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Abstract 
A Canadian Land Data Assimilation System (CaLDAS) for the analysis of land surface 

prognostic variables is designed and implemented at the Meteorological Service of 

Canada for the initialization of numerical weather and climate prediction models. 

The assimilation of different data sources for the production of daily soil moisture and 

temperature analyses is investigated in a set of Observing System Simulated Experiments 

over North America. A simplified variational technique is adapted to accommodate 

different observations at their appropriate time in a 24-hour time-window. The screen-

level observations of temperature and relative humidity, from conventional 

SYNOP/METAR/SA networks, are considered together with presently available satellite 

observations provided by the AQUA satellite (microwave C-band), GOES (infrared, IR), 

and observations available in the future by SMOS satellite mission (microwave L-band). 

The aim of these experiments is to assess the information content brought by each 

observation type in the land surface analysis. The observation systems are simulated 

according to their spatial coverage, temporal availability, and nominal or expected errors. 

The results show that the observable with the largest dynamical response to perturbations 

of the control variable carries the greatest information content into the analysis. The 

observational error and the observation frequency counterbalance this feature in the 

analysis.  

If one consider a single observation both for soil moisture and soil temperature analysis, 

the satellite measurements (L-band, C-band and IR in decreasing order of importance) are 

the primary source of information. When observation availability is considered and the 

highest temporal frequency of assimilated screen-level observations is used (one hour), a 

large amount of information is extracted from SYNOP-like networks.  
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The screen-level observations are shown to provide valuable soil moisture information 

mainly during the day-time while during night-time these observations (and particularly 

screen-level temperature) are mostly useful for the soil temperature analysis. The results 

are presented with perspectives for future operational developments and preliminary 

assimilation experiments are performed with hourly screen-level observations. 

 

1. Introduction 

 

The land surface water and energy budgets have been the focus of several international 

research efforts from the point of view of modeling, data assimilation, and observation. 

An improved knowledge of land surface and its interaction with the atmosphere is known 

to be of crucial importance for the Numerical Weather Prediction (NWP) and Climate 

community. A realistic land surface description is likely to extend nowadays prediction 

capabilities both in terms of temporal range and of spatial resolution, and it appears a 

necessary development for global mesoscale NWP (Viterbo and Courtier 1995, Koster et 

al. 2004, Ferranti and Viterbo, 2006). 

In this paper, the development of a Canadian Land Data Assimilation System (CaLDAS) 

prototype for the land surface analysis in the NWP context at the Meteorological Service 

of Canada (MSC) is presented. The focus is put on soil moisture and temperature as 

principal components driving the water (i.e. through evapotranspiration) and energy (i.e. 

via nocturnal radiative cooling) exchange at the surface, which are particularly effective 

on the evolution of the lower troposphere. Moreover, improvements of soil moisture and 

temperature predictive skills might be of interest for coupling NWP forecasts with 

hydrological and agricultural applications, such as flooding and drought risks assessment, 
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crop yield estimates, fire risk, etc.  Improvements in soil temperature should allow a more 

realistic evolution of cold land processes in particular related to snow pack evolution and 

soil ice melting-freezing. 

A widely used approach for the analysis of soil moisture and temperature in NWP context 

consists in the assimilation of indirect observations from the ground-based SYNOP-like 

network (at ECMWF, HIRLAM, MF, and MSC). 

In particular, the assimilation of screen-level temperature and relative humidity 

observations with the optimum interpolation (OI) technique proposed by Mahfouf (1991), 

has proven to be reliable to retrieve the soil water content and soil temperature under 

specific meteorological conditions, and is widely used in operations in different NWP 

centers (Bouttier et al. 1993 a, b, and Giard and Bazile 2000, Mahfouf et al. 2000 and 

Douville et al. 2000, Bélair et al. 2003 a, b, Rodríguez et al., 2003). 

In recent years, several studies have focused on variational and Kalman filter techniques, 

particularly for the analysis of soil moisture via the assimilation of screen-level 

observations, showing the reliability for operational NWP: Callies et al. (1998), Rhodin 

et al. (1999), Bouyssel et al. (2000), Hess (2001), Seuffert et al. (2004), and Balsamo et 

al. (2004a). 

In parallel, the research advances in observing soil moisture have indicated that a 

successful use of remote sensing data (microwave and infrared radiances) may be 

specifically adapted for routinely measuring the soil moisture on global to continental 

scales (Kerr et al. 2001).  

Ground-based soil moisture measurements are difficult to gather and only few 

observation networks exists (i.e. Global Soil moisture Data Bank, Robock et al., 2000). 
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This data is currently used mostly for validation purposes, and it often lacks 

representativity due to the low spatial correlation of soil moisture associated to the land 

surface heterogeneity. Besides the data transmission latency would be a major obstacle 

for operational data assimilation. Contrary to ground-based, satellite radiometric 

measurements are appropriate to capture timely area-averaged soil moisture signals, 

useful for the initialization of mesoscale NWP models (10-50 Km). 

The microwave radiometric data for sensing superficial soil water content have 

been investigated in the past decade (Jackson 1997, Jackson et al. 1999, Drusch et al. 

2001, Jackson et al. 2002, Njoku and Entekhabi, 2003) and seem to be promising at 

providing a global coverage. 

The low frequency channels of the Special Sensor Microwave Imager (SSM/I) 

and the Advanced Microwave Scanner Radiometer (AMSR-E are greatly influenced by 

the atmosphere and vegetation, and the use of a single polarization retrieval algorithm 

(Drusch et al., 2001) has shown some limits when compared to field data of the Southern 

Great Plains (SGP97) hydrology experiment. Nevertheless valuable information can be 

extracted (Jackson et al. 2002) as supported by airborne radiometric studies. Beside the 

presently available platforms, L-band microwave observations from the Soil Moisture 

and Ocean Salinity (SMOS) mission by the European Space Agency (ESA; Kerr et al. 

(2001), will be available from September 2007. 

As far as surface temperature is concerned, model accuracy so far has not allowed the 

assimilation of satellite derived skin temperature, although this is certainly the most 

frequently observed land surface field with a large coverage. The infrared (IR) sensor 

onboard the geosynchronous satellites provides at a frequency of 1 hour or better  (i.e. 15 
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min. with Meteosat Second Generation, MSG) a surface skin temperature in cloud free 

areas. Because of its large coverage and high resolution, the use of such a data has been 

proposed first by Wetzel et al. (1984) and investigated for soil state retrieval in several 

studies (McNider et. al. 1994, Bastiaanssen 1995, Jones et. al. 1998a, b, van den Hurk et 

al. 1997, van den Hurk an The 2002). The main obstacles preventing the assimilation of 

IR data are the sensitivity to surface roughness length and the still large underestimation 

of the diurnal cycle as highlighted by Trigo (2004). At mid-latitudes the cloud cover 

conditions reduce sensibly the number of available observations. 

The synergetic assimilation of satellite and ground-based observations represents 

a real challenge for the next years in terms of improving the land surface description. In 

the present work, we explore the potential of the diverse observational platforms for the 

analysis of the root-zone soil water content and the soil temperature in the operational 

NWP context at the MSC.  

A set of simulated observations is generated over North America and assimilated 

with a bi-dimensional simplified variational analysis (2D-VAR) which is based on a 

linear estimate of the observation operator. The information carried by each observation 

type is investigated in a set of Observing System Simulated Experiments (OSSEs). The 

influence matrix diagnostics (Cardinali et al., 2003) provide the information content of 

the observations in the analysis, therefore deriving the importance of each source of 

observation. 

Section 2 describes the CaLDAS prototype used in the simulations experiments. 

which consists of three components: the NWP model providing the atmospheric forcing, 

the land surface scheme, and the analysis scheme. Section 3 is dedicated to the 
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observations, including the observation operators for microwave and infrared data, the 

satellite orbit, and the ground-based network simulations. In section 4, the setup for the 

land surface analysis is presented. Section 5 is dedicated to the information content study 

and discusses the results of the OSSEs performed. The results of an assimilation cycle 

over North America, which assimilates hourly screen-level observations, are shown in 

section 6 together with consideration of the effectiveness of the assimilated observations. 

The conclusions of the study, discussed within the context of the simulation hypotheses, 

are presented in section 7. Finally, the application of the system to real observations and 

the perspectives are presented.  

 

2. The Land Data Assimilation System 

 

a. The land surface scheme (LSS) 

 

The land surface scheme ISBA (Interaction Soil Biosphere Atmosphere) (Noilhan and 

Planton 1989, Noilhan and Mahfouf 1996) comprises two soil layers with associated 

variables that describe the evolution of temperature and water content and is  based on a 

force-restore mechanism. 

The operational implementation of the ISBA scheme with a surface analysis, described in 

Giard and Bazile (2000), has required some further refinements, like the inclusion of soil 

freezing that allows a better description of the diurnal cycle during winter.  

The land surface scheme ISBA has been implemented operationally at the MSC together 

with the OI land surface analysis scheme (Mahfouf, 1991) as described in Bélair et al. 
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(2003 I, II) and is currently used in the regional version of the Global Environmental 

Multiscale (GEM) model (Mailhot et al., 2005, Côté et al., 1998). 

The operational version of ISBA describes the evolution of six prognostic variables: Ts 

the surface temperature, Tp the daily mean surface temperature, Ws is the superficial water 

contents, Wp and Wpi the total water contents (liquid and ice phase respectively), and Wl 

the vegetation intercepted water content. Four more variables are dedicated to the 

evolution of the snow pack (not listed). The variables Ts, Tp, Ws, and Wp are operationally 

analyzed on the global scale by the OI method. Each grid box over land is divided into 

bare ground and vegetated areas. A single heat budget is considered for the ground and 

vegetation, and if appropriate, snow cover. Within the hydrological soil reservoir, with a 

variable depth dp, a thin top layer (ds=10-2 m) is considered. The rainfall is the main input 

to the land-surface hydrology and drives the local water storage. The fraction of rainfall 

reaching the bare ground enters directly the soil reservoir, while the water intercepted by 

the leaves drips to the surface or re-evaporates. Snow and frozen water in the soil may 

hold an important amount of water during winter preventing the decrease of soil 

temperature. 

In the parameterization of the evaporation processes, Wp, which contains the root-zone, 

largely determines the evaporation from bare ground (trough dynamical constraint on the 

superficial soil water reservoir, Ws) and vegetation (via the resistance to transpiration).  In 

a similar way and in absence of strong radiative forcing, the mean surface temperature, Tp 

(slow thermal component) constrains the superficial temperature Ts (fast component). 

Although Tp does not refer to a precise depth, since this is not contemplated in the force-

restore method, this variable is acting as a deep soil temperature in a multi-layer scheme, 
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here associated to a mean soil temperature at a depth below 1 cm (coherently with the 

assumption made for the total soil moisture). A land surface analysis, aiming at the 

initialization of NWP forecasts, has to concentrate on total (plant available) soil moisture 

and mean soil temperature, since the atmospheric impact near the surface lasts for several 

days. 

 

b. The atmospheric coupling 

 

The land surface state evolution and the coupling to the atmosphere can be 

modeled considering a 1-way or so called off-line mode, where the atmospheric state is a 

prescribed input, or alternatively, a 2-way or atmospheric-coupled mode where the land 

surface interacts with the atmosphere during the integration. In NWP, the land surface 

scheme is normally fully coupled to the atmosphere (Mahfouf et al. 2000, Bélair et al. 

2003) and the full GEM model (Mailhot et al., 2005, Côté et al., 1998) is used in the 2-

way type experiments.  

The off-line approach has been investigated for the setup of a Land Data 

Assimilation System (LDAS) in the U.S. with the North-American and Global LDAS 

initiatives (NLDAS, Mitchell et al. 2004, and GLDAS, Rodell et al. 2004). Furthermore, 

this approach is widely used in LSSs intercomparison projects (i.e. Project for 

Intercomparison of Land surface Parameterization Schemes - PILPS, Global Soil 

Wetness Project - GSWP, Rhone Aggregation project - RhoneAgg). The atmospheric 

coupled approach has been considered in the frame of the European LDAS (van den 

Hurk, 2002, Balsamo et al. 2004b). 
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The applicability of both the off-line and the atmospheric coupled approach, is 

based on the assumption of a truncated control variable space, and considers that the 

physical and dynamical processes near the surface can be treated separately from the 

upper atmosphere due to the time and space scales involved. The atmospheric state 

provides the near surface forcing for radiation, precipitation, temperature, pressure, and 

wind, which drive the land surface evolution but without allowing for atmospheric 

retroaction from the land surface.  

In the off-line mode setup considered here, the atmospheric forcing is provided at 

the lowest vertical level of the GEM model, which has an elevation of about 50 m above 

the surface.  This allows for an interactive evolution of the surface boundary layer (SBL), 

without having to run the complete NWP model. The vertical interpolation is done 

according to Delage (1997) and provides screen-level temperature and humidity values. 

The atmospheric forcing frequency is 3-hourly whereas the integration time-step of the 

off-line system is 30 minutes (a linear temporal interpolation is performed). 

In one experiment, the off-line and the atmospheric coupled approaches have been 

applied to the same set of simulated observations to provide an estimate of the 

approximation involved in using this off-line system and to investigate the truncated 

control variable assumptions of land surface analyses.  

c. The analysis scheme 

 

The land surface analysis scheme, described in Mahfouf (1991), optimally 

combines the information provided by screen-level observations and a model forecast 
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(the background term). In the variational method, the optimal weighting of these two 

components is achieved by the minimization of a cost function J(x), which is of the form  

 

J(x) = ½ (x-xb) B-1 (x-xb) + ½ (H(x)-y)T R-1 (H(x)-y)             (1) 

 

where x is the control variable vector, xb is the background (i.e. a short-range forecast), y 

is the observation vector, and B and R are respectively, the background and the 

observation error covariance matrices. H is the observation operator that maps the model 

state vector x into observation space and includes spatial interpolation and integration in 

time. Under the Tangent Linear (TL) hypothesis, the H operator is expressed by its first 

order Taylor expansion:  

 

H(x+ δx) = H(x) + H δx         (2) 

 

where H is the TL observation operator matrix and the cost function is then quadratic. 

The minimization of J(x) is generally an iterative process that makes use of the tangent 

linear and adjoint models to evaluate the cost function and its gradient. However, for low 

dimension problems and under the linearity assumption, the minimum of the cost 

function imposed by ∇J(x)=0 can be directly obtained. The H matrix is evaluated with a 

finite difference approach, and the analyzed state xa is given by the expression 

 

xa = xb +  K   (y - H( xb))        (3) 
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where the terms: 

K = (B-1 + HT R-1 H)-1 HT R-1   (4) 

 

(y - H( xb))       (5) 

 

are respectively named the gain matrix (Eq. 4) and the innovation vector (difference 

between the observation and the model forecast in observation space) (Eq. 5). The 

analysis error covariance matrix expresses the analysis uncertainties and is provided by 

 

A = (I - KH) B     (6) 

 

The linear hypothesis, expressed by (2), is best satisfied in the vicinity of xb when 

corrections to the first guess are small. This important simplification in the 2D-Var 

(hence called simplified) makes it similar to the OI technique. Both methods in fact 

obtain the analysis increments directly from (4), but in the simplified 2D-VAR, a 

dynamical estimate of the gain matrix replaces a statistical evaluation. In the 2D-VAR 

method, the atmospheric forcing and the characteristics for soil and vegetation are 

implicitly taken into account providing analysis increments adapted to the specific time 

and grid point location without any empirical regression and not limited to the use of 

observations at a single time.  

 

d.    The information content of the observations in the analysis 
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The diagnostic Tr (HK) as described in Cardinali et al. (2003), can be used to infer the 

weight of an observation type in the analysis. If the observation operator H is applied on 

both sides of the analysis equation (3) then: 

 

Hxa = Hxb +  HK   (y - H( xb))       (7) 

 

Differentiating the above equation with respect to the observation y0 and taking the trace 

of the resulting matrix gives the sensitivity of the analysis to a given observation type: 

Tr (∂Hxa / ∂y ) = Tr ( HK)        (8) 

 

which when H is linear corresponds to the analysis error reduction, so that 

 

Tr (HK) = KTHT = Tr ((B - A) B-1)   (9) 

 

where A and B are the error covariance matrices for the analysis and the background, 

previously defined. This diagnostic estimates the relative information content of each 

observation type in the soil moisture analysis. 

 

3. The Observation System Simulation 

 

To assimilate a new type of observation, a first step consists in implementing the 

corresponding observation operator. Such an operator is composed of a set of 

parameterizations allowing the mapping of the land surface state in observation space. In 



 14 

the present system, a satellite brightness temperature (in the considered radiometric 

frequency) or a screen-level temperature and humidity have to be associated with a 

particular land surface state. 

The experiments are realized in a "perfect" observation assumption. The guiding 

requirements for a realistic simulation are the distribution of the observations and the 

reproduction of the observation dynamical range. These two features rule the observation 

availability in the analysis and the sensitivity for perturbations applied to the control 

variable which reflects on the values of the Jacobians in the analysis. The description of 

the parameterizations used is provided below. 

 

a. Microwave L-band and C-band 

 

Microwave radiative transfer models for land surface already exist and have been tested 

in a number of experiments. In this study, we have considered the following models: the 

Land Surface Microwave Emission Model (LSMEM), developed by Drusch et al. (1999, 

2001), the LMEB (L-band Microwave Emission of Biosphere) developed by Pellarin et 

al. (2003), and a simple approximation for the infra-red model. The LSMEM has been 

tested recently on several case studies (Seuffert et al. 2004, Gao et al. 2004, Drusch et al. 

2004) and is coupled to the ISBA scheme at MSC (Balsamo et al., 2006). 

The relationship between soil moisture and microwave brightness temperature 

follows from the influence that soil moisture has on the dielectric properties of the soil, 

and therefore on the emissivity. The solution of the radiative transfer equation is 

calculated as in Kerr and Njoku (1990). The vegetation contribution is treated according 
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to the effective medium theory of Kirdyashev et al. (1979). The vegetation opacity �  is 

linearly dependent on the vegetation water content VWC and an experimental parameter 

b accounts for the vegetation structure as follows:  

 

τ = b ⋅VWC  (12) 

 

The values of vegetation water content VWC, single scattering albedo � , and vegetation 

structure parameter b for the L and C bands are reported in Table 1. 

The simulated observations have to be spatially and temporally distributed according to 

the prescribed satellite coverage. Table 2 reports a summary of orbital information to 

simulate the satellites overpasses and their views.  

For L-band observations a polar orbit is defined as a Keplerian orbit (Larson and Wertz, 

1992) which satisfies a prescribed satellite inclination, altitude and revisit time of Hydros 

(Entekhabi et. al., 2004). It can be noted that the orbit geometry of other polar orbiting 

satellites is similar and results in comparable revisit time and data coverage. Therefore 

the procedure used in Balsamo et al. (2006) is transferred to application for SMOS. For 

C-band observations, the AQUA polar orbit is taken from an observed satellite track. For 

the polar orbiting satellites, a circular swath with given amplitude (Table 2) around the 

nadir location is considered to reproduce the expected satellite spatial coverage. The 

simulated observations are stored in hourly transects coverage (along the trajectory for 

polar orbiting satellites) between time ti=t-30 min. and tf=t+30 min.  

b. Infrared (derived) surface temperature 
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To simulate clear-sky infrared skin temperature, the ISBA soil surface temperature 

(which accounts for a mixed soil-canopy temperature) is taken over clear-sky areas with 

total cloud cover fraction less than 0.1. The approximation TsIR �  Ts is equivalent to 

assuming a uniform infrared emissivity of 1.0 while in reality this value ranges between 

0.95 and almost 1.0, depending on land surface physiography and on the considered 

infrared channel. Following Garand (2003), the TsIR is estimated by inverting the infrared 

radiative transfer model or with a 1D-Var. It is then divided by the emissivity, so that it 

corresponds to a physical skin temperature. Errors of the emissivity maps, the radiative 

transfer model, and the satellite observation have to be accounted for in the derivation of 

the observations. 

The geostationary satellite coverage is simulated considering an elevation of 36000 km 

and a limit off-nadir angle of 8.0˚ to obtain the perimeter coverage. The infrared surface 

skin temperature is generated during the daylight and only for morning hours when the 

relationship with soil moisture is more direct as in van den Hurk and The (2002). Each 

simulated observation is assumed to match perfectly the model grid box and no sub-grid 

information is considered.  

 

c. Screen-level temperature and relative humidity 

 

The simulation of screen-level temperature and relative humidity is rather straightforward 

since those fields are diagnostic outputs of the GEM NWP model. However special care 

is given to realistically evaluate the observation errors and to limit the observation 

availability to regions where the distribution of SYNOPs, METARs and SAs stations is 
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dense. The operational OI screen-level analysis method (Bélair et al., 2003a) is applied to 

interpolate station points to model grid-points, considering both the station observation 

and a model background value.  

To avoid over-weighting the screen-level observations in the assimilation, for instance 

over regions where the station density is poor, the real distribution of data is taken into 

consideration and the observation error is set that reflects this. (Table 4).  

A quality control is applied based on the standard deviation error for the observation 

departure at the station point. For the screen-level analysis configuration, the errors 

prescribed are reported in Table 3. The GEM background error statistics for the screen-

level temperature and relative humidity (as RMSE, BIAS and number of observations) 

are plotted for a selection of 3 days (1 May, 15 July, and 1 October 2005) in Fig. 1 while 

an example of the spatial patterns of the screen-level analysis error is provided in Fig. 2. 

The screen-level analysis error maps allow setting the observation errors in the 2D-VAR 

in a less arbitrary way, since these fields actually reflects the observation density and the 

representativity for these variables. 

 

4.    A multiple observation-type 2D-VAR for Wp and Tp analyses 

 

The set up for the simplified 2D-VAR makes use of the full NWP model or the 

simplified SBL version to infer the forecast sensitivity to a perturbation of soil moisture 

or soil temperature and provides a linear estimate of the observation operator (H) from 

which the analysis gain matrix (K) is calculated. In the CaLDAS set up, the simplified 

2D-VAR method makes use of the off-line driven land surface scheme coupled with the 
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observation operator models (i.e. radiative transfer) to obtain the sensitivity of the 

observable y to the analysis control variable (the total soil moisture Wp or the mean soil 

temperature Tp). The liberalized observation operator H is calculated as 

∆y(t=ti)/∆Wp(t=t0), according to the perturbation method described in Balsamo et al. 

(2004a) for the following observations: the L-band brightness temperatures TbH (L) and 

TbV (L) (horizontal and vertical polarization at 1.4 GHz), the C-band brightness 

temperatures TbH (C) and TbV (C) (6.9 GHz), the clear-sky infrared derived skin 

temperature TsIR, and the screen-level temperature T2m and relative humidity RH2m. 

Let us consider the model guess G and a perturbed state G' where X (being Wp or 

Tp ) has been modified by a small quantity ∆X, at time t0. The model integrations starting 

from the two initial states, G and G', provide the forecast sensitivity evaluated at time t1 

(at which the observations are available). 

Assuming that all the simulated observations (one per type) are available at different 

times in the assimilation time-window, the analysis for X is obtained as follow 
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where the ki terms are the elements of the analysis gain matrix K obtained from (4).  
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The observation error covariance matrix R is a diagonal matrix composed of (σo
Y)

2 where 

the cross-covariances are neglected (the observation errors, reported in Table 4, are 

supposed uncorrelated). 

With a 24-h assimilation time-window, the soil moisture and temperature analyses 

are performed at 00 UTC. For satellite observations (i.e. the microwave brightness 

temperature at given P polarization, TbP and TsIR), the assimilation system has to be 

capable of ingesting observations at any time of day. The number of observations may 

vary according to satellite overpass, the meteorological conditions (in case of TsIR), and 

the land surface state. The synoptic observations (2m temperature and relative humidity) 

have been considered to be available at four synoptic times (06, 12, 18, 00(day+1) UTC) 

or every hour (24 observations per grid point per day). 

This increase in observation intake in the analysis step is made possible due to the 

more flexible methodology presented in this paper compared to that of the OI technique, 

originally designed to assimilate T2m and RH2m every 6 hours (Bouttier et al. 1993a) or to 

consider only observations at 18 UTC in the implementation at MSC (Bélair et al. 

2003a). 

The simplified 2D-VAR method relies on the linear hypothesis of the observation 

operator, on the horizontal decoupling hypothesis of the surface points, and on the control 

variable decoupling assumption, allowing the consideration of the analysis of soil 

moisture and temperature separately from each other and from other model variables. 

These hypotheses allow this 2D formalism to be performed at each grid point separately. 

An extensive treatment and validation of those hypotheses are given in Balsamo et al. 

(2004a) in the case of screen-level observations. 
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The optimal set up of the simplified 2D-VAR considers a double estimate of the 

observation operator using two opposite phase chess-type initial perturbations. The H 

matrix is given by the average of the two estimates. The perturbation amplitude is set to 

ten percent of the active range (wfc-wwl) for soil moisture and 3 K for soil temperature. 

 

5. Observation information content in the analysis 

 

a. An OSSE experiment for Wp 

 

An Observing System Simulation Experiment (OSSE) is set up to test the 

performance of the analysis and investigate the impact of each assimilated observation 

type in correcting a given soil moisture initial error. A simplified 2D-VAR assimilation 

experiment with a 24-h time-window is performed over North America on 1 May, 15 

July, and 1 October 2005. Those dates are chosen to extract samples of the warm season 

over North America. The initial state for the land surface water (soil moisture, ice content 

and snow water equivalent) is provided for the three dates in Fig. 3. A set of simulated 

observations is generated according to the procedure described in section 3. The objective 

of the test is to assess the impact of the simulated observations (an example is shown in 

Fig. 4) on the soil moisture analysis. The results of an assimilation cycle are analyzed to 

produce the Tr (HK) diagnostic which is summarized in Fig. 5. Although the 

observations are simulated and therefore the innovation contains no useful information, 

the Jacobians are realistically providing the gain which be used to assimilate real 

observations.  
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When assimilating 6-hourly screen-level observations and all types of satellite 

data, the analysis is mostly influenced by the L-band data, followed by those in C-band 

observations, the screen-level observations, and finally the infrared observations. The 

infrared surface temperature has a larger contribution (per observation) than screen-level 

temperature or relative humidity but this value is likely to change from one day to 

another depending on cloud cover conditions. A similar comment on information content 

variability can be made for the screen-level observations since the soil moisture 

sensitivity is bounded between the soil wilting point and the field capacity, and it is 

reduced under specific meteorological and land surface conditions and is modulated by 

the diurnal cycle. When considering the screen level analysis hourly and again, 

assimilating all types of satellite observations, the screen level observations are dominant 

in the analysis. This result has important consequences in the design of the LDAS system 

that are discussed in section 7. 

 

b. An OSSE experiment for Tp 

 

In case of soil temperature, the atmospheric feedback is mostly effective during 

night-time when radiative cooling occurs at the surface. The reduced number of processes 

involved in this interaction (w.r.t. soil moisture) determines that a soil temperature 

analysis is somehow simpler to set. Practical implementations of the OI method, 

following Mahfouf (1991), have adopted a correlation of 1 between screen-level and soil 

temperature errors and ignored screen-level relative humidity (i.e. Giard and Bazile, 

2000). The experiments performed for the analysis of the mean soil temperature, 
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presented in Fig. 6, support this choice and provide indication on the opportunity of 

including satellite observations.  

The screen-level temperature is important in the analysis with high information 

content even when considering only a 6-hour observation frequency, and it becomes 

dominant if assimilated hourly.  The relative humidity contains information as well but to 

a lesser extent (~20% of T2m), since physically related with temperature.  

L-band is, not surprising, quite informative also for soil temperature, as confirmed 

in sensitivity tests with the radiative transfer model (i.e. Balsamo et al., 2006) which 

indicate that after soil moisture, soil temperature is the most effective parameter 

determining the surface brightness temperature. An interesting feature for the dual 

polarization microwave frequencies is the absence of a dominant component as for the 

soil moisture case (where the H component always contains more information). Infrared 

skin temperature has little information content following from the fact that only clear-sky 

morning observations are considered, therefore Ts(IR) is mostly responsive to solar 

radiation.  

 

c. The normalized information content 

 

The experiments performed so far have provided an estimate of the information 

content of a given observation network source considering the observation availability 

and its temporal and spatial coverage. To obtain an estimate of the potential of each 

observation, the previous results are normalized by the number of observations, and 

presented in Fig. 7. Both for soil moisture and temperature, the importance of L-band is 



 23 

evident due to its high dynamical range of the response to soil moisture and temperature 

changes. The C-band and the clear-sky morning IR skin temperature (more effective for 

soil moisture) are less important than L-band. For the IR observations, one has to stress 

that the domain considered penalizes this observation with an extent that does not exceed 

60 degrees north. The screen-level observations have the smallest information content if 

one considers a single observation, but they have the highest frequency and a good spatial 

coverage on the domain. 

 

d. On the equivalence of Off-line and Atmospheric coupled approach 

 

The information content diagnostics are used here to investigate the equivalence 

of the off-line CaLDAS setup with a fully coupled atmospheric system. The experiment 

is performed for the Wp analysis as previously described in section 5 a. The GEM model 

is used as observation operator to estimate the linearized Jacobians. This test allows 

evaluating the degree of approximation made when using an off-line configuration 

(where the atmospheric forcing is imposed at a given height of about 50m) which is 

computationally much less expensive than using the fully coupled mode. The test is 

performed for 5 July 2004 and the information content is extracted for 89223 land-points, 

for soil moisture only. In Fig. 7, the relative information content is displayed. The 

information content is preserved for each observation source and the spatial patterns of 

the Jacobians results are very similar (not shown). The screen-level information content 

is slightly reduced in the off-line system (in favor of L/C-band) as one can expect from 

having the model lowest atmospheric layer prescribed and not interactive. Nevertheless, 
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this feature is not undesirable and does not prevent the assimilation of screen-level 

observations since the gain is only slightly reduced but conserves signature and spatial 

patterns. The truncated control variable assumption for the land surface analysis is 

therefore acceptable for the considered time-window (1-day) although it is probably not 

satisfactory for longer (climate) periods of time. 

 

6. Assimilation experiments  

 

a. A pre-operational configuration assimilating hourly screen-level 
observations for Tp and Wp analyses 

 

The screen-level observations, including airport data, are available hourly over a large 

portion of North America. These observations are widely used and verified and constitute 

a data source which could be readily assimilated in the operational version of CaLDAS. 

A set of assimilation experiments has been performed assimilating T2m and RH2m 

analyses. The simplified 2D-VAR is applied sequentially with a 24-h time-window. The 

screen-level observations are distributed on the model grid by the OI analysis (adapted 

from Brasnett, 1999) and are assimilated every hour where available. The OI analysis 

error (Fig. 2), calculated according to Rutherford (1972), is used to prescribe the 

observation error in the simplified 2D-VAR on each grid-point separately. As a result, the 

screen-level observations are more effective in constraining soil moisture and 

temperature in the regions where the SYNOP-like network is dense, while in areas with 

scarce observations the soil moisture analysis increments is negligible and the 

background value is kept unchanged. 
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The assimilation experiments are performed for the 1 May 2005. The analysis is 

performed sequentially for soil temperature and soil moisture (in the order). The analyzed 

land surface state is then integrated with the off-line system for 24 hours and the RMSE 

and BIAS of the model screen-level are calculated against around 2000 SYNOP-like 

observations as shown in Fig. 8 for the control and the analyzed model fields. This 

provides an evaluation of the so-called analysis residuals which has to be smaller that the 

innovations as the land surface analysis has minimized the screen-level observation 

departures.  

The new land surface state obtained has a better match of the near-surface diurnal cycle 

both in temperature and relative humidity. Although the number of observations 

considered (~2000) supports the robustness of the results, further experiments need to be 

run to evaluate the impact of the land surface state in longer assimilation cycles. A set of 

atmospheric forecasts issued from the analyzed fields will be performed in the near 

future. 

 

b. Diurnal cycle of the screen-level information content 

 

The simplified 2D-VAR is applied sequentially with a 24-h time-window. Now, one 

single time slot (at varying time along the time-window) is considered in the assimilation 

period. The purpose of this test is to improve the understanding of the mechanisms that 

relate screen-level observations to soil moisture and temperature. The information 

content diagnostics are extracted to assess at which time during the day the observations 

have a greater chance to correct soil moisture and temperature in the analysis. The 
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physical processes involved for the two control variables are quite different even if one 

could argue that soil temperature and soil moisture are correlated with each other. This 

correlation becomes quite large if melting/freezing occurs, but to avoid this, a soil 

moisture analysis is not performed if the soil is frozen, and the soil temperature analysis 

is performed only in a temperature range that is far from melting/freezing phase (i.e. no 

analysis is performed for soil temperature in +/- 3 K around 273.15 K). 

In Fig. 10, the information content of hourly screen-level observations assimilated at a 

single hour time-slot in a 24-h time window is evaluated. The soil moisture and soil 

temperature analyses are performed each time using the given single set of observations 

at time t (with t going from 1- to 24-hour).  

For the soil moisture analysis, the observations are likely to be more effective during the 

day and present a smaller contribution over night. This reflects the dependency of the soil 

moisture-evapotranspiration feedback from strong solar radiative forcing and explains the 

greater variability of the signal during the day (particularly evident in the relative 

humidity). 

For the soil temperature analysis, the screen-level observations, and particularly 

temperature, are dominant during the night with a rather smooth bell-shape centered on 

midnight local time (for the center of the domain), whereas it is almost negligible during 

the day. Screen-level temperature is more important by a factor five than relative 

humidity in constraining soil temperature. As a result, the two curves have an opposite 

phase which results from the different processes relating the observable and the control 

variable: the long-wave radiative cooling control at night of the soil temperature at 
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screen-level and the control on evapotranspiration exercised by the soil moisture during 

day-time. 

 

7. Discussion and conclusions 

 

A Canadian Land Data Assimilation System (CaLDAS) is developed at the 

Meteorological Service of Canada. The system is designed to ingest different source of 

observations obtained from either ground-based or satellite instruments. The observations 

are realistically simulated but are assumed to be bias-free since the purpose of this work 

is to assess the observation information content in a NWP framework where bias and 

quality control procedures are previously applied. 

The ISBA land surface scheme integrations are performed in an off-line mode, where the 

atmospheric forcing is provided by the lowest NWP model level which is at 50 m above 

the ground and thus preserves an interactive surface boundary layer. This setup is shown 

to provide a good approximation of the full NWP system for estimating the Jacobians in 

the analysis. The use of an off-line system presents several practical advantages. Its low 

computation cost makes it affordable even for high resolution (i.e. 1-km global). The 

introduction of analyzed forcing such as those provided by the Canadian Precipitation 

Analysis (CaPA project, Mahfouf et al., 2005) can be investigated to reduce the error of 

the background soil moisture field.  The simplified variational (2D-VAR) technique 

(Balsamo et al. 2004a), adapted to accommodate the observations at various times in a 

24-h time-window, provides a flexible data assimilation scheme. The analysis equation is 

differentiated in observation space to provide the influence matrix diagnostic (Cardinali 
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et al., 2003). This tool allows for the study of the relative contribution of each 

observation type that is assimilated in the analysis. The screen-level observations 

(temperature and humidity) are simulated together with currently available satellite 

observations, as for instance those provided by AQUA satellite (microwave C-band), 

GOES (infrared). Observations available in the future by the SMOS satellite mission 

(microwave L-band) are also considered. 

From these results, the influence of the observations in the analysis appears to be 

proportional to the ratio given by the dynamical range of the observable y and the 

observation error σo. A large contribution of microwave brightness temperatures and in 

particular of the L-band observations is obtained as is theoretically expected. These 

observations have the advantage of a reduced atmospheric absorption and a large 

dynamical range. The associated information content is likely to remain stable. 

Infrared skin temperature observations represent a significant source of information for 

soil moisture, especially considering the observation frequency, but the temporal and 

spatial availability (limited by morning clear-sky window) is highly variable and shows a 

latitude dependence (van den Hurk and The, 2002).  

The inclusion of real satellite data will have to face model biases and inaccuracies in the 

surface description as highlighted by Seuffert et al. (2004) and Drusch et al. (2006).  

The screen-level observations, informative on the evapotranspiration processes and 

nocturnal radiative cooling of the surface, are readily available in today’s land surface 

analyses. Their information content may vary depending on meteorological conditions 

and location. Although it is not the dominant data source if one considers the weight per 

observation, these measurements are available with high temporal frequency (hourly over 
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North America) and benefit from operational quality control. The link of screen-level 

observations to land surface fluxes make the assimilation of these variables desirable in a 

NWP assimilation system since this can translate into low-level atmospheric forecast 

improvements. Satellite observations when available should be added on top of this data 

source to reduce the land surface uncertainties and to provide more direct information on 

soil water content and temperature. Preliminary results assimilating real screen-level 

observations show that the analyzed land surface fields provide a better match to the near 

surface atmospheric state. Extensive forecast verification and the inclusion of real 

satellite data will be considered in the near future as extension to this work. The 

information content diagnostic is regarded as a useful tool for evaluating a land data 

assimilation system once in operations.  
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Table 1: Microwave radiative transfer vegetation parameters: single scattering albedo 
( � ), vegetation water content (VWC), and structure coefficient (b) for L-band and C-
band.. 

Class of  

vegetation 

�  [ -]  VWC[ kg m2]  b(L) [m2kg-1]  b(C) [m2kg-1]  

grassland 0.04 0.5 LAI 0.1 0.5 

crops    0.10 0.5 LAI 0.2 0.2 

coniferous 0.10 3 0.1 0.5 

broadleaf 0.10 4 0.1 0.5 

tropical 0.10 6 0.1 0.5 
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Table 2: Satellite orbital parameters: orbit description (e.q.t. is the equator crossing time), 

altitude H, inclination (or maximum off-nadir viewing angle for geosynchronous) ϕ, 

swath width ∆X. 

Satellite Orbit type H (km) ϕ [°] ∆X [km]  

SMOS sun-synchronous  

(6 am,6 pm e.q.t.)    

670 98.0 1000 

Aqua    sun-synchronous  

(1:30 pm e.q.t.)    

705 98.2 1445 

Goes E/W Geostationary                                36000 8.0 (max) - 
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 Table 3: Screen-level errors for the observations and the model background prescribed in 

the OI analyses for temperature and relative humidity. 

Screen-level 

variable 

� o � b 

T2m 1.5 K 2.0 K 

RH2m 7% 10% 

 



 46 

 Table 4: Prescribed observation errors (standard deviation) in the soil moisture and soil 

temperature analyses. 

Observation σo (standard deviation) 

Tb H,V (L) 3.0 K 

Tb H,V (C) 3.0 K 

Ts (IR) 3.0 K 

T2m 2.0 K 

RH2m 10 % 
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Figure 1: Hourly BIAS (dashed line) and RMSE (full line) for GEM screen-level 
temperature (a, c, e) and relative humidity (b, d, f) for three days : 1 May (a, b), 15 July 
(c, d) and 1 October (e, f) 2005. Bars show the number of observations (right axis). 
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Figure 2: Observation error patterns (standard deviation) for screen-level temperature (a, 
T2m [K]) and relative humidity (b, RH2m [%]) from OI analyses on 1 May 2005 at 18 
UTC. 
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Figure 3: Land surface water state (total soil moisture, ice and snow water equivalent 
[kg·m-2]) on 1 May (a), 15 July (b) and 1 October (c) 2005. 
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Figure 4: Examples of simulated observations for 1 May 2005: screen-level temperature 
(a), relative humidity (b), infrared skin temperature (c), microwave brightness 
temperature (H component) for L-band (d), and C-band (e). 
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Figure 5: Information content (KTHT) of the observations in a daily soil moisture analysis 
assimilating 6-hourly (a, c, e) and hourly (b, d, f) screen-level observations and satellite 
observations for three days: 1 May (a, b), 15 July (c, d) and 1 October (e, f) 2005. Bars 
show the number of assimilated observations (log axis). 
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Figure 6: Information content (KTHT) of the observations in a daily soil temperature 
analysis assimilating 6-hourly (a, c, e) and hourly (b, d, f) screen-level observations and 
satellite observations for three days: 1 May (a, b), 15 July (c, d) and 1 October (e, f) 
2005. Bars show the number of assimilated observations (log axis). 
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Figure 7: Normalized Information content (% weight in the analysis) of a single 
observation in a daily soil moisture (gray) and temperature (black) analyses assimilating 
hourly screen-level observations and satellite observations (average over three days). 
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Figure 8: Relative Information content (% weight in the analysis) of the observations in a 
daily soil moisture analysis assimilating 6-hourly screen-level observations and satellite 
observations using the atmospheric coupled system (GEM 15 km) and the off-line system 
(MEC 15 km) for 5 July 2004 (Number of considered points =89223). 
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Figure 9: RMSE and BIAS for screen-level temperature (a, T2m [K]) and relative 
humidity (b, RH2m [%]) along a 24-hour off-line integration (before and after a land 
surface analysis) of Tp and Wp. Bars show the number of observations (right axis). 
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Figure 10: Information content of hourly T2m (a) and RH2m (b) when assimilating one 
time-slot in a 24-h time window for the daily soil moisture (Wp, in gray) and soil 
temperature (Tp, in black) analyses. Number of assimilated observations each hour (~ 
105). 
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