reanalysis product (d) to that from the observations (obs), the mean bias (in K), and the 

root mean square error (RMSE in K) for each of the six reanalysis products considered 

here for the six hourly air temperature. 
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Figure 2.  Same as Figure 1 except calculated for the mean six hourly diurnal cycle of 

temperature from the months of June-August. 
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Figure 3.  Same as Figure 2 except for the months of December-February. 
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Figure 4.  The relative contributions to the mean square error (MSE) from the correlation 

and bias terms in Equation (1) plotted against each other for each of the six reanalysis 

products using the six hourly, mean daily, and mean monthly temperature. 
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Figure 5.  Same as Figure 1 except using the monthly averaged wind speed. 
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Figure 6.  The same as Figure 4 except using wind speed. 
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Figure 7.  The same as Figure 1 except using the monthly precipitation rate (mm day
-1

). 
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Figure 8.  The same as Figure 1 except using the six hourly averaged precipitation rate 

(mm day
-1

). 
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Figure 9.  The same as Figure 1 except using the diurnally averaged precipitation rate for 

all months (mm day
-1

). 
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Figure 10.  The same as Figure 4 except using the six hourly, mean daily, and mean 

monthly precipitation rate (mm day
-1

). 
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Figure 11.  The same as Figure 1 except using the monthly latent heat flux (W m
-2

).  Note 

that GLDAS is omitted as it doesn’t contain turbulent fluxes. 
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Figure 12.  The same as Figure 11 except using the diurnally averaged cycle of latent 

heat over all months (W m
-2

). 
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Figure 13.  The same as Figure 11 except using the six hourly averaged latent heat flux 

(W m
-2

).   
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Figure 14.  The same as Figure 1 except using the monthly averaged sensible heat flux 

(W m
-2

).  Note that GLDAS is omitted due to the fact it doesn’t have turbulent flux data. 
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Figure 15.  The same as Figure 14 except using the six hourly averaged sensible heat 

fluxes (W m
-2

). 
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Figure 16.  The same as Figure 1 except using the monthly averaged downward 

shortwave radiation at the surface (W m
-2

). 
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Figure 17.  The same as Figure 1 except using the six hourly averaged net surface 

radiation (W m
-2

).  GLDAS is omitted due to the lack of upward radiative fluxes in the 

dataset. 
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Figure 18.  An example of the hourly time series of the 2-m air temperature anomaly 

from the Ameriflux observations (AMflx), MERRA, and CFSR over Var on June 10, 

2001.  The anomaly is plotted due to the fact that the MERRA and CFSR data are not 

interpolated to the height of the tower in this particular plot.  The x-axis is in hours 

(starting at 0Z). 
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