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Hemisphere: Development, Evaluation and Uncertainty Quantification 
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Supervisor:  Zong-Liang Yang 

 

The past few decades have seen decreasing trends of snow-covered regions in the 

Northern Hemisphere. It remains unknown how these trends affect the spatial and 

temporal variability of snowpack water storage, a variable with significant implications 

for managing water resources to meet agricultural, municipal, and hydropower demands. 

To improve snowpack estimates, this dissertation developed a new snow data 

assimilation system (SNODAS) through multi-institutional collaborations. The new 

SNODAS consists of coupling of the Community Land Model version 4 (CLM4) and the 

Data Assimilation Research Testbed (DART), which is capable of assimilating multi-

sensor satellite observations including the Moderate Resolution Imaging 

Spectroradiometer (MODIS) snow cover fraction (SCF) and the Gravity Recovery and 

Climate Experiment (GRACE) terrestrial water storage (TWS) anomalies.  

            This dissertation describes the new SNODAS, presents the results of the data 

assimilation of MODIS SCF and GRACE TWS observations, and assesses the influence 

of uncertainties from multiple sources on the SNODAS performance. The first two 

studies compared the open loop run and the assimilation runs to evaluate the data 

assimilation (DA) performance. Data assimilation results were also evaluated against 
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other independent observation-based snow data on daily and monthly timescales. Both 

assimilations can improve the snowpack simulations in CLM4; their strengths and 

drawbacks were discussed. When only MODIS SCF is assimilated, the innovation (i.e. 

the difference between analysis and forecast) is marginal in the regions where the snow 

cover extent reaches 100% regardless of snow mass changes. Further assimilation of 

GRACE TWS anomalies, however, can adjust the modeled snowpack, resulting in 

noteworthy improvements over the MODIS-only run in high-latitude regions. The 

effectiveness of the assimilation was analyzed over several Arctic river basins and 

various land covers. The third study discussed the influences of atmospheric forcing, 

model structure, DA technique, and satellite remote sensing product within the 

framework of SNODAS. The atmospheric forcing uncertainty is found to be the largest 

among the various uncertainty sources examined, especially over the Tibetan Plateau and 

most of the mid- and high-latitudes. The uncertainty of model structure as represented by 

two different parameterizations of SCF is the second largest. DA methods and products 

of GRACE TWS data have relatively less impacts.  This study also showed that CLM4.5 

produces better TWS anomalies than CLM4, which would have implications for 

improving the performance of GRACE TWS data assimilation. 
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CHAPTER 1: Introduction 

 

1.1 IMPORTANCE OF SNOWPACK ESTIMATION IN CLIMATE AND HYDROLOGY 

Snow plays a unique role in both climate and hydrology. Its special physical 

properties (high albedo, low thermal conductivity, and ability to change phase) 

significantly modulate energy and water exchanges between the atmosphere and the land 

surface [Goodison et al., 1999].  

Snowpack acts as a key surface condition for the atmosphere and influences 

atmospheric predictability through its impact on surface energy and water budget 

especially during and after snowmelt. Snow can increase surface albedo and reflect more 

solar radiation hence cools the near-surface atmospheric temperature. In addition, the 

melting processes and subsequent evaporation of the melted water alter the energy and 

water budget between land and air [e.g., Peings et al., 2010].  

As a common snowpack measurement, snow water equivalent (SWE) is the 

amount of water contained within the snowpack, which is important for water resources 

management and hydrological forecasts in regions where streamflow depends on 

snowmelt [Armstrong and Brown, 2008]. In many Northern Hemisphere cold-region river 

basins (usually located at greater than 45°N or mountainous regions), snowmelt is the 

major source of surface runoff [Barnett et al., 2005]. As a result, snowmelt largely 

influences the seasonal variation of river discharge at northern mid- and high- latitudes 

[Dai and Trenberth, 2002]. In regions where streamflow is dominated by snowmelt, the 

performance of hydrological forecasts largely depends on snowpack estimates at the 

beginning of the forecast period [Clark and Hay, 2004]. Snowmelt is a large component 
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of freshwater flowing into the Arctic Ocean, affecting thermohaline circulation and in 

turn modulates atmospheric circulation [e.g., Yang et al., 2003].  

Furthermore, snowpack impacts atmospheric circulation through teleconnections. 

Numerous modeling and observational studies have shown an inverse relationship 

between the winter- and springtime Eurasian snow covered area and summertime Indian 

Monsoon rainfall [e.g., Vernek et al., 1995; Bamzai and Shukla, 1998; Turner and Slingo, 

2011], and subsequently imply the effect of Eurasian snow cover on ENSO events [e.g., 

Barnett et al., 1989]. 

 

1.2 CURRENT AVAILABLE SNOW DATA SOURCES 

Given the importance of snow in climate and hydrology, snow measurements tend 

to be very limited [e.g., Hirschi et al., 2006]. Ground measurements are difficult to obtain 

in many regions especially in complex terrains. In addition, ground measurements usually 

lack spatial representativeness, especially in regions of high heterogeneity [Liston, 2004]. 

Satellite remote sensing therefore plays an important role in producing global 

snowpack estimates. Based on the optical properties of snow, observations of visible and 

near-infrared bands can detect snow extent for most land surfaces [e.g., Hall et al., 2002], 

and observations of passive and active microwave can estimate snow mass [e.g., Chang 

et al., 1982]. However, satellite remote sensing has large errors in certain circumstances. 

For example, visible and near-infrared observations cannot discriminate snow from 

clouds [Hall and Riggs, 2007], and microwave-based snow retrievals will greatly 

underestimate snow mass when water is present in snow [Foster et al., 2005]. Moreover, 

products from different observing systems may show discrepancies due to their varying 

retrieval methods and spatial resolutions. With the absence of ground truth, comparing 
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these products is difficult. For example, year-round disagreements among products in the 

Tibetan Plateau are reported [Savoie et al., 2007]. 

Land surface models (LSMs) offer another approach whose advantages include 

providing spatially and temporally continuous land states that are energy- and water-

balanced. However, LSMs contain inevitable errors resulting from biased input forcing 

data, simplified model structure, and imperfect parameterization schemes [Kato et al., 

2007]. 

Data assimilation (DA) techniques, which statistically combine model forecasts 

with observations based on their uncertainties, have greatly advanced in recent years to 

improve our estimates of snowpack [e.g., Andreadis and Lettenmaier, 2006; Slater and 

Clark, 2006; Su et al., 2008, 2010]. A variety of observations have been assimilated into 

LSMs at regional and continental scales, showing improvements in snow simulations 

[e.g., Su et al., 2010; De Lannoy et al., 2012]. This dissertation develops a new snow data 

assimilation system (SNODAS) and focuses on the assimilation of two satellite 

observations, i.e. (i) the Moderate Resolution Imaging Spectroradiometer (MODIS) snow 

cover fraction (SCF) and (ii) the Gravity Recovery and Climate Experiment (GRACE) 

terrestrial water storage (TWS). 

           

1.3 RESEARCH QUESTIONS AND OBJECTIVES 

The research questions addressed in this dissertation are: 

(a) Where and when does assimilating MODIS SCF observations improve snow 

simulations in the land surface model? 

(b) Can GRACE TWS assimilation add value to snow DA? 

(c) How does the SNODAS respond to uncertainties from multiple sources? 
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By addressing the above questions, this dissertation contributes to a more 

comprehensive understanding of the strengths and drawbacks of multivariate snow data 

assimilation. The overall goal of this study is to develop and evaluate the SNODAS and 

also provide uncertainty quantifications for future development. The specific objectives 

of this dissertation are: 

(a) Build a new SNODAS with the capability of assimilating multivariate 

observations and the flexibility to evolve in terms of LSM parameterizations 

and DA methods. 

(b) Utilizing the SNODAS to assimilate MODIS SCF and GRACE TWS data, 

evaluate contributions of these two satellite observations to improvements in 

snow simulations, and uncover the factors that are impeding good 

performance. 

(c) Inform the snow research community of the relative contributions of various 

uncertainty sources to snow DA. 

 

1.4 OUTLINE OF THIS DISSERTATION 

Chapter 2 describes the snow data assimilation framework (SNODAS) based on 

the linkage between the Community Land Model Version 4 (CLM4) and the Data 

Assimilation Research Testbed (DART). The SNODAS is applied to assimilate the 

MODIS SCF observations, of which the performance is evaluated in the observation 

space and the model space. Chapter 3 presents the modification of SNODAS to assimilate 

GRACE TWS and MODIS SCF observations jointly. The performance of the joint 

assimilation with respect to improving snow states is evaluated against other independent 

observation datasets in the Northern Hemisphere, with special focus on six Arctic river 
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basins. Chapter 4 quantifies various uncertainty sources in snow SCF and TWS DA 

within the framework of SNODAS. Experiments are conducted to evaluate and compare 

the influence of each uncertainty. Chapter 5 summarizes the major findings in this 

dissertation and suggests future work.   
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CHAPTER 2: Assimilation of MODIS Snow Cover through the Data 
Assimilation Research Testbed and the Community Land Model 

Version 41 

 

2.1. ABSTRACT 

To improve snowpack estimates in Community Land Model version 4 (CLM4), 

the Moderate Resolution Imaging Spectroradiometer (MODIS) snow cover fraction 

(SCF) was assimilated into the Community Land Model version 4 (CLM4) via the Data 

Assimilation Research Testbed (DART). The interface between CLM4 and DART is a 

flexible, extensible approach to land surface data assimilation. This data assimilation 

system has a large ensemble (80-member) atmospheric forcing that facilitates ensemble-

based land data assimilation. We use 40 randomly chosen forcing members to drive 40 

CLM members as a compromise between computational cost and the data assimilation 

performance. The localization distance, a parameter in DART, was tuned to optimize the 

data assimilation performance at the global scale. Snow water equivalent (SWE) and 

snow depth are adjusted via the ensemble adjustment Kalman filter, particularly in 

regions with large SCF variability. The root-mean-square error of the forecast SCF 

against MODIS SCF is largely reduced. In DJF (December-January-February), the 

discrepancy between MODIS and CLM4 is broadly ameliorated in the lower-middle 

latitudes (23°–45°N). Only minimal modifications are made in the higher-middle (45°–

66°N) and high latitudes, part of which is due to the agreement between model and 

                                                 
1Substantial portions of this chapter were previously published in Zhang, Y.-F., T. J. Hoar, Z.-L. Yang, J. 
L. Anderson, A. M. Toure, and M. Rodell (2014), Assimilation of MODIS snow cover through the Data 
Assimilation Research Testbed and the Community Land Model version 4, J. Geophys. Res.–Atmos., 119, 
7091–7103, doi:10.1002/2013JD021329. Y.-F. Z., and Z.-L. Y. designed research; Y.-F. Z., and T. J. H. 
performed research; A. M. T. prepared part of the data; J. L. A., and M. R. contributed discussion and 
revisions; and Y.-F. Z. wrote the paper. The References section contains full citations for all articles 
referenced here. 
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observation when snow cover is nearly 100%. In some regions it also reveals that CLM4-

modeled snow cover lacks heterogeneous features compared to MODIS. In MAM 

(March-April-May), adjustments to snow move poleward mainly due to the northward 

movement of the snowline (i.e., where largest SCF uncertainty is and SCF assimilation 

has the greatest impact). The effectiveness of data assimilation also varies with 

vegetation types, with mixed performance over forest regions and consistently good 

performance over grass, which can partly be explained by the linearity of the relationship 

between SCF and SWE in the model ensembles. The updated snow depth was compared 

to the Canadian Meteorological Center (CMC) data. Differences between CMC and 

CLM4 are generally reduced in densely monitored regions. 

 

2.2. INTRODUCTION 

A variety of snowpack products have been generated for hydroclimatic analysis 

and evaluation of climate models. Ground measurements usually lack spatial 

representativeness, especially in regions of high heterogeneity [Liston, 2004], and are 

difficult to obtain in many regions especially in complex terrains; therefore, satellite 

remote sensing plays an important role in producing global snowpack estimates. Based 

on the optical properties of snow, observations of visible and near-infrared bands can 

detect snow extent in most land surfaces [e.g., Hall et al., 2002], and observations of 

passive and active microwave can estimate snow mass [e.g., Chang et al., 1982]. 

However, satellite remote sensing has large errors in certain circumstances. For example, 

visible and near-infrared observations cannot discriminate snow from clouds [Hall and 

Riggs, 2007], and microwave-based snow retrievals will greatly underestimate snow mass 

when water is present in snow [Foster et al., 2005]. Moreover, products from different 
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observing systems may show discrepancies due to their varied retrieval methods and 

spatial resolutions. With the absence of ground truth, comparing these products is 

difficult. For example, year-round disagreements among products are reported in the 

Tibetan Plateau [Savoie et al., 2007]. 

Land surface models (LSMs) offer another alternative whose advantages include 

providing spatially and temporally continuous land states that are energy and water 

balanced. But LSMs contain inevitable errors resulting from biased input forcing data, 

simplified model structure, and imperfect parameterization schemes [Kato et al., 2007]. 

We will show that incorporating satellite snow observations into state-of-the-art LSMs is 

a way to obtain more accurate and spatially temporally continuous snow products. 

Data assimilation techniques, which statistically combine model forecasts with 

observations based on their uncertainties, have been developed to improve our estimates 

of snowpack [e.g., Andreadis and Lettenmaier, 2006; Slater and Clark, 2006; Su et al., 

2008]. A variety of observations have been assimilated into LSMs at regional and 

continental scales, showing promising result.  

MODIS can detect snow cover based on the contrast in reflectance of snow 

between visible and near-infrared bands [Hall et al., 2002]. The assimilation of MODIS 

SCF data has been tested in multiple land surface models (LSMs) and hydrological 

models using various DA methods. Among the DA methods, the ensemble Kalman filter 

(EnKF) is most commonly chosen due to its computational efficiency and satisfying 

performance for hydrological DA [Andreadis and Lettenmaier, 2006]. The assimilation 

of MODIS SCF via EnKF improves SCF estimates [e.g., Andreadis and Lettenmaier, 

2006; Fletcher et al., 2012; Zhang et al., 2014] and snow depth/SWE estimates generally 

[e.g., Andreadis and Lettenmaier, 2006; Su et al., 2008; Zhang et al., 2014]. However, 

large biases of SWE or snow depth are found in boreal forests [Su et al., 2008; Zhang et 
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al., 2014] because of limitations of MODIS sensors in detecting snow in the densely-

forested regions [e.g., Simic et al., 2004; Salomonson and Appel, 2004] and model 

deficiencies in simulating snow-covered forests [e.g., Niu and Yang, 2004; Chen et al., 

2014]. In addition, MODIS only observes whether a pixel is covered by snow but does 

not measure snow mass and it is only available for daytime cloud-free conditions.  

This study differs from previous studies in the way that we apply a new data 

assimilation framework with a large ensemble atmospheric forcing and provides future 

potentials for testing multiple ensemble-based data assimilation algorithms. We also 

provide analysis of data assimilation performance in various perspectives, which offers 

ideas in improving snow data assimilation for future work.  

This study employs the Data Assimilation Research Testbed (DART) to 

assimilate the Moderate Resolution Imaging Spectroradiometer (MODIS) snow cover 

fraction (SCF) data into the Community Land Model version 4 (CLM4) and update snow 

water equivalent (SWE) and snow depth. Background information including data 

assimilation techniques, CLM4, DART, and the linkage between DART and CLM4 is 

provided in section 2.3. Observational data assimilated into our DART/CLM4 system, 

meteorological forcings for CLM4, and experimental design are discussed in section 2.4. 

Results are analyzed in section 2.5, followed by conclusions in section 2.6. 

 

2.3. BACKGROUND 

2.3.1. The Ensemble Adjustment Kalman Filter and DART 

The ensemble Kalman filters (EnKFs) uses a Monte Carlo method to estimate 

model forecast error statistics [Evensen, 1994]. The DART has incorporated a variety of 

ensemble-based filters, e.g., the traditional EnKF, the deterministic ensemble adjustment 
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Kalman filter (EAKF), and a non-Gaussian rank histogram filter. The EAKF is used in 

this paper; equations and implementations are documented in Anderson [2001]. As 

opposed to the traditional EnKF that adds a random perturbation to observation, the 

EAKF is a deterministic algorithm based on the observation uncertainty and the estimated 

model forecast error. 

Land data assimilation algorithms are commonly embedded within LSMs [e.g., Su 

et al., 2010], which makes it difficult to maintain the codes if LSMs or data assimilation 

algorithms are updated frequently. The DART developed at the National Center for 

Atmospheric Research (NCAR) has overcome this difficulty by developing a well-

organized software environment with various ensemble-based assimilation methods that 

are independent of the details of a dynamical model or biogeophysical model. DART has 

already been coupled with the Community Atmospheric Model (CAM4) [Raeder et al., 

2012] and produced an 80-member ensemble atmospheric reanalysis. The atmospheric 

ensemble reanalysis output can provide ensembles of atmospheric forcing fields for land 

or ocean ensemble assimilations. The atmospheric reanalysis samples the uncertainty 

associated with atmospheric model error and limited atmospheric observations while 

maintaining appropriate relationships (for instance, approximate geostrophic balance) 

between the variables in each ensemble member. Many traditional land data assimilation 

studies add random perturbations to a single set of forcing fields (mainly precipitation 

and temperature) and may not retain the appropriate balances between different 

atmospheric variables. Besides providing basic ensemble data assimilation algorithms, 

DART also includes other algorithms necessary to produce high quality assimilations in 

high-dimensional models. More details about DART are documented in an overview 

paper [Anderson et al., 2009]. 
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2.3.2. CLM4 and Its Snow Model 

CLM4 [Lawrence et al., 2011], the land component of the Community Earth 

System Model (CESM) [Gent et al., 2011], is used in this study for several reasons. First, 

CLM is a land surface model that benefits from the efforts of the worldwide community. 

Active improvements and refinements are continuously being added into CLM. Second, 

CLM4 is a state-of-the-art model that has an advanced hydrology scheme. It deepens soil 

columns to 42 m using 15 layers, with the first 10 layers (3.8 m) hydrologically active 

and the bottom 5 layers accounting for thermal interactions with the underlying deep 

ground. Third, CLM4 has a sophisticated snow parameterization scheme that simulates 

snowpack with up to five layers depending on the snowpack’s thickness. Besides internal 

physical processes such as water-heat transport, thawing-freezing, liquid water retention, 

and densification, the CLM4 snow model also accounts for snowpack radiation properties 

by coupling to the Snow and Ice Aerosol Radiation model [Flanner and Zender, 2005, 

2006; Flanner et al., 2007]. Climate models parameterize SCF as a function of grid-mean 

snow depth, and this functional relationship takes a wide range of forms in literature 

[Liston, 2004]. Note that these SCF and snow depth relationships are equivalent to the 

snow depletion curves in watershed-scale snow modeling [Luce and Tarboton, 2004]. 

Niu and Yang [2007] parameterized SCF as a function of snow density and snow depth 

based on monthly analyses; this SCF depletion curve was implemented in CLM4 and 

generates more realistic SCF [Lawrence et al., 2011]. This snow depletion curve is used 

as the observation operator in the EAKF to simulate the observed state (SCF) based on 

prognostic variables (snow depth) in CLM4. 

CLM4 is run at 0.9° × 1.25°. The spatial land surface heterogeneity in CLM4 

enables that each grid may have multiple columns to capture potential variability in the 

snow state variables within a grid cell [Oleson et al., 2010]. We area-weight all the 
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columns of SCF in a grid cell to get an observational estimate, which is suboptimal when 

the observation grid is different from the model grid (e.g., site observations). We directly 

update SWE via data assimilation and adjust snow depth based on the physical 

relationship between SWE and snow depth, i.e., the change in snow depth is the change 

in SWE divided by snow density. Snow density is calculated as prior snow mass divided 

by prior snow depth. The CLM snow-layer division and combination is handled by 

comparing the snow depth in each layer with its predetermined minimum and maximum 

values. From the assimilation perspective, it is desirable to adjust SWE directly and then 

redistribute the new SWE to the snow depth in each layer according to the above snow-

layering scheme. 

 

2.3.3. DART and CLM4 

This section describes how DART and CLM4 are linked to form the land snow 

data assimilation system (SNODAS). The SNODAS leverages the “multi-instance” 

capability in CESM (beginning from version 1_1_1) that enables multiple instances of 

model components to be run within a single executable. The ensemble of CLM4 

instances is stopped every 24 h (at 00 UTC), and restart files are written. DART then 

reads a subset of the variables from the restart file (the prior or forecast) and a set of 

observations for that time. An observation operator projects the model states to the 

observation space, and DART performs assimilation. The updated variables (the posterior 

or analysis) are then inserted back into the CLM4 restart file to be used for the next 

forecast cycle (Figure 2.1). The snow depletion curve in CLM4 parameterizes SCF, a 

diagnostic variable, as a function of snow density and snow depth, serving as the 

observation operator in the EAKF. The model resolution is 0.9° × 1.25°, and MODIS 
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observations are scaled up to the same resolution. DART only needs to find the grid cells 

of the observations and performs assimilations there. In rare occasions where CLM4 

ensemble members are not consistent in regard to the snow presence, i.e., some members 

may predict that it is snow-free in a particular grid while others may predict that there is a 

shallow snow layer in that grid, we do not perform data assimilation. 

 

2.4. EXPERIMENTAL SETUP AND DATASETS 

2.4.1. MODIS Satellite SCF Observations 

We assimilated the MODIS SCF observations into CLM4 through DART. 

MODIS sensors (http://modis.gsfc.nasa.gov/) detect snow cover based on the property 

that snow has higher reflectance in visible bands and lower reflectance in near-infrared 

bands [Salomonson and Appel, 2004]. This retrieval algorithm is supplemented by 

several approaches to map snow on cloudy days [Parajka and Blöschl, 2008; Hall et al., 

2010].  

The MODIS/TERRA daily, 0.05° resolution global climate modeling grid (CMG) 

snow products (MOD10C2; http://modis-snow-ice.gsfc.nasa.gov/?c=MOD10C2) are 

used in this study. The absolute accuracy of MODIS SCF observations can be about 90% 

but really depends on snow conditions and land cover types [Hall and Riggs, 2007]. The 

accuracy is largely limited under cloudy conditions, when trace amounts of snow are 

present, and over complex terrain and forested regions.  To take into account the data 

quality problem associated with clouds, we followed Rodell and Houser [2004] to 

upscale the MODIS SCF data from its original resolution to the model resolution 

(0.9°×1.25°), discarding the proxy observations with sky visibility less than 20% and 

average all the other proxy observations within one model grid cell to obtain the MODIS 
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observed snow cover of that grid cell.  A stationary observation error, 0.1, is chosen as 

suggested by previous studies [e.g., Andreadis and Lettenmaier, 2006]. 

 

2.4.2. Meteorological Forcings from DART/CLM4 

We use an atmospheric ensemble reanalysis to introduce uncertainties to the snow 

states in CLM4; the ensemble reanalysis products are from DART/CAM4 and preserve 

the full covariance of each model state while maintaining variability consistent with 

observational uncertainty. CAM4 is the atmospheric component of the CCSM4, a general 

circulation model used widely for both past and current climate studies as well as climate 

projections [Gent et al., 2011]. DART/CAM4 [Raeder et al., 2012] assimilated 

observations that are used in the NCEP–NCAR reanalysis plus radio occultation 

observations from the Constellation Observing System for Meteorology Ionosphere and 

Climate (COSMIC) [Anthes et al., 2008]. The CAM4 ensemble reanalyses have been 

used to force version 2 of the Parallel Ocean Program (POP2) [Danabasoglu et al., 

2010], generating a reasonable ensemble spread and a significantly improved POP2 

analysis. We assume that the ensemble spread in CLM4 members is mainly from the 

meteorological forcing, which is consistent with previous studies [e.g., Carpenter and 

Georgakakos, 2004; Slater and Clark, 2006] indicating that the uncertainty of 

hydrological models is dominated by forcing uncertainty. Investigating uncertainties 

caused by model structures or parameterization schemes is beyond the scope of this 

study. We use 40 out of the 80-member DART/CAM4 reanalyses randomly to drive the 

same number of CLM4 ensemble members. We chose 40 ensemble members as a 

compromise between computational cost and the EAKF performance [e.g., Reichle et al., 

2002]. 
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2.4.3. Independent Observation-Based Snow Product for Comparison 

The Canadian Meteorological Center (CMC) produces one of the few global snow 

maps (http://nsidc.org/data/nsidc-0447) incorporating site observations, aircraft 

detections, and snow models [Brown et al., 2003].  The CMC snow map has been 

recognized as the best available global data and is used by many studies to validate model 

results [e.g., Su et al., 2010; Reichle et al., 2011].  Daily snow depth and seasonal snow 

maps were compared directly to our model results. 

 

2.4.4. Experiments 

In addition to the open-loop case that uses the standard CLM4 settings, we 

conducted eight experiments to tune the localization distance [Gaspari and Cohn, 1999] 

to optimize the data assimilation performance. The experiments are listed in Table 2.1. 

The localization distance limits the influence of observations to nearby grid cells. 

The influence of observation on nearby grid cells is quantified by their correlation 

multiplied by a regression weight factor [Gaspari and Cohn, 1999] that decreases with 

distance. The regression weight decreases to zero at 2 times the localization distance. The 

significance of spreading information from the observed to the unobserved grids through 

the background correlations in land data assimilation is identified by Reichle and Koster 

[2003]; however, spurious correlations in two widely spread variables, due to a limited 

ensemble size [Anderson, 2007], will degrade the data assimilation performance [Hamill 

et al., 2001]. The localization distance should be properly set to avoid spurious error 

correlations and maximize the value of observations. Based on our knowledge of the 

correlations between horizontal grid cells of CLM4, we tested a set of localization 
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distances (0.01, 0.03, 0.05, 0.07, 0.1, 0.15, 0.2, and 0.3 rad) and chose the distance that 

optimizes the data assimilation performance as defined in section 2.5.1. 

 

2.5. RESULTS AND DISCUSSION 

2.5.1. Observation Space Diagnostics 

The effectiveness of the data assimilation can be evaluated in “observation space” 

by comparing the model forecast estimates of the observations to the actual observations. 

We used root-mean-square error (RMSE), the square root of the average squared 

difference between the model estimates and observations, to evaluate the data 

assimilation performance. The evolution of daily RMSE of SCF (Figure 2.2) shows how 

the model forecast errors are reduced by the assimilation of observations. The RMSE has 

little variability as a function of time, indicating that the assimilation is stable, neither 

drifting away from the observations nor converging to the observations. Figure 2.2 also 

shows that the RMSE varies with the number of observations. November and early 

December have fewer observations which can be associated with increased RMSE in the 

same time period. Large cloud obscurations are found over the extratropics in the 

Northern Hemisphere (figures not shown), impeding snow cover identification in this 

time period; consequently, the number of reliable SCF observations decreases. As 

observations become more numerous after late December, there is an obvious decreasing 

trend in the RMSE. 

To determine the localization distance that optimizes the data assimilation 

performance, we analyzed eight localization experiments (Table 2.1); the daily forecast 

RMSE of SCF from these experiments in the latitudinal bands spanning from 25°N to 

75°N are shown in Figure 2.3. The RMSE evolves in time with similar patterns, i.e., 
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increasing as the number of observations decreases and vice versa. The spread of RMSE 

among these eight experiments becomes large after December. Case LOC0.05 is clearly 

superior to the other experiments as it produces the smallest RMSE for most days. To 

better quantify the behaviors of these seven experiments, we calculated area-averaged 

forecast and analysis RMSE for several regions (Figure 2.4). It confirms that LOC0.05 

outperforms other experiments in the region of 25°N to 75°N, and in the regions of 45°N 

to 75°N and North America (NA). LOC0.03 produces slightly smaller RMSE than 

LOC0.05 in Eurasia, which demonstrates that the optimal localization distance may vary 

with space. Overall, LOC0.05 outperforms other localization distance experiments, which 

indicates that the horizontal error correlation length of snow states in CLM4 is roughly 

0.05 rad (about 300 km). Since the error correlation in the land model is solely dependent 

on that of the atmospheric forcing, we believe the heterogeneity of localization distance is 

decided by the atmosphere model. Knowing that, we do not further explore the space-

dependent localization distance and choose 0.05 rad (about 300 km) as the optimal 

localization distance that produces the smallest RMSE globally. 

 

2.5.2. Model Space Diagnosis 

Based on the EAKF theory, data assimilation tends to reduce biases in regions 

with large model ensemble spread (i.e., uncertainty); hence the ensemble spread pattern 

offers hints of where we expect the assimilation to have the greatest impact.  In DJF 

(December–February; Figure 2.5(a)), the SCF spread is largest in the lower-middle 

latitudes (23º – 45º N), with particularly high values in the Tibetan Plateau, northeastern 

China, the Caspian Sea and Black Sea region, and the Rocky Mountain areas. The SCF-

ensemble spreads in the southern Alaska and Canadian boreal forest regions are also 
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comparatively large. Spread in higher-middle (45º–66º N) and high latitudes is hardly 

observable; this is simply because the SCF in all the land model members increases to 

unity quickly in DJF. In MAM (March–May; Figure 2.5 (b)), the ensemble spread 

increases both in the higher-middle and high latitudes. Conversely, it decreases in the 

lower-middle latitudes; values are still large in the Tibetan Plateau and part of the Rocky 

Mountain regions. Figure 2.5 suggests that the SCF uncertainty is large along snowline 

(typically over high-elevation regions and dense vegetation-covered regions). The 

CAM4-induced reanalysis has accordingly large snowfall and surface air temperature 

spread in high-elevation areas (e.g., the Tibetan Plateau, the Iranian Plateau, the 

Mongolian Plateau, and the Rocky Mountains) and are very likely to pass a large 

uncertainty into CLM. In dense-vegetated regions, the interaction between plants and the 

land surface are complex, and the parameters are less constrained by observations, 

resulting in a large uncertainty in CLM4. For example, as small forcing uncertainty (in 

CAM4) is found in southern Alaska, large snow uncertainty is thus mostly due to the 

dense vegetation as it has a fairly large portion of needle-leaf-evergreen boreal trees. 

Based on the SCF spread pattern, we expect that data assimilation will mainly impact the 

lower-middle latitude regions in DJF and higher-middle and high latitudes in MAM.  

Comparisons between modeled and MODIS-observed SCF reveal internal CLM4 

biases and the effects of data assimilation. In DJF, a large portion of observations are 

unavailable due to cloud obscuration and lack of sunlight. We only compare the regions 

where we have observations throughout more than half of the season. The open loop run 

overestimates SCF in the Tibet Plateau, northern and northeastern China, central Great 

Plains, and underestimates SCF in the southern part of the Rocky Mountains, compared 

to MODIS SCF (Figure 2.6 (a)). Discrepancies between model and observations are 

reduced in the data assimilation run as would be expected (Figures 2.6 (c) and (e)); 
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however, assimilation updates are limited in the higher-middle and high latitude regions 

(e.g., central Eurasia, northern Alaska, and western Canada; Figure 2.7 (a)), due to the 

small spread of the CLM4 ensembles in these regions and the lack of observations. 

Almost all ensemble members generate full snowpack and are no longer strongly 

influenced by the observations. In cases where model members indicate full snowpack 

while the observations do not, this could possibly be ameliorated by incorporating rule-

based algorithms to manually adjust snowpack [e.g., Zaitchik and Rodell, 2009; De 

Lannoy et al., 2012], or by adding some spread to the ensembles. In MAM, we have more 

observations available (Figures 2.6 (b) and (d)). Data assimilation reduces SCF biases in 

most observed regions (e.g., the Tibetan Plateau and northern China) but increases SCF 

biases in some particular regions (e.g., northeastern China; Figure 2.6 (f)); the 

adjustments move poleward from DJF to MAM as expected (Figure 2.7 (a) and (c)). 

Increased SCF biases in some of the regions suggest that even though we insert a SWE 

estimate that incorporates MODIS SCF information, a more accurate SCF estimate is not 

guaranteed.   

The overall modification of SWE is consistent with that of SCF (Figures 2.7 (b) 

and (d)); however, the poleward shift of the pattern from DJF to MAM is not apparent for 

SWE, which can be attributed to the non-linear relationship between SWE and SCF in 

CLM4. As stated in Section 2.3.2, we directly updated the unobserved SWE given the 

observed SCF through the EAKF, and let the model physics and parameterization 

schemes propagate the observation information.   Hence the data assimilation 

performance partially depends on the snow depletion curve.  In the lower-middle 

latitudes, since SCF is generally less than 80%, SCF is very sensitive to SWE and is more 

sensitive during the snow accumulation season (i. e., DJF; Figure 2.8 (a)) than during the 

snow melting season (i.e., MAM). For example, SWE is reduced by almost the same 
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amount in DJF and MAM in the Tibetan Plateau, but SCF is reduced much more in DJF 

than in MAM. In the higher-middle and high latitudes, SCF is much larger and closer to 

unity, especially in DJF; as a consequence, SCF is not sensitive to SWE (Figure 2.8 (b)). 

Although SWE is changed by a fair amount, SCF remains almost unchanged (Figures 2.7 

(c) and (d); e.g., over the vast Siberia region). 

The EAKF linearly regresses the SCF observational increments onto the 

increments of the unobserved SWE [Anderson et al., 2009].  As a result, the linearity of 

the relationship between the ensemble SWE and the ensemble SCF is important in 

limiting the error of the EAKF. Figure 9 shows the relationship between SWE and SCF 

over two typical grid cells, one over grass and the other over boreal forest. SCF usually 

reaches unity quickly in DJF in boreal forest. In the case that the SCF of all the ensemble 

members equal one, no ensemble spread is present, and hence the MODIS observed SCF 

has no effect on the model. However, some ensemble members may diverge from the 

majority as suggested by Figure 2.9(a). The ensemble spread of SCF is still present but is 

not Gaussian, nor is the relationship between SCF and SWE linear. The situation 

becomes better in MAM when snow starts to melt (Figure 2.9(b)). Figure 2.9(c) and (d) 

display the relationship between SCF and SWE over one grass-dominant grid cell for 

DJF and MAM, respectively. The relationship is quite linear, though not perfectly. 

Consequently, the data assimilation performance may be limited, or even degraded, over 

boreal forest in DJF, and will show better quality in boreal forest in MAM and over 

grassland. Quality controls could be introduced to discard the SWE increments when 

large errors appear (e.g., the linear regression coefficient between SCF and SWE is 

negative). 
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2.5.3. Comparisons with CMC Snow Depth 

Our modeled snow depth was evaluated using CMC data. The normalized 

absolute difference between assimilated output and CMC data is compared to the 

normalized absolute difference between the open loop output and CMC data (Figure 10). 

Negative values in Figure 2.10 indicate reduced difference between CLM4 and the CMC 

snow depth (i.e., improvement), and positive values indicate degradation. Considering 

that the CMC network is sparse in much of the Northern Hemisphere, large differences 

between model and CMC snow depth do not necessarily indicate large model bias. 

Referring to the site-density map of the CMC data [Reichle et al., 2011, Figure 9(c)], we 

compared our model results to the CMC data in densely monitored regions, which 

include eastern Europe, the northern Great Plains in Canada, the northeastern United 

States, and northern Asia (highlighted in Figure 10 with rectangles). Differences between 

the model and CMC data are generally reduced after assimilating MODIS in these 

highlighted regions. The time series comparisons of snow depth from the model runs and 

from CMC (Figure 2.11) confirm that the data assimilation results match CMC data 

better. Over some portions of the observation-sparse regions, typically in dense forests 

and high-elevation regions, the data assimilation results are further away from the CMC 

data. A good example is over the Tibetan Plateau, where various snow products are often 

found to disagree [Frei et al., 2012].  Future work on reducing the uncertainty of 

simulated snowpack in data-sparse regions is needed. 

 

2.6. CONCLUSIONS 

Based on the linked DART and CLM4, this study developed an extensible system, 

SNODAS, for land data assimilation, and tested the system by assimilating MODIS snow 

cover fraction (SCF) observations. This system is flexible in that land surface models 
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(e.g. CLM) and data assimilation methods (DART) can each be developed independently. 

The system can be easily updated when new versions of CLM are available or when 

DART includes new data assimilation algorithms. The large ensemble of reanalysis 

products used for atmospheric forcing variables overcome the random perturbations 

introduced in conventional data assimilation approaches. In addition, DART allows 

tuning of the localization distance to maximize the value of observations and to 

ameliorate spurious error correlations.  

Compared to the open loop simulations, the RMSE of SCF is largely reduced 

when MODIS data are assimilated. The ensemble spread of SCF for DJF (December–

February) is mainly located in the lower-middle latitudes, while for MAM (March–May), 

the ensemble spread extends northward. Consequently, the data assimilation of MODIS 

SCF is exclusively effective in the lower-middle latitudes in DJF, while notable 

adjustments appear in the higher-middle and high latitudes in MAM. Because of the 

small ensemble size, sampling errors exist when using the SCF observational increments 

to calculate the SWE increments, especially in forests. Compared to the open loop results, 

the snow depth simulations from the data assimilation runs are generally closer to CMC 

data in the densely observed regions but are further away from the CMC data in some 

portions of the Northern Hemisphere where observations are sparse (e.g., in dense forests 

and high-elevation regions). Further work on improving the data assimilation 

effectiveness in DJF and controlling the errors in the relationship between the ensemble 

SCF and snow water equivalent (SWE) are needed.   
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Table 2.1. Localization halfwidth distances of the eight experiments. 
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Figure 2.1. Flowchart showing the coupling of DART and CLM4. 
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Figure 2.2. Evolution of daily RMSE of SCF in the latitudinal bands spanning from 25º 
to 75ºN. The black curve is for the forecast (prior) and the red is for the 
analysis (posterior). Blue circles show the number of observations available 
and blue solid dots show the number of observations that are actually 
assimilated. Time series spans from November 2002 to May 2003. 
Experiment LOC0.01 is chosen. 
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Figure 2.3. Evolutions of daily forecast (prior) RMSE of SCF in the latitudinal band 
spanning from 25º to 75ºN for eight experiments, each has a different 
localization distance. Black curves are for seven experiments: LOC0.01, 
LOC0.03, LOC0.07, LOC0.1, LOC0.15, LOC0.2, and LOC0.3. Red curve is 
for LOC0.05. Blue circles show the number of observations available and 
blue solid dots show the number of observations that are actually 
assimilated. 
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Figure 2.4. Variations of forecast RMSE (blue dots) and analysis RMSE (red dots) for 
eight experiments with localization distances (radians on the X axis) for four 
regions: (a) 25º–75º N, (b) 45º–75ºN, (c) Eurasia, and (d) NA.   
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Figure 2.5. The ensemble spread of SCF averaged for (a) DJF (December–February) and 
(b) MAM (March–May) in 2002–2003. The ensemble spread is calculated 
as the standard deviation in SCF among 40 ensemble members. SCF values 
are averaged for two seasons before calculating the ensemble spread.  
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Figure 2.6. SCF bias of the control case against MODIS observations for (a) DJF 
(December–February) and (b) MAM (March–May). SCF bias of the data 
assimilation case against MODIS observations for (c) DJF and (d) MAM. 
Change in the normalized absolute difference between model-simulated 
SCF and MODIS observations (data assimilation minus control) for (e) DJF 
and (f) MAM. Normalized absolute difference is defined as the absolute 
difference between model-simulated SCF and MODIS SCF, divided by 
MODIS SCF. Blank in the plots indicates regions where MODIS 
observations are missing for more than half of the season. 
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Figure 2.7. Seasonal mean differences (data assimilation minus control) of SCF for (a) 
DJF (December–February) and (c) MAM (March–May), and SWE for (b) 
DJF and (d) MAM. 
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Figure 2.8. Seasonal mean SCF-SWE relationship for two latitudinal bands spanning (a) 
from 25 º to 55 º N and (b) from 55 º to 75º N. The X axis is SWE in mm, 
while the Y axis shows the percentage of snow-covered area. Each black dot 
represents model states over a particular grid for DJF (December–February) 
and each blue dot represents model states over a particular grid for MAM 
(March–May). 
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Figure 2.9. Seasonal mean SCF-SWE relationship over one typical forest grid for (a) 
DJF (December–February) and (b) MAM (March–May), and one typical 
grass grid for (c) DJF and (d) MAM. Each dot in each plot represents one 
ensemble member. 
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Figure 2.10. Change in the normalized absolute difference between model-simulated 
snow depth and CMC snow depth (data assimilation minus control) for (a) 
DJF (December–February) and (b) MAM (March–May). Normalized 
absolute difference is defined as the absolute difference between modeled 
snow depth and CMC snow depth, divided by CMC snow depth.   

 

 

 

 

 

 

 

 

 



 35

 

Figure 2.11. Time series of snow depth in four regions (the highlighted rectangles in 
Figure 2.10). Black curve represents the CMC data, blue line represents the 
control run, and red line represents the data assimilation run (the localization 
distance is set to be 0.05 radians).  
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CHAPTER 3: Multivariate Land Data Assimilation Using 
DART/CLM4: The Value of Gravity Recovery and Climate Experiment 

(GRACE) Terrestrial Water Storage Data in Northern Hemisphere 
Snow Data Assimilation 

 

3.1. ABSTRACT 

We used the linked Data Assimilation Research Testbed (DART) and Community 

Land Model version 4 (CLM4) to assimilate both Moderate Resolution Imaging  

Spectroradiometer (MODIS) snow cover fraction (SCF) observations and Gravity 

Recovery and Climate Experiment (GRACE) terrestrial water storage (TWS) 

observations in order to improve the simulation of snowpack in CLM4. The ensemble 

means of the atmospheric forcing fields (rainfall, snowfall, downwelling shortwave, and 

downwelling longwave radiations) were bias-corrected, while the ensemble spread 

remained unchanged. Daily snow water equivalent (SWE), soil moisture, and 

groundwater were updated by the assimilation of GRACE monthly TWS observations via 

the modified DART/CLM4, while MODIS SCF observations were assimilated daily. All 

simulations were evaluated in the major Arctic river basins. The TWS variations in 

winter and spring are dominated by SWE as a result of snow accumulation and ablation 

processes. The modifications of amplitude and timing of SWE maximum are consistent 

with those of TWS in winter and spring. Data assimilation improves SWE and snow 

depth simulations over those from the open-loop run in most of the cold regions in the 

Northern Hemisphere. Data assimilation performance was also evaluated for shrub, grass, 

and forest regions. Joint MODIS and GRACE assimilation always outperforms MODIS 

only assimilation; most of the improvements appear over shrub- and grasslands and least 

over forests. The latter may be due to MODIS errors in the forested regions and/or the 
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model’s misrepresentation of SCF and TWS. River discharge shows no improvements, 

suggesting that special attention should be paid to disaggregating TWS and updating 

groundwater via GRACE data assimilation. 

 

3.2. INTRODUCTION 

A reduction of snow cover has been shown throughout the Northern Hemisphere 

in the past few decades [e.g., Dye, 2002; Bulygina et al., 2009; Brown et al., 2010]. It 

remains unknown how the change affects the spatial and temporal variability of 

snowpack water storage, which has significant implications for managing water resources 

to meet agricultural, municipal, and hydropower demands. Snowmelt is a significant 

source of runoff in regions such as the western United States, so an accurate estimate of 

accumulated snow mass is critical for hydrological forecasts in these regions [Clark and 

Hay, 2004]. 

Land data assimilation (DA) techniques, which merge information from 

numerical model forecasts and observations, have been applied to improve estimates of 

land surface and hydrologic quantities, especially snow and soil moisture [Moradkhani, 

2008]. Remote sensing observations are particularly valuable in snow DA studies as they 

capture the spatial and temporal variability of snow. 

The Gravity Recovery and Climate Experiment (GRACE) provides observations 

of terrestrial water storage (TWS) anomalies [Tapley et al, 2004], and can well serve to 

overcome the shortage of MODIS. Snow mass change contributes significantly to TWS 

anomalies in many large river basins during cold seasons. GRACE TWS can be used to 

correct the modeled TWS and its components via DA. Zaichick et al. [2008] first 

attempted to assimilate GRACE TWS using the ensemble Kalman smoother (EnKS) and 
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subsequent studies applied the technique in similar ways [e.g., Su et al., 2010; Forman et 

al., 2012; Li et al., 2012]. Sun et al. [2015] developed a hybrid ensemble four-

dimensional variational assimilation method. Most GRACE DA studies did not focus on 

evaluating the impact on SWE. Su et al. [2010] assimilated GRACE TWS data using the 

EnKS in North America to study their influence on SWE and found large changes in 

SWE mainly in the high-latitudes. They also demonstrated that by assimilating the 

GRACE TWS data, the TWS monthly anomalies are closer to observations in all basins, 

while the performance of SWE is mixed. Forman et al. [2012] evaluated the influence of 

GRACE TWS observations on SWE and runoff in a snow-dominant basin using the 

EnKS and they confirmed that the modeled TWS is closer to observations, while SWE 

and runoff show moderate or no improvements.     

Chapter 2 describes the development of a new snow data assimilation system 

(SNODAS) through multi-institutional collaborations. The SNODAS consists of the 

coupled Community Land Model version 4 (CLM4) [Lawrence et al., 2011] and the Data 

Assimilation Research Testbed (DART) [Anderson et al., 2009], which is an extensible 

and flexible DA system. Zhang et al. [2014] demonstrated how CLM4 simulations of 

snow water equivalent (SWE) can be improved by assimilating MODIS snow cover 

fraction (SCF) into SNODAS. 

This paper extends the SNODAS [Chapter 2; Zhang et al., 2014] to include the 

assimilation of GRACE TWS observations aiming at improving snowpack estimates in 

the Northern Hemisphere. While the process of assimilating GRACE TWS generally 

follows Zaichick et al. [2008], our approach is unique in (i) using ensemble 

meteorological forcing to drive the LSM, (ii) disaggregating the monthly TWS increment 

into relevant model states on daily timescales, and (iii) using an extensible and flexible 

DA system for multi-sensor DA. We pay special attention to large river basins in the high 
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latitudes of the Northern Hemisphere. Our previous work found that improvements in 

snow depth/SWE and snow cover were limited by the number of available SCF 

observations and the fact that SCF DA is not informative when SCF reaches unity [Zhang 

et al., 2014]. Degraded performance is also found in densely-forested regions, as also 

indicated by Su et al. [2008]. We expect that GRACE DA will bring significant 

improvements in SWE especially in the high-latitudes where the MODIS SCF DA is not 

effective.  

In this chapter, we demonstrate the value of assimilating GRACE TWS 

observations by comparing the results with independent snow observations. Section 3.3 

introduces background information including the DA framework, meteorological forcing 

used to drive CLM4, satellite observations assimilated in this study, and independent 

snow datasets for evaluation. Methods and experiments are described in section 3.4. 

Results are analyzed in Section 3.5. Discussions and conclusions are given in sections 3.6 

and 3.7. 

   

3.3. BACKGROUND 

3.3.1. SNODAS 

As described in Chapter 2, the SNODAS is the linked DART/CLM4 assimilation 

and forecast system. DART is an open source software developed at the National Center 

for Atmospheric Research (NCAR) and provides various ensemble-based assimilation 

methods [Anderson et al., 2009]. DART can be linked to a dynamical model or 

biogeophysical model and conduct DA without modifying the model code. DART has 

been coupled with the Community Atmospheric Model version 4 (CAM4) [Raeder et al., 
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2012] and generated an 80-member ensemble atmospheric reanalysis that can drive 

ensembles of land or ocean models for DA.   

As the land model for the Community Earth System Model [Gent et al., 2011], 

CLM4 is one of the most advanced LSMs with a sophisticated hydrology scheme. The 

soil can be as deep as 42 meters divided into 15 layers, of which the first 10 layers (3.8 

m) are hydrologically active while the remaining five layers account for thermal 

interactions with the underlying deep ground. Snowpack is modeled by a multi-layer 

snow mass and energy balance scheme with up to five layers depending on snow depth. 

The model represents internal physical processes within the snow such as heat diffusion, 

water-heat transport, thawing-freezing, densification, and liquid water retention and 

percolation [Oleson et al., 2010], as well as snow radiation transfer [Flanner and Zender, 

2005, 2006; Flanner et al., 2007] and fractional snow cover [Niu and Yang, 2007].      

The SNODAS provides several ensemble-based DA methods and supplementary 

algorithms to improve DA performance and has shown its ability to assimilate 

observations from a single sensor (i.e., MODIS SCF) effectively [Zhang et al., 2014].    

 

3.3.2. Meteorological Forcing From DART/CAM4 

Following Zhang et al. [2014], we forced CLM4 with an atmospheric ensemble 

reanalysis to generate ensemble spread in the snow states. The ensemble reanalysis is a 

product from DART/CAM4 with adaptive inflation and tuned localization resulting in 

ensemble variability consistent with observational uncertainty [Raeder et al. 2012]. This 

6-hourly dataset extends from 1998 to 2010, with the resolution of 1.9°×2.5°.  
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3.3.3. MODIS SCF and GRACE TWS Observations 

The daily MODIS/Terra SCF data at 0.05° resolution (MOD10C2;  

http://modis-snow-ice.gsfc.nasa.gov/?c=MOD10C2) are used in this study. 

MOD10C1 is based on the 500-m MODIS/Terra observations, which provides SCF 

expressed as a percentage of snow observed in a grid cell, as well as a confidence index 

map to inform users an estimate of confidence in the SCF observations [Hall et al., 

2006]. We followed Rodell and Houser [2004] to upscale the data from its original 

resolution to the model resolution (0.9° × 1.25°). Observations with less than 20% 

confidence index were discarded, while all the other observations within one model grid 

cell were averaged to obtain the MODIS-observed SCF of that grid cell.  

The GRACE RL05 land data 

(http://grace.jpl.nasa.gov/data/gracemonthlymassgridsland/) which have a spatial 

resolution of 1°×1° are used in this study. The observations have been multiplied by a set 

of scaling coefficients to account for the surface mass variations attenuated at small 

spatial scales. The processing procedure and error information can be found in Landerer 

and Swenson [2012]. This dataset also provides a spatial map of error estimates 

associated with the measurement errors and leakage errors. GRACE can observe water 

mass changes but only provides monthly data. It observes changes of the whole column 

instead of individual hydrological element like snow, surface water, soil moisture, and 

groundwater.  The method of assimilating monthly GRACE TWS data to update the daily 

vertical components of TWS resolved by CLM4 (SWE, soil moisture, and groundwater) 

is described in section 3.4.1.  
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3.3.4. Independent Snowpack Observation Datasets for Evaluation 

Observations of snowpack are hard to obtain, especially in complex terrains. We 

used the following three snow maps and time series to evaluate our model results. 

Snow depth from the Canadian Meteorological Center (CMC) is recognized as 

one of the best available global snow datasets [e.g., Su et al., 2010; Reichle and Koster, 

2011]. The CMC snow depth data 

(http://nsidc.org/data/docs/daac/nsidc0447_CMC_snow_ depth/; [Brown and Brasnett, 

2010]) incorporate in-situ daily observations, aviation reports, and a simple snow model 

[Brasnett, 1999]. Based on the site-density map [Reichle and Koster, 2011], we paid 

special attention to densely observed regions. In unobserved regions, data were purely 

from model simulations.  

Snow depth retrieved from microwave radiances observed by the Advanced 

Microwave Scanning Radiometer for EOS (AMSR-E) and the Special Sensor Microwave 

Imager (SSM/I), prepared by Che et al. [2008], was also used. Microwave observations 

are not limited to daylight and can see through clouds. However, large uncertainties may 

exist in snow depth or snow water equivalent retrievals from microwave observations, 

especially in densely vegetated areas, wet snow, and areas near water bodies [Andreadis 

and Lettenmaier, 2006]. Che et al. [2008] modified the Chang algorithm [Chang et al., 

1987] for retrieving snow depth from passive remote sensing to suit regions in China. In 

their study, absolute errors were validated against observations at meteorological stations 

in China and were believed to be less than 5 cm for about 65% of all the data.      

Routine snow surveys over various ecosystems run every 10 days (every five days 

during the intense snowmelt) throughout the snow season since 1966 at 517 

meteorological stations in Russia (http://meteo.ru/english/climate/snow1.php). Its SWE 

data were used to evaluate model results in this study. Because the model resolution is 
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coarse, which may not be sufficient to resolve sub-grid peaks and valleys, SWE 

observations from stations whose elevations are significantly different from the mean 

topography is not representative.  Therefore, we excluded stations more than 400 meters 

above or below the mean topography height of the gridcell to obtain a representative 

dataset [Brasnett, 1999]. 

We also evaluated the model results with river discharge observations since 

snowmelt contributes significantly to river runoff during the melt season. Two sources of 

river discharge data were used in this study. The first data are in-situ observations from 

the ArcticRIMS project (http://rims.unh.edu/data.shtml) that monitors real time river 

discharge to the Arctic Ocean. The second were derived from GRACE TWS observations 

and the Japanese 25-year Reanalysis (JRA-25) simulated net precipitation by Landerer et 

al. [2010]. 

 

3.4. METHODS AND EXPERIMENTAL SETUP 

3.4.1. Assimilation of GRACE TWS Observations 

Chapter 2 introduced the SNODAS and successfully assimilated the MODIS SCF 

data. Since GRACE provides low-frequency observations, monthly TWS, we modified 

the framework to assimilate monthly TWS observations along with daily SCF 

observations from MODIS (Figure 3.1).  

Different from MODIS observations that provide instantaneous monitoring of 

snowpack coverage, GRACE estimates of TWS are generated on a monthly basis [Wahr 

et al., 2006]. While the ensemble adjustment Kalman filter (EAKF; [Anderson, 2001]) 

was used to assimilate MODIS SCF observations as they become available [Zhang et al., 

2014], special consideration is needed to assimilate a range of observations to update 
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model states over a period of time [e.g., Zaitchik et al., 2008; Su et al., 2010; Li et al., 

2012; Forman et al., 2012].  As GRACE provides TWS as anomalies from a long-time 

mean, we firstly remove the mean of GRACE TWS anomalies over the experiment time 

and then add a model time mean TWS from a CLM4 open-loop simulation to produce 

absolute TWS estimates. 

Figure 3.1 illustrates how we jointly assimilate GRACE TWS and MODIS SCF 

observations into CLM4. For a given experiment month, two passes are made. The first 

pass advances CLM4 for one month and calculates the model monthly mean TWS. The 

second pass starts at the first day of that month, advances the model for one day and 

updates the SWE, soil moisture, and groundwater based on the assimilation of the 

MODIS SCF and the comparison of the monthly mean TWS from the first pass and the 

GRACE-observed TWS. The SCF and TWS observations are treated as independent and 

the DA process is repeated daily until the last day of that month.  

 

3.4.2. Correcting Precipitation and Radiation Biases in the Meteorological Forcing 

We introduced the meteorological forcing used for this study in Section 3.3.2. The 

DART/CAM4 ensemble reanalysis may contain biases that are commonly found in 

global reanalyses. Since precipitation and radiation are among the most important 

meteorological parameters that modulate snow states, their biases are first corrected in 

the DART/CAM4 ensemble reanalysis as described in the next few paragraphs. 

The Global Precipitation Climatology Project (GPCP) merges multiple sources of 

observations including rain gauges, satellite, and sounding observations 

(http://www.gewex.org/gpcp.html). The merged product is often used to validate climate 

model outputs. We use the GPCP v1.2 pentad product [Xie, 2011] to correct the bias of 
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precipitation from DART/CAM4. Its resolution, 2.5°×2.5°, is rescaled to 1.9°×2.5° to 

match the DART/CAM4 reanalysis. The ensemble mean of the 6-hourly precipitation 

rates (rainfall and snowfall) are scaled, respectively, as follows. 

        , , 	 , , / , ,  

, , 	 , , / , ,  

where , ,  and , ,  are the scaled 6-hourly snowfall and 

rainfall, respectively, from DART/CAM4;  ,  and ,  are the original 

6-hourly snowfall and rainfall, respectively; ,  and ,  are the pentad-mean 

snowfall and rainfall from the model, respectively, and ,  is the pentad GPCP 

precipitation.  

The Clouds and the Earth’s Radiant Energy System (CERES) provides high-

quality Earth radiation budget data including solar-reflected shortwave radiation and 

Earth-emitted longwave radiation (http://ceres.larc.nasa.gov/). The monthly downward 

shortwave and upward longwave radiation data from CERES are used to correct the bias 

of the corresponding radiation terms from DART/CAM4. Its resolution, 1°×1°, is 

rescaled to match the DART/CAM4 reanalysis. The ensemble means of the 6-hourly 

radiation terms (downward solar radiation and downward longwave radiation) are 

rescaled, respectively, as follows. 

                   , , 	 , , / ,  

                   , , 	 , , / ,  

where , ,  and , ,  are the scaled 6-hourly downward solar 

radiation and downward longwave radiation, respectively; ,  and ,  

are the original DART/CAM4 6-hourly downward solar and downward longwave 

radiation, respectively; ,  and ,  are the monthly downward solar and 
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longwave radiation from DART/CAM4, respectively; and ,  and ,  are 

the monthly downward solar and longwave radiation from CERES, respectively.  

Noting that the ensemble means are adjusted to match the GPCP precipitation and 

CERES radiation, each ensemble member is shifted the same amount as the ensemble 

mean to retain the probability distribution function as follows. 

                                         , 	   ; 1,2, … ,80 

where ,  and  represent one ensemble member of the rescaled state and the 

original state, respectively;  and  represent the ensemble mean of the rescaled 

state and the original state, respectively. Although the DART/CAM4 reanalysis dataset 

contains 80 ensemble members, we use only the first 40 to drive our 40 CLM4 ensemble 

members. 

 

3.4.3. Experiment Setup 

We drove a single CLM4 member using the bias-corrected DART/CAM4 forcing 

in 1998 repeatedly for hundreds of years to spinup the model state. The spinup case 

produced a restart file that can be used as the initial condition for 1 January 1998. 40 

CLM ensemble members, each driven by a distinct meteorological forcing, then started 

from the same initial condition from the spinup case and ran from 1 January 1998 to 31 

December 2002.  It generated 40 restart files, which were used as initial conditions for 1 

January 2003, the starting date of our model cases.  

 We have three cases in this study. The open-loop case (OL) did not assimilate 

any observations. The second case (MOD) only assimilated MODIS SCF observations 

while the third case (GRAMOD) assimilated GRACE TWS and MODIS SCF data 
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jointly. The experiments were run for the 2 years from 1 January 2003 to 31 December 

2004.    

 

3.5. RESULTS 

3.5.1. Ensemble Spread and Innovations 

How much DA will influence the model states depends on the relative error 

variances of the model prior ensemble and the observations (Figure 3.2). Figure 3.2b 

shows that the model generally has a large ensemble spread in low latitudes and high-

elevation regions (i.e., the Siberian Plateau and Mongolian Plateau in Eurasia), where 

there is large uncertainty in meteorological forcing, especially precipitation. The 

ensemble spread of soil moisture dominates the total TWS spread in most of the lower 

latitudes (Figure 3.2d), while the ensemble spread of SWE contributes relatively more in 

the higher latitudes (Figure 3.2c). Zhang et al. [2014] showed that the influence of snow 

cover DA is mainly confined to lower-middle latitudes. We expect that the assimilation 

of TWS data will modify snow states in the higher latitudes as a complementary 

contribution. 

Innovation is the difference between the prior and posterior states. Innovation 

tends to be large in the regions with large model ensemble spread. Innovations of SWE 

on two selected dates representing winter (15 January 2003) and spring (15 April 15 

2003) for the two DA cases are displayed in Figure 3.3. Due to lack of sunlight in winter, 

a large portion of the northern hemisphere does not have any observations. In addition, 

SCF DA is not effective in regions fully covered by snow so innovations of SWE are 

confined to the snow cover margin [Zhang et al., 2014]. By contrast, GRACE mass 

observations do not require sunlight and can detect snow mass changes even when snow 
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cover reaches 100%. Updates of SWE can be found across all the latitudes for 

GRAMOD. The snowline retreats northward in spring. The SWE innovation in MOD 

moves northward accordingly (Figure 3.3c), while GRAMOD updates SWE can be found 

across all latitudes (Figure 3.3d). Compared to MODIS SCF DA, the assimilation of 

GRACE TWS data shows substantial updates of SWE in both middle- and high-latitudes. 

Considering that the MODIS SCF DA is influential in the middle-latitudes, the value of 

adding GRACE TWS data into the DA framework is mainly concentrated on the higher 

latitude regions. 

 

3.5.2. TWS Variations in Arctic River Basins 

The assimilation of GRACE TWS observations is effective with respect to 

modifying the TWS variations. Figure 3.4 shows the seasonal variations of TWS for the 

three CLM4 cases compared with the GRACE observations over the two experimental 

years. CLM4 can generally simulate the seasonal variation of TWS well in the six Arctic 

basins. The amplitudes of TWS variations in these river basins simulated by CLM4 are in 

the same range as observed by GRACE. However, CLM4 predicts the timing incorrectly 

in almost all the river basins. For example, CLM4 peaks 1–2 months earlier than is 

observed by GRACE in the Lena River Basin (Figure 3.4b). The assimilation of only 

MODIS SCF data does not show much impact in the Yenisei and Ob River Basins and 

improves the amplitude of TWS variations in the other four basins. The assimilation of 

GRACE observations is effective in terms of updating the TWS variations both in 

amplitude and timing. Both OL and MOD do not capture the increasing trend in the 

Amur River Basin, while GRAMOD overestimates the trend.   
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Snow mass change dominates the TWS variations in cold regions. Figure 3.5 

shows the seasonal variations of TWS and its breakdown in the Arctic river basins from 

OL and GRAMOD.  Since groundwater variation contributes little to the total TWS 

variation, it is not included in the plots. For both cases, TWS increases as snow 

accumulates during winter and decreases as snow melts. Part of the snowmelt infiltrates 

into the underlying soil, while the remainder is removed via runoff. The partitioning is 

mainly controlled by the freeze/thaw status of the underlying soil [Niu and Yang, 2006]. 

In the majority of the Arctic river basins, soil freezes in winter as a result of heat 

exchange between the land surface and the atmosphere, and thaws as temperatures rise in 

spring or summer, which is documented in many studies [e.g., Olsson et al., 2003; Niu 

and Yang, 2006; Shi et al., 2012]. Soil moisture generally remains constant during winter 

and gradually increases in spring as snowmelt penetrates into the soil, reaches peak when 

snow melts entirely and decreases again until the summer rainfall replenishes the soil 

(Figure 3.5). TWS increases as soil moisture increases in summer in some of the river 

basins like the Amur River Basin. TWS continues to decrease until snow accumulates 

again in the other basins where monsoonal rainfall is not prominent in summer.  

The amplitude and peak timing of SWE are shown in Figure 3.5. The amplitude 

of SWE variations is reduced, which is consistent with the reduction in the amplitudes of 

TWS variations, in all the river basins except the Lena River Basin. The peak timing of 

SWE in the Lena River Basin is delayed one month and snow depletion also ends one 

month later after DA (Figure 3.5b).  
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3.5.3. Comparisons with MODIS SCF and CMC Snow Depth Data 

To examine if the shift of timing and change of amplitudes are reasonable, we 

compare the model results with the MODIS SCF data (Figure 3.6) and CMC snow depth 

data (Figure 3.7). Because of the limitations of MODIS SCF data, parts of each river 

basin may not have valid observations. We only plotted domain-averaged MODIS SCF 

for days when more than half of each basin domain has SCF observations (Figure 3.6). 

Compared with MODIS SCF, OL always overestimates SCF in the snow accumulation 

season in the Lena, Yenisei, and Amur River Basins. Note that these three basins have a 

high coverage of boreal forests, and MODIS has larger errors in dense-vegetated regions 

due to limitations in the retrieval algorithm. The SCF in MOD is decreased in these three 

river basins and is not changed as much in other river basins. The case GRAMOD 

generally agrees with MOD, but shows less reduction in SCF in the accumulation season 

in the Lena, Yenisei, and Amur River Basins. Differences of SCF in the snow melting 

season among the three cases are much smaller, but GRAMOD shows some 

improvements in the Lena River Basin. OL and MOD underestimate SCF but GRAMOD 

shows increased SCF in May and June in Lena (Figure 3.6 b).  

The CMC snow depth (Figure 3.7) is first compared for the Lena, Yenisei, and 

Amur River Basins where SCF has large innovations. MOD and GRAMOD show 

improvements in the Lena and Yenisei River Basins, while OL is much closer to CMC in 

the Amur River Basin. Almost half of the Amur River Basin is covered by forests and 

shrubs [Haruyama et al., 2015], and snow depth in this basin is much less than in the 

Lena and Yenisei River Basins. It is likely that MODIS underestimates SCF in the Amur 

Basin, which causes MOD and GRAMOD to incorrectly decrease snow depths. 

GRAMOD shows improvement over MOD in spring 2004 in Amur (Figure 3.7e). In the 

Mackenzie and Ob River Basins, MOD has small impact, while GRAMOD shows 
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consistently better performance. All the CLM cases include a large snow event in late 

January 2004 in the Churchill-Nelson River Basin, while CMC indicates a smoother 

accumulation process.  

Normalized RMSE was calculated for three plant functional types (PFTs: [Oleson 

et al., 2010]): forest, shrub, and grass. RMSE of snow depth from each case calculated 

against CMC is divided by the maximum snow depth value from CMC throughout the 

experimental time period. There may be more than one PFT for each grid. We 

characterize a grid as forest if forest-covered area is the largest among all the PFTs in this 

grid. MOD and GRAMOD show smaller normalized RMSE for all three PFTs on a 

global scale, and GRAMOD produced the smallest values. The two DA cases offered 

least improvement in RMSE in forests, while the forest-dominated area is the largest 

among the three PFTs.  

 

3.5.4. Comparisons with SWE Data from Russian Meteorological Stations 

Russian meteorological stations have SWE observations across Siberia but do not 

have full coverage for the river basins of interest (Figure 3.8). We selected parts of each 

river basin (highlighted in rectangles in Figure 3.8), where sites distribute relatively 

uniform. The time series of SWE from the three model cases were then compared with 

the in-situ observations for the selected regions. OL performs best in the Amur Basin 

(Figure 3.9a), which is consistent with the snow depth comparisons with the CMC data 

(Figure 3.7e). The two DA cases decrease SWE in the Lena Basin during the snow 

accumulation seasons (Figure 3.9b), which is consistent with the comparisons with 

MODIS SCF and CMC snow depth. However, inconsistencies occur in the snow melting 

season. MODIS indicates that there is still a high coverage of snow (about 90%) in late 
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April and early May 2003, while snow cover in the three model cases has decreased to 

around 70% (Figure 3.6b). However, the three model cases, especially the two DA cases, 

match CMC snow depth very well in late April and early May 2003 in Lena (Figure 

3.7b). Inconsistencies also occur in late April and early May 2004. GRAMOD matches 

MODIS SCF best (Figure 3.6b) but matches CMC snow depth least (Figure 3.7b) in Lena 

in this time period. No in-situ observations in late April and early May in year 2003 and 

2004 are found in Lena (Figure 3.9b) so it remains unknown which dataset is more 

realistic. Compared with OL and MOD, GRAMOD produces more snow in late May and 

June for 2003 and 2004, which agrees less with MODIS (Figure 3.6b) and CMC (Figure 

3.7b).  

Snow datasets from different sources generally agree with each other in the 

Yenisei and Ob basins. The open-loop case overestimates snow cover and mass in both 

basins, the assimilation of MODIS SCF data helps reduce the bias, and GRAMOD 

performs best throughout the whole snow season. 

The Root-Mean-Square errors (RMSE) of snow depth against the CMC data 

averaged for December-January-February (DJF) and March-April-May (MAM) are given 

in Table 1. GRAMOD generally produces smaller RMSE than OL does except for the 

Amur River Basin, which is likely due to the underestimation of MODIS SCF in this 

basin as discussed above.  

 

3.5.5. Spatial Patterns Compared with CMC Snow Depth and AMSR-E and SMM/I 
Derived Snow Depth in China 

We used the normalized absolute difference (the absolute biases between modeled 

snow depth and CMC snow depth, divided by CMC snow depth) as an index to evaluate 

the performance of model cases in snow depth. We compared the normalized absolute 
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difference between assimilated outputs and CMC snow depth to the normalized absolute 

difference between the open-loop output and the reference data (CMC and AMSR-

E/SSM/I retrieved snow depth; Figures 3.10 and 3.11). Negative values indicate a 

reduced difference between the modeled and the reference data while positive values 

indicate that the analyzed state is further away from the reference data.  Zhang et al. 

[2014] have demonstrated the performance of the assimilation of MODIS SCF data by 

comparing to the CMC snow depth data. We focus on the additional information from the 

assimilation of GRACE TWS data (the third columns in Figures 3.10 and 3.11). MOD 

generally agrees with the CMC data better (first column in Figure 3.10) and GRAMOD 

shows additional improvements in most areas throughout the whole snow season over 

Eurasia (third column in Figure 3.10). MOD shows larger differences with the CMC data 

in the Tibetan Plateau, northeastern China (part of the Amur River Basin), and the boreal 

forest regions in Alaska and Canada (first column in Figure 3.10). GRAMOD reduces the 

difference in the Tibetan Plateau and northeastern China, but increases differences in the 

southern part of the boreal forest in Canada especially in spring (third column in Figure 

3.10). 

Comparisons of differences between the model and CMC snow depth among the 

three cases are zoomed in for China in Figure 3.11. The average snow depth from 

AMSR-E and SSM/I retrievals is compared with our model results (Figure 3.12). CMC 

and the microwave-retrieved data are consistent in northcentral and northeastern China; 

however, they disagree in the Tibetan Plateau. MOD shows larger difference with CMC 

data and smaller difference with the microwave-retrieved data, which suggests that the 

MODIS SCF data and AMSR-E and SSM/I are more consistent with each other. 

GRAMOD shows similar patterns to MOD but with smaller magnitudes. Zhang et al. 

[2014] found that MODIS detects much less snow cover than the model, while the CMC 
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snow depth is much deeper snow depth than the model. Noting that the Tibetan Plateau is 

one of the regions where various snow products disagree with respect to snow cover area 

and snow mass [Frei et al., 2012], assimilating the GRACE observations may offer 

additional information for future comparisons of snowpack over this region.   

 

3.5.6. Comparisons of River Discharge 

The performance of river discharge after assimilating GRACE TWS data is 

degraded compared with ArcticRIMS and GRACE/JRA-25 derived discharge. 

Differences among the three cases indicate that changes in snowpack in winter and spring 

result in changes in river discharge in summer. CLM4 can simulate the timing well in the 

Mackenzie, Lena, Yenisei, and Ob River Basins (Figures 3.13 a–d). MOD shows better 

performance than OL in the Lena, Yenisei, and Ob River Basins and performs worse in 

the Mackenzie River Basin, which is consistent with comparisons of snow estimates in 

previous sections.  OL and MOD show little correlation with the reference data in the 

Amur and Churchill-Nelson River Basins. GRAMOD only performs better in the Lena 

River Basin. 

 

3.6. DISCUSSION 

We applied multiple observation-based snow datasets in this study to improve or 

evaluate the simulation of snowpack. However, these datasets have various limitations. 

MODIS does not perform well in some densely-forested regions, presumably because 

trees make the surface darker. This can partly explain the unsatisfying performance of the 

assimilation of MODIS SCF data over these regions. The error variance of MODIS SCF 

data is globally uniform which is suboptimal. More evaluation studies on MODIS SCF 
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errors in different land cover categories will help advance the assimilation of MODIS 

SCF. Future work on testing different MODIS SCF observation errors categorized by 

land cover types is also meaningful.  The additional assimilation of GRACE TWS data 

does not show significant improvements in the forested regions and is even worse in 

some of these regions. Studies on diagnosing the performance of GRACE TWS data in 

dense forest regions are needed.  

The poor performance of the joint GRACE and MODIS DA (GRAMOD) in river 

discharge is unexpected and deserves further investigation. For example, SCF and snow 

depth are reduced in GRAMOD (Figures 3.6d and 3.7d) in winter and spring 2014 in the 

Ob River Basin, which should result in a reduction in river discharge in the following 

summer. However, river discharge is increased (Figure 3.13d) in summer in this basin. 

Total river flow consists of surface runoff and subsurface runoff. In CLM4, surface 

runoff is generated when water (from rainfall events or snowmelt) reaching the ground 

exceeds the surface infiltration capacity; subsurface runoff is a function of water table 

depth, which depends on the simulated groundwater storage. Indeed, surface runoff in 

summer 2014 is decreased as a result of decreased snow mass in the previous winter and 

spring in the Ob River Basin; the positive bias of river discharge results mainly from 

excessive subsurface runoff,  which is presumably due to the enhanced groundwater 

storage during GRACE data assimilation. To verify this, we conducted another 

experiment that did not update groundwater from October 2013 to October 2014 (Figure 

3.14).  The river discharge in summer 2014 from GRAMOD shows a better agreement 

with the reference data in the Ob River Basin. Similar changes can be found in other 

basins as well, meaning that subsurface runoff in these basins is indeed increased as a 

result of groundwater increment during GRACE data assimilation and that this increase 

in subsurface runoff is greater than the decrease in surface runoff. Hence surface runoff 
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in summer is reduced as a result of decreased snow mass, but subsurface runoff is 

increased as a result of increased groundwater, which results in an increase of total river 

flow. The above analysis suggests that more attention should be paid to the updates of 

groundwater via the assimilation of GRACE TWS data. 

Another limitation of this work is that horizontal surface water movements are not 

considered when calculating TWS. Runoff generated from each grid in CLM4 is 

transported to the oceans by a river transport model (RTM). The transportation time of 

water for a basin may be at monthly scale [e.g., Liston et al., 1993] so water movement 

across basins may cause water loss/gain that can be detected by GRACE. Although we 

used the RTM option in our CLM4 simulations, the purpose was to evaluate the modeled 

river discharge at the mouth of a river basin with the observed discharge from the basin. 

Our modeled TWS for each grid within the basin did not include river water. In addition, 

CLM4 does not take into account excessive water storage on the surface as ponds in the 

basin. Therefore, the comparison between the modeled and observed TWS changes can 

be inappropriate when the river water and the ponded water missed in CLM4 contribute 

significantly to the modeled TWS. Future work on testing the influence of ponding water 

and river water on TWS DA is warranted. 

 

3.7. CONCLUSIONS 

This study extended the SNODAS—DART/CLM4—for the joint assimilation of 

GRACE TWS observations and MODIS SCF observations and evaluated the results with 

available datasets. The SNODAS was shown to be adaptable for multi-sensor data 

assimilation with varying temporal resolutions.  
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The assimilation of GRACE TWS observations is effective in modifying the 

amplitude and timing of maximum TWS in the evaluated Arctic river basins. Since snow 

mass change dominates the TWS variation in cold regions, the updates in SWE are in the 

same range as those in TWS. The MODIS SCF DA may be ineffective because of the 

limited amount of observations caused by the lack of sunlight in winter and cloudy 

conditions and when SCF reaches 100% in higher latitude regions in winter. The MODIS 

SCF DA may even be degraded due to errors in MODIS or the incorrect representation of 

SCF in the model. The assimilation of GRACE TWS data can improve snowpack 

estimates in some circumstances but is not able to resolve all the problems. For example, 

performance is not improved in some densely-forested regions when compared with 

CMC snow depth. Nevertheless, the RMSE averaged over all the forest-dominated grids 

in the Northern Hemisphere is reduced by about 12%, whereas the MODIS-only DA does 

not show a significant reduction in RMSE. The joint GRACE and MODIS DA case 

produces a smaller RMSE against CMC snow depth than the MODIS-only DA case 

except in the Lena River Basin. SWE in sub-regions of the Amur, Lena, Yenisei, and Ob 

River Basins was compared with in-situ observations from meteorological stations in 

Russia, showing similar results as comparing with CMC. We also evaluated our model 

results using microwave (AMSR-E and SSM/I) retrieved snow depth data over China. 

CMC and AMSR-E and SSM/I retrieved data are generally consistent in northern China 

but not in the Tibetan Plateau. River discharge is not improved, which is possibly caused 

by inappropriate updates in groundwater. Since groundwater is the largest water storage 

term, its small update may induce a large change in subsurface runoff.  
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Figure 3.1. Schematic diagram showing the joint data assimilation of the monthly 
GRACE TWS and daily MODIS SCF observations. Blue squares indicate 
CLM4 states without data assimilation, and red squares are CLM4 states 
after data assimilation. Solid arrows represent CLM4 model propagation, 
whereas dashed arrows represent DART sending analysis state to CLM4. 
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Figure 3.2. (a) Total error of GRACE TWS anomalies for January 2003 and ensemble 
spread of (b) TWS, (c) SWE, (d) soil moisture, and (e) groundwater among 
40 CLM4 open-loop members for January 31, 2003. The units are in mm.   
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Figure 3.3. (left) Innovation (posterior minus prior) of SWE in mm for (a) January 15, 
2003 and (c) April 15, 2003 from MOD. (right) Innovation of SWE for (b) 
January 15, 2003 and (d) April 15, 2003 from GRAMOD.  
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Figure 3.4. (a–f) Comparison of the monthly TWS anomalies (January 2003 to 
December 2004) between model simulations and GRACE observation in the 
six Arctic river basins. Blue line represents OL, green line MOD, red line 
GRAMOD, and black triangles the GRACE observations. The blue line in 
panel (d) is not obvious as OL and MOD almost produce the same value. 
The units are millimeters.  
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Figure 3.5. (a–f) Monthly variations of TWS anomalies (in black), SWE (in red), and soil 
moisture (in blue) from OL (in dashed lines) and GRAMOD (in solid lines). 
GRACE TWS observations are in black rectangles for reference. The time 
period is from January 2003 to December 2004. The units are mm. 
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Figure 3.6. (a–f) Comparison of the daily snow cover fraction (SCF) between model 
simulations and MODIS SCF observations from January 2003 to December 
2004. Blue line represents OL, green line MOD, red line GRAMOD, and 
black dots the MODIS SCF observations. 

 
 
 
 
 
 
 
 
 



 65

 
 

 

Figure 3.7. (a–f) Comparison of the daily snow depth (in m) between model simulations 
and the CMC data from January 2003 to December 2004. Blue line 
represents OL, green line MOD, red line GRAMOD, and black line the 
CMC data. Blue lines in panel (d) and (f) are not obvious as OL and MOD 
almost produce the same value. 
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Table 3.1. RMSE of snow depth (m) from the three cases against CMC data averaged 
over the six Arctic river basins for DJF and MAM. Red color indicates the 
smallest RMSE value among the three model cases. 

 
              River Basins 
Cases 

Mackenzie Lena Yenisei Ob Amur Churchill-
Nelson 

 
OL 

DJF 0.086 0.126 0.113 0.218 0.032 0.045 

MAM 0.075 0.071 0.097 0.169 0.018 0.016 

 
MOD 

DJF 0.097 0.063 0.067 0.214 0.050 0.057 

MAM 0.084 0.032 0.072 0.162 0.058 0.018 

 
GRAMOD 

DJF 0.063 
 

0.075 0.086 0.150 0.048 0.042 

MAM 0.059 0.061 0.066 0.085 0.051 0.024 
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Table 3.2. Normalized RMSE of snow depth from the three cases compared to CMC data 
averaged over three different plant functional types (PFTs). RMSE is 
divided by the maximum snow depth value from CMC throughout the 
experimental time period. Numbers in the brackets are the reductions in the 
normalized RMSE compared against OL.  

 
 

                 PFTs 
Cases 

Shrub (1.1×107 
km2) 

 

Grass (7.0×106 km2) Forest (1.9×107 
km2) 

OL 0.299  0.530 0.753 

MOD 0.261 (-12.6%) 0.506 (-4.6%) 0.744 (-1.2%) 

GRAMOD 0.212(-29.0%) 0.435 (-17.8%) 0.660 (-12.2%) 
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Figure 3.8. Maximum number of in-situ snow water equivalent (SWE) observations 
available from meteorological stations in Russia.  
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Figure 3.9. Comparison of the daily snow water equivalent (SWE) between model 
simulations and in-situ observations from meteorological stations in Russia 
from January 2003 to December 2004. Blue line represents OL, green line 
MOD, red line GRAMOD, and black triangles the in-situ observations. The 
blue line in panel d is not obvious as OL and MOD almost produce same 
values. The units are mm. 
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Figure 3.10. (left column) Differences (MOD minus OL) in the normalized absolute 
biases for DJF, MAM, and the whole snow season (from October to May). 
(middle column) Differences (GRAMOD minus OL) in the normalized 
absolute biases for DJF, MAM, and the whole snow season (from October 
to May). (right column) Differences (GRAMOD minus MOD) in the 
normalized absolute biases for DJF, MAM, and the whole snow season 
(from October to May). Normalized absolute snow depth biases are defined 
as the absolute biases between modeled snow depth and CMC snow depth, 
divided by CMC snow depth. 
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Figure 3.11. (left column) Differences (MOD minus OL) in the normalized absolute 
biases of snow depth for DJF, MAM, and the whole snow season (from 
October to May). (middle column) Differences (GRAMOD minus OL) in 
the normalized absolute biases for DJF, MAM, and the whole snow season 
(from October to May). (right column) Differences (GRAMOD minus 
MOD) in the normalized absolute biases for DJF, MAM, and the whole 
snow season (from October to May). Normalized absolute snow depth 
biases are defined as the absolute biases between modeled snow depth and 
CMC snow depth, divided by CMC snow depth. 
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Figure 3.12. (left column) Differences (MOD minus OL) in the normalized absolute 
biases of snow depth for DJF, MAM, and the whole snow season (from 
October to May). (middle column) Differences (GRAMOD minus OL) in 
the normalized absolute biases for DJF, MAM, and the whole snow season 
(from October to May). (right column) Differences (GRAMOD minus 
MOD) in the normalized absolute biases for DJF, MAM, and the whole 
snow season (from October to May). Normalized absolute snow depth 
biases are defined as the absolute biases between modeled snow depth and 
the reference data, divided by the reference data. The reference data are the 
mean of AMSR-E and SMM/I retrieved snow depth. 
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Figure 3.13. Comparison of monthly river discharge between model cases and 
observations. Observational estimates from ArcticRIMS and GRACE/JRA-
25 are used as reference. Blue line represents OL, green MOD, red 
GRAMOD, black solid the ArcRIMS observations, and black dashed the 
GRACE/JRA-25 derived data. Shaded shows the envelope of the two 
reference datasets where both are available. The units are cubic kilometers 
per month.      
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Figure 3.14. Comparison of monthly river discharge between model cases and 
observations. Observational estimates from ArcticRIMS and GRACE/JRA-
25 are used as reference. Blue line represents OL, green MOD, red dashed 
GRAMOD, black solid the ArcRIMS observations, and black dashed the 
GRACE/JRA-25 derived data. Shaded shows the envelope of the two 
reference datasets where both are available. The GRAMOD case in this plot 
did not update groundwater and is only simulated from October 2003 to 
October 2004 for demonstration. The units are cubic kilometers per month.      
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CHAPTER 4: Quantifying Uncertainties in the Newly Developed Multi-
source Land Snow Data Assimilation System  

 

4.1. ABSTRACT 

The snow simulations from the recently developed multivariate land snow data 

assimilation system (SNODAS) for the northern hemisphere are assessed with regard to 

uncertainties in atmospheric forcing, model structure, data assimilation technique, and 

satellite remote sensing product. The SNODAS consists of the Data Assimilation 

Research Testbed (DART) and the Community Land Model version 4 (CLM4). A series 

of experiments are conducted to quantify each of the above uncertainty sources by using 

the root-mean-square-error (RMSE) of snow cover fraction (SCF) against Moderate 

Resolution Imaging Spectroradiometer (MODIS) data and the RMSE of snow depth 

against data from the Canadian Meteorological Center (CMC). The uncertainty of 

atmospheric forcing variables in terms of precipitation and radiation is measured by 

comparing the reanalysis associated with the SNODAS with independent observations. 

This atmospheric forcing uncertainty is found to be the largest among the various 

uncertainty sources examined, especially over the Tibetan Plateau and most of the mid- 

and high-latitudes. The uncertainty of model structure as represented by two different 

parameterizations of SCF is the second largest, with the density-based SCF scheme (as 

used in CLM4) generally results in better simulations of snow than does the stochastic 

SCF scheme (as in CLM4.5). The data assimilation technique and the terrestrial water 

storage (TWS) product from the Gravity Recovery and Climate Experiment (GRACE) 

have relatively least impacts on the snow simulations. However, CLM4.5 produces better 
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TWS anomalies than CLM4, which would have implications for improving the 

performance of GRACE TWS data assimilation.  
 

4.2. INTRODUCTION 

Land snow data assimilation (DA) integrates the simulations from land surface 

models (LSMs), which are often driven by standalone atmospheric forcing (e.g., 

precipitation, shortwave radiation, longwave radiation), and the observations by using 

statistical methods that account for error variances in both model forecasts and 

observations. The quality of DA output is, therefore, influenced by atmospheric forcing, 

LSMs, observations, and statistical methods. 

It is well known that the quality of atmospheric forcing affects the simulation of 

hydrological components [e.g., Yang et al., 1997; Sheffield et al., 2006; Nasonova et al., 

2011; Forster et al., 2014]. Due to the difficulty in obtaining spatially and temporally 

continuous measurements of near-surface meteorological fields, especially in 

mountainous regions and sparsely populated areas, reanalysis data are often used as 

atmospheric forcing. However, reanalysis forcing data are subject to systematic biases 

resulting mainly from model structure inadequacy and parameterization uncertainty. 

Uncertainties and biases in atmospheric forcing can propagate into the simulation of 

hydrological variables [e.g., Nasonova et al., 2011; Forster et al., 2014]. Thus, bias-

correction is usually applied to reanalysis data before they are used to drive LSMs [e.g., 

Qian et al., 2006; Sheffield et al., 2006]. 

The second uncertainty source stems from model structure adequacy (or the lack 

thereof) in LSMs [Gupta et al., 2012]. Because this paper aims to address its influence on 

snow cover fraction (SCF) and terrestrial water storage (TWS) data assimilation, we 

mainly focus on the SCF parameterizations in LSMs that simulate SCF and how LSMs as 
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a whole represent TWS. The Community Land Model version 4 (CLM4) employs the 

SCF parameterization scheme from Niu and Yang [2007] (NY hereafter) and calculates 

SCF as a function of snow density and snow depth based on monthly analysis. Swenson 

and Lawrence [2012] revisited the SCF–snow depth relationship by using daily 

observations and proposed a stochastic SCF parameterization scheme (SL hereafter), 

which has been incorporated into the newer version of CLM (CLM4.5) [Oleson et al., 

2013]. Whether the differences between the two SCF schemes would affect SCF DA 

remains unknown. With regard to TWS, previous studies usually modeled TWS as the 

sum of soil moisture and SWE and neglected other terms [e.g., Zaitchik et al., 2008], and 

this simplification may also cause uncertainties in snow DA. Su et al. [2010] and Zhang 

et al. [2015] considered the contribution of groundwater to TWS but they used earlier 

versions of CLM, with CLM2 in the former study and CLM4 in the latter. In both studies, 

however, the river water and the surface ponded water were not accounted for when 

estimating TWS. These features are all incorporated in CLM4.5. 

Choice of different versions/solutions of the assimilated satellite observations is 

another contributor to the DA performance. Different research groups/centers have 

different algorithms for retrieving the same raw-level satellite observations. For example, 

the Gravity Recovery and Climate Experiment (GRACE) gravity anomalies can be 

solved using standard Stokes coefficient parameters and mass concentration (mascon) 

parameters [e.g., Rowlands et al., 2010]. Rowlands et al. [2010] found almost no 

difference between the two approaches in unconstrained global gravity solutions; they 

also demonstrated that smoothing done on mascon solutions results in less signal loss. 

The choice of data assimilation methods is also important for the DA framework. 

In ensemble-based DA, the ensemble Kalman filters (EnKFs) are commonly employed 

due to their computational efficiency and satisfactory performance [Andreadis and 
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Lettenmaier, 2006]. EnKFs are theoretically the same by solving the posterior probability 

density function based on the Bayes rule; they differ from each other in sampling a 

posterior ensemble from the posterior probability density function [e.g., Anderson, 2001; 

Whitaker and Hamill, 2002].  

Given these sources of uncertainty, is there a controlled setting to compare them? 

What are their relative contributions? The recently developed land snow data assimilation 

system (SNODAS) [Zhang et al., 2014, 2015] makes it possible to address the above 

questions. Through analysis of a series of experiments, this chapter quantifies the 

response of the SNODAS to the aforementioned uncertainties. Section 4.3 describes 

background information about the SNODAS and datasets used. Section 4.4 presents the 

experiments. Section 4.5 focuses on comparison of results, which is followed by 

discussions in Section 4.6. Section 4.7 concludes our findings. 
 

4.3. BACKGROUND 

4.3.1. The Land Data Assimilation System (SNODAS) 

While details of the SNODAS can be referred to Chapters 2 and 3, or Zhang et al. 

[2014, 2015], a brief introduction is given here. The SNODAS is comprised of the Data 

Assimilation Research Testbed (DART) [Anderson et al., 2009] and the Community 

Land Model version 4 (CLM4) [Oleson et al., 2010]. DART provides multiple choices of 

ensemble-based DA methods including the traditional ensemble Kalman filter (EnKF), 

the deterministic ensemble adjustment Kalman filter (EAKF), and a non-Gaussian rank 

histogram filter. The ensemble Kalman filters weight the model forecast and observation 

based on their error variances. The error variances of model forecast are estimated using 

a Monte Carlo approach [Evensen, 1994]. As the land component for the Community 
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Earth System Model (CESM) [Gent et al., 2011], CLM4 represents sub-grid snow 

variability by using the SCF parameterization [Oleson et al., 2010], which relates SCF to 

a function of snow depth with its curve shape controlled by snow density [Niu and Yang, 

2007]. Note that CLM4.5 parameterizes SCF using a stochastic relationship [Swenson 

and Lawrence, 2012]. In order to address how the SCF parameterizations affect snow 

DA, the SL scheme was implemented in CLM4. As such, the user can choose NY- or SL-

type in the SNODAS.  

The SNODAS requires an ensemble of CLM4 instances to be run at the same 

time, and this “multi-instance” capability has been supported by CESM beginning from 

version 1_1_1. The ensemble atmospheric forcing dataset is an 80-ensemble reanalysis 

product from the coupled DART and Community Atmosphere Model version 4 (CAM4) 

[Raeder et al., 2012]. The SNODAS has been used to assimilate MODIS SCF [Zhang et 

al., 2014] and GRACE TWS observations [Zhang et al., 2015], indicating that the 

framework is capable of utilizing multi-sensor and multivariate observations to improve 

the snow simulations.  
 

4.3.2. Correcting Atmospheric Forcing Biases 

Although the 80-ensemble reanalysis forcing dataset incorporates information 

from millions of atmospheric observations [Raeder et al., 2012], it may contain 

systematic biases as most climate models do. This study focuses on the biases corrections 

of precipitation, downwelling shortwave radiation, and downwelling longwave radiation 

only. Following the procedure described in Chapter 3 or Zhang et al. [2015], the 

precipitation biases were corrected by comparing the forcing dataset to the Global 

Precipitation Climate Project (GPCP; http://www.gewex.org/gpcp.html) and the radiation 
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biases were corrected by comparing the forcing dataset to Clouds and the Earth’s Radiant 

Energy System (CERES; http://ceres.larc.nasa.gov/). 

 

4.3.3. Data Assimilation of MODIS SCF and GRACE TWS Data 

For this study, we up-scaled the daily MODIS/Terra SCF data at 0.05° resolution 

(MOD10C2; http://modis-snow-ice.gsfc.nasa.gov/?c=MOD10C2) to the model resolution 

at 0.9° × 1.25°. The quality of MODIS SCF data is largely controlled by clouds [Hall et 

al., 2007] and is expressed as the confidence index that takes cloudy conditions into 

account. Given a model grid, we discarded the observations with the confidence index 

being less than 20% and averaged the other observations to calculate the SCF value for 

the grid.   

Unlike MODIS that measures radiances and retrieves SCF information based on 

snow optical properties [Hall et al., 2002], the twin GRACE satellites measure the 

distance between the two satellites and retrieves gravitational mass change from that 

distance [Wahr et al., 1998]. Standard Stokes coefficient parameters [e.g., Velicogna and 

Wahr, 2005] and mass concentration (mascon) parameters [e.g., Luthcke et al., 2008] 

have been used to recover gravity information from the distance observations. This study 

used the standard GRACE RL05 land data based on Stokes coefficients 

(http://grace.jpl.nasa.gov/data/gracemonthlymassgridsland/) and the land data based on 

Mascon solutions [Himanshu Save, Private Communication, 2015]. 
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4.3.4. Disaggregation of TWS in the Model 

Terrestrial water storage consists of all water components over land including 

groundwater, soil moisture, snow water, surface water [e.g., Rodell and Famiglietti, 

2001], river water [e.g., Kim et al., 2009], and canopy water [e.g. Syed et al., 2008]. 

Recent DA studies represent TWS as the sum of groundwater, soil moisture, and snow 

water because they are the most significant contributing terms in their LSMs [Su et al., 

2010; Zhang et al., 2015]. The contributions of other terms (e.g., surface water and river 

water storage) to the TWS variations have been assessed in a limited number of studies 

[e.g., Joodaki et al., 2014], but they have not been discussed in a DA context. 
 

4.4. EXPERIMENTAL DESIGN 

As described in previous sections, the performance of SNODAS is subject to 

uncertainty from multiple sources: atmospheric forcing biases, DA methods, SCF 

parameterizations, GRACE solutions, and TWS representations in the model. We 

designed a series of experiments to quantify the uncertainties of these sources (Table 1).  

Three open-loop (OL) cases were run. OL_NBC_NY was driven by the 

atmospheric forcing without bias correction, and OL_BC_NY was driven by the bias-

corrected forcing. These two cases used the same SCF scheme (NY) and were compared 

to each other to evaluate the effect of forcing bias-correction on the open-loop snow 

simulation. OL_NBC_SL represents a combination of forcing without bias-correction and 

the use of the SL scheme. OL_NBC_NY and OL_NBC_SL were compared to each other 

to evaluate the influence of two different SCF schemes on the open-loop snow 

simulation.  

Four MODIS-only DA (MOD) cases were conducted. MOD_NBC_NY and 

MOD_NBC_SL used NY and SL scheme, respectively, both of which were driven by 
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atmospheric forcing without bias-correction. These two cases were compared with each 

other to highlight the influence of the two different SCF schemes on SCF DA. 

MOD_BC_NY employed the NY scheme and was driven by bias-corrected forcing. 

MOD_EnKF was identical to MOD_NBC_NY except that it used EnKF instead of 

EAKF. 

Two joint GRACE and MODIS DA (GRAMOD) cases were conducted. 

GRAMOD_RL05 assimilated the standard RL05 version of GRACE data, and 

GRAMOD_Mascon assimilated the mascon solution of GRACE data with a resolution of 

0.5°. 
 

4.5. RESULTS 

4.5.1. Influence of Forcing Bias on Snow DA 

Figure 4.1a compares RMSEs of SCF against MODIS observations between the 

cases with biased-corrected (OL_BC_NY) and with non-corrected (OL_NBC_NY) 

forcing. The largest reduction (around 0.3) of RMSE is seen over the Tibetan Plateau, 

central and northeastern China. The RMSE is also reduced slightly in western North 

America but it is slightly increased elsewhere. The differences in RMSE of snow depth 

between the two cases (Figure 4.1f) show comparable spatial patterns with that of SCF. A 

large reduction in RMSE can also be found in central and northeastern China and an 

increase of RMSE is prominent in western Siberia. The RMSE of snow depth is largely 

reduced in North America except along the Canadian coastal line.  

Both of the MODIS-only DA cases (MOD_NBC_NY using non bias-corrected 

forcing and MOD_BC_NY using bias-corrected forcing), compared with the OL cases, 

reduce the RMSE of SCF in general (Figures 4.1c and 4.1d). The difference of RMSE 
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between MOD_NBC_NY and OL_NBC_NY has a larger magnitude than that between 

MOD_BC_NY and OL_BC_NY, suggesting that DA adds smaller updates to the model 

states when the forcing biases are corrected.    

The pattern of RMSE difference between the two MODIS-only DA cases is 

similar to that between the OL cases (Figures 4.1b and 4.1g). The regions with RMSE 

reduction as a result of forcing bias-correction are similar for both OL_BC_NY and 

MOD_BC_NY (e.g., the Tibetan Plateau). This indicates that meteorological forcing is 

an important source of biases in land surface model simulations.  

Figures 4.1e and 4.1f display the RMSE difference between MOD_BC_NY and 

OL_NBC_NY for SCF and snow depth, respectively. The difference can be considered as 

the combined influence of forcing bias correction and SCF DA on the simulation of snow 

in CLM4. Figure 4.1e shows that the difference between MOD_BC_NY and 

OL_NBC_NY has the largest magnitude of reduction in RMSE compared with Figures 

4.1a–d, and smaller magnitudes of increase in RMSE compared with Figures 4.1a and 

4.1b.   

Area-weighted RMSEs of snow depth against CMC were calculated for three 

regions: the Tibetan Plateau (TP), north central Siberia (NC Siberia), and central Canada 

(C Canada) (Figure 4.2). DA cases generally perform better except in TP, where most 

snow data products diverge. The differences between MOD_BC_NY and 

MOD_NBC_NY are obvious in NC Siberia and C Canada, but are relatively smaller than 

the differences between the two open-loop cases (OL_BC_NY and OL_NBC_NY).  
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4.5.2. Impacts of SCF Schemes on Snow DA 

Replacing the SCF scheme NY with the scheme SL mainly influences SCF in the 

lower-middle latitudes (23°–45°N), with decreased RMSEs are mainly located in the 

Tibetan Plateau and increased RMSEs along the latitudinal band of 35°–45°N over 

Eurasia (Figure 4.3a). Decreased RMSEs are found in the United States, while a small 

increase in RMSE exists in boreal forest regions in Canada (Figure 4.3a). The influence 

of changing the SCF scheme is relatively smaller on the simulation of snow depth (Figure 

4.3f). Decreased RMSEs of snow depth can be found over the TP, north China, and the 

eastern and central United States. Snow depth remains unchanged in Europe, Siberia, and 

Canada. The physical processes building up or ablating snow depth are the same for the 

two cases; the only difference is the parameterization scheme for determining the 

diagnostic variable SCF.  Therefore, it is expected that less changes will be found 

between the two OL cases. 

The two DA cases show reduced RMSEs of SCF in the Northern Hemisphere 

(Figures 4.3c and 4.3d). MOD_NBC_SL (Figure 4.3d) shows a smaller magnitude of 

reduction in the SCF RMSE over the Tibetan Plateau, north and northeastern China than 

MOD_NBC_NY does (Figure 4.3c), where OL_NBC_SL has a smaller RMSE than 

OL_NBC_NY. It indicates that if model errors caused by parameterization schemes are 

reduced, DA will have less modification in the model states. Figure 4.3e shows the 

combined effect of replacing the SCF scheme NY with SL and the DA of MODIS SCF 

on the simulation of SCF in CLM4. The comparison between Figures 4.3c and 4.3e 

shows that DA with the SL scheme can further reduce the SCF bias in the Tibetan Plateau 

and northeastern China, but will increase RMSEs along the snowline (i.e., the latitudinal 

band between 35° and 45°N).  
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The comparisons in snow depth RMSE of the four cases show mixed results. 

Although the OL runs with SL mainly show decreased RMSEs over central and north 

China and the western and northern United States (Figure 4.3f), the MODIS DA runs 

with SL display increased RMSEs over these and other regions (Figure 4.3g). An 

increased RMSE is also obvious along the latitudinal band between 35° and 45°N.  The 

area-averaged RMSEs of snow depth over the three regions (Figure 4.4) show that the 

DA with SL (MOD_NBC_SL) performs slightly better in Central Canada. The 

differences between the two schemes are much smaller, compared with the differences 

induced by forcing bias-correction.  

 

4.5.3. EAKF vs EnKF 

We evaluated the performance of two different ensemble Kalman filters in this 

section: the traditional EnKF (EnKF) and the EAKF. EAKF can effectively reduce the 

SCF RMSE in the Northern Hemisphere (Figure 4.5b), while EnKF does not show much 

influence on SCF (Figure 4.5a). EAKF performs much better across all the latitudes, 

especially in the band between 30° and 50°N in Eurasia (Figure 4.5c). Although the 

MODIS DA case with EAKF (MOD_NBC_NY) produces a smaller snow depth RMSE 

in general in the Northern Hemisphere, it has a larger RMSE in northeastern China. 

Figure 4.5e indicates that the assimilation of MODIS SCF observations actually increases 

snow depth errors compared with the OL case. This issue has been discussed in Zhang et 

al. 2014 and 2015, which is presumably due to the errors in MODIS SCF observations 

and the model’s misrepresentation of the ensemble relationship between the observed 

SCF and the unobserved snow depth. MOD_EnKF does not have such an increase in 

snow depth RMSE (Figure 4.5d). The comparison between MOD_NBC_NY and 



 86

MOD_EnKF (Figures 4.5d and 4.5e) suggests that the DA method could be another 

reason. Figure 4.6 shows that the MODIS DA case with EAKF (MOD_NBC_NY) 

outperforms MOD_EnKF in Central Canada but generates a larger RMSE in the TP.  
 

4.5.4. Different Solutions of GRACE TWS Data 

Assimilating different solutions of GRACE TWS data does not show much 

influence on the simulation of SCF in CLM4 as shown in Figures 4.7a–c. The influence 

is relatively larger on the simulation of snow depth (Figures 4.7d–f). The performance of 

assimilating the mascon solution (GRAMOD_Mascon) does not show much 

improvement in SCF and snow depth estimates, although the mascon solution has higher 

resolution (0.5°) than the standard RL05 version (1°).   

 

4.5.5. Disaggregation of TWS in CLM 

We calculated TWS as the sum of SWE, soil moisture, and groundwater in our 

previous GRACE TWS DA study [Zhang et al., 2015]. To access the importance of river 

water’s role in TWS, we look at the time series of TWS and its contributing terms in 

CLM4 (Figure 4.9). Groundwater has little seasonal variation and TWS anomalies are 

mainly controlled by SWE and soil moisture in the six Arctic river basins. River water 

anomalies have some contributions to TWS anomalies in the Mackenzie, Lena, Yenisei, 

and Ob River Basins, where runoff is mainly controlled by snowmelt water. Adding river 

water does not make the modeled TWS perform much better, although the magnitude is 

improved somewhat.  

Since river water peaks around May in CLM4, we looked at the spatial pattern of 

TWS anomalies and its breakdown for May 2003 (Figure 4.10). Snow almost melted out 
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in the Northern Hemisphere except in the high latitudes (Figure 4.10a). Part of the 

snowmelt replenished soil water (Figure 4.10b) and part ran away as runoff (Figure 

4.10d). The positive river water anomalies in the cold regions demonstrate that river 

water  transportation time may exceed one month in some large river basins as simulated 

by CLM4. The largest positive river water anomalies for May occur in the Ob River 

Basin (Figure 4.10d), which is the largest river basin among the six examined river 

basins. Compared with GRACE observations, CLM4 underestimates the positive 

anomalies of TWS in the Ob River Basin (Figure 4.10f) and shows better estimates if 

river water is included (Figure 4.10e).  

The river flow velocity in the River Transport Model (RTM) used by CLM4 is set 

to be 0.35 m/s globally, which is suboptimal. Swenson et al. [2012] demonstrated that 

applying slope-dependent river flow speed will improve the simulation of river discharge 

in CLM. This treatment of river flow speed has been incorporated in CLM4.5 [Oleson et 

al., 2013]. Therefore, we also checked the contribution of river water anomalies to TWS 

anomalies in CLM4.5. Figure 4.11 shows that in CLM4.5, river water anomalies play an 

important role in TWS anomalies and can be as important as SWE in some river basins. 

By including the river water anomalies, the timing and magnitude of TWS anomalies is 

largely improved in all the six river basins.  CLM4.5 also takes into account surface 

ponding, which contributes a little (around 15% of the river water). Canopy water does 

not have obvious seasonal variations both in CLM4.5 and CLM4 (the figure for canopy 

water in CLM4 is not shown as its contribution is negligible).  

The spatial map of TWS anomalies and its breakdown confirms that river water is 

an important term of TWS as simulated by CLM4.5 (Figure 4.12d). Surface water is also 

not negligible in northwestern Siberia and around the Hudson Bay (Figure 4.12e). 

CLM4.5 shows a better spatial pattern of TWS anomalies (Figure 4.12g) than does 
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CLM4 (Figure 4.10f), compared with GRACE observations (Figures 4.10g or 4.12h). The 

SWE and soil moisture anomalies simulated by CLM4 (Figures 4.10a and 4.10b) have 

very similar spatial patterns to those simulated by CLM4.5 (Figures 4.12a and 4.12b). 

Canopy water in CLM4.5 is negligible (Figure 4.12f), and hence the difference between 

CLM4- and CLM4.5-simulated TWS is mainly from groundwater and river water. River 

water anomalies in CLM4.5 (Figure 4.12d) have a much larger magnitude and spread 

than in CLM4 (Figure 4.10d), which is presumably due to the reduced river flow velocity 

in CLM4.5. The large positive river flow anomalies and surface water anomalies around 

the Ob River Basin show better consistencies with GRACE observations, while CLM4 

underestimates TWS anomalies in this river basin as discussed above. Similar 

improvements can be found around the Hudson Bay and Mackenzie River Basin. 
 

4.6. DISCUSSION 

Bias correction of meteorological forcing for the SNODAS generally reduces 

RMSE of SCF and snow depth, but it has limited improvements in regions. The increased 

RMSE in SCF and snow depth in western Siberia after using the bias-corrected forcing 

may be caused by two reasons. First, the rainfall/snowfall ratio is not changed after bias 

correction. Rainfall and snowfall are scaled to meet the pentad mean of GPCP 

precipitation. If the precipitation bias in the forcing is mainly caused by rainfall, using the 

same scaling factor to adjust snowfall may cause false correction in snowfall. Since 

GPCP does not have phase separation of precipitation, it remains unknown how this 

would influence our bias correction results. Second, GPCP may have potential problems 

in cold-season at high latitudes [Adler et al., 2012]. The reference data used to correct 

bias in forcing may contain error. The SL SCF scheme can reproduce the relationship 

between daily snow depth and SCF better than the NY scheme [Swenson et al., 2012] but 
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cannot guarantee a better performance in parameterizing SCF globally. Although it shows 

better snow depth results in the open-loop run, it performs worse than the NY scheme 

within the DA framework.  As suggested from the results and Figure 4.8, forcing data and 

SCF scheme are the first two largest contributors to the uncertainty in the SNODAS, 

followed by the choice of DA method. 

Results show that river water is an important term of TWS as simulated by 

CLM4.5. By including river water, as well as surface water, CLM4.5 produces TWS 

anomalies that are in better agreement with GRACE when compared with CLM4. The 

river storage in CLM4 is not as significant as that by CLM4.5 because the RTM in CLM4 

uses a globally constant but larger river flow speed. In addition, surface ponded water is 

not simulated in CLM4. Therefore, these features in CLM4 would affect its simulation of 

TWS, which, in turn, would affect its GRACE TWS DA results. By including these 

features, CLM4.5 is anticipated to have a better performance in GRACE TWS DA 

results.  

 

4.7. CONCLUSIONS 

We examined the influence of uncertainties in multiple sources on the DA 

performance by conducting a series of paired experiments within the framework of 

SNODAS.  The correction of forcing bias has the largest influence on the snowpack 

simulation. The SNODAS has a diverse response in different regions to the choice of 

SCF scheme. The SL scheme outperforms the NY scheme in the Tibetan Plateau but is 

worse along the snowline (the latitudinal band between 35°N and 50°N). Under the DA 

condition, the NY scheme shows better results than the SL scheme in general. The 

MODIS-only DA cases with two ensemble Kalman filers show a large difference in 
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simulating SCF and snow depth in the lower-middle latitudes (around 25°–50°N), but 

EAKF generally outperforms EnKF except over northeastern China. The choice of the 

two filers has less influence on DA compared to the choice of the SCF schemes. 

Assimilating different solutions of GRACE TWS data also shows large differences 

mainly in the higher latitudes. Because each solution has drawbacks and strengths in 

terms of improving SCF and snow depth estimates, it is not fair to conclude which 

solution performs better. Comparing the snow depth RMSE difference in each pair of 

experiments over two densely monitored regions confirms that atmospheric forcing bias-

correction has the largest influence on snow DA, followed by the SCF scheme and DA 

methods. The solution of GRACE TWS data shows a weak influence on the performance 

of the SNODAS. Although we did not use CLM4.5 in snow DA, we compared CLM4- 

and CLM4.5-simulated TWS. We believe a better representation of TWS in CLM4.5 will 

exert a greater influence on snow DA.     
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Table 4.1. List of experiments. NY stands for Niu and Yang [2007], and SL stands for 
Swenson and Lawrence [2012]. 

 

 
 
 
 
 

Experiment DA type Atmospheric 
Forcing Bias 
Correction 

SCF 
Scheme 

Ensemble 
Kalman 
Filter  

GRACE 
Data Type 

OL_NBC_NY Open-loop No NY ‒ ‒ 

OL_BC_NY Open-loop Yes NY ‒ ‒ 

OL_NBC_SL Open-loop No SL ‒ ‒ 

MOD_NBC_NY MODIS-
only 

No NY EAKF ‒ 

MOD_NBC_SL MODIS-
only 

No SL EAKF ‒ 

MOD_BC_NY MODIS-
only 

Yes NY EAKF ‒ 

MOD_EnKF MODIS-
only 

No NY EnKF ‒ 

 

GRAMOD_RL05 MODIS 
and 

GRACE 

Yes NY EAKF RL05 

GRAMOD_Mascon MODIS 
and 

GRACE 

Yes NY EAKF Mascon 
Solution at 
0.5°×0.5° 
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Figure 4.1. (Left) Difference in the normalized RMSE of SCF against MODIS; (a)–(e) 
are, respectively, for OL_BC_NY minus OL_NBC_NY, MOD_BC_NY 
minus MOD_NBC_NY, MOD_NBC_NY minus OL_NBC_NY, 
MOD_BC_NY minus OL_BC_NY, and MOD_BC_NY minus 
OL_NBC_NY. (Right) Difference in the normalized RMSE of snow depth 
against CMC; (f)–(j) are, respectively, for OL_BC_NY minus 
OL_NBC_NY, MOD_BC_NY minus MOD_NBC_NY, MOD_NBC_NY 
minus OL_NBC_NY, MOD_BC_NY minus OL_BC_NY, and 
MOD_BC_NY minus OL_NBC_NY. For each grid, RMSE is calculated 
from the time series of the grid and then normalized by the maximum 
observed value during the experiment time period (November 2002 to May 
2003). 
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Figure 4.2. Comparisons of the RMSE of snow depth among four cases: red solid line 
represents MOD_BC_NY, red dashed line MOD_NBC_NY, blue solid line 
OL_BC_NY, and blue dashed line OL_NBC_NY. RMSE are averaged over 
three selected regions: (a) TP (25°–40°N, 70°–100°E), (b) NC Siberia (60°–
65°N, 90°–120°E), and (c) Central Canada (55°–62°N, 130°–110°W). 
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Figure 4.3. (Left) Difference in the normalized RMSE of SCF against MODIS; (a)–(e) 
are, respectively, for OL_NBC_SL minus OL_NBC_NY, MOD_NBC_SL 
minus MOD_NBC_NY, MOD_NBC_NY minus OL_NBC_NY, 
MOD_NBC_SL minus OL_NBC_SL, and MOD_NBC_SL minus 
OL_NBC_NY.  (Right) Difference in the normalized RMSE of snow depth 
against CMC; (f)–(j) are, respectively, for OL_NBC_SL minus 
OL_NBC_NY, MOD_NBC_SL minus MOD_NBC_NY, MOD_NBC_NY 
minus OL_NBC_NY, MOD_NBC_SL minus OL_NBC_SL, and 
MOD_NBC_SL minus OL_NBC_NY. For each grid, RMSE is calculated 
from the time series of the grid and then normalized by the maximum 
observed value during the experiment time period (November 2002 to May 
2003). 



 95

 

Figure 4.4. Comparisons of the RMSE of snow depth in m among four cases: red solid 
line represents MOD_NBC_SL, red dashed line MOD_NBC_NY, blue solid 
line OL_NBC_SL, and blue dashed line OL_NBC_NY. RMSE are averaged 
over three selected regions: (a) TP (25°–40°N, 70°–100°E), (b) NC Siberia 
(60°–65°N, 90°–120°E), and (c) Central Canada (55°–62°N, 130°–110°W) 
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Figure 4.5. (Left) Difference in the normalized RMSE of SCF against MODIS; (a)–(c) 
are, respectively, for MOD_EnKF minus OL_NBC_NY, MOD_NBC_NY 
minus OL_NBC_NY, MOD_EnKF minus MOD_NBC_NY. (Right) 
Difference in the normalized RMSE of snow depth against CMC; (d)–(f) 
are, respectively, for MOD_EnKF minus OL_NBC_NY, MOD_NBC_NY 
minus OL_NBC_NY, MOD_EnKF minus MOD_NBC_NY. For each grid, 
RMSE is calculated from the time series of the grid and then normalized by 
the maximum observed value during the experiment time period (November 
2002 to May 2003). 
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Figure 4.6. Comparisons of the RMSE of snow depth in m among three cases: red line 
represents MOD_EnKF, green line MOD_NBC_NY, and blue line 
OL_NBC_NY. RMSE are averaged over three selected regions: (a) TP 
(25°–40°N, 70°–100°E), (b) NC Siberia (60°–65°N, 90°–120°E), and (c) C 
Canada (55°–62°N, 130°–110°W). 
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Figure 4.7. (Left) Difference in the normalized RMSE of SCF against MODIS; (a)–(c) 
are, respectively, for GRAMOD_Mascon minus OL_BC_NY, 
GRAMOD_RL05 minus OL_BC_NY, and GRAMOD_Mascon minus 
GRAMOD_RL05. (Right) Difference in the normalized RMSE of snow 
depth against CMC; (d)–(f) are, respectively, for GRAMOD_Mascon minus 
OL_BC_NY, GRAMOD_RL05 minus OL_BC_NY, and 
GRAMOD_Mascon minus GRAMOD_RL05. For each grid, RMSE is 
calculated from the time series of the grid and then normalized by the 
maximum observed value during the experiment time period (January 2003 
to May 2003).  
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Figure 4.8. Comparisons of the normalized RMSE of snow depth against CMC among 
six pairs of experiments. The normalized RMSE is calculated against CMC 
data (as described in the above spatial plots) and averaged for the three 
selected regions:  (a) TP (25°–40°N, 70°–100°E), (b) NC Siberia (60°–
65°N, 90°–120°E), and (c) Central Canada (55°–62°N, 130°–110°W). 
Numbers shown next to the bars are the percentage of change in the 
normalized RMSE. Each pair of experiments is listed in the labels with the 
former displayed in blue bar and the latter in red bar.  
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Figure 4.9. (a–f) Monthly variations of TWS anomalies (in black), SWE (in red), soil 
moisture (in blue), groundwater (in grey), and river water (in green) from 
OL_BC_NY. TWS anomalies as the sum of the anomalies of SWE, soil 
moisture, and groundwater are represented in black dashed lines. GRACE 
TWS observations are in black rectangles for reference. The time period is 
from January 2003 to December 2004. The units are mm. 
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Figure 4.10. Monthly anomalies of CLM4-simulated (a) SWE, (b) soil moisture, (c) 
groundwater, (d) river water, (e) TWS calculated as the sum of the above 
four, and (f) TWS calculated as the sum of SWE, soil moisture, and 
groundwater, and (g) GRACE-observed TWS for May 2003. Units are in 
mm. 
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Figure 4.11. (a–f) Monthly variations of TWS anomalies (in black), SWE (in red), soil 
moisture (in blue), groundwater (in grey), river water (in green), surface 
water (in purple), and canopy water ( in yellow) from an CLM4.5 run. 
GRACE TWS observations are in black rectangles for reference. The time 
period is from January 2003 to December 2004. The units are mm. 
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Figure 4.12. Monthly anomalies of CLM4.5 simulated (a) SWE, (b) soil moisture, (c) 
groundwater, (d) river water, (e) surface water, (f) canopy water, and (g) 
TWS as the sum of the above terms, and (h) GRACE-observed TWS for 
May 2003. Units are in mm.  
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CHAPTER 5: Summary and Future Vision  

 

5.1. SUMMARY 

The first two main chapters have established a snow data assimilation system 

(SNODAS) that can incorporate multivariate observations. The SNODAS is based on 

coupling of the Data Assimilation Research Testbed (DART) and the Community Land 

Model (CLM). The performance of data assimilation (DA) algorithms and the feasibility 

of assimilating two satellite observations of different land-surface variables and different 

spatial and temporal resolutions were evaluated. The strengths and limitations of each 

DA study were also discussed. The third main chapter investigated the response of 

SNODAS to uncertainties from multiple sources, which would have broad implications 

for land DA studies. All three studies have advanced our understanding of the ensemble-

based land surface modeling and DA methods to improve the Northern Hemisphere snow 

simulation.  

Chapter 2 described the technical details of SNODAS to form the foundation of 

the dissertation. Unlike previous studies that typically have the DA algorithms hard-wired 

with in LSMs, the SNODAS allows the development of DA algorithms (through DART) 

and LSM parameterizations (through CLM) to proceed independently, which makes it 

more flexible and straightforward to maintain or develop the multi-sensor and 

multivariate system. As the first application, the Moderate Resolution Imaging 

Spectroradiometer (MODIS) snow cover fraction (SCF) was assimilated via the 

SNODAS. The effectiveness of the assimilation is mainly in the lower-middle latitudes in 

DJF (December–February), and move poleward in MAM (March–May). The study also 

examined the performance of assimilation in different vegetation types. The linearity of 
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the relationship between SCF and snow water equivalent (SWE) in the model ensembles 

can partly explain the better performance over grass. 

Chapter 3 extended the SNODAS to assimilate the Climate Experiment (GRACE) 

terrestrial water storage (TWS) observations as well. The modeled TWS anomaly, 

calculated as the sum of SWE, soil moisture, and groundwater anomalies from CLM4, 

was compared to the GRACE-observed TWS anomaly. This study evaluated the 

performance of the joint DA of GRACE and MODIS, compared with the performance of 

MODIS-only DA, in six Arctic river basins. The TWS variations in winter and spring are 

dominated by SWE as a result of snow accumulation and ablation processes. The 

amplitude and timing of SWE maximum are modified, which is consistent with those of 

TWS in winter and spring. The MODIS SCF DA may be ineffective in higher latitude in 

winter, as observations are limited by cloudy conditions, less sunlight and SCF 

approaching 100%. The MODIS SCF DA may even be degraded due to errors in MODIS 

or the incorrect representation of SCF in the model. The assimilation of GRACE TWS 

data can improve snowpack estimates in some circumstances but is not able to resolve all 

of the problems. For example, the performance is not improved in some densely-forested 

regions when compared with snow depth from the Canadian Meteorological Center 

(CMC). River discharge, is not improved, which is possibly caused by inappropriate 

updates in groundwater. 

Chapter 4 showed that snow DA results are influenced by multiple sources: 

atmospheric forcing, model structure, DA technique, and satellite remote sensing product. 

Results show that forcing bias correction mostly improves snow DA and has the largest 

influence on snow simulation. The choice of SCF parameterization scheme is the second 

largest contributor based on the comparison of two schemes (named NY adopted from 

Niu and Yang [2007] and SL from Swenson and Lawrence [2012]). The choice of EnKFs 
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has less influence on DA compared to the choice of SCF scheme. DA cases with two 

EnKFs show large difference in SCF and snow depth in the lower-middle latitudes. 

EAKF generally outperforms EnKF except over northeastern China. Assimilating 

different solutions of GRACE TWS data shows a weak response, except for a large 

difference mainly at higher latitudes. Each GRACE solution has drawbacks and strengths 

in terms of improving SCF and snow depth estimates, it is not fair to conclude which 

solution performs better.  

 

5.1. FUTURE WORK 

Some of the remaining questions have been discussed in each chapter. With 

regard to improving the effectiveness of snow DA, additional studies are needed. 

A better characterization of error statistics for satellite observations would benefit 

the DA community. For example, MODIS does not perform well in some densely-

forested regions, presumably because trees make the surface darker. This can partly 

explain the unsatisfying performance of the assimilation of MODIS SCF data over these 

regions. The error variance of MODIS SCF data is globally uniform which is suboptimal. 

More evaluation studies on MODIS SCF errors in different land cover categories will 

help advance the assimilation of MODIS SCF. 

There is a need for a new design of algorithms to diminish unreliable updates due 

to misrepresentation of the relationship between the observed and the unobserved 

quantities. EnKFs linearly regress the observational increments onto the increments of the 

unobserved states. As a result, the linearity of the relationship between the observed and 

unobserved states is important in limiting the error of the EnKFs. For example, the 

relationship between SCF and SWE in ensemble members is quite non-linear over 
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forested regions (especially in winter), where degradation was seen. Therefore quality 

controls could be introduced to discard the SWE increments. 

Improvements of observational operators need to be made to better project 

modeled states to the observation space. For example, how to calculate TWS from 

modeled sub-components will affect the comparison between the modeled TWS and 

GRACE-observed TWS. Results from CLM4.5 show that river water anomalies play an 

important role in TWS anomalies and can be as important as SWE in some river basins; 

however, river water anomalies in CLM4 are much smaller.  

The dissertation has focused on snow DA with CLM running offline. The work 

can be extended to incorporate the interaction between land and the atmosphere by 

running CLM coupled with the Community Atmosphere Model (CAM). Applying snow 

DA in the coupled system offers an alternative method for better understanding snow–

albedo feedback (SAF). SAF has been characterized as a positive feedback that amplifies 

an initial temperature perturbation and enhances the climate sensitivity to external 

forcings. In a warming climate, understanding SAF helps us better estimate the changing 

snowpack and anticipate its hydrological and climatic consequences. Despite this 

importance, the modeled SAF is unrealistic and displays large uncertainties in climate 

model simulations [Hall and Qu, 2006]. To date, few climate modeling studies have 

constrained the snow cover simulations using multisensory satellite observations and 

little work has focused on diagnosing SAF and atmospheric modeling deficiencies 

through snow data assimilation.  
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