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Abstract 

 

Carbon and nitrogen cycles, the energy cycle, and the hydrological cycle interact 

with each other; all are crucial to atmosphere–land studies. Carbon and nitrogen cycle 

from the atmosphere to vegetation communities and soil micro-organisms through their 

transformation in inorganic and organic pools. Ecosystem equilibrium, which is usually 

disturbed by extreme events (e.g., fires or drought), depends on the speeds of carbon and 

nitrogen uptake and decomposition. Terrestrial biogeochemistry models typically require 

hundreds to thousands of years for carbon and nitrogen in various pools to reach steady-

state solutions, which are generally a function of soil temperature and soil water. 

Hydrological processes such as the root transpiration/water removal and the cold-region 

infiltration with the soil ice freeze/thaw status involved affect soil water content and soil 

temperature, and regulate carbon- and nitrogen-stock variations. Last but not least, 

mineral dust, a type of atmospheric aerosol, alters surface radiation/energy balance, and 



 vi 

may act as cloud condensation nuclei to modify precipitation rates and eventually the 

hydrological cycle.  

Therefore, we were motivated to investigate these processes in different 

ecosystems. Specifically, this research aims to 1) to elucidate the carbon- and nitrogen-

pool adjustment processes in different ecosystems, 2) to evaluate how the root 

transpiration process affects ecosystem carbon exchange patterns in Amazonia, 3) to 

analyze the influence of soil impermeability, which is affected by the landscape 

freeze/thaw status in cold regions, on hydrological cycles at high latitudes, and 4) to 

explore the effects of surface vegetation distribution and model resolution on surface dust 

emissions. The Community Land Model version 4 (CLM4) was used in this study. We 

did numerical experiments in three environments: forest and grassland ecosystems, river 

basins in cold regions, and the Arabian Peninsula. Our main scientific findings are: 1) the 

adjustment time of the biogeochemistry components in CLM4 is longer for boreal forests 

than for other ecosystems, 2) with more water is lifted from deep soil, Amazonia 

ecosystems start to take up carbon during dry seasons, 3) the timing of boreal spring 

runoff simulations is improved by reducing the impermeable area underneath the 

snowpack, and 4) model-simulated dust emissions increase with model resolution as a 

result of the heterogeneities of vegetation cover and wind speed.   
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Chapter 1 

General Introduction 

The biogeochemical cycle, the water cycle, and the energy cycle are important 

components simulated by land-surface models (LSMs) (Pitman, 2003), which are widely 

used in climate predictions (Gent et al., 2011). LSMs are crucial to the parameterization 

of radiation, clouds, and stable boundary layer and surface layer processes in numerical 

weather predication models (Ek et al., 2003). LSMs are also important to our 

understanding of how land processes and states interact with weather, climate, and 

climate change (Lawrence et al., 2011). A more thorough understanding of the 

biogeochemical cycling, large-scale hydrology, snow physics, soil temperature physics, 

soil moisture processes, boundary-layer processes, and radiative transfer is needed for 

LSM improvement (Pitman, 2003). This line of thoughts is consistent with the major 

international programs such as the Global Energy and Water Cycle Project (GEWEX), 

the International Geosphere-Biosphere Programme (IGBP), the International Land 

Ecosystem-Atmospheric Processes Study (iLEAPs), and others. Therefore, this study 

focuses on investigating biogeochemical, hydrological, and biogeophysical processes 

represented by carbon and nitrogen cycles, hydrological cycles, and dust emissions, 

respectively (Figure 1.1).  

This dissertation begins with evaluating spin-up timescales and methods in 

different ecosystems. Ecosystem development features and model deficits can generally 

be revealed by investigating spin-up processes. Theoretically, for a stand-alone terrestrial 

biogeochemical model at given arbitrary initial conditions and running with observed 

meteorological data, a single unconditional steady-state solution exists (Luo et al., 2001; 

Thornton and Rosenbloom, 2005; Xia et al., 2012). Such a steady-state solution typically 

requires hundreds to thousands of years for carbon and nitrogen in various pools to reach 
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steady-state solutions. These long spin-up processes not only pose a significant burden to 

computational resources, but also run contrary observational evidence. Some terrestrial 

models that include carbon cycles (Luo et al., 2001; Baisden and Amundson, 2003; Zhan 

et al., 2003) have used analytical steady-state solutions under special cases of simple 

forcing. However, it is less clear in their studies how an analytical solution can be applied 

to carbon and nitrogen cycle models where interactions complicate the situation. 

Therefore, the spin-up study in this dissertation aims 1) to study the spin-up features of 

four spin-up methods globally and locally, 2) to examine the steady-state solutions of the 

four methods in different ecosystems (e.g. tropical forests, grasslands, temperate forests, 

and boreal forests) and to find the efficiencies of different methods, and 3) to investigate 

the possible reasons for the long spin-up processes and to reveal the deficiencies in the 

fundamental processes represented by a biogeochemistry model. 

My understanding of biogeochemistry models was advanced through the spin-up 

study. Generally, the spin-up rate of a certain ecosystem is a function of soil temperature 

and soil water; vegetation has high growth and decomposition rates in tropical forests, 

where the spin-up timescale is less than in any other forest ecosystem. After investigating 

the spin-up features of a biogeochemistry model, I became more aware of the 

hydrological cycle in different ecosystems. The root transpiration/water removal 

mechanism is an important hydrological process; it significantly affects carbon exchanges 

in tropical forests. The eddy convariance measurements of net ecosystem exchange 

(NEE) at tropical forest sites suggest that CO2 is lost to the atmosphere in the wet season 

and gained in the dry season (Saleska et al., 2003). However, the NEE seasonality 

simulated by terrestrial biogeochemical/biogeophysical models is usually opposite in 

phase to the observations (Baker et al., 2008; Verbeeck et al., 2011). In fact, observations 

suggest that deep soil columns can store large amounts of water that is accessible to deep 
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roots when the near-surface soil dries (Baker et al., 2005). Therefore, considering deep 

soil columns, reasonable root configurations, and layer-independent water stress factors 

in terrestrial biogeochemical/biogeophysical models is important for carbon flux annual 

cycles in Amazonia (Baker et al., 2008). This dissertation investigates the hydrological 

processes in Amazonia and seeks to 1) improve the understanding of the soil water 

stress/rooting distribution mechanism in Amazonia, 2) develop parameterizations for 

obtaining improved seasonal NEE simulations in LSMs.  

 

 

Figure1.1. Biogeochemical, hydrological, and biogeophysical processes discussed in this 

dissertation.  
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In order to broaden my awareness of hydrological processes, I then started to 

explore hydrological cycles in mid- and high-latitude regions, where timescales required 

to reach ecosystem equilibrium are longer than any other ecosystem. Actually, our 

understanding of hydrological cycles at high latitudes is still limited as a result of water 

phase changes and technological limitations to observation. Snow cover in mid- and high-

latitude regions is an excellent natural insulator that can maintain the underlying ground 

at a higher temperature than the overlying atmosphere (Hardy et al., 2001). The area of 

snow cover is closely related to the soil and landscape frozen fraction. Soil 

impermeability, which is a function of the area of frozen soil, usually decreases when 

snow cover accumulates (Hardy et al., 2001). Previous studies have not fully assessed 

and quantified how snow cover affects soil impermeability, and how soil impermeability 

regulates hydrological processes in cold regions. Therefore, the objectives of the 

hydrological study in mid- and high-latitude regions are to 1) evaluate the landscape 

frozen fraction simulated by a land surface model, 2) investigate how the landscape 

frozen fraction varies with snowfall, snow cover fraction, snow ice, and snow depth, and 

3) study how runoff and water storage change with soil permeability at high latitudes. 

I also extended my research scope to biogeophysical components to obtain 

integral understating of land-surface processes. Atmospheric dust particles are an 

important climate forcing that affects both solar and terrestrial radiation. It has been 

proved that dust events are responsible for variations of air and surface temperature (Evan 

et al., 2009; Othman et al., 2010; Maghrabi et al., 2011), cloud microphysical properties 

(Andreae and Rosenfeld, 2008), and precipitation rates (Moulin et al., 1997; Lohmannand 

and Feichter, 2005), which are eventually associated with hydrological cycles 

(Lohmannand and Feichter, 2005; Kosmopoulos et al., 2008). The Arabian Peninsula is 

mainly covered by the Arabian Desert, where dust storms are considered to be one of the 
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most severe environmental problems (Maghrabi et al., 2011). In the late 1990s and 2000s, 

strengthening trends and also severe events have been documented by various 

observations on the Arabian Peninsula. Since only minor work has been done to study the 

relationship between surface conditions (e.g. vegetation cover and model resolution) and 

dust emissions, this dissertation also simulates dust emissions over the Arabian Peninsula, 

and aims to 1) investigate the spatial distribution of dust emission on the Arabian 

Peninsula, and 2) evaluate how surface vegetation distribution and model-resolution 

affect surface dust emissions simulated by a land surface model.  

Based on the four aspects discussed above, this dissertation is divided into four 

main chapters and a conclusion chapter. Each main chapter is an independent manuscript, 

where different datasets and methods were used to answer specific scientific questions. 

Overall, Chapter 2 compares four spin-up methods and their steady-state solutions, and 

elucidates the potential weaknesses responsible for long spin-ups in a biogeochemistry 

model. The four methods can be classified into two groups: 1) models that spin up from 

arbitrary initial conditions (e.g., the traditional native dynamics or ND method), and 2) 

models that are initialized with observed soil organic matter (SOM) pools. Using the 

same biogeochemistry model mentioned in Chapter 2, Chapter 3 evaluates the 

performance of a deep-soil column, a new root configuration, and a layer-independent 

water stress factor in capturing NEE seasonality, and assesses how NEE seasonality is 

affected by fire and human activities in Amazonia. Chapter 4 calculates the top soil layer 

ice, snow ice, and canopy ice in a LSM to then calculate the landscape frozen fraction. 

Chapter 4 also examines two soil permeability parameterizations, which represent 

reduced soil impermeability as a result of the accumulated large area of snow. Chapter 5 

estimates dust emissions over the Arabian Peninsula using the same LSM used in Chapter 

4. Chapter 5 quantifies dust emission based on two vegetation cover datasets representing 
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patched plant functional types (PFTs) and discrete vegetation biomes, respectively, at 

different model resolutions. I then explore the reasons for dust emission variations at 

different model resolutions on the basis of the heterogeneities of the total value of leaf 

area index (LAI) plus stem area index (SAI) and wind speed. Finally, Chapter 6 

summarizes conclusions and findings obtained from this dissertation. 
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Chapter 2 

Spin-up Processes in the Community Land Model Version 4 with 

Explicit Carbon and Nitrogen Components 

2.1 INTRODUCTION 

Model spin-up refers to the adjustment process through which the model reaches 

its steady-state solution in response to an arbitrary initial condition (Yang et al., 1995; 

Johns et al., 1997; Dickinson et al., 1998). Global gridded-models that need to spin-up 

from arbitrary conditions to steady states may have high computational costs (with the 

problem only getting worse as model resolutions increase), an issue commonly referred to 

as the “spin-up problem” (Thornton and Rosenbloom, 2005). Land surface model (LSM) 

spin-up is an adjustment process as the model state variables (e.g., soil moisture, latent 

heat, and sensible heat) approach their equilibrium (Yang et al., 1995; Rodell et al., 

2005), and a biogeophysical LSM spin-up is usually not computationally expensive. The 

carbon and nitrogen cycles are processes limiting spin-up for models with 

biogeochemical cycles. Therefore, up to thousands of years are required for terrestrial 

biogeochemical models to reach steady-state solutions, which are usually judged by 

carbon and nitrogen state variables (Thornton and Rosenbloom, 2005; Randerson et al., 

2009). In addition, the steady states of ocean general circulation models and ocean 

biogeochemical models are usually evaluated by biogeochemical tracers (e.g. inorganic 

and organic forms of carbon, nitrogen, phosphorus), and it usually takes several thousand 

years for these two types of models to reach steady states (Merlis and Khatiwala, 2008; 

Khatiwala et al., 2008).  

A typical spin-up for a terrestrial biogeochemical model starts from arbitrary 

initial conditions and is run to an equilibrium vegetation state, establishing steady-state 

values for its various pools, such as carbon and nitrogen in vegetation or in soil organic 
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matter (SOM), depending on the model being used (Thornton and Rosenbloom, 2005). 

This type of spin-up is called the native dynamics (ND) method. Theoretically, for a 

terrestrial biogeochemical model running with observed meteorological data, a single 

unconditional steady-state solution exists for any combination of plant functional type 

(PFT) physiology and climate (Luo et al., 2001; Thornton and Rosenbloom, 2005; Xia et 

al., 2012). To obtain such a steady-state solution for all state variables, climate forcing 

needs to be applied repeatedly over a period, especially in experiments where the state 

variable residence time is longer than the post-steady-state simulation period (Thornton et 

al., 2002; Thornton and Rosenbloom, 2005). 

In order to obtain the steady-state solutions, some studies have used a substantial 

amount of computational resources. For example, it took 900 years for the Lund-

Potsdam-Jena Dynamic Global Vegetation Model (LPJ) to spin-up from arbitrary initial 

conditions to equilibrium carbon pools and fluxes (Bondeau et al., 2007). In order to 

reach a global equilibrium in various carbon and nitrogen pools, Randerson et al. (2009) 

spun up the Community Land Model with explicit consideration of carbon and nitrogen 

processes (CLM4CN) 4000 years.  

Rather than running the model from arbitrary initial conditions, some scientists 

have applied a variety of methods to solve the “spin-up problem”. Studies at specific sites 

have shown that by initializing with observed SOM (Zhang et al., 2002) or litter 

(D’Odorico et al., 2004) a model can reach equilibrium relatively quickly, but these 

studies did not explicitly evaluate the importance of pool initialization on spin-up 

timescales. Some terrestrial models that include carbon cycles (Luo et al., 2001; Baisden 

and Amundson, 2003; Zhan et al., 2003) have used analytical steady-state solutions under 

special cases of simple forcing. Xia et al. (2012) found that for some models an analytic 

solution may dramatically reduce spin-up timescales, but it is less clear in their study how 
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an analytical solution can be applied to carbon and nitrogen cycle models where 

interactions complicate the situation.  

Using the Biome-BGC model, Thornton and Rosenbloom (2005) compared 

several spin-up methods, including the ND method and the accelerated decomposition 

(AD) method. As AD uses a higher SOM decomposition rate, the litter and SOM pool 

sizes are reduced and turned over more rapidly. As a result, more mineral nitrogen is 

maintained in the soil to support new growth of plants. Thornton and Rosenbloom (2005) 

showed that AD requires about 70% less computation than ND.  

As one of the most widely used LSMs, CLM4CN is comprehensive in that it 

represents both biogeophysical and biogeochemical processes, with the latter processes 

derived from Biome-BGC. This study will provide a detailed study of ND and AD, 

globally and locally, along with two alternative spin-up methods, which are decelerated 

bulk denitrification and leaching (DDL) and initialization of soil carbon and nitrogen 

pools (SI). Next, this study will examine the steady-state solutions of the four methods in 

different ecosystems (e.g. tropical forests, grasslands, temperate forests, and boreal 

forests) and document the efficiencies of different methods. Finally, this paper will 

investigate the possible reasons for the long spin-ups and reveal the deficiencies in the 

fundamental processes represented in the model. 

The structure of this paper is as follows. Section 2.2 describes the model, data, 

and spin-up methods used in this study. Section 2.3 analyzes the spin-up results globally 

and locally. Section 2.4 compares the CLM4CN with the CENTURY model, and 

discusses the possible reasons for the long spin-up processes of CLM4CN. Conclusions 

of this study are given in Section 2.5.  



 10 

2.2 METHODS  

2.2.1 Model description  

CLM4 (Oleson et al., 2010; Lawrence et al., 2011) is the land model of the 

Community Earth System Model (CESM) (Gent et al., 2011). It has been substantially 

modified and improved since CLM3 (Dickinson et al., 2006), and these improvements are 

documented in Lawrence et al. (2011). In CLM4CN, all carbon and nitrogen state 

variables in vegetation, litter, and SOM are prognostic (Thornton et al., 2007; Randerson 

et al., 2009). The CLM4CN vegetation pools include leaf, respiring and nonrespiring 

woody components of stems and coarse roots, and fine roots. Carbon and nitrogen 

obtained in one growing season will be reserved and distributed as new growth by plant 

storage pools in following years. Prognostic leaf phenology is associated with the 

classified PFTs, and prognostic LAI depends on the prognostic leaf carbon pool and an 

assumed vertical gradient of specific leaf area (Thornton and Zimmermann, 2007). A 

coarse woody debris pool, three litter pools, and four SOM pools, representing carbon 

and nitrogen storage and fluxes, are included in the heterotrophic model, and arranged as 

a converging trophic cascade (Randerson et al., 2009). The three-litter-pool classification 

are based on the measured chemical fractionation of fresh litter into labile (Lit1 = hot 

water and alcohol soluble fraction), cellulose/hemicellulose (Lit2 = acid soluble fraction), 

and remaining mass (Lit3 = acid insoluble fraction). The fractions of these components 

are defined as constants, which are plant tissue and PFT dependent. The decomposition 

rates of the four SOM pools, which are also constants and derived from a variety of 

experiments, decrease exponentially by following the SOM cascade (Thornton and 

Rosenbloom, 2005; Figure 2.1). A prognostic treatment of fire based on the model of 

Thonicke et al. (2001) is also included. This paper uses CLM4CN to discuss both the 
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global and site spin-up timescale patterns. The model resolution for the global tests is 

1.9° latitude ×2.5° longitude. 

2.2.2 Atmospheric forcing data 

In this study, CLM4CN was driven both globally and at 11 individual sites. The 

global run used the global atmospheric forcing data (1985–2004) discussed in Qian et al. 

(2006), consisting of temperature, precipitation, solar radiation, wind, pressure, and 

specific humidity. The atmospheric forcing data for the 11 individual sites are from five 

Large Scale Biosphere–Atmosphere Data Model Intercomparison Project (LBA-DMIP) 

sites in Amazonia, five AmeriFlux sites in mid-and-high latitudes, and one FLUXNET 

site in Europe (Table 2.1). All LBA sites provide hourly atmospheric forcing; some of the 

AmeriFlux sites provide hourly forcing, while others provide half-hour forcing; the 

chosen FLUXNET site in Europe provides half-hour forcing.
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Table 2.1. Site characteristics 

Site (abbreviation) Lat 

(°N) 

Lon (°E) Alt (Hgt) 

(m)b 

Annual Mean 

Temperature (K) 

Annual Mean 

Precipitation (mm) 

CLM4 PFT Years Soil 

Type 

SOM  

(kg m-2) 

Climate 
Zone 

Reserva Jarú (RJA) a -10.08 -61.93 191 (60) 298.2 2354 EBF and DBFc 2000-2002 loamy 

sand 

19,1 Tropical 

Manaus Km34 (K34) a -2.61 -60.21 130 (50) 298.7 2353 EBF and DBFc 2002-

2005 

clay 27.3 Tropical 

Santarém Km67 (K67) a -2.86 -54.96 130 (63) 298.4 1597 EBF and DBFc 2002-2004 clay 30.1 Tropical 

Santarém Km77 (K77) a -3.02 -54.89 180 (18) 299.5 1597 C3 NGc and 

C4 grass 

2001-2005 loamy 

sand 

24.9 Tropical 

Fazenda Nossa Senhora 

(FNS) a 

-10.76 -62.36 306 (8.5) 297.9 1744 C4 grass and 

crops 

1999-2001 clay 19.1 Temperate 

Tonzi Ranch (TR)  

(        et al., 2008) 

-38.43 -120.97 177 (23) 289.4 570 C3 grass and 

crops 

2002-2005 medium 

loam 

26.2 Temperate 

Harvard Forest (HF) 

(Urbanski et al., 2007) 

42.54 -72.17 340 (30) 281.3 1086 ENF and 

DBFc 

1996-2003 sandy 

loam 

46.0 Temperate 

Willow Creak (WC)  

(Sulman et al., 2009) 

45.81 -90.08 515 (30) 278.5 757 DBFc 1999-2005 sandy 

loam 

35.1 Temperate 

Morgan Monroe (MM) 

(Schmid et al., 2000) 

39.32 -86.41 275 (48) 285.2 1031 DBFc 1999-2005 clay 

loam 

22.5 Temperate 

Boreas OBS (BO) 

(Dunn et al., 2007) 

55.88 -98.48 259 (30) 271.9 275 ENFc 1994-2004 clay 

loam 

160.8 Boreal 

Hyytiala (HY) 

(Suni et al., 2003) 

61.85 24.29 181 (23) 277.4 500 ENFc 1997-2005 loamy 

sand 

55.6 Boreal 

a
 Indicates site information and meteorological forcing are from the LBA project. 

b
 Alt is the elevation of the tower above the sea level, and Hgt is the approximate height of the wind/temperature and flux 

measurements above the surface. 
c
 Plant functional types: evergreen broadleaf forest (EBF), deciduous broadleaf forest (DBF), evergreen needleleaf forest 

(ENF), nonarctic grass (NG).
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2.2.3 Spin-up methods 

The three litter pools and four SOM pools of CLM4CN each have different nominal 

rates (kLit,i and kSOM,j, hr
-1

) (Table 2.2 and Figure 2.1). Each rate constant is corrected by a 

combined decomposition rate scaling factor rtotal (dimensionless) (equation 2.1 and 

equation 2.2): 

 

Lit,i Lit,i totalkc k r            (2.1) 

 

SOM, j SOM, j totalkc k r            (2.2) 

 

where kcLit,i are the corrected decomposition rate constants for litter pools, and kcSOM,j are 

the corrected decomposition rate constants for SOM pools. The decomposition rate 

scaling factor (rtotal) is the product of a temperature dependent factor (rtsoil) and a soil 

water potential dependent factor (rwater) (Figure 2.2): 

 

total tsoil waterr r r            (2.3) 

 

where these two rates are each integrated over the top five soil layers (i.e., the top 29 cm 

of soil column). The spin-up rate for a certain PFT is decided by the soil temperature and 

soil water potential in the top 29 cm of the soil column.  

 Our baseline experiment used the ND approach, in which CLM4CN was started 

with arbitrary initial conditions, and three additional methods were AD, DDL, and SI. 

These four methods are described below.  
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Table 2.2. The decomposition rate of each soil carbon pool used in the ND, AD, DDL, 

and SI methods. kSOM,1, kSOM,2, kSOM,3, and kSOM,4 are the model default SOM 

decomposition rates (equation 2.2).   

 

Method 

Decomposition rate (hr
-1

) 

SOM1 SOM2 SOM3 SOM4 

ND kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 

AD 

(1) AD-spin-up 

 

kSOM,1×20 

 

kSOM,2×20 

 

kSOM,3×20 

 

kSOM,4×20 

(2) exit-AD spin-up kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 

(3) normal mode kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 

DDL 

(1) DDL-spin-up 

 

kSOM,1×20 

 

kSOM,2×20 

 

kSOM,3×20 

 

kSOM,4×20 

(2) exit-AD spin-up kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 

(3) normal mode kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 

SI kSOM,1×1 kSOM,2×1 kSOM,3×1 kSOM,4×1 
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Figure 2.1. Schematic diagram of CLM4CN litter and SOM decomposition. Three litter 

pools (Lit1, Lit2, and Lit3) and four SOM pools (SOM1, SOM2, SOM3, and SOM4) are 

included in CLM4CN. Straight dash arrows represent the physical transfer of plant tissues 

to litter and to the CWD pools, and the transfer of the CWD to Lit2 and Lit3 as the result 

of physical fragmentation. Straight solid arrows represent the decomposition pathways. 

Curved dashed arrows represent heterotrophic respiration fluxes, and the respiration 

fractions are shown next to those arrows. The decomposition rate for each litter and SOM 

pool (kLit,i and kSOM,j, hr
-1

) and the physical fragmentation rate for CWD (kCWD, hr
-1

) are 

shown along with the name of each pool.  
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Figure 2.2. (a) Relationship between soil temperature and its scaling factor for 

decomposition, where Q10 is equal to 1.5, and (b) relationship between soil water 

potential and soil water scaling factor for decomposition for sand, loam, and clay (Andrén 

and Paustian, 1987).   
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2.2.3.1 Native dynamics 

For the ND method, the system of coupled plant, litter, and soil carbon and 

n  rogen poo s evo ve on a “mono on  ” pa h from arbitrary initial conditions to steady 

states (Thornton and Rosenbloom, 2005), using the model default decomposition rates for 

each SOM pool (kSOM,j, hr
-1

) (Table 2.2). During spin-up, the forcing data are repeatedly 

looped to simulate thousands of years until an equilibrium state between the land surface 

variables (energy, water, carbon, and nitrogen) and the atmospheric forcing is reached 

(Thornton and Rosenbloom, 2005). This experiment includes both global and site 

simulations (site information is summarized in Table 2.1) with different time spans for a 

variety of ecosystems. We saved monthly summaries of global runs and hourly 

summaries of site runs of model state variables and fluxes for analyses.  

2.2.3.2 Accelerated decomposition  

The AD method was introduced in Thornton and Rosenbloom (2005). It finds that 

a new steady-state solution is usually produced by a limited uniform scaling factor of 

litter and SOM decomposition rates. In this new solution, the vegetation states remain 

nearly constant, but the litter and SOM carbon and nitrogen are inversely proportional to 

the decomposition scaling factor (Thornton, 1998). On the annual time scale, the 

decomposition of litter and SOM provides most of the nitrogen for new plant growth. 

This process results in a strong coupling, in which the plant produced organic matter 

controls heterotrophic respiration, and mineral nitrogen released from organic matter 

during decomposition controls plant growth (Vitousek and Howarth, 1991; Melillo et al., 

2002). Introducing accelerated decomposition rates speeds up turnover rates and provides 

a nearly constant supply of plant-absorbable mineral nitrogen (Thornton and 

Rosenbloom, 2005). Since the actual plant uptake of nitrogen depends partly on the 

availability of mineral nitrogen in the soil (Zhang et al., 2002), the vegetation growth rate 
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will increase with a high mineral nitrogen level derived from the accelerated 

decomposition rate; consequently the rate at which the model approaches a steady-state 

solution in the AD approach will also change. 

The main idea of this method is to use a higher decomposition rate scaling factor 

(e.g. in equation 2.2, kSOM,j times an accelerated factor) than is used in the ND method in 

order to reach a steady-state solution in fewer years than the ND method requires. 

Thornton and Rosenbloom (2005) did linearity study in Biome-BGC, and demonstrated 

that a reasonable scaling factor was associated with the approximately linear litter and 

SOM status. In this study, we used the AD rate factor and followed the three spin-up 

steps suggested by Kluzek (2012): 1) a 600-year AD-spin-up phase with SOM 

decomposition rates accelerated by a factor of 20 to ensure sufficient mineral nitrogen 

availability (Table 2.2); 2) one year exit-AD spin-up, where the soil carbon and nitrogen 

are multiplied on the first time step by the accelerated rate scaling factors to obtain their 

quasi-steady-state values (note that the carbon and nitrogen balance checks are turned off 

during this phase, since mass is intentionally not conserved; this phase is run for one year 

for technical reasons but in reality could be a single timestep); 3) at least 50 years of 

additional spin-up in the normal mode (ND; longer additional spin-up time is often 

needed to reach equilibrium). 

2.2.3.3 Decelerated bulk denitrification and leaching processes 

 Under conditions of excess nitrogen, in addition to the constant proportion lost in 

the decomposition pathway, some proportion is also assumed to be lost to denitrification 

equation 2.4):  

 

       (2.4) , _( )sminn
sminn denit dnx total demand

NS
NF f NF
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where NFsminn,denit is denitrification from excess mineral pools (gN m
-2 

s
-1

), fdnx is the bulk 

denitrification rate (i.e. the fraction of excess soil mineral nitrogen subject to 

denitrification on each time step), NSsminn is soil mineral nitrogen (gN m
-2

), NFtotal_demand 

is total column nitrogen demand (gN m
-2 

s
-1

), and τ is the decomposition time scale. In the 

overall spin-up process, a regular fdnx deprives plants of the soil mineral nitrogen they 

need to reach equilibrium nitrogen levels. However, a slower fdnx increases the residence 

time of soil mineral nitrogen, allowing plants to reach their equilibrium state more 

quickly.  

 Leaching and plant uptake processes, which are both controlled by the soil water 

content, cause the mineral nitrogen to be lost (D’Odor  o e  a ., 2004). The leaching 

processes are described in equation 2.5: 

 

         (2.5) 

 

where NFleached represents the rate of mineral leaching (gN m
-2 

s
-1

), sf is the soluble 

fraction of mineral nitrogen, NSsminn is soil mineral nitrogen (gN m
-2 

s
-1

), WStot_soil is the 

total mass of soil water content integrated over the column (kgH2O m
-2

), and Qdis is the 

rate of sub-surface drainage from the soil column to streamflow (kgH2O m
-2

).  

 Bulk denitrification and leaching, which rapidly eliminate any excess mineral 

nitrogen (produced in abundance by AD), prevent mineral nitrogen from accumulating in 

excess of plant demands and limit plant growth, and cause plants to converge to a lower 

than desired equilibrium value. To maintain soil mineral nitrogen during spin-up, we 

designed a method with reduced bulk denitrification and leaching rates (hereafter denoted 

DDL for decelerated denitrification and leaching). The DDL method is similar to the AD 

_

sminn
leached dis

tot soil

NS
NF sf Q

WS
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method, but besides the accelerated decomposition rates (Table 2.2) this method also 

divides the bulk denitrification rate (fdnx) and soluble fraction of mineral nitrogen (sf) by a 

scalar (20 in this study) for the first 600 years (hereafter referred to spin-up in this step as 

DDL-spin-up). We followed the DDL-spin-up phase with 1 year exit-AD spin-up and at 

least a 50-year run in the ND mode, which is the same as the second and the third steps 

discussed in Section 2.2.3.2.  

2.2.3.4 Initialization of soil carbon and nitrogen pools 

The SI method initializes the soil carbon and nitrogen pools with observed 

gridded estimates of soil carbon stocks. In this method, it is assumed that each kilogram 

of organic matter contains 0.58 kilogram carbon, and each soil carbon pool (e.g. Csoil,i) is 

initialized with the product of total column soil carbon and fraction of soil carbon in each 

soil carbon pool. The initialization of soil nitrogen pools depends on the C: N ratios 

(CNsoil,i) between the carbon pools and nitrogen pools. Here, we utilized the soil carbon 

data from the Global Soil Data Task (GSDT) (2000), which has compiled global 

information on soil carbon density in the upper 150cm of the soil at 1 1  resolution 

(Figure 2.3).  

In this method, therefore, the model starts from a state that is presumably close to 

the real world soil carbon-nitrogen conditions, though a spin-up of the vegetation state is 

still required along with an adjustment of the soil carbon and nitrogen contents to 

equilibrium, which may of course not perfectly reflect the observed soil carbon 

distribution owing to the weaknesses of the model. For the tower sites that are tested, the 

global SOM data were interpolated to the tower site locations. Similar to the ND method, 

the SI method also uses model default decomposition rate for each SOM pool (Table 2.2). 
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Figure 2.3. Global Soil Data Task (2000) soil carbon content (kg m
-2

) regridded to 

CLM4 with a resolution of 0.9°×1.25°.  

Since nitrogen state variables exhibit spin-up features similar to carbon state 

variables, we only consider the nitrogen levels for total ecosystem nitrogen (NTOT), total 

vegetation nitrogen (NVEG), total SOM nitrogen (NSOM), and litter nitrogen (NLIT). We 

focused our assessment on the four spin-up methods from the perspective of total 

ecosystem carbon (CTOT), total vegetation carbon (CVEG), total SOM carbon (CSOM), litter 

carbon (CLIT), and coarse woody debris (CCWD). We consider the model to be in steady 

states when global or site-level trends in these state variables are roughly constant across 

n-year spin-up segments, and n represents the number of years of the atmospheric 

forcing. As our global forcing is from 1985 to 2004, n is equal to 20. We averaged CTOT 

over each 20-year segment to obtain TOTC , and determined the total simulation years 

where changes of TOTC  (equation 2.6) between two neighboring segments are within a 

threshold. The total spin-up years are equal to 20×i.  

 

( +1) ( )TOT TOTTOTC C i C i               (2.6) 
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We assigned the threshold to three different values: 3.0, 1.0, and 0.5 g C m
-2 

yr
-1

.  

 

2.3 RESULTS  

2.3.1 Global spin-up 

We first compared the global spin-up timescale pattern for each spin-up method. 

These global spin-ups consume a significant amount of computational time so we were 

only able to spin-up the model 4000 years with the four methods. Figure 2.4 shows the 

number of model years required at each grid point to reach the spin-up criterion of 

TOTC  ≤ 1.0 gC m
-2 

yr
-1

 for each spin-up method.  

 

 

 

Figure 2.4. Model years needed for reaching the threshold TOTC  ≤ 1.0 gC m
-2 

yr
-1

 for 

the four spin-up methods: (a) ND, (b) AD, (c) DDL, and (d) SI after 4000 years spin-up.   
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The spin-up timescales for the 4000-year ND run (Figure 2.4a) demonstrate that 

boreal forests, boreal shrublands, and temperate forests north of 50°N latitude cost more 

than any other ecosystem in reaching the criterion. In fact, these systems have not even 

reached the threshold after 4000 years of simulation. The tropical forests in Amazonia 

and the Congo Basin reach the threshold around after 1600–2800 years. Forests in 

Southeast North America require about 1200–2000 years for spinning up, which is faster 

than that of tropical forests. Generally, forest ecosystems need more time to reach 

equilibrium than other ecosystems. For example, some areas in the African Savanna take 

about 400–1600 years to equilibrate. Central Australia, which is dominated by 

shrublands, also takes about 400–1600 years. Mainly covered by croplands, Southeast 

China requires 1200–2000 years. Shrub and grass are the major vegetation types in 

southwest North America, and their spin-up time is about 400 years. Since most of the 

areas north of 50°N are still adjusting, we conclude that a worldwide quasi-steady state 

could not be acquired with a 4000-year ND run using the threshold TOTC  ≤ 1.0 gC m
-2 

yr
-1

. 

Compared with ND, AD significantly reduces the computational costs in some of 

the tropical and high-latitude regions (Figure 2.4b) as evidenced by 800–2000-year spin-

up over Amazonia and the Congo Basin and 2400–3600-year spin-up over the temperate 

forests and some boreal forests north of 45°N. As such, the total size of the forested 

regions that reach steady states over the northern middle-to-high latitudes is larger than 

that of ND. However, AD does not show a significant improvement over ND in the 

forests of Southeast North America, African Savanna, Central Australia, the grassland in 

southwest of North America, and Southeast China. In the boreal shrubland and tundra 

regions, AD requires 600–1600 years, a greatly reduced spin-up time compared to ND. 

These results are basically consistent with the conclusions of Thornton and Rosenbloom 
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(2005) regarding the effectiveness of the AD spin-up method. After a 4000-year AD run, 

87.7% of  he wor d’s  on  nen s have reached the quasi-s eady s a e, as opposed  o ND’s 

82.3%.AD is hence more efficient for global spin-up than ND.  

DDL obtained a total area reaching equilibrium of 84.0%, which is smaller than 

that of AD and larger than that of ND; specifically the DDL method is less efficient than 

AD, but it is still superior to ND in tropical and boreal regions (Figure 2.4c). The 

improvement of DDL in the forests of Southeast North America and other regions 

discussed above is not obvious. However, in the regions south of the Sahara Desert 

(dominated by C4 grass) and in the Indian subcontinent (dominated by croplands), areas 

that are spun up are larger than those obtained from AD. We infer this achievement is 

associated with the monsoon systems in those two regions, as the high soil moisture 

brought by monsoonal precipitation usually results in high leaching rates. Similar to AD, 

a 4000-year spin-up is not enough for obtaining a global quasi-steady state.  

By using SI, the total global area that reaches equilibrium is 86.0%, which is 

smaller than that of AD but larger than that of ND and DDL. The SI spin-up timescale 

pattern (Figure 2.4d) demonstrates that SI spins up faster than AD and DDL in the 

southeast of North America and China (taking 400–1200 years), and that the ND method 

is also more efficient in these two regions than in other ecosystems. SI appears as 

effective as DDL in the region south of the Sahara Desert, and the areas that are spun up 

in the two methods are larger than those in AD. Note that we have found that the spin-up 

time of the SI method depends strongly on the initial SOM values, a point which we will 

discuss in more detail below. Figure 2.5 summarizes the best spin-up method for each 

grid cell, as well as the areas where no methods have achieved equilibrium. Overall, the 

global total equilibrium area obtained from the three methods is larger than that from the 

ND method. Although the three methods improve over ND in the aforementioned 
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regions, they degrade in arid and semi-arid regions (e.g., the Sahara, the Gobi desert, and 

the Middle East). Over those dry lands, ND takes the least time to reach quasi-steady 

state among all the four methods. The longer spin-up time for the AD and DDL methods 

is due to inefficient use of accelerated decomposition rates, while the SI method has 

increased the computational cost as a result of observation-based initial values in semi-

arid and arid regions.  

 

 

Figure 2.5. The best spin-up method for each gridcell. The white color represents the grid 

cells where the four methods perform identically; those grid cells include the areas where 

no method achieved equilibrium, as well as the glacial and desert regions.   

In order to evaluate the carbon pool and nitrogen pool variations between the four 

methods after 4000 years spin-up, we calculated the standard deviation of CTOT and NTOT 

of the four methods in each model grid cell (hereafter referred to as Std4; Figure 2.6). The 
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results suggest that in most of the quasi-steady-state grid cells, the Std4 of CTOT and NTOT 

are 0.1% or less of the mean of CTOT and NTOT of the four methods (Figure not shown). 

Similarly, we also studied CSOM/N SOM, CVEG/NVEG, CLIT/NLIT, and CCWD, and the 

differences between the four methods in the quasi-steady-state areas are small enough to 

ignore. However, in high-latitude regions, where the carbon and nitrogen pools are still 

spinning up, the Std4 of CTOT and NTOT are too large to neglect. The Std4 variations of CTOT 

and NTOT in high latitudes also demonstrate that a 4000-year spin-up is not enough for 

obtaining the quasi-steady-state in these regions. 

  

Figure 2.6. The Std4 of (a) CTOT and (b) NTOT after 4000 years model spin-up.  
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2.3.2 Site spin-up 

Besides evaluating the spin-up globally, we also tested the ND, AD, DDL, and SI 

methods at the local scale to get a better understanding of their influence on spin-up for 

specific environmental conditions. Sites that have been assessed (Table 2.1) can be 

classified as four ecosystem types: tropical forests, grasslands, temperate forests, and 

boreal forests.  

2.3.2.1 Tropical forests 

Owing to high temperatures and abundant precipitation, tropical forests have high 

growth and decomposition rates. Three LBA sites (RJA, K34, and K67, see Table 2.1 for 

the details) that represent the climate distribution of tropical forests in the Amazonian 

region were used to evaluate the spin-up characteristics of ecosystems of this type. Since 

the spin-up time spans of different methods vary, we ran 2400 years for ND and 2100 

years for AD, DDL, and SI at each site.  

In order to evaluate each carbon state variable at the quasi-steady-state, we 

calculated its mean value of the four methods at each site, and the mean of each carbon 

state variables of the three sites. Here, CTOT (kgC m
-2

) ranges from 35.6 (K67) to 39.3 

(RJA), and the mean of the three sites is 38.2. The standard deviation of CTOT of the three 

sites is 2.3 (kgC m
-2

). On average, CVEG, CSOM, CLIT, and CCWD account for 72.4 %, 

20.9%, 0.3%, and 6.3% of CTOT, respectively. Generally, NTOT (kgN m
-2

) is lower than 

CTOT (kgC m
-2

), which ranges from 0.8 (K67) to 1.1 (RJA). We also calculated the 

standard deviation for each carbon and nitrogen pool of the four methods at each site 

(Std4) (Table 2.3). Compared to the carbon and nitrogen amount of each pool, Std4 across 

the four methods is 0.1%, or less of each carbon and nitrogen pool. The little variability 

among the four methods at each site indicates that after 2100 years of simulation the 

difference in the quasi-steady-state carbon and nitrogen conditions is negligible. 
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The number of model years for CTOT to equilibrate was calculated for each site, 

each method, and three different criteria (Table 2.4). The spin-up rates of SI and AD are 

faster than the other two methods. For TOTC  ≤ 3.0 gC m
-2 

yr
-1

 and TOTC  ≤ 1.0 gC m
-2 

yr
-1

, SI reaches steady state after than AD, regardless of sites. However, for TOTC  ≤ 0.5 

gC m
-2 

yr
-1

, SI is faster than AD at RJA (by 147 years), but is slower than AD at K67 and 

K34. The normalized spin-up time series of each method (Figure 2.7) demonstrate that 

each carbon pool described by SI reaches a level close to the quasi-steady state a few 

hundred years (about one hundred year for CVEG and CLIT, and about five hundred years 

for CSOM) faster than AD. Figure 2.7c shows that on average the SOM initial values in SI 

are about 1.6 times higher than the SOM quasi-steady state simulated by the model at the 

three sites. Such a fast SI spin-up rate suggests the reasonable initialization of SOM at the 

three sites.   
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Table 2.3. Standard deviation of the four methods (Std4) at each site (after 2100 years spin-up at the tropical forest sites, 

grassland sites, the HF site, and the MM site, 3000 years spin-up at the WC and HY sites, and 4200 years spin-up at the BO 

site)  

 

Site 

Carbon States Std4 (kgC m
-2

) Nitrogen States Std4 (kgN m
-2

) 

CTOT CVEG CCWD CLIT CSOM NTOT NVEG NLIT NSOM 

RJA 2.5×10
-2

 1.6×10
-2

 1.9×10
-3

 5.9×10
-5

 7.1×10
-3

 7.7×10
-4

 4.7×10
-5

 4.9×10
-7

 7.1×10
-4

 

K34 3.0×10
-3

 2.2×10
-3

 2.9×10
-4

 9.8×10
-6

 6.2×10
-4

 6.8×10
-5

 5.0×10
-6

 5.3×10
-8

 6.3×10
-5

 

K67 1.1×10
-2

 1.1×10
-2

 5.1×10
-4

 2.0×10
-5

 1.8×10
-4

 2.7×10
-5

 2.5×10
-5

 1.5×10
-7

 1.8×10
-5

 

K77 2.0×10
-3

 3.2×10
-4

 0.0 1.9×10
-3

 1.6×10
-3

 1.8×10
-4

 1.2×10
-5

 4.3×10
-7

 1.6×10
-4

 

FNS 2.5×10
-2

 3.0×10
-3

 0.0 4.5×10
-4

 2.2×10
-2

 2.3×10
-3

 1.0×10
-4

 1.0×10
-5

 2.2×10
-3

 

TR 2.1×10
-4

 1.7×10
-5

 0.0 1.9×10
-6

 1.9×10
-4

 2.0×10
-5

 6.1×10
-7

 4.2×10
-8

 1.9×10
-5

 

HF 7.8×10
-3

 3.5×10
-3

 6.6×10
-4

 3.5×10
-5

 3.6×10
-3

 3.7×10
-4

 1.3×10
-5

 3.8×10
-7

 3.6×10
-4

 

WC 2.3×10
-2

 9.4×10
-3

 2.0×10
-3

 1.9×10
-4

 1.2×10
-2

 1.3×10
-3

 4.7×10
-5

 2.8×10
-6

 1.2×10
-3

 

MM 9.9×10
-3

 6.2×10
-3

 8.0×10
-4

 2.9×10
-5

 2.9×10
-3

 3.1×10
-4

 1.7×10
-5

 1.8×10
-7

 2.9×10
-4

 

BO 2.2×10
-2

 4.0×10
-3

 1.3×10
-3

 2.2×10
-4

 1.6×10
-2

 1.7×10
-3

 4.2×10
-5

 3.4×10
-6

 1.6×10
-3

 

HY 4.7×10
-3

 1.6×10
-3

 3.6×10
-4

 3.3×10
-5

 2.7×10
-3

 2.9×10
-4

 1.2×10
-5

 4.4×10
-7

 2.8×10
-4
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Table 2.4. Years for TOTC  (gC m
-2 

yr
-1

) reaching the thresholds (≤ 3.0, ≤1.0, and ≤0.5) 

at the tropical forest sites after 2400, 2100, 2100, and 2100 years spin-up for ND, AD, 

DDL, and SI, respectively. The mean spin-up year and its standard deviation of the three 

sites are calculated for each method, and the reductions in computational cost (%) from 

AD, DDL, and SI (compared to ND) are shown.  

 

Method TOTC ≤ 3.0 TOTC ≤ 1.0 TOTC ≤ 0.5 

RJA 

ND 1674 1950 2121 

AD 975 1251 1419 

DDL 1362 1632 1794 

SI  828 1101 1272 

K34 

ND 1420 1720 1920 

AD 620 684 800 

DDL 1316 1500 1700 

SI  340 600 840 

K67 

ND 1305 1647 1674 

AD 846 888 918 

DDL 1230 1458 1734 

SI  567 774 1080 

Mean/S.D. 

ND 1466 / 189 1772 / 158 1903 / 224 

AD 814 / 180 941 / 287 1046 / 329 

DDL 1303 / 67 1530 / 91 1743 / 48 

SI  578 / 244 825 / 254 1064 / 216 

Reductions in computational cost (%) (the mean value of the three sites) 

AD 44.4 % 46.9 % 45.0 % 

DDL 11.1 % 13.7 % 8.4 % 

SI  60.6 % 53.4 % 44.1 % 
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Figure 2.7. Mean carbon state trajectories for tropical forest sites, comparing the three-

site mean carbon state trajectories for ND, AD, DDL, and SI. Results are shown for (a) 

CTOT, (b) CVEG, (c) CSOM, and (d) CLIT. Results for ND, AD, DDL, and SI for each site and 

each variable are normalized to the corresponding method’s value at 2100 years in order 

to show the common dynamics across sites with different quasi-steady-state values. 
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Although the SI method is superior to the AD method in the chosen sites, it 

reaches equilibrium at the same time or slightly slower than AD in the Amazonia and 

Congo Basin forests as shown in Figure 2.4. This disparity is presumably associated with 

the model resolution, and with greater frequencies of extreme rainfall rates of local-scale 

precipitation than that of global gridded data (Figure 2.8). The global spin-up timescales 

suggest that the grid cells, which contain the RJA, K34, and K67 sites, need 1260, 1600, 

and 2220 years for the AD method and 1880, 1320, and 1780 years for the SI method, 

respectively. However, the spin-up timescale at the RJA site indicates that SI is more 

efficient than AD (Table 2.4). Therefore, the spatial resolution variation between global 

and site spin-up is one reason for the different results. Additionally, we investigated 

another possible reason, which is related to meteorological forcing datasets. Knapp et al. 

(2008) suggested that extreme rainfall in hydric ecosystems will increase ecological 

processes including net primary production, soil respiration, net ecosystem exchange, and 

nitrogen mineralization. According to this assumption, we further studied the AD and SI 

spin-up features at the RJA site. In the experimental design, we kept the other variables 

and total precipitation amount unchanged, and reduced the precipitation intensity by 

fo  ow ng Q an’s da ase . The resu  s  nd  a e  ha   I s     sp ns up fas er  han AD a   he 

RJA site. Specifically, SI uses 1431 years to reach TOTC  ≤ 1.0 gC m
-2 

yr
-1

, which is 

slower than the original SI spin-up at the JRA site, while AD fails to reach the same 

threshold within a 2100-year spin-up (Figure not shown). Therefore, the failure of 

capturing the extreme rainfall events of the global meteorological forcing is another 

reason for the longer spin-up processes at global scale than that at local scale. 
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Figure 2.8. Precipitation probability distribution from Qian’s data and from the LBA 

observational data at the RJA site from 2000 to 2002. Similar patterns exist for K34 and 

K67.  

Even with slower denitrification and leaching rates, which cause more nitrogen to 

remain in the soil in the first 600-year spin-up, DDL does not result in a fast spin-up rate 

in tropical regions. The DDL spin-up time series in Figure 2.7 suggests that higher soil 

mineral nitrogen causes the carbon pools to develop to the levels higher than quasi-steady 

states after the exit-AD spin-up. This carbon overgrowth returns to normal after about a 

600-year spin-up following the exit-AD spin-up. Compared with AD, DDL, and SI, ND 

is the slowest method for each pool to reach equilibrium (Figure 2.7).  

The spin-up study in the tropical sites demonstrates that if SOM is initialized 

reasonably, SI will reach the weaker thresholds ( TOTC ≤ 3.0, 1.0 gC m
-2 

yr
-1

) 100 to 200 
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model years earlier than AD at the tropical forest sites (Table 2.4). However, for the more 

strict threshold ( TOTC ≤ 0.5 gC m
-2 

yr
-1

), the fastest method is site dependent. The DDL 

spin-up rate is slower than the AD and SI at all sites and for all thresholds, with the DDL 

method reaching equilibrium about 500 to 700 years later than AD. ND is usually 160 to 

250 years slower than DDL. Overall, by using AD, the spin-up can be reduced by 45% 

compared to ND for tropical ecosystems. Using SI, the spin-up is cut by 61% for a 

relatively weak equilibrium threshold with the cost savings decreasing at stricter 

equilibrium thresholds. DDL cost savings are only about 10% (Table 2.4).  

2.3.2.2 Grasslands 

To evaluate the spin-up performance in grassland ecosystems, we chose three 

sites: one pasture site (FNS) and one grassland site (K77), both of which belong to the 

LBA project, and one C3 grass-dominated site (TR) (Table 2.1). The grassland sites in 

Amazonia are not as warm and wet as the tropical forest sites. TR is located in middle 

latitudes, and the annual mean temperature and precipitation at this site are lower than at 

the other two grassland sites. Compared to the tropical forest sites, climate conditions at 

the grassland sites result in slower growth and turnover rates. As with the tropical forest 

sites, we ran 2400 years for ND and 2100 years for AD, DDL, and SI at each grassland 

site. Here, CTOT (kgC m
-2

) averaged for the four methods ranges from 9.5×10
-1

 (TR) to 

6.9 (FNS), and NTOT (kgN m
-2

) ranges from 8.7×10
-2

 (TR) to 0.8 (FNS). In grassland 

ecosystems, CSOM takes a majority of CTOT (up to 86.1%), followed by CVEG (ranges from 

12.6% at TR to 21.7% at K77). Since the TR site is in the temperate region, carbon pools 

at this site are much lower than at the other two grassland sites. For this reason, the mean 

and standard deviation of each carbon pool from site to site were not calculated (Table 

2.4). In addition, we find that the Std4 of the four methods is 0.1% or less of each carbon 
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pool, and it is 0.5% or less of each nitrogen pool (Table 2.3). This result indicates that the 

variability among methods is small enough to neglect after 2100 years spin-up at each 

grassland site.  

Unlike tropical forest sites, there are no clear winners out of the four methods for 

the three grassland sites (Table 2.5). At K77, AD is the best method for reducing 

computational costs (taking 665, 900, and 1050 years to reach the thresholds TOTC  ≤ 

3.0, 1.0, and 0.5 gC m
-2 

yr
-1

, respectively), which is followed by SI, ND and DDL. At 

FNS, SI uses fewer years than AD (by 264, 279, and 282 years for the thresholds TOTC  

≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

, respectively); DDL is the most expensive of the four. 

Since the SI method relies on the SOM initial values, its efficiency at FNS suggests that 

SOM initial values are set closely to the equilibrium SOM values that the model 

reproduced. At TR, ND reaches each threshold first (taking 396, 628, and 772 years for 

TOTC  ≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

), which is followed by AD, SI, And DDL. In fact, 

the variability of the state variables from cycle to cycle at TR is smaller than at the other 

two sites when the model returns to the normal mode (Figure not shown), and TOTC  

quickly falls below 1.0 gC m
-2 

yr
-1

. The most likely reason for the fast spin-up timescale 

of ND at the site TR is that a 600-year AD-spin-up with mineral nitrogen accumulated 

and SOM pool size reduced result in slower carbon pool developments than that from 

systematic accumulation.  
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Table 2.5. Years for TOTC  (gC m
-2 

yr
-1

) reaching the thresholds (≤3.0, ≤1.0, and ≤0.5) 

at the grassland sites after 2400, 2100, 2100, and 2100 years spin-up for ND, AD, DDL, 

and SI, respectively. The mean spin-up year of the K77 and FNS sites are calculated for 

each method, and the reductions in computational cost (%) from AD, DDL, and SI 

(compared to ND) of the K77 and FNS sites are shown. 

Method 
TOTC ≤ 3.0 TOTC ≤ 1.0 TOTC ≤ 0.5 

K77 

ND 1020 1250 1400 

AD 665 900 1050 

DDL 1330 1565 1715 

SI  795 1030 1180 

FNS 

ND 1212 1572 1794 

AD 1053 1413 1635 

DDL 1416 1761 1980 

SI  789 1134 1353 

Mean 

ND 1116 1411 1597 

AD 859 1157 1343 

DDL 1373 1663 1848 

SI  792 1082 1267 

Reductions in computational cost (%) (the mean value of the two sites above) 

AD 23.0 % 18.0 % 15.9 % 

DDL -23.0 % -17.9 % -15.7 % 

SI  29.0 % 23.3 % 20.7 % 

TR 

ND 396 628 772 

AD 672 672 816 

DDL 900 1120 1260 

SI  744 964 1104 

 

Overall, at the two Amazonia grassland sites, SI and AD cost less than ND, while 

DDL costs more than ND. The mean spin-up timescales at K77 and FNS demonstrate that 

comparing to ND, AD reduces computational costs by 23%, 18%, and 16% with the 

thresholds TOTC  ≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

, respectively, and SI reduces the spin-up 



 37 

timescale by 29%, 23%, and 21% for the same three thresholds (Table 2.5). Similar to the 

tropical forest sites, with more mineral nitrogen kept in the soil, DDL results in the 

unrealistic carbon pool developments after the exit-AD spin-up in grasslands (Figure 

2.9); therefore, the DDL method takes the longest time span among the four methods 

(Table 2.5). Consequently, we conclude that spin-up in tropical grassland ecosystems is 

improved by using reasonable SOM initial values for the SI method or by using the AD 

method. At temperate grasslands, where carbon pool levels are lower than tropical 

grasslands, the ND method takes the shortest time span for reaching the thresholds (

TOTC ≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

). AD and SI can also be efficiently used for 

temperate grasslands. Owing to the additional mineral nitrogen reserved in the soil, the 

DDL method also needs a longer time series than the other methods in the temperate 

grassland sites.    
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Figure 2.9. Mean carbon state trajectories for grassland sites, comparing the three-site 

mean carbon state trajectories for ND, AD, DDL, and SI. Results are shown for (a) CTOT, 

(b) CVEG, (c) CSOM, and (d) CLIT. Results for ND, AD, DDL, and SI for each site and each 

variable are normalized to the corresponding method’s value at 2100 years in order to 

show the common dynamics across sites with different quasi-steady-state values.  
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2.3.2.3 Temperate forests 

In this section, we evaluate the model at three temperate forest sites (HF, WC, and 

MM) that belong to the AmeriFlux network. Their annual mean temperatures are lower 

than that of tropical forest sites and grassland sites, and HF and MM are wetter than WC 

(Table 2.1). The dominant PFTs in the temperate forests are temperate needleleaf 

evergreen and deciduous broadleaf trees. The climate differences result in spin-up rates 

varying from site to site; thus we tested each method at HF with a 2100-year run, at MM 

with a 2400-year run, and at WC with a 3000-year run. At the temperate forest sites, CTOT 

ranges from 5.0 (WC) to 18.2 (MM) kgC m
-2

, and NTOT ranges from 0.3 (WC) to 0.6 

(MM) kgN m
-2

. On average, CVEG, CCWD, CLIT, and CSOM account for 48.0 %, 7.3 %, 0.9 

%, and 43.8 % of CTOT, respectively. The experiment in this part also calculated Std4 of 

each carbon and nitrogen pool among the four methods at each site. Std4 of the four 

methods makes up 0.1% or less of each carbon pool amount, and 0.4% or less of each 

nitrogen pool amount (Table 2.3). The same conclusion can be drawn from all sites, and 

it indicates that after a 2100-year simulation for HF, a 2400-year simulation for MM, and 

a 3000-year simulation for WC, the variability from one method to another is small 

enough to ignore. 

The spin-up timescales for the wetter sites (HF and MM) are generally shorter 

than for the drier site (WC); the DDL method saves more computational time than the 

other three methods (Table 2.6). At HF, DDL takes 1152, 1440, and 1600 years to reach 

the thresholds TOTC  ≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

, respectively. The ND, SI, and AD 

methods rank behind DDL correspondingly. At MM, SI is the most efficient method 

(910, 1141, and 1295 model years to reach the thresholds TOTC  ≤ 3.0, 1.0, and 0.5 gC 

m
-2 

yr
-1

, respectively). The DDL method is the next fastest, requiring 1155, 1400, and 

1547 years to reach the same three thresholds. AD is the most expensive method at this 
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site. Spin-up is slower at WC than at the other two sites, probably due to its relative 

dryness that yields lower soil water potential and therefore lower decomposition rates. At 

the WC site, DDL is the most efficient method, followed by SI, ND, and AD. Across the 

three sites, there is not a clearly superior spin-up method though the DDL appears to be 

the best method on average.  

The efficiency of DDL at temperate forest sites (Table 2.6 and Figure 2.10) 

indicates that by accelerating the SOM decomposition rates and reducing denitrification 

and leaching rates in the first spin-up step, the proper amount of mineral nitrogen is 

reserved for vegetation growth. Therefore, after returning to the normal mode, each 

carbon pool can quickly reach the quasi-steady state. Apparently, the AD process, which 

consumes the SOM, does not gather enough mineral nitrogen for vegetation growth at 

temperate forest sites. Therefore, after the model returns to the normal mode, the system 

is not able to compensate for the organic matter loss, and the carbon pool growth rate of 

the AD method is slower than that of the ND method (Figure 2.10). Compared to ND, 

DDL saves 26%, 21%, and 18% of computational costs for the thresholds TOTC  ≤ 3.0, 

1.0, and 0.5 gC m
-2 

yr
-1

, respectively (Table 2.6). SI does not contribute much to cost 

savings; AD requires even more model years than ND to reach the three thresholds. 

Therefore, we conclude that spin-up in temperate forests is improved by using an 

accelerated decomposition rate and low denitrification and leaching rates.  
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Table 2.6. Years for TOTC  (gC m
-2 

yr
-1

) satisfying ≤3.0, ≤1.0, and ≤0.5 at the temperate 

forest sites after a 2100-year run at HF, a 2400-year run at MM, and a 3000-year run at 

WC. The mean spin-up year and its standard deviation of the three sites are calculated for 

each method, and the reductions in computational cost (%) from AD, DDL, and SI 

(compared to ND) are shown.  

Method 
TOTC ≤ 3.0 TOTC ≤ 1.0 TOTC ≤ 0.5 

HF 

ND 1288 1584 1744 

AD 1648 1936 2096 

DDL 1152 1440 1600 

SI  1328 1632 1808 

WC 

ND 1694 2240 2576 

AD 2037 2590 2919 

DDL 903 1463 1813 

SI  1988 2534 2863 

MM 

ND 1358 1596 1736 

AD 1778 2016 2170 

DDL 1155 1400 1547 

SI  910 1141 1295 

Mean/S.D. 

ND 1447/217 1807/376 2019/383 

AD 1821/198 2181/357 2395/446 

DDL 1070/145 1435/32 1654/141 

SI 1409/544 1769/707 1989/800 

Reductions in computational cost (%) (the mean value of the three sites above) 

AD -25.8 % -20.7 % -18.6 % 

DDL 26.0% 20.6% 18.1% 

SI  2.6 % 2.1 % 1.5 % 
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Figure 2.10. Mean carbon state trajectories for temperate forest sites, comparing the 

three-site mean carbon state trajectories for the ND, AD, DDL, and SI methods. Results 

are shown for (a) CTOT, (b) CVEG, (c) CSOM, and (d) CLIT. Results for ND, AD, DDL and, SI 

for each site and each variable are normalized to the corresponding method’s value at 

2100 years in order to show the common dynamics across sites with different quasi-

steady-state values. 
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2.3.2.4 Boreal forests 

Boreal forests are broad circumpolar mixtures of evergreen needleleaf, deciduous 

needleleaf, and deciduous broadleaf tree species (Bonan et al., 1992). We studied two 

boreal ecosystem sites: one AmeriFlux (BO) site and one FLUXNET site in Europe (HY) 

(Stockli et al., 2008). Compared to the other nine sites discussed in previous sections, the 

annual mean temperature and total precipitation at the two boreal forest sites are the 

lowest. The HY site is warmer and wetter than the BO site. Climate conditions in boreal 

regions result in low vegetation growth and turnover rates. Therefore, we tested the four 

methods with 3000 years spin-up at HY and with 4200 years spin-up at BO. At the two 

boreal forest sites, CTOT (kgC m
-2

) is 3.9 at HY and 2.0 at BO, and NTOT (kgN m
-2

) is 0.2 at 

HY and 0.1 at BO. On average, CVEG, CCWD, CLIT, and CSOM account for 28.6%, 6.0%, 

1.2%, and 64.3% of CTOT, respectively. Compared with the carbon amount of each pool, 

Std4 of the four methods is 0.1% or less of each carbon pool at both HY and BO, and it is 

up to 0.1% at HY and up to 1.4% at BO of each nitrogen pool (Table 2.3). Even though 

carbon pools and nitrogen pools vary similarly during spin-up, carbon pools converge 

faster than nitrogen pools. This result indicates that after 3000 years spin-up at HY and 

4200 years spin-up at BO, the carbon pools are in equilibrium, while the nitrogen pools 

are still converging.  

In the two study sites, AD appears to be the most efficient method in the boreal 

forest sites, followed by ND, DDL, and SI (Table 2.7). If AD is evaluated with the 

threshold TOTC  ≤ 3.0 gC m
-2 

yr
-1

, the computational costs at BO are 343 model years 

less than at HY; while 153 and 798 model years more than HY with the thresholds 

TOTC  ≤ 1.0 gC m
-2 

yr
-1

, and TOTC  ≤ 0.5 gC m
-2 

yr
-1

, respectively. We speculated that 

this spin-up timescale variability of different thresholds with AD are associated with the 

lower model simulated CTOT level at BO than at HY, and TOTC  immediately drops 
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below 3.0 gC m
-2 

yr
-1

, after the exit-AD spin-up, whereas the warmer and wetter 

conditions at HY eventually result in less computational cost at HY with more strict 

thresholds. On average, it takes the AD method 810, 1508, and 2099 years to reach the 

thresholds TOTC  ≤ 3.0, 1.0, and 0.5 gC m
-2 

yr
-1

, at the two sites; AD saves 51%, 38%, 

and 26% of computational costs (compared to ND) for each threshold. In the boreal forest 

sites, only AD costs less than ND, and the computational costs of SI and DDL are higher 

than the ND method (Table 2.7).  

Table 2.7. Years for TOTC  (gC m
-2

 yr
-1

) satisfying ≤3.0, ≤1.0, and ≤0.5 at the boreal 

forest sites after a 4200-year run at BO and a 3000-year run at HY. The mean spin-up 

years of the two sites are calculated for each method, and the reductions in computational 

cost (%) from AD, DDL, and SI (compared to ND) are shown.  

Method TOTC ≤ 3.0 TOTC ≤ 1.0 TOTC ≤ 0.5 

BO 

ND 1727 2849 3399 

AD 638 1584 2497 

DDL 2332 3179 3740 

SI  2761 3608 4169 

HY 

ND 1548 1998 2268 

AD 981 1431 1701 

DDL 1440 1899 2169 

SI  1647 2106 2385 

Mean 

ND 1638 2424 2834 

AD 810 1508 2099 

DDL 1886 2539 2955 

SI 2204 2857 3277 

Reductions in computational cost (%) (the mean value of the two sites above) 

AD 50.5 % 37.8 % 25.9 % 

DDL -15.1% -4.7 % -4.3 % 

SI  -34.6 % -17.9 % -15.6 % 
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Figure 2.11. Mean carbon state trajectories for boreal forest sites, comparing the two-site 

mean carbon state trajectories for the ND, AD, DDL, and SI methods. Results are shown 

for (a) CTOT, (b) CVEG, (c) CSOM, and (d) CLIT. Results for ND, AD, DDL, and SI for each 

site and each variable are normalized to the corresponding method’s value at 3000 years 

in order to show the common dynamics across sites with different quasi-steady-state 

values.  
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Study in the boreal forest sites shows that: 1) boreal forests need the longest time 

period to reach equilibrium compared to the other three ecosystems, 2) AD is the most 

efficient method for boreal forests (Table 2.7 and Figure 2.11), 3) slow denitrification and 

leaching processes result in overgrowth at boreal forest sites (Figure 2.11), 4) and SOM 

initial values are much higher than the equilibrium values model simulated (Figure 

2.11c). Compared to the normalized time series shown in Figure 2.7, the DDL caused 

overgrowth is not as high as that in tropical forest sites. We compare model simulated 

carbon pools of boreal forest with the other two forest ecosystems (tropical forests and 

temperate forests), and find that among the three forest ecosystems, boreal forests have 

the highest soil organic carbon content but the lowest carbon amount for the other carbon 

pools. Due to the low vegetation carbon pool levels, vegetation growth in boreal forests 

does not require as much mineral nitrogen as temperate forests, and extra mineral 

nitrogen from DDL cannot efficiently adjust the spin-up in boreal forest sites (Figure 

2.11b and 11d). The trajectories of the SI method in Figure 2.10c demonstrate that 

because of the high SOM initial values, it takes the model a long time to adjust each 

carbon pool to its quasi-steady state. According to observations (Figure 2.3), boreal 

regions have the highest soil carbon content globally. As discussed by Zimov et al. 

(2006) Siberia has extensive areas (1×10
6 

km
2
) of deep (up to 90 m) deposits with 

organic-rich frozen loess (wind-blown silt) that accumulated during the Pleistocene. 

However, the model cannot simulate these deep soil carbon states due to missing 

processes in the cold and wet regions. Therefore, the SI method would be expensive were 

the boreal sites are initialized with such high SOM values.  
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2.3.2.5 Soil organic matter initializations   

In previous sections, we showed that initializing the model with observed 

estimates of SOM can reduce the spin-up timescale in some locations. The success of this 

type of initialization method hinges on the accurate steady-state simulation of SOM 

stocks. In general, CLM4CN SOM stocks are biased low. The biases are especially acute 

in high-latitude regions where the permafrost carbon stocks are essentially completely 

missing in the model. The large underestimation of high-latitude soil carbon stocks in 

CLM4CN is well known. Correcting this bias, which is hypothesized to be due to a 

combination of a poor representation of cold region hydrologic processes as well as 

unrealistically fast soil carbon turnover times in permafrost soils (Lawrence et al., 2011), 

is a major focus of CLM developers for the next version of CLM. Due to the simulated 

soil carbon biases, in Section 2.3.2.4 we did not use the SOM values obtained from 

GSDT at the BO site to initialize the model, but instead set the mean column SOM to a 

lower value, 41.5 kgC m
-2

 (the SOM value in each of the top eight soil layers is then 30.0 

kg m
-3

). To investigate the role of initialization further in these high-latitude zones, we 

designed another two tests at the BO site in which the column-mean SOM initial values 

are equal to 160.8 kgC m
-2

 (the original value provided by GSDT; hereafter referred to as 

SI_CHIGH) and 4.2 kgC m
-2 

(CSOM in each of the top eight soil layer is 3.0 kgC m
-3

; 

hereafter referred to as SI_CLOW), respectively. We normalized the spin-up timeseries 

of CTOT, CVEG, CSOM, and CLIT for SI, SI_CHIGH, and SI_CLOW (Figure 2.12).  

In this group of tests, the model was spun up for 3300 years. The results 

demonstrate that SI_CLOW uses less model years than the other two tests to converge, 

and SI_CHIGH is the most time-consuming case among the three tests (Figure 2.12). At 

the end of the 3300-year SI_CHIGH spin-up, CTOT reaches 4.5 kgC m
-2

, while SI only 

takes 922 years to reach this level. Hence, for reaching the CTOT level of 4.5 kgC m
-2

, SI 
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can save about 72% of computational costs compared to SI_CHIGH. Since the SOM 

initial values of SI are ten times higher than that of SI_CLOW, it takes SI 2276 years to 

reach the CTOT level of the first spin-up year of SI_CLOW. According to Section 2.3.2.4 

(Table 2.7), SI takes 4169 years to reach the threshold TOTC  ≤ 0.5 kgC m
-2

, while 

SI_CLOW uses only 2607 model years to reach this same threshold. Actually, CSOM 

obtained from the SOM initial values of SI and SI_CLOW are about 16.0 times and 1.6 

times the quasi-steady-state CSOM values at BO, respectively.  

We also studied the CSOM trajectories at RJA, K34, BO, and HY for the ND and SI 

methods (Figure 2.13; the SOM initial value at BO is 41.5 kg m
-2

). The spin-up 

timeseries for the SI method indicate that the initial SOM values are close to the quasi-

steady-state values at the two tropical forest sites, while the initial SOM values are much 

higher than the quasi-steady-state values at the two boreal forest sites. The experiments 

above prove that if CSOM values, which are close to the model simulated (rather than 

observed) ecosystem equilibrium levels, can be applied to initialize the model, the spin-

up timescale will be reduced significantly.  

 

 



 49 

 

Figure 2.12. Mean carbon state trajectories at the BO site, comparing different SOM 

initial values: SI (41.5 kg m
-2

), SI_CHIGH (160.8 kg m
-2

), and SI_CLOW (4.2 kg m
-2

). 

Results are shown for (a) CTOT, (b) CVEG, (c) CSOM, and (d) CLIT. Each carbon pool from 

SI, SI_CHIGH and SI_CLOW is normalized to the corresponding method’s value at 3300 

years in order to show the common dynamics at the BO site.  
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Figure 2.13. CSOM trajectories at (a) RJA, (b) K34, (c) BO, and (d) HY for the ND and SI 

methods. 

2.4 DISCUSSION  

2.4.1 The feedback mechanisms of the spin-up methods 

The AD trajectories for CSOM in all the four ecosystems (Figures 2.7c, 2.9c, 2.10c, 

and 2.11c) show an initial period of accumulation, followed by an abrupt increase when 

the decomposition rates shift to the normal rates. The trajectories for CVEG are relatively 

continuous across the transitions at tropical forest, grassland, and boreal forest sites 
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(Figures 2.7b, 2.9b, and 2.11b). Thornton and Rosenbloom (2005) suggested that 

decomposition steps which cause mineralization can proceed at their potential rates, but 

that the immobilizing steps depend on the availability of soil mineral nitrogen and 

competition from plant mineral nitrogen uptake demand. Plant uptake and heterotrophic 

immobilization, which consume available soil mineral nitrogen, will proceed at their 

potential rates, as long as the total demand is smaller than the available mineral nitrogen 

in the soil. In fact, a majority of mineral nitrogen taken up by vegetation for the new 

growth is from the litter and SOM decomposition (Thornton and Rosenbloom, 2005). 

Hence, the AD trajectories for CSOM prove that with the accelerated decomposition rates, 

the SOM pool sizes are reduced and the turnover rates are increased.  The counteracting 

influence of SOM pool sizes and turnover rates results in a nearly constant supply of 

plant-available mineral nitrogen over a limited range of decomposition rate scaling. 

   Similar to the CSOM trajectories, the AD trajectory for CVEG at temperate forest sites 

has abrupt increases when the model shifts to the normal rates (Figure 2.10b). According to 

the discussion in Section 2.3.2.3, we infer that this sudden change is the result of the 

insufficient mineral nitrogen from the decomposition processes in the system. Therefore, 

CVEG from DDL shows a nearly continuous pattern (Figure 2.10b), and the DDL method 

reaches steady states faster than AD at temperate forest sites (Table 2.6 and Figure 2.10). 

It is also noticeable that at the BO site, SI has more CVEG storage than SI_CHIGH in 

the first spin-up period of ~506 years, but CVEG converges faster in SI than in SI_CHIGH 

afterward (Figure 2.12b). The soil moisture trajectories at BO (Figure 2.14a) demonstrate 

that soil moisture of SI is higher than SI_CHIGH during the CVEG accumulation period (the 

first ~176 years; Figure 2.12b). In addition, soil temperature simulated by SI is higher than 

that of SI_CHIGH during the 3300-year spin-up period (Figure 2.14b). According to 

Oleson et al. (2010), the organic matter fraction in soil is related to the variables that 
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regulate the soil hydrological processes, such as soil porosity, minimum soil suction, Clapp 

and Hornberger exponen  “B”, and hydrau     ondu   v  y a  sa ura  on, e  . In add   on,    

also influences the thermal conductivity of soil solids and dry soil and the heat capacity of 

soil solids. Since the SOM initial values are the only differences between SI and 

SI_CHIGH, they are responsible for the water and temperature variations of SI (Figure 

2.14). Therefore, we suggest that the early stage high vegetation growth rate of SI is caused 

by the high soil water values in the first ~264 spin-up years, and the relatively high 

vegetation adjustment rates of SI are the result of the high soil temperature values during 

the entire spin-up period. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 53 

Figure 2.14. Normalized a) soil water and b) soil temperature trajectories at BO with 

different SOM initial values: SI (41.5 kg m
-2

), SI_CHIGH (160.8 kg m
-2

).  
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2.4.2 The seasonality of the state variables 

 Even though the size of each carbon pool reproduced by AD, DDL, and SI is 

close to that of ND, the vegetation phenology of the decomposition factor modified 

methods (AD and DDL) sometimes is different from that of the original ND method. One 

tropical forest site (RJA) and one boreal forest (BO) site have been chosen to study the 

vegetation growth seasonality (Figure 2.15). At the BO site, although the magnitude of 

CVEG is method dependent in the 330, 660, and 990 spin-up years, the vegetation 

phenology of each method is identical to each other. The declining CVEG pattern from SI 

is associated with the differences between the SOM initial value and CSOM at the quasi-

steady-state, and the carbon storage of the entire system is still decreasing (Section 

2.3.2.5; Figure 2.11 and 2.12). However, at the RJA site, the seasonality of CVEG of AD 

and DDL after the model returns to the normal mode is different from the original ND 

method, which is unexpected. Similarly to CVEG, the seasonality of C: N ratio of 

vegetation and SOM pools obtained from AD and DDL is different from that of ND and 

SI. Therefore, AD and DDL, which modify the seasonality of C: N ratio of ecosystem 

carbon and nitrogen pools, have their limitations in capturing the seasonal cycle of CVEG. 

When using the two methods, it is necessary to examine the vegetation phenology, 

specifically for the questions that concern the ecosystem dynamics.  
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Figure 2.15. CVEG anomaly at two forest sites in the 330, 660, and 990 spin-up years: (a) 

at RJA with the ND method, (b) at RJA with the AD method, (c) at RJA with the DDL 

method, (d) at RJA with the SI method, (e) at BO with the ND method, (f) at BO with the 

AD method, (g) at BO with the DDL method, (h) at BO with the SI method.  

2.4.3 Other possible solutions for improving model spin-up 

Some other approaches can also be used to study the spin-up features of the 

biogeochemistry models. For example, Krinner et al. (2005) obtained the near-

equilibrium state of a terrestrial biosphere model (ORganizing Carbon and Hydrology in 

Dynamic EcosystEms, also called ORCHIDEE), which was included in a coupled ocean–

atmosphere general circulation model, by iteratively running the soil carbon submodel 

with the pertinent model state variables from the carbon module and vegetation dynamics 

parameterizations. Since current CLM4CN does not have the options that can directly 

close its submodels, experiments similar to Krinner et al. (2005) are not implemented in 

this study. Koven et al. (2012) suggested that by accelerating the decomposition rates of 

the slower pools (kSOM,3×5 and kSOM,4×70) and keeping for the faster pools unchanged 

(kSOM,1×1 and kSOM,2×1), CTOT reaches the quasi-steady-state more quickly than the 
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original AD method after the model returns to the normal mode. When using each 

possible solution discussed above, the seasonal cycles of each carbon pool also need to be 

examined.  

In nature, ecosystem development does not take thousands of years. Therefore, 

the long spin-up timescale in CLM4CN may suggest deficiencies in representing the 

ecological processes and nutrient interactions. In order to explore the potential 

weaknesses of CLM4CN, we compared CLM4CN with the CENTURY model (Parton et 

al., 1993), which is also a terrestrial biogeochemistry model based on the relationship 

between climate, human management (fire and grazing), soil properties, plant 

productivity, and decomposition. Three possible reasons may be responsible for the 

apparent deficiencies of CLM4CN and the long spin-up processes: 1) decomposition and 

immobilization are not limited by nitrogen; 2) the SOM turnover rates are independent of 

soil texture; 3) the upstream–downstream SOM pool pathways are not considered. 

Bonan et al. (2012) concluded that CLM4CN overestimates carbon loss and 

nitrogen immobilization, while the daily version of the CENTURY ecosystem model 

(DAYCENTURY) (Parton et al., 1998), in which SOM C: N ratios vary with mineral 

nitrogen and decomposition is reduced by nitrogen limitation, does a better job in 

representing carbon and nitrogen dynamics. Bonan et al. (2012) demonstrated that the 

decomposition rates are reduced and the nitrogen mineralization is restricted after 

applying the nitrogen limitation of DAYCENTURY into CLM4CN. We speculate that 

the performance of CLM4CN will be improved when nitrogen limited decomposition and 

immobilization as well as other processes associated with nitrification are better 

represented in CLM4CN. In addition, this improvement will potentially reduce the spin-

up time as carbon loss in the system is better controlled.  
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Soil texture also influences SOM levels. Given similar environmental conditions, 

tillage, and fertility management, SOM usually decomposes faster in sandy soils than in 

fine-textured soils. This is the result of a high amount of oxygen available for 

decomposition in the sandy soils (Berry et al., 2007). In the CENTURY model, soil 

texture influences the turnover rate of active SOM (high rates for sandy soils), although 

the surface microbial pool turnover rate is independent of soil texture (Parton et al., 

1993). Despite this known relationship, the influence of soil texture on SOM 

decomposition rate is not considered in CLM4CN. Since the impacts of soil texture on 

SOM levels represent the processes happening in nature, we speculate that the spin-up 

time scale of the model will be reduced after including these impacts in CLM4CN. 

In CENTURY, soil carbon has been divided into three components, and they are 

active, slow, and passive soil carbon with the decomposition rates 8.33×10
-4

, 2.28×10
-5

, 

5.13×10
-7

 (kc,j, hr
-1

), respectively. Carbon leaving the active SOM is transferred to 

microbial respiration, leaching of soluble organic carbon, and stabilization of carbon in 

the slow and passive pools. The carbon flows out of the slow SOM are allocated to 

passive SOM and active SOM (Figure 2.16). Such a carbon pathway allows transferring 

from high decomposition rate to low decomposition rate pools, and vice versa. The 

bilateral carbon transfer mechanism in CENTURY can reduce the turnover time of the 

slow SOM as the labile carbon moves to the active pools, which have higher 

decomposition rates than the slow pools. The nitrogen allocation pathway in CENTURY 

is similar to the carbon pathway. However, carbon allocation in CLM4CN follows a 

converging cascade (Figure 2.1), in which each SOM is allocated from upstream (fast) 

pools to downstream (slow) pools.  
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Figure 2.16. Flow diagram for the CENTURY soil organic carbon model (Parton et al., 

1993). The decomposition rate for each soil carbon pool (kc,j, hr
-1

) are shown along with 

the name of each pool.  

It is obvious that the CLM4CN model has deficiencies in simulating the state 

variables (discussed in Section 2.3.2.4 and 2.3.2.5). As discussed above, the weaknesses 

of the model in structure and in representing the decomposition and immobilization 

processes may be the reasons. It is possible that improvements to CLM4CN soil and 

vegetation biogeochemistry parameterizations will lead to reduced spin-up timescales that 

correspond more closely to natural ecosystem response timescales seen in the real world. 
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In particular, the soil carbon and nitrogen initialization method is likely to improve as the 

model structure is advanced.   

2.5 CONCLUSIONS 

In this paper, we evaluated four spin-up methods for a global carbon and nitrogen 

cycle model, and analyzed the characteristics of each method globally and locally. 

Genera  y,  h s  s one of  he f rs  s ud es  n wh  h  he “sp n-up prob em” a  a g oba  s a e 

has been studied in detail. This study is complementary to the analytical work by Xia et 

al. (2012). Due to expensive computational costs, we did not obtain a global equilibrium 

for each method. However, we find that spin-up time exhibits significant spatial 

variability and typically increases from the equator to high latitudes. Differences in spin-

up timescale are a function of climate conditions, inputs from the vegetation to the soil, 

and the intrinsic turnover rates of the carbon and nitrogen pools described by the model 

(Andrén and Kätterer, 1997). In tropical forests, vegetation grows and turns over quickly, 

and therefore the spin-up timescale is less than in any other forest ecosystems. Due to the 

low temperature and precipitation levels, the boreal forest sites have the longest time to 

spin-up. Compared with forest ecosystems, the structure of grassland ecosystems is much 

simpler (e.g. grassland ecosystems do not have woody tissues), and consequently the 

spin-up timescales for grassland sites are shorter than those for forest sites.  

The spin-up timescale patterns vary considerably across the different spin-up 

methods. The SI method strongly depends on the appropriateness of the initial SOM 

values for the model. If the initial SOM values are reasonably close to the equilibrium 

SOM levels of the model, then the spin-up of the whole ecosystem can be quite efficient. 

However, if the SOM values are initialized to levels that are inconsistent with the 

equilibrium SOM levels of the model, then the SI method can become highly expensive. 
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In this study, the SI method is efficiently used in some specific regions such as 

Amazonia, Congo Basin, southeast China, southeast U.S., and west Europe. AD is an 

efficient method for tropical forests, tropical grasslands, and boreal forests. The 

competence of AD in these areas indicates that along with the reduced SOM pool sizes 

and the enlarged turnover rates, a nearly constant supply of plant-available mineral 

nitrogen is obtained over the accelerated decomposition rates used in this study. At the 

chosen temperate forest sites, DDL performs better than AD. The normalized carbon state 

trajectories at temperate sites suggest that the AD process cannot provide enough mineral 

nitrogen to nourish temperate forests and that more mineral nitrogen is needed to promote 

vegetation growth at these sites. Decelerated denitrification and leaching processes can 

make up the mineral nitrogen deficiency and speed up vegetation growth at temperate 

forest sites. At the temperate grassland (e.g., the TR site), ND costs less than other 

methods, and at temperate forest sites, ND costs less than AD. This result indicates that 

carbon pool growth resulting from AD is slower than the systematic accumulation; 

therefore, ND costs less than AD at these sites.  

Based on the discussion above, each method has its strengths and weaknesses, 

depending on the ecosystem and climate. While none of the methods is the best across all 

ecosystem and climates, this study will help future researchers choose among existing 

spin-up methods according to the climate conditions of their research domain, the 

ava  ab    y and qua   y of  he  OM  n   a  va ues, and  he  arbon poo  s ze a  a mode ’s 

quasi-steady-state. We find that it is also important for model users to pay attention to 

vegetation phenology when they experiment with altered decomposition scaling factors. 



 61 

Chapter 3 

Understanding and Modeling the Impacts of Seasonal Drought on 

Carbon and Water Cycles in Amazonia 

3.1 INTRODUCTION 

The Amazonia forest biome, which accounts for 15% of global terrestrial 

photosynthesis (Field et al., 1998), is a major component of the earth ecosystem 

(Verbeeck et al., 2011). These forests are also crucial to the interannual variation 

observations of the terrestrial carbon sink (Bousquet et al., 2000). The measurements of 

Large Scale Biosphere–Atmosphere Data Model Intercomparison Project (LBA-DMIP), 

which are based on the eddy covariance technique, suggest that tropical evergreen forests 

can usually avoid drought stress (Saleska et al., 2003), and some forests even have the 

increased photosynthetic capacity before the end of the dry season (Doughty et al., 2008). 

In other words, these measurements demonstrate carbon uptake during seasonal drought 

and efflux during the wet season (Baker et al., 2008). However, terrestrial 

biogeochemical/biogeophysical models have difficulties simulating the seasonal cycle of 

photosynthesis (Tian et al., 2000; Lee et al., 2005) as well as net ecosystem exchange 

(NEE) in some regions of Amazonia (Baker et al., 2005; Verbeeck et al., 2011). 

Specifically, standard model parameterizations produce seasonal NEE patterns that are 

opposite in phase to the eddy flux measurements (Baker et al., 2008; Verbeeck et al., 

2011). Therefore, we are motivated to investigate: 1) what are the hydrological reason for 

the NEE seasonality variations between observational data and model parameterizations? 

and 2) what is the appropriate LSM-parameterization for simulating reasonable NEE 

seasonality in Amazonia?  

Generally, the observed NEE seasonal cycle is explained by mechanisms that 

include: 1) deep soil columns that can store a large amount of water, and 2) the 
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accessibility of water at depth for deep roots when near-surface soil dries. A soil water 

stress/rooting distribution scheme based on these facts was integrated into the Simple 

Biosphere model (SiB3) by Baker et al. (2008), and the improved-model successfully 

captured carbon uptake/efflux in the dry/wet season at a LBA-DMIP site. The objectives 

of this study are 1) to evaluate the soil water stress/rooting distribution scheme in a 

terrestrial biogeochemical model, which also simulates NEE efflux during the dry season, 

and 2) to improve our understanding on carbon dynamics and hydrological processes in 

Amazonia.  

The structure of this paper is as follows. Section 3.2 describes the model, data, 

and model parameterizations used in this study. Section 3.3 is an evaluation of model-

simulated NEE and latent heat (LH) flux. Conclusions of this study are given in Section 

3.4.  

3.2 METHODOLOGIES  

3.2.1 Model descriptions  

CLM4 (Oleson et al., 2010; Lawrence et al., 2011) is the land model of the 

Community Earth System Model (CESM) (Gent et al., 2011), and it includes a module 

with explicit carbon and nitrogen components – CLM4CN. CLM4CN is fully prognostic 

with respect to all carbon and nitrogen state variables in vegetation, litter, and soil 

organic matter (SOM), and retains all prognostic quantities for water and energy in the 

vegetation–snow–soil column from CLM4. Vegetation pools include leaf and respiring 

and nonrespiring woody components of stems, coarse roots, and fine roots. Plant storage 

pools allow carbon and nitrogen acquired in one growing season to be retained and 

distributed as new growth in subsequent years. Prognostic leaf phenology is based on the 

classification of every plant functional types (PFTs), while prognostic leaf area index 
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(LAI) is based on the prognostic leaf carbon pool and an assumed vertical gradient of 

specific leaf area (SLA) (Thornton and Zimmermann, 2007). The heterotrophic model 

includes carbon and nitrogen storage and fluxes for a coarse woody debris pool, three 

litter pools, and four SOM pools, arranged as a converging trophic cascade (Thornton and 

Rosenbloom, 2005; Figure 2.1). A prognostic treatment of fire based on the model of 

Thonicke et al. (2001) is also included.  

3.2.2 Datasets  

 LBA-DMIP sites provide hourly meteorological variables, including temperature, 

precipitation, solar radiation, wind, pressure, and specific humidity. Carbon, nitrogen, 

water, and energy fluxes are also documented at these sites. In this study, the LBA-DMIP 

Tapajos National Forest KM83 site was selected. The observation time period of this site 

is 2001–2003, and the PFTs are evergreen broadleaf forest and deciduous broadleaf 

forest. The detailed information of the KM83 site is summarized in (Goulden et al., 2004; 

da Rocha et al., 2004; Miller et al., 2004). In this study, we used the meteorological 

forcing provided by the KM83 site to force CLM4CN, and the model evaluation was 

based on eddy flux observations at this site.   

3.2.3 Model parameterization 

Three aspects that are most important for capturing the carbon flux annual cycles 

in Amazonia are: 1) deep soil, 2) reasonable root configuration, and 3) layer-independent 

water stress factors. Since the near-surface soil will be recharged during the dry season, a 

reservoir large enough is needed to store sufficient moisture to supply the vegetation in 

the dry season. CLM4 has a total soil depth of 3.8 meters, which is not enough for 

reserving a large amount of water. In order to provide the model a large reservoir, we first 
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extend the depth of the soil layer to 11.1 meters by increasing the scaling factor in the 

soil-layer-depth equation from 0.025 to 0.073.  

Water stress is a primary factor limiting vegetation growth (Mu et al., 2007). In 

most land surface models, the water removal from the soil is directly related to root 

density, and the water stress calculation is usually described as follows: 

 

         (3.1) 

 

where nsoil is the number of soil layers, θwp is volumetric soil water fraction at wilting 

point, θi is the volumetric soil water fraction of soil layer i, θfc is the volumetric soil water 

fraction at field capacity, and rootfi is the root fraction in soil layer i. In this case, the 

contribution of each soil layer to overall stress is normalized by root fraction (Baker et 

al., 2008). Based on the root distribution described by most land surface models, the 

highest root density is usually near the surface (Dickinson et al., 1993; Jackson et al., 

1996; Sellers et al., 1996; Zeng et al., 2001). This model configuration implies that 

transpiration and carbon uptake in the model is inhibited as soon as surface soil dries out 

(as in the dry season), no matter how deep the soil column is. We therefore modified root 

transpiration in CLM4CN by allowing roots to supply water for transpiration in excess of 

their relative density.  

In order to relax the direct coupling to root fraction in each soil layer, Baker et al. 

(2008) modified water stress on photosynthesis. Water stress on the whole ecosystem 

does not depend on root distribution, but depends on plant available water within the total 

column:  
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where wcolumn is water in the column in excess of wilting point (kg), wmax is maximum 

possible excess water in the column (field capacity less wilting point; kg), and wssp is a 

water stress curvature parameter (= 0.2). This parameterization provides a more gradual 

response to stress in the model marked by a smooth transition between nonstressed and 

stressed regimes (Baker et al., 2008). In this study, we also applied the water stress 

parameterization described in equation 3.2 into CLM4CN.   

   

3.3 RESULTS 

Overall, we performed two simulations in this study. One is the CLM4CN control 

simulation, and the other is based on the parameterization discussed in Section 3.2.3. We 

named these two simulations as CTL and ROOTM, respectively. We first evaluated the 

water stress variations between these two simulations. Generally, the three-year monthly 

mean of CTL-water-stress has larger variation and higher magnitude than that of 

ROOTM-water-stress (Figure 3.1). From March to June, the CTL-water-stress is over 

0.99; meanwhile, the accumulated precipitation is over 14 cm in each of the four months 

(Figure 3.2). The annual mean of CTL-water-stress is 0.76, while that of ROOTM-water-

stress is 0.5. Therefore, we concluded that the water stress was reduced by removing its 

dependence on root distribution in different soil layers.  
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Figure 3.1. Monthly averaged water stress at the Tapajos National Forest KM83 site 

during 2001–2003. CTL simulation is shown as long dashed-line, and ROOTM is shown 

as dotted-dashed-line.  

In this study, we also validated the NEE and LH flux seasonalities against eddy 

covariance measurements (hereafter referred to as OBS) discussed in Section 3.2.2. The 

observed NEE and precipitation rate indicate that the ecosystem is a carbon sink during 

the dry season (July–December) and a source in the wet season (February–June). 

However, the NEE seasonality of CTL shows an opposite phase to eddy flux 

measurements (Figure 3.2). This result is consistent with the conclusions of other studies 

discussed in Section 3.1. By applying the parameterization discussed in Section 3.2.3 into 

CLM4CN, the ecosystem at the KM83 site starts taking up carbon during the dry season. 

Specifically, the carbon uptake period of ROOTM is from May to August, which is later 

and shorter than that of CTL (February–June) and is earlier and shorter than that of OBS 

(July–December). The annual variations of water stress and NEE suggest that the 
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ecosystem carbon uptake was reduced with decreased water stress from February to July 

(Figures 3.1 and 3.2). From August to January, the CTL-simulated ecosystem carbon 

release was more than that of ROOTM as a result of the low water stress level of CTL. 

Overall, the NEE seasonal cycle obtained from ROOTM is improved but still inconsistent 

with the observed NEE seasonality. Compared to OBS and CTL, the ROOTM-NEE 

magnitude is significantly reduced (Figure 3.2).  

 

 

Figure 3.2. Monthly averaged precipitation (cm) and NEE (gC m
-2

) at the Tapajos 

National Forest KM83 site during 2001–2003. Monthly precipitation is represented by 

grey bars, OBS is shown as solid-line with circles, CTL simulation is shown as long 

dashed-line, ROOTM is shown as dotted-dashed-line, and ROOTM_CLEAR is shown as 

short dashed-line.  

In SiB2, NEE is equal to respiration minus gross primary productivity (GPP), and 

it is described in CLM4CN as follows: 
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_ _ _ _ _loss loss lossNEE NEP F C D C P C Hrv to atm                    (3.3) 

 

where, NEP is equal to GPP minus respiration, F_Closs is total column-level fire carbon 

loss (gC m
-2

 s
-1

), D_Closs is total carbon loss from product pools and conversion (gC m
-2

 s
-

1
), P_Closs is total wood product carbon loss (gC m

-2
 s

-1
), and Hrv_to_atm is excess 

maintenance respiration pool harvest mortality (gC m
-2

 s
-1

). Actually, D_Closs and 

P_Closs are land use fluxes. 

The historical record of the KM83 site suggests logging activities during the 

observational time period. However, the rates and seasonality of CO2 exchange and the 

stem increment of large trees did not change much due to logging (Figueira et al., 2008). 

In order to validate the parameterization correctly, we excluded the influences of fire and 

human activities based on the ROOTM experiment, and the new calculation was name as 

ROOTM_CLEAR. This modification results in the extended carbon uptake season lasting 

from May to December, which is longer than that of OBS (July–December). In addition, 

the NEE magnitude of ROOTM_CLEAR is still close to that of ROOTM and much lower 

than that of OBS and CTL (Figure 3.2).  

In this study, we also investigated the NEE diurnal cycle at the KM83 site. 

Specifically, we chose the 15th of March and the 15th of September, which are in the wet 

and dry seasons, respectively, and calculated the three-year (2001–2003) mean NEE on 

these two selected days. We noticed that on these two days the water stress diurnal 

variation was not significant for the two tests. On average, CTL simulated water stress 

values are 1.0 on the 15th of March and 0.47 on the 15th of September, while these 

values simulated by ROOTM are 0.5 and 0.5 on the two same days, respectively. 

Generally, the NEE diurnal cycles obtained from CTL and ROOTM are similar on these 

two days. On the 15th of March, CTL suggests more carbon uptake than ROOTM during 
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12:00 PM to 9:00PM; conversely, it suggests less carbon uptake than ROOTM during 

12:00 PM to 10:00PM on the 15th of September (Figure 3.3). The daily NEE evaluation 

also proves that ecosystem carbon uptake increases with water stress growth, and vice 

versa.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3. The NEE (gC m
-2

) diurnal variation averaged over 2001–2003 at the Tapajos 

National Forest KM83 on a) the 15th of March and b) the 15th of September. CTL 

simulation is shown as long dashed-line, and ROOTM simulation is shown as dotted-

dashed-line.  

We also compared the observational and CLM4CN-simulated LH flux at the 

KM83 site. Overall, the LH seasonalities from OBS and CTL are significantly different. 

The LH simulated by CTL is peaked in July, whereas the highest LH value of OBS is in 
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November. Moreover, CTL-LH has larger variation than OBS-LH (Figure 3.4). The 

correlation coefficient between OBS-LH and CTL-LH is 0.15. Even though the 

parameterization results in the reduced NEE magnitude (Figure 3.2), it leads to a better fit 

of LH to the observational data (Figure 3.4). The correlation coefficient between OBS-

LH and ROOTM-LH is 0.51. Compared to CTL, ROOTM results in the reduced water 

stress in wet seasons, which is associated with the decreased LH, and vice versa (Figures 

3.1 and 3.4). This comparison implies that the parameterization results in a more realistic 

LH simulation of CLM4CN. According to the discussion above, we speculate that the 

reduced NEE magnitude is also related to other processes such as leaf phenology, 

respiration/carbon balance, stomatal response on soil water availability, and leaf nitrogen 

availability of CLM4CN.  

 

Figure 3.4. Monthly averaged precipitation (cm) and LH flux (W m
-2

) at the Tapajos 

National Forest KM83 site during 2001–2003. Monthly precipitation is represented by 

grey bars, OBS is shown as solid-line with circles, CTL simulation is shown as long 

dashed-line, and ROOTM is shown as dotted-dashed-line.  
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In order to evaluate the LH diurnal cycle, we averaged the hourly LH on the 15th 

of March and the 15th of September during 2001–2003. Overall, the LH diurnal cycles of 

CTL and ROOTM are similar. On the 15th of March, CTL-LH is larger than ROOTM-

LH from 12:00 PM to 9:00 PM; on the 15th of September, CTL-LH is significantly 

smaller than ROOTM-LH during the same time period (Figure 3.5). The results prove 

that LH is sensitive to water stress variations, and the reduced water stress also results in 

the decreased LH flux at daily time scale.  

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5. The LH (W m
-2

) diurnal variation averaged over 2001–2003 at the Tapajos 

National Forest KM83 on a) the 15th of March and b) the 15th of September. CTL 

simulation is shown as long dashed-line, and ROOTM simulation is shown as dotted-

dashed-line.  
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3.4 CONCLUSIONS 

 Overall, deep soil columns, reasonable root configurations, and a layer-

independent water stress are three important factors that affect carbon flux annual cycles. 

In this study, we extended the soil depth from 3.8 m to 11.1 m, allowed roots to supply 

water for transpiration in excess of their relative density, and incorporated the root 

transpiration/water removal parameterization in CLM4CN. Eddy convariance 

measurements at the KM83 site were used to validate the model. Generally, this 

parameterization results in reduced water stress in the wet season, and relatively high 

water stress values in the dry season. To some extent, the dry-season-carbon-release 

simulated by the default CLM4CN was corrected by this parameterization, and the 

ecosystem at the KM83 site starts to show carbon uptake in the dry season. The carbon-

uptake-season was extended by excluding the fire and human influences. However, the 

NEE variation magnitude was reduced at the same time, which is lower than observations 

and the default CLM4CN-simulated results. The diurnal variation of water stress is small 

for both the default and modified simulations. However, the higher daily-mean water 

stress values in the wet season result in more carbon uptake, which usually happens from 

12:00 PM to 9:00 PM. Similarly, the lower daily-mean water stress values in the dry 

season result in less carbon uptake during the same time period. At daily time scale, the 

peaked LH values were reduced in the wet season as a result of the decreased water 

stress, and vice versa. This result proves the sensitivity of LH to water stress variations. 

Compared to CTL, the parameterization in this study results in better monthly LH 

simulations in CLM4CN, which suggests improved water evapotranspiration processes in 

CLM4CN.  

Generally, the water stress described in equation 3.2 is a function of maximum 

rate of carboxylation, which eventually affects leaf photosynthesis. Hence, additional 
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developments associated with leaf phenology, respiration/carbon balance, stomatal 

response on soil water availability, and leaf nitrogen parameterization may help to 

improve the simulation of NEE seasonality and magnitude in CLM4CN. Moreover, 

regional and global tests are necessary for advanced application and better evaluation of 

the soil water stress/rooting distribution scheme.  
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Chapter 4 

Representing and Evaluating the Landscape Freeze/Thaw Properties 

and Their Impacts on Soil Impermeability–Hydrological Processes in 

the Community Land Model Version 4 

 

4.1 INTRODUCTION 

The landscape freeze/thaw status is closely related to the surface energy budget, 

hydrological activity, vegetation dynamics, terrestrial carbon budgets, and land–

atmosphere trace gas exchanges (Kim et al., 2011). Soil freezing warms up the surface in 

winter and autumn as a result of heat release, while soil thawing cools down the surface 

in spring at high latitudes (Poutou et al., 2004). Frozen soil reduces infiltration of 

snowmelt or rain and promotes overland flow (Johnsson and Lundin, 1991; Hardy et al., 

2001; Niu and Yang, 2006). As such, soil freeze/thaw affects soil moisture content and its 

seasonality, which, in turn, regulates the vegetation carbon density in permafrost-

dominated regions (Beer et al., 2007). Increased soil freezing also affects root and 

microbial mortality, cycling and loss of nutrients, chemistry of drainage waters, and soil–

atmosphere trace gas fluxes (Groffman et al., 2001).  

As another land feature, snow is also important to thermal and hydrological 

characteristics in mid- and high-latitude regions. Snow has high surface albedo, which 

reduces the radiative energy absorption at the surface; snow has low thermal 

conductivity, which insulates the subsurface from rapid and large temperature variations 

(Marshall et al., 1994). Snow seasonality is important to the soil moisture budget and 

freshwater resources, because runoff from snow melting is indispensable for many 

drought-prone regions in spring and summer (Su et al., 2011).  
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Despite its importance, the soil freeze/thaw status and its dependence on the 

overlying snowpack depth and coverage are not well understood. By using Special Sensor 

Microwave/Imager (SSM/I) data, Zhang and Armstrong (2001) detected the near-surface 

soil freeze/thaw status over the snow-free land area of the contiguous United States, but 

failed to capture the soil freeze/thaw status under the snow cover. In order to quantify 

freeze/thaw status dynamics over vegetated land areas for the global domain, Kim et al. 

(2011) developed a landscape freeze/thaw earth system data record (FT-ESDR) through 

the use of SSM/I. They also pointed out the limitations of applying FT-ESDER to soil 

freeze/thaw dynamics, especially under snow or thick surface organic layers. However, it 

is widely known that because of its low thermal conductivity, snow cover can maintain 

the underlying ground at a higher temperature than the overlying atmosphere (e.g., 

Goodrich, 1982; Zhang et al., 1996). Soil freezing in the northern latitudes is usually 

reduced by the seasonal snowpack, which insulates the soil surface from the atmosphere; 

a lack of snow or a late accumulating snowpack usually causes the soil to freeze deeper 

and for a longer duration than a snowpack that forms early in winter (Hardy et al., 2001). 

Soil under the seasonal snow cover may eventually thaw even though the soil freezes 

before the snow cover develops (Zhang and Armstrong, 2001).   

The soil freeze/thaw, which is influenced by snow cover, is associated with global 

climate change; warmer winter temperatures, as a result of climate change, may result in 

less snowfall in temperate forests (Hardy et al., 2001). By analyzing 19 years of North 

American snow cover climatology, Karl et al. (1993) also found large-scale systematic 

decreases of snow cover extent as temperature increases. A decrease in snow cover or late 

development of the snowpack, either of which may occur in a warmer climate, may 

eventually lead to increased soil freezing because of less insulating snow cover and 
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changes in soil water dynamics during the snowmelt period (Groffman et al., 2001; Hardy 

et al., 2001).  

Improved modeling work can advance our understanding of the mechanisms that 

relate the soil freeze/thaw status, hydrological processes, and biogeochemical cycles at 

high latitudes. Randerson et al. (2009) showed that current land surface models 

underestimate the magnitude of net carbon uptake during the growing season in boreal 

forest regions. This deficiency is partially due to inadequate modeling treatment of frozen 

soil hydrology (Lawrence et al., 2011). Tang and Zhuang (2010) suggested that coupling 

hydrological and soil thermal dynamics in Alaskan terrestrial ecosystems is important for 

modeling ecosystem dynamics. However, most land surface models, such as the 

Community Land Model Version 4 (CLM4) (Oleson et al., 2010; Lawrence et al., 2011) 

and the Community Noah Land Surface Model (Ek et al., 2003), do not properly address 

the snowpack insulating effects.  

This study aims to improve our understanding of the relationships between snow 

cover fraction (SCF), soil freeze/thaw status, and hydrological processes. To this end, we 

will: 1) investigate landscape freeze/thaw processes at high latitudes, 2) clarify how soil 

impermeability regulated by soil freeze/thaw processes affects soil hydrological 

processes. Following Hardy et al. (2001), we postulated two soil impermeability 

parameterizations. 1) The unsaturated soil under the snow cover is permeable; and 2) 

impermeable areas are regulated by an exponential term that decreases as the snow cover 

area increases in size and as the temperature in the top soil layer rises. We first validated 

model simulated landscape freeze/thaw status against observations from microwave 

remote sensing. In addition, a group of discharge/runoff observations and the quality of 

two meteorological forcing datasets were investigated. Finally, a series of numerical 

experiments were carried out based on the two parameterizations.  



 77 

The structure of this paper is as follows. Section 4.2 describes the data, model, 

and model parameterizations. Section 4.3 is an analysis of model-simulated landscape 

freeze/thaw status, runoff, and water storage variations. Section 4.4 discusses the 

weaknesses and limitations of this study and the possible ways to improve the 

hydrological simulations in high-latitude regions, and summarizes the main findings of 

this study.  

4.2 METHODOLOGIES  

4.2.1 Datasets 

4.2.1.1 Atmospheric forcing data 

To force the model at a global scale, we used the Modern Era Retrospective-

analysis for Research and Applications (MERRA) meteorological data 

(0.66°latitude×0.33°longitude) for 2003–2009 (Rienecker et al., 2011) and the 

NCEP/NCAR reanalysis (1.915° latitude ×1.875° longitude) for 2000–2004 (Qian et al., 

2006). These forcing data are observation-derived fields including precipitation, air 

temperature, air pressure, specific humidity, shortwave radiation, and wind speed. We 

used the two datasets to force CLM4, and compared model outputs associated with the 

hydrological cycle. The model outputs obtained from MERRA were eventually used to 

evaluate the hydrological processes of the default model and the parameterizations in 

high-latitude regions. MERRA was chosen because it has significant improvement in 

precipitation data quality, and covers the same time period as other available datasets that 

are used for validating the model. These datasets include, SSM/I FT-ESDR, in-situ 

observations of discharge from the ArcticRIMS projects, discharge derived from 

terrestrial water storage variations (TWS) measured by the Gravity Recovery and Climate 

Experiment (GRACE) satellites and net precipitation from an atmospheric reanalysis 
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dataset (precipitation minus evapotranspiration, or P-ET) (Landerer et al., 2010). Detailed 

information on these datasets is summarized in Sections 4.2.1.2, 4.2.1.3, and 4.2.1.4.  

4.2.1.2 Special Sensor Microwave/Imager (SSM/I) observed landscape freeze/thaw 

earth system data record (FT-ESDR) 

The daily SSM/I FT-ESDR is derived from radiometric brightness temperature 

(Tb) time series at 37 GHz (V-pol) frequency, which is acquired from SSM/I on board the 

Defense Meteorological Satellite Program (DMSP) polar orbiting satellite series (Kim et 

al., 2011). This dataset spans the period from 1988 to 2007 with 25 km×25 km spatial 

resolution. It was developed for quantifying the freeze/thaw dynamics over vegetated 

land areas, where ecological processes are primarily constrained by seasonal frozen 

temperatures. Basically, FT-ESDR uses four specific values to describe the landscape 

status: frozen, non-frozen, transitional (AM frozen and PM thawed), and inverse 

transitional (PM frozen and AM thawed) (Table 4.1). The daily SSM/I FT-ESDR was 

used in this study to validate the landscape freeze/thaw status represented by CLM4.   

Table 4.1. Landscape freeze/thaw classification from SSM/I FT-ESDR.   

Classification FT DN 

Frozen (AM/PM frozen)  0 

Thawed (AM/PM thawed)  1 

Transitional (AM frozen and PM thawed)  2 

Inverse Transitional (PM frozen and AM thawed)  3 

Masked (permanent ice, non-vegetated and urban area)  254 

100% open water  255 
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4.2.1.3 River basin discharge  

This study used three sources of data to validate the discharge simulations; our 

discussions follow the timeline of data acquisition. The first dataset is the New 

Hampshire – Global Runoff Data Center (UNH-GRDC) monthly composite runoff, 

which combined observed river discharge with output from a water balance model driven 

by observed meteorological data. The GRDC climatology runoff not only preserves the 

accuracy of the discharge measurements but also maintains the spatial and temporal 

distribution of simulated runoff (Fekete et al., 2000; Niu and Yang, 2006). The second 

dataset is in-situ observations of discharge from the ArcticRIMS project (available at 

http://rims.unh.edu/data.shtml), which has near-real time monitoring of river discharge to 

the Arctic Ocean. The ArcticRIMS project does not have records on the Churchill–

Nelson and Amur River basins. The third source of discharge data came from GRACE 

TWS variations (Landerer et al., 2010) and the Japanese 25-year Re-Analysis (JRA-25) 

derived net precipitation (P-E) (Onogi et al., 2006), hereafter referred to as GRACE/JRA-

25. Detailed information on this discharge dataset was discussed in Landerer et al. 

(2010). 

4.2.1.4 Gridded Gravity Recovery and Climate Experiment (GRACE) measured 

terrestrial water storage 

The GRACE TWS anomalies were used to evaluate the modeled TWS anomalies 

in the six largest river basins in cold regions. This global gridded dataset, which spans 

from 2003 to 2009 at 1°×1° resolution, is derived from temporal gravity field variations, 

which are observed by the GRACE satellites. Landerer and Swenson (2012) not only 

assessed the accuracy of GRACE TWS estimates, but also inferred relationships between 

different regional time series that represent various spatial scales according to TWS 

variations simulated by land-hydrology models. These relationships were then utilized to 
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extrapolate the GRACE TWS estimates from some certain spatial resolution to finer 

spatial scales. The gridded GRACE TWS fields processed in this way are corrected for 

signal-leakage and therefore allow users to average over arbitrary regions and compare 

the results to other gridded data (e.g., hydrological models or groundwater datasets) 

without the need to apply the GRACE filtering process to the data in the spherical-

harmonic domain. The gridded gain factor and error maps are provided along with the 

GRACE TWS observations (The data are available at http://grace.jpl.nasa.gov).  

4.2.2 Model descriptions  

  CLM4 (Oleson et al., 2010; Lawrence et al., 2011) is the land component of the 

Community Earth System Model (CESM) (Gent et al., 2011). The substantial 

improvements since CLM3 (Dickinson et al., 2006) are summarized in Lawrence et al. 

(2011). CLM4 includes three modules: 1) CLM4SP, which is CLM4 with satellite 

phenology, 2) CLM4CN, which is CLM4 with explicit carbon and nitrogen balances, and 

3) CLM4CNDV, which is CLM4CN integrated with a global dynamic vegetation model. 

All three CLM4 modules use the same hydrological parameterizations, based on a Simple 

TOPMODEL-Based Runoff Scheme (SIMTOP) (Niu et al., 2005). 

In SIMTOP, surface runoff consists of overland flow due to saturation excess 

(Dunne runoff) and infiltration excess (Hortonian runoff) mechanisms (Oleson et al., 

2010): 

 

,0 ,0 ,max(1 )max(0, )over sat liq sat liq inflq f q f q q                             (4.1)                                                                                                                                                  

 

http://grace.jpl.nasa.gov/
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where qliq,0 is liquid precipitation reaching the ground plus any melt water from snow (kg 

m
-2

 s
-1

) and qinfl,max is the maximum soil infiltration capacity (kg m
-2 

s
-1

). The fractional 

impermeable area (fsat) is expressed as:  

 

max(1.0 ) exp( 0.5 )sat frz over frzf f f f z f


                                    (4.2)                                                

 

where fmax is the maximum saturated fraction for a grid cell, which is defined as the 

discrete cumulative distribution function (CDF) of the topographic index when the mean 

water table depth of the grid cell is zero (Oleson et al., 2010), fover is the decay factor, z

is the grid-cell-mean water table depth, and the impermeable fraction (ffrz) is 

parameterized as a function of soil ice content in a layer (Niu and Yang, 2006):  

 

(1 / )ice sat

frzf e e
                                                  (4.3) 

 

where θsat and θliq are soil poros  y and par  a  vo ume of   e, and α (= 3.0)  s an 

adjustable scale-dependent parameter. Equation 4.1 suggests that when qliq,0 is smaller 

than qinfl,max (the Hortonian runoff is equal to zero), model simulated surface runoff will 

decrease as a result of reduced fractional impermeable area. However, when Hortonian 

runoff is greater than zero, runoff depends on fsat and qinfl,max. Here, qinfl,max is related to 

three factors: fsat, the partial volume of liquid water, and the effective soil porosity 

(Oleson et al., 2010).  

In CLM4, surface runoff is associated with infiltration into the surface soil layer, 

which is defined as: 

 

infl liq,0 over sevaq q q q                                                 (4.4) 
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where qseva is the evaporation of liquid water from the top soil layer (Oleson et al., 2010). 

Therefore, infiltration into the surface soil layer will increase with decreased surface 

runoff, and vice versa.   

Using the models discussed above, this paper is an investigation of the impacts of 

fsat on high-latitude hydrological cycles in CLM4. The model resolution used in this study 

is 0.9° latitude ×1.25° longitude. 

4.2.3 Landscape freeze/thaw status calculations 

CLM4 calculates soil ice (Qice,soil, kg m
-2

), snow ice (Qice,snow, kg m
-2

), and canopy 

interception (Qintr, mm). In order to investigate the landscape freeze/thaw status simulated 

by the model, the landscape frozen fraction (LFF; ffrozen, land, %) was calculated based on 

the normalized soil ice in the first soil layer (NQice,soil,1), snow ice (NQice,snow), canopy 

interception (NQintr,ice) when the vegetation temperature is lower than 273.15K, and leaf 

are index (LAI, NLAI):   

 

                                                                   (4.5) 

 

where fveg is fractional vegetated area. Generally, the frozen lake/wetland (hereafter 

referred to the lake/wetland on land) without snow cover is also a component of frozen 

landscape. Based on the CLM4 surface datasets, the total area of lake and wetland takes 

about 1.2% of the global land area. Therefore, we did not consider the frozen 

lake/wetland without snow cover in equation 4.5. CLM4 calculates SCF on frozen 

lake/wetland; hence, snow ice over lake/wetland is also considered in this study.  

,

(1.0 ) ((1.0 ) )

froezn land veg intr,ice

veg sno ice,soil,1 sno ice,snow

f NLAI f NQ

NLAI f f NQ f NQ
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 The LFF obtained by equation 4.5 was validated against the landscape 

freeze/thaw status observed by SSM/I FT-ESDR. Since SSM/I FT-ESDR uses specific 

values (Table 4.1) rather than percentage values to represent the landscape freeze/thaw 

status, it cannot be directly compared with the CLM4 calculations. As CLM4 was run 

with an hourly timestep, and the mean ffrozen, land values were computed from 12:00 AM to 

11:00 AM (hereafter referred to as ffrozen, land, am), from 12:00 PM to 11:00 PM (hereafter 

referred to as ffrozen, land, pm), and from 12:00 AM to 11:00 PM (hereafter referred to as 

ffrozen, land, avg) of each day. We classified the ffrozen, land values into four groups: a) frozen, 

ffrozen, land, avg > 50%, b) thaw, 0% ≤ ffrozen, land, avg < 20%, or 20% ≤ ffrozen, land, avg < 50% and 

|ffrozen, land,am - ffrozen, land, pm| < 20%, c) transitional, 20% ≤ ffrozen, land, avg < 50% and |ffrozen, 

land,am - ffrozen, land, pm| ≥ 20% and ffrozen, land,am ≥ ffrozen, land, pm, and d) inverse transitional, 

20% ≤ ffrozen, land, avg < 50% and |ffrozen, land,am - ffrozen, land, pm| ≥ 20% and ffrozen, land,am < ffrozen, 

land, pm. The ffrozen, land, avg values that are equal to 50% were treated as missing values. 

Based on this classification, the SSM/I FT-ESDR observed and CLM4-estimated LFF 

was compared at a global scale. In order to calculate SSM/I FT-ESDR observed frozen 

fraction values in the selected two regions, we used the number of grid cells with the 

frozen status to divide the total number of the grid cells in each selected region. We 

defined the results as the observed LFF. Consequently, the LFF based on the CLM4-

simulation was validated against SSM/I FT-ESDR regionally.  

4.2.4 Parameterization of the snow cover area  

Besides the control simulations (hereafter referred to as CTL), we did another two 

numerical experiments to explore the relationship between soil impermeability, which is 

controlled by soil ice amount, and hydrological processes in cold regions. Hardy et al. 

(2001) found that in temperate hardwood forests soil freezing increased in mild winters 
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with low snowfall. In the first experiments of this study, we reduced soil impermeability 

by assuming that the impermeable fraction decreases linearly with the augmentation of 

the snow cover:  

 

, (1 )frz new frz snof f f            (4.6) 

 

where fsno is the SCF in each grid cell. Basically, this modification is explained as: 

saturated areas can overlap with the snow cover, while unsaturated soil under the snow 

cover is permeable as a result of the snow cover insulating effects. In another words, the 

impermeable area of each grid cell includes the frozen area, which is snow free, and the 

saturated area. This experiment is named as IMPERF1.  

Since in cold regions, soil will freeze before snow is accumulated on the ground, 

IMPERF1 may overestimate the permeable area. Therefore, we used both soil 

temperature in the top soil layer and SCF to regulate the impermeable area, and put these 

two judgments into an exponential term. This experiment is named as IMPERF2: 

 
1

(1 )
( ,1) 273.15

,

snof
T c

frz new frzf f e
 

             (4.7) 

 

where T(c,1) is the soil temperature in the first soil layer. In this experiment, when the top 

layer soil temperature is lower than the freezing point (273.15 K), the impermeable areas 

decrease as the snow cover area increases in size and as the temperature in the top soil 

layer rises; otherwise, ffrz, new follows IMPERF1.  
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4.3 RESULTS 

4.3.1 Landscape freeze/thaw status 

We used SSM/I FT-ESDR to evaluate the CLM4-simulated landscape freeze/thaw 

status, which influences soil permeability. Based on surface vegetation distributions, two 

rectangular regions located at 60°–75°N, 75°–180°E (hereafter referred to as Region 1) 

and 45°–60°N, 22.5°–75°E (hereafter referred to as Region 2; Figure 4.1), were chosen to 

study the landscape freeze/thaw status in high latitudes. Generally, the CLM4 surface 

data suggest that Region 1 is dominated by boreal broadleaf deciduous shrub, needleleaf 

deciduous (larch) trees, and C3 arctic grass, and Region 2 is mainly covered by boreal 

and temperate needleleaf evergreen trees, C3 nonarctic grass, and boreal broadleaf 

deciduous trees. 
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Figure 4.1. CLM4 vegetation types in cold regions: a) boreal broadleaf deciduous shrub, 

b) needleleaf deciduous (larch) trees, c) and C3 arctic grass, d) boreal and temperate 

needleleaf evergreen trees, e) C3 nonarctic grass, f) boreal broadleaf deciduous trees. The 

solid-line-rectangular represents Region 1, and the dash-line-rectangular represents 

Region 2. 

In this study, 12th October, 1st November, 21st November, 11th December, 26th 

December in 2003, 10th January, 25th January, 9th February, 2nd March, 22nd March, 

11th April, and 1st May in 2004 were selected to investigate the landscape freeze/thaw 

status. SSM/I FT-ESDR suggests that the frozen area increases from 12th October to 11th 

December, reaches the maximum values from 26th December to 9th February, and 

decreases from 2nd March to 1st May for the two selected regions. Region 1 is frozen for 

a longer period of time than Region 2 as a result of latitude differences (Figure 4.2). On 

12th October and 1st May, Region 2 is almost unfrozen (Figures 4.2a and 4.2h). On the 

selected days, an inverse transitional landscape type was seldom observed globally 
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(Figure 4.2). The spatial distribution of landscape freeze/thaw status is slightly different 

year by year, but we can obtain the same conclusions in terms of the records on the same 

days in other years (Figure not shown).  

 

Figure 4.2. SSM/I FT-ESDR obtained landscape freeze/thaw status on (a) 12th October 

2003, (b) 1st November 2003, (c) 21st November 2003, (d) 11th December 2003, (e) 26th 

December 2003, (f) 10th January 2004, (g) 25th January 2004, (h) 9th February 2004, (i) 

2nd March 2004, (j) 22nd March 2004, (k) 11th April 2004, and (l) 1st May 2004. Areas 

with white are outside of the FT_ESDR domain (Kim et al., 2011). 

Compared to SSM/I FT-ESDR, CLM4 generally reproduces the landscape 

freeze/thaw pattern globally, and properly captures the landscape freeze/thaw status on 
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the four selected days in boreal winter. The frozen time period of SSM/I FT-ESDR is 

shorter than that of CLM4-simulation in both Region 1 and Region 2. Specifically, the 

CLM4-simulated landscape frozen area is larger than that of SSM/I FT-ESDR on the 12th 

of October and the 1st of November and is similar to that of SSM/I FT-ESDR on the 

other selected 10 days in Region 1. On the 1st of November, the 21st of November, the 

11th of December, the 22nd of March, and the 11th of April, the CLM4-based landscape 

frozen area is larger than that of SSM/I FT-ESDR in Region 2. Generally, the CLM4-

simulated transitional area on these 12 days is smaller than that of SSM/I FT-ESDR. The 

inverse transitional area obtained from the CLM4-simulation is very limited, which is 

similar to that from SSM/I FT-ESDR (Figures 4.2 and 4.3). 

We also compared observation-based and CLM4-simulated LFF on the selected 

days in boreal fall and spring. In Region 1, the regional–averaged LFF values simulated 

by CLM4 gradually increase from 27% to 45% from the 12th of October to the 11th of 

December, while the SSM/I FT-ESDR values are 8%, 49%, 73%, and 72% on the 12th of 

October, the 1st of November, the 21st of November, and the 11th of December, 

respectively. The regional mean LFF values of the CLM4-simulation are 66%, 73%, 

78%, and 75% on the 2nd of March, the 22nd of March, the 11th of April, and the 1st of 

May, respectively. Correspondingly, the SSM/I FT-ESDR values are 74%, 73%, 73%, 

and 68%, respectively on those four spring days. While the CLM4 and SSM/I FT-ESDR 

mean values of LFF in the boreal spring are 73% and 72%, respectively, their variations 

on the four days are different. The CLM4-simulated LFF value on the 2nd of March is 

smaller than that on the following three days, while SSM/I FT-ESDR suggests a 

decreasing trend in the LFF on these four days. In Region 2, the CLM4-simulated LFF 

increases from the 12th of October to the 11th of December and decreases from the 2nd 

of March to the 1st of May (Figure 4.3), similar to SSM/I FT-ESDR. CLM4 also 
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demonstrates the non-frozen landscape status on the 12th of October and the 1st of May 

(Figures 4.3a and 4.3i). The CLM4-simulated fraction values on those same dates in 

boreal spring are 59%, 49%, 25%, and 8%, respectively, in Region 2. These values for 

SSM/I FT-ESDR are 54% and 14% on the 2nd of March and the 22nd of March, and they 

decrease to less than 0.3% after the 11th of April, suggesting that the landscape thawing 

process represented by SSM/I FT-ESDR is faster than that of CLM4. The SSM/I FT-

ESDR LFF values in Region 2 after the 11th of April also imply the temporal uniform 

feature of this dataset, which is mentioned by Kim et al. (2011) and further discussed in 

the following paragraphs. Even with some minor spatial distribution differences year by 

year, we can obtain the same conclusions from the model outputs on the same dates in 

other years (Figure not shown). 
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Figure 4.3. CLM4-simulated landscape freeze/thaw status on (a) 12th October 2003, (b) 

1st November 2003, (c) 21st November 2003, (d) 11th December 2003, (e) 26th 

December 2003, (f) 10th January 2004, (g) 25th January 2004, (h) 9th February  2004, 

(i) 2nd March 2004, (j) 22nd March 2004, (k) 11th April 2004, and (l) 1st May 2004.  

In this study, we also calculated the five-year (2003–2007) mean daily snowfall 

(Psnow), normalized SCF (Nfsno), normalized snow ice (NQice,snow), and normalized snow 

depth (NDsnow) in Region 1 and Region 2, respectively (Figure 4). The seasonal variation 

of the four variables suggests that the CLM4-simulated SCF reaches peak values in 

November and starts to shrink in late April in Region 1 (Figures 4.4a). Actually, the SCF 

reproduced by the model is higher than that of MODIS observations in Region 1 (Figure 
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not shown). Therefore, snow ice is the dominated component of the frozen landscape 

during November to late April in this region (equation 4.5). By evaluating NQice,snow in 

Region 1, we found that snow ice increased during October to early May, which had a 

quasi-linear relationship with NDsnow (Figure 4.4a). When SCF starts to reduce in late 

April, snow depth and snow ice are still growing as a result of snowfall increase starting 

from late April (Figure 4.4a). We speculate that as temperature increases, snowfall 

regions move northward after late April, and the shift of the snowfall region and 

temperature increase result in the northward shrinking of SCF. In addition, increased 

snow depth is associated with snowfall, and the growth of snow ice is associated with 

both snowfall and snow density. Actually, Niu et al. (2007) showed that the SCF–snow 

depth relationship varies with seasons as a function of snow density. Therefore, we 

conclude that the snow events in Region 1 starting in late April result in the snow ice 

growth, which is a function of the CLM4-simulated LFF. In Region 2, Psnow, Nfsno, 

NQice,snow, and NDsnow begin to decrease in early March (Figure 4.4b), and vary similarly 

to the CLM4-simulated LFF.  
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Figure 4.4. CLM4-simulated the five-year (2003–2007) daily mean atmospheric snow 

(Psnow), normalized SCF (Nfsno), normalized snow ice (NQice,snow), normalized snow depth 

(NDsnow) in a) Region 1 and b) Region 2.  

In order to further explore the relationship between the LFF and the SCF 

described by CLM4, we summarized the monthly (Figure 4.5) and daily variations 

(Figure 4.6) of these two variables in the two selected regions from 2003 to 2007. As 

discussed before, the SCF in Region 1 reaches maximum from November to late April in 
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the next year, during which the LFF gradually increases from 30% to 85%. In the snow 

melting seasons (May and June), the LFF and the SCF have a linear relationship. Region 

1 is almost unfrozen in July and August, and the landscape starts to freeze in September 

(Figures 4.5a and 4.6a). In addition, the freezing rate in September is higher than that in 

October (Figure 4.5a). We infer that this difference is associated with a quicker seasonal 

snow accumulation rate in September than in October (Figure 4.4a). In Region 2, the SCF 

reaches maximum in January and February, and the LFF grows from 40 % to 75 % in 

these two months. From March to April, the LFF and the SCF decrease simultaneously, 

which is earlier than that in Region 1. From May to September, Region 2 is almost ice 

free (Figure 4.5b and 4.6b). Overall, the LFF and SCF relationship shows a step-function 

pattern in Region 1 and tends to be linear in Region 2. This difference is associated with 

the snow ice increase when the SCF reaches its maximum values (Figure 4.4a). The 

increase of snow ice results in the LFF growth from November to late April in Region 1. 

Compared to Region 1, the latitude of Region 2 is lower, which is related to a relatively 

warmer temperature. Consequently, the snow accumulation season of Region 2 starts one 

month later than that of Region 1, and the snow ice varies linearly with the SCF (Figure 

4.4b). Therefore, the LFF and the SCF vary in a quasi-linear pattern. 
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Figure 4.5. CLM4-simulated the relationship between LFF and SCF in a) Region 1 and 

b) Region 2 during 2003–2007.  

The spatial distribution of SSM/I FT-ESDR (Figure 4.2) and the relationships 

between the CLM4-simulated and the SSM/I FT-ESDR observed LFF prove the spatial 

and temporal uniform feature of SSM/I FT-ESDR (Figure 4.7). Actually, the SSM/I FT-

ESDR freeze/thaw patterns are more spatially and temporally uniform during winter 

(summer) than those in the freeze/thaw transitional period. In Region 1, the SSM/I FT-

ESDR LFF starts to increase rapidly in October and reaches its maximum value in 

November. In contrast, the CLM4-simulated LFF increases slowly in October and 

November, and grows quickly from December to March (Figure 4.7a). The variation 

differences between observation and model simulation can be explained by two reasons: 

1) observations indicate the frozen status as soon as the brightness temperature in each 

model grid cell is below the freezing point, and 2) the CLM4-calculated snow ice 

continuously increases even though the SCF reaches its maximum values. In Region 1, 
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both SSM/I FT-ESDR and CLM4 indicate the reduced LFF starting in April, and the 

thawing process represented by SSM/I FT-ESDR is faster than that of CLM4, which is 

also suggested by the LFF values. Actually, the snow/soil melting processes in CLM4 are 

determined by the snow/soil temperature and the excess/deficit of energy in each 

snow/soil layer (Oleson et al., 2010), and the numerical schemes used for calculating 

temperatures and energy fluxes may result in errors of snow/soil melting rates. In 

addition, SSM/I FT-ESDR also has uncertainties in representing the landscape 

freeze/thaw status Kim et al. (2011). We infer that these two aspects are closely related to 

the melting rate differences of SSM/I FT-ESDR and CLM4. In Region 2, the CLM4-

simulated and the SSM/I FT-ESDR observed LFF vary in a quasi-linear pattern during 

the snow accumulation seasons (October to March), and the CLM4-simulated landscape 

thawing rate of April in Region 2 is faster than that in Region 1 (Figure 4.7). These 

variations are associated with differences in climate conditions between Region 1 and 

Region 2.  

 



 96 

 

Figure 4.6. The daily variation of LFF and SCF obtained from CLM4 in a) Region 1 and 

b) Region 2 during 2003–2007.  
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Figure 4.7. The relationship between CLM4-simulated and SSM/I FT-ESDR obtained 

landscape frozen fraction in a) Region 1 and b) Region 2 during 2003–2007. 

4.3.2 Fractional impermeable area 

 In order to understand soil impermeability variations, which are associated with 

soil freeze/thaw processes, we calculated the seven-year (2003–2009) mean of fsat 

obtained from CTL and from the modified cases (IMPERF1 and IMPERF2). The 

differences between IMPERF1 and CTL in March, April, May, and June (MAMJ) 

indicate that owing to the model simulated high SCF in March, April, and May (MAM; 

Figure not shown), IMPERF1 results in significant decrease of fsat (up to 100%) during 

this time period (Figures 4.8a, 4.8b, and 4.8c; equation 4.6). Compared to CTL, soil 

impermeability obtained from IMPERF1 has some minor increase in May (Figure 4.8b), 

and it enlarges northward in June, with up to 8% fsat enlargement (Figure 4.8d). Most of 

the soil-impermeability-amplified areas calculated by IMPERF1 locate in the regions 

with the SCF less than 5% (Figure not shown).  
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Figure 4.8. Seven-year (2003–2009) mean fractional impermeable area (%) differences 

between: a) IMPERF1 and CTL in March, b) IMPERF1 and CTL in April, c) IMPERF1 

and CTL in May, d) IMPERF1 and CTL in June, e) IMPERF2 and CTL in March, f) 

IMPERF2 and CTL in April, g) IMPERF2 and CTL in May, and h) IMPERF2 and CTL 

in June.  

Compared to IMPERF1, IMPERF2 also simulates reduced soil impermeability in 

MAMJ. However the total area with soil impermeability decrease is not as large as that of 

IMPERF1, and the fraction of the decrease is up to 60%. From March to May, the soil-
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impermeability-reduced area expands northward, while the soil-impermeability-amplified 

area develops southward (Figures 4.8e, 4.8f, and 4.8g). From May to June, the area with 

increased soil impermeability calculated by IMPERF2 is smaller than that of IMPERF1 

(Figures 4.8c, 4.8d, 4.8g and 4.8h). Overall, IMPERF1 and IMPERF2 enlarge/reduce soil 

impermeability in regions with the SCF less/greater than 5% in May and June. 

4.3.3 Discharge in the six largest river basins in cold regions 

In order to understand the hydrological impacts of soil impermeability, we 

evaluated the runoff simulated by the CLM4 control run, IMPERF1, and IMPERF2.  

We first compared the GRDC, ArcticRIMS, and GRACE/JRA-25 datasets in the six 

largest river basins in cold regions (Lena, Yenisei, Mackenzie, Ob, Churchill–Nelson, 

and Amur River basins) to study the uncertainties of observed discharge. In order to 

compare the GRDC runoff with the other two datasets, we used the UNH-GRDC 

observed runoff fields to mask river basins, and converted runoff to discharge (with the 

volumetric unit; Figure 4.9). Therefore, the observational data shown in Figure 4.9 are 

real discharge or discharge calculated from runoff. The results indicate that in the 

Mackenzie, Ob, Churchill–Nelson, and Amur River basins, the discharge magnitude of 

GRDC is considerably higher than that of GRACE/JRA-25 and ArcticRIMS (Figures 

4.9c, 4.9d, 4.9e, and 4.9f). In the Mackenzie, Ob, and Churchill–Nelson River basins, the 

discharge obtained from the GRDC dataset peaks earlier than that observed by 

ArcticRIMS and derived from GRACE/JRA-25. Therefore, the observational 

uncertainties are more significant in those four river basins than in the Lena and Yenisei 

River basins (Figures 4.9a and 4.9b). In most basins, the annual mean of GRACE/JRA-25 

usually has a secondary discharge peak, which is absent in GRDC and ArcticRIMS.  
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Figure 4.9. GRDC discharge (runoff based), ArcticRIMS discharge, and GRACE/JRA-2 

discharge in the a) Lena, b) Yenisei, c) Mackenzie, d) Ob, e) Churchill–Nelson, and f) 

Amur River basins in cold regions. GRDC denotes the UNH-GRDC runoff climatology, 

ARCTICRIMS denotes a seven year (2003–2009) mean ArcticRIMS river discharge (no 

data in Churchill–Nelson and Amur River basins), and GRACE/JRA-25 denotes a seven 

year (2003–2009) mean discharge derived from GRACE TWS variations and JRA-25.  

Owing to the uncertainty of the flow velocity used in the CLM4 river transport 

model (RTM) (Swenson et al., 2012), we did not validate the CLM4-RTM-simulated 

discharge (Figure 4.10). In CLM4-RTM, the river flow velocity is equal to 0.35, which is 

a global constant. However, Decharme et al. (2010) demonstrated that global average 

flow velocities lower than 0.5 m s
-1

 are not reasonable and they should be close to 0.5–1 

m s
-1

, especially for boreal regions where, for instance, the maximum flow velocity is 

higher than 1–1.5 m s
-1 

in May. Decharme et al. (2010) also suggested limiting the flow 

velocity to 0.5 m s
-1 

in the Mackenzie and Ob River basins. In order to investigate the 

seasonality of flow velocity controlled discharge, we performed sensitivity tests of flow 
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velocities in the CLM4-RTM. We applied a flow velocity of 1.0 m s
-1 

in the Lena, 

Yenisei, Churchill–Nelson, and Amur River basins and a flow velocity of 0.5 m s
-1

 in the 

Mackenzie and Ob River basins, and then we evaluated the CLM4-RTM-simulated 

discharge seasonality with ArcticRIMS and GRACE/JRA-25 (Figure 4.10). The increase 

of flow velocity results in hydrographs that peak earlier and more sharply, which is 

consistent with the conclusions of Decharme et al. (2010). The earlier peaked discharge 

in the Lena, Mackenzie, and Ob River basins are postponed by IMPERF2 (Figures 4.10a, 

4.10c, and 4.10d), and the improvements in the other three river basins are not significant. 

Since flow velocity is associated with channel cross-sectional area, wetted perimeter, and 

roughness (Dingman et al., 2002), which are not available globally, these experimental 

based sensitivity tests are tentative. Therefore, developing flow velocities that have 

realistic spatial distribution is important to discharge simulations. For the reasons 

discussed above, the CLM4-simulated runoff was evaluated in this study. We 

transformed CLM4-simulated runoff to discharge by using the same method for GRDC 

runoff processing, which does not consider the river transport processes. The “discharge” 

mentioned hereafter refers to the converted results, which are based on CLM4-simulated 

runoff.  
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Figure 4.10. Comparison of observed and CLM4-RTM-simulated seven year mean 

monthly discharge (2003–2009) in the a) Lena, b) Yenisei, c) Mackenzie, d) Ob, e) 

Churchill–Nelson, and f) Amur River basins in cold regions. The model was forced with 

MERRA data. MCTL represents the control simulation. FV represents the experiments 

with changed flow velocities, which are equal to 1.0, 1.0, 0.5, 0.5, 1.0, and 1.0 in the 

Lena, Yenisei, Mackenzie, Ob, Churchill–Nelson, and Amur River basins, respectively. 

FV&IMPERF2 denotes IMPERF2 simulations based on the changed flow velocities, 

which are the same to that of FV.  

Two sets of CLM4-simulated discharge based on MERRA and the forcing data 

discussed in Qian et al. (2006) were referred to as D-MCTL and D-QCTL, respectively. 

Both D-MCTL and D-QCTL were validated against the mean of GRACE/JRA-25 and 

ArcticRIMS (OBS1) in the Lena, Yenisei, Mackenzie, and Ob River basins and against 

GRACE/JRA-25 in the Churchill–Nelson and Amur River basins from 2003 to 2004 

(Figure 4.11). Compared to OBS1 and GRACE/JRA-25, D-QCTL has earlier peaked 

discharge in all the six river basins. In the Lena, Yenisei, Mackenzie, and, Ob River 

basins, D-MCTL has later peaked discharge than D-QCTL (Figures 4.11a, 4.11b, 4.11c, 

and 4.11d), while the timing differences between D-QCTL and D-MCTL are not 
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significant in the Churchill–Nelson and Amur River basins (Figures 4.11e and 4.11f). 

Both D-QCTL and D-MCTL have higher discharge magnitudes than observations in the 

six river basins. The correlation coefficient indicates that D-MCTL can better capture the 

discharge seasonality than D-QCTL in all the six river basins except in the Churchill–

Nelson River basin (Figure 4.11).    

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.11. Comparison of observed and modeled monthly discharge (2003–2004) in 

the a) Lena, b) Yenisei, c) Mackenzie, d) Ob, e) Churchill–Nelson, and f) Amur River 

basins in cold regions. OBS1 represents the mean of GRACE/JRA-25 and ArcticRIMS in 

the Lena, Yenisei, Mackenzie, and Ob River basins; GRACE/JRA-25 represents the 

discharge from GRACE/JRA-25 in Churchill–Nelson and Amur River basins; D-QCTL 

represents discharge from Qian’s data forced CLM4; D-MCTL represent discharge from 

the MERRA reanalysis forced CLM4. Also shown are the correlation coefficients (R) 

between OBS1 (or GRACE/JRA-25) and each experiment.   
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We also validated the discharge obtained from both MERRA forced control run 

and the modified runs (the parameterizations discussed in Section 4.2.4) against the mean 

of GRDC, ArcticRIMS, and GRACE/JRA-25 in the Lena, Yenisei, Mackenzie, Ob River 

basins and that of GRDC and GRACE/JRA-25 in the Churchill–Nelson and Amur River 

basins (Figure 4.12). The shaded areas denote the observational uncertainty, which was 

obtained from the maximum and minimum values of the three observations. Generally, 

the 7-year (2003–2009) mean discharge from CLM4 also has secondary peaks, and the 

possible reason for this pattern is that a considerable amount of runoff bypassing the 

streams is not considered by the installed gauges (Syed et al., 2007). Compared to the 

mean of the observations, the control run has earlier peaked discharge in five out of the 

six river basins. The Yenisei River basin is the exception, which is located in the center 

of the Siberian region (50 – 66.5°N, 60 – 140°E). We infer the insignificant discharge 

variation in the Yenisei River basin is associated with the relatively high discharge 

magnitude and soil moisture and temperature in the top-soil layer in April and May 

(Figure not shown). The discharge magnitude of the control run is significantly higher 

than the observations in the Lena, Yenisei, Mackenzie, and Ob River basins (Figures 

4.12a, 4.12b, 4.12c, and 4.12d). This result is similar to the monthly comparisons during 

2003–2004.  

By assuming the unsaturated soil under the snow cover is permeable (following 

IMPERF1), the discharge magnitude in MAM is reduced in all the six river basins, and 

the discharge peak is postponed in Lena, Mackenzie, Churchill–Nelson, and Amur River 

basins (Figures 4.12a, 4.12c, 4.12e, and 4.12f). The peaked discharge magnitude of 

IMPERF1 is lower than that of D-MCTL in the Lena and Churchill–Nelson River basins 

(Figures 4.12a and 4.12e). The discharge seasonality of IMPERF2 is similar to that of 

IMPERF1, and the peak values of IMPERF2 are slightly higher than IMPERF1 in all the 
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six river basins. The correlation coefficient suggests that IMPERF1 performs better than 

IMPERF2. Overall, the modified tests reduce the magnitude and improve the timing of 

the boreal spring (MAM) discharge, and the improvements are significant in the Lena, 

Mackenzie, Churchill–Nelson, and Amur River basins (Figures 4.12a, 4.12c, 4.12e, and 

4.12f).  

 

 

Figure 4.12. Seven year (2003–2009) mean monthly discharge in the a) Lena, b) Yenisei, 

c) Mackenzie, d) Ob, e) Churchill–Nelson, and f) Amur River basins in cold regions. 

OBS2 denotes the mean of GRDC, ArcticRIMS, and GRACE/JRA-25 datasets (the mean 

of GRDC and GRACE/JRA-25 in the Churchill–Nelson and Amur River basins). D-

MCTL denotes model’s control run, and IMPERF1 and IMPERF2 denote the 

parameterizations discussed in Section 4.2.4. The shaded areas denote the uncertainty of 

the observations. Also shown are the correlation coefficients (R) between observations 

and each experiment. 

In CLM4, runoff affects infiltration (equation 4.4), which is associated with soil 

liquid water variations. The two parameterizations in this study result in infiltration 

capacity increase in MAM in each river basin, which is in accordance with the surface 
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runoff decrease and baseflow increase during the same time period (Figure not shown). 

Soil moisture and soil temperature also increase as a result of the infiltration changes. 

Soil water increase is up to 0.012 mm
3
 mm

-3 
in the 2–2.5 m soil layers in May, while soil 

temperature raise is up to 0.1 °C in the 20 cm soil layers or deeper in the same month. 

Since the soil moisture and temperature changes and their impacts are not significant, we 

did not further discuss them in this study.  

4.3.4 Water storage in the six largest river basins in cold regions 

In this study, the CLM4-simulated water storage change was validated against the 

GRACE TWS anomalies. We first evaluated the monthly TWS variations from both 

MERRA reanalys s and Q an’s da a for ed CLM4 from 2003  o 2004 (Figure 4.13), and 

these two simulations were named as TWS-MCTL and TWS-QCTL, respectively. The 

results demonstrate that the seasonality and magnitude of both TWS-MCTL and TWS-

QCTL are similar to the GRACE TWS variations in five out of the six river basins 

(TWS-QCTL in the Amur River basin is the exception). Based on the correlation 

coefficient, TWS-MCTL is significantly superior to TWS-QCTL in the Lena and Amur 

River basins (Figures 4.13a and 4.13f). In other river basins, TWS-MCTL likewise 

performs better than TWS-QCTL in capturing TWS variations, but not as noticeably as in 

the previously mentioned basins.    

We have also validated the seven-year (2003–2009) mean TWS variations 

obtained from MERRA based control run and the modified cases, which are discussed in 

Section 4.2.4 (Figure 4.14). The results indicate that the seven-year averaged seasonality 

of TWS-MCTL is similar to that of the GRACE TWS variations in the Lena and Yenisei 

River basins (Figures 4.14a and 4.14b). In the Mackenzie, Ob, and Churchill–Nelson 

River basins, the TWS trough of TWS-MCTL is usually in August, while that of GRACE 
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TWS is usually in September (Figures 4.14c, 4.14d, 4.14e). The TWS seasonality from 

the model is significantly different from that of GRACE in the Amur River basin, which 

has the lowest mean latitude among the six river basins (Figure 4.14f). The TWS 

variations from IMPERF1 and IMPERF2 are similar to each other, and their seasonalities 

are similar to that described by TWS-MCTL. In Lena and Amur, the correlation 

coefficients between the modified tests and the GRACE observations are about 7–8% 

higher than that between CTL and GRACE observations. Moreover, model simulated 

TWS variations not only depend on soil liquid water, but also are related to soil ice, water 

in unconfined aquifers, snow depth, and intercepted water, which are unchanged in the 

parameterizations. Hence, the CLM4-simulated TWS variations are not significantly 

influenced by the parameterizations.  
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Figure 4.13. Comparison of GRACE TWS estimates and modeled monthly TWS (2003–

2004) in the a) Lena, b) Yenisei, c) Mackenzie, d) Ob, e) Churchill–Nelson, and f) Amur 

River basins in cold regions. GRACE represents the mean of GRACE TWS estimations, 

TWS-QCTL represents TWS from Qian’s data forced CLM4, and TWS-MCTL 

represents TWS from the MERRA reanalysis forced CLM4. Also shown are the 

correlation coefficients (R) between GRACE and each model run.  
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Figure 4.14. Seven year (2003–2009) mean monthly TWS in the a) Lena, b) Yenisei, c) 

Mackenzie, d) Ob, e) Churchill–Nelson, and f) Amur River basins in cold regions. 

GRACE represents GRACE TWS estimations, TWS-MCTL represents TWS from the 

MERRA reanalysis forced CLM4, and IMPERF1 and IMPERF2 denote the TWS based 

on the parameterizations discussed in Section 4.2.4. Also shown are the correlation 

coefficients (R) between GRACE and each model run. 

 4.4 DISCUSSIONS AND CONCLUSIONS 

Since SSM/I FT-ESDR has its limitations in reflecting soil freeze/thaw status 

under snow or thick surface organic layers (Kim et al., 2011), we used this dataset to 

validate the model simulated landscape freeze/thaw status rather than soil freeze/thaw 
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status. This is the first time that this satellite dataset is used to evaluate a land surface 

model. Since the SSM/I FT-ESDR observed landscape freeze/thaw status cannot be 

directly compared with the CLM4-simulated LFF, we classified the model outputs into 

the four categories shown in Table 4.1. Even though SSM/I FT-ESDR has observational 

uncertainties and the classification method has its limitations, we obtained reasonable 

comparison in this study. The landscape freeze/thaw status is reasonably represented by 

CLM4 in the regions north of 60°N in boreal winter and spring. The model simulated 

LFF increases in this region during March and April, which is associated with the model 

simulated high SCF and snow ice amount. Generally, the increased snowfall lasting from 

late April to late May results in the growth of snow depth as well as snow ice in areas that 

are too cold for snow melting in the regions north of 60°N. In the regions with low 

snowfall rates during the snow melting seasons, the model simulated LFF decreases in 

MAM along with the decreased snow depth and snow ice. In the regions north of 60°N, 

the LFF values of SSM/I FT-ESDR and CLM4 are in the same range in boreal spring, 

whereas the decrease rates of the SSM/I FT-ESDR fraction values south of 60°N are 

higher than those from CLM4 in Region 2. The landscape freeze/thaw status from SSM/I 

FT-ESDR is more spatially and temporally uniform than that of CLM4, which is 

associated with the snow accumulation and melting processes of the model. 

This paper used both MERRA and Qian et al.’s forcing to simulate runoff and 

TWS, and the results prove that MERRA is better in capturing the hydrological cycles of 

CLM4. In addition, we compared the seasonality of GRDC, ArcticRIMS, and 

GRACE/JRA-25, and found that the uncertainties of discharge observations were 
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significant in cold regions, especially in the Ob, Churchill–Nelson, and Amur River 

basins. Therefore, attention must be paid to the strengths and weaknesses of both 

meteorological forcing and observed datasets. In addition, the flow velocity in CLM4-

RTM is lower than the values suggested by other studies (Decharme et al., 2010; 

Decharme et al., 2010), especially in cold regions. Since realistic spatial distributions of 

flow velocities are absent, we validated CLM4-simulated runoff, rather than CLM4-

RTM-simulated discharge, against the observations.  

Hardy et al. (2001) found negative correlations between snow depth and soil frost 

in the temperate forest site. Zhang and Armstrong (2001) also suggested that soil under 

the seasonal snow cover is frozen before the snow cover develops, and it could eventually 

thaw. By following these assumptions, we linearly reduced the impermeable area along 

with the growth of SCF, and obtained postponed boreal spring runoff in CLM4. 

However, this parameterization results in zero values in soil impermeability in boreal 

winter at high-latitude regions, which is unrealistic due to the existence of permafrost and 

seasonally frozen ground (Lawrence et al., 2012). The parameterization that the 

impermeable area exponentially decreases as the snow cover area increases in size and as 

the temperature in the top soil layer rises, results in the northward soil-impermeability-

reduced area expansion in MAM, and southward soil-impermeability-amplified area 

developments from May to June. Based on Section 4.3.1, the CLM4-simulated LFF 

increases in the regions north of 60°N from March to April, and decreases southward in 

Region 2 during MAMJ. Since the CLM4-simulated LFF is mainly determined by the 

snow ice amount when the regions are totally covered by snow, this parameterization 
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follows the suggestions in the previous studies (Hardy et al., 2001; Zhang and Armstrong, 

2001). We conclude that by gradually reducing the soil impermeability during the period 

of LFF increase in March and April (Figures 4.8e and 4.8f), the discharge magnitude in 

March and April is reduced and the early peaked discharge is postponed, specifically in 

the Lena, Mackenzie, Churchill–Nelson, and Amur River basins (Figures 4.12a, 4.12c, 

4.12d, and 4.12g). The increased soil impermeability along with the decreased LFF in 

May and June is associated with the growth of discharge magnitude. Actually, the river 

basins with increased discharge magnitude in May and June (e.g., Yenisei, Mackenzie, 

Ob, and Amur; Figures 4.12b, 4.12c, 4.12d, and 4.12f), locate in the regions where soil 

impermeability is amplified in these two months. Hence, we speculate that the 

hydrological cycles of CLM4 (e.g., discharge) would be improved if a soil ice 

parameterization properly accounting for the soil insulation effect of the snow cover is 

included into the model. In addition, the two parameterizations introduced in this study 

result in small but favorable soil water and temperature increase in the Siberia region. 

Soil moisture increases in April, May, and June in the 1-meter soil layer or deeper, while 

soil temperature increases in late April to September in the 20-cm soil layer or deeper.  

This paper focused on the impacts of impermeable areas on discharge variation in 

cold regions. In order to obtain further improvements, it is necessary to consider other 

processes that have not been included in the model yet. For example, the ponding 

processes (Verseghy, 1991; Swenson et al., 2012), which prevent the melt water from 

becoming discharge immediately, can reduce the discharge in the transitional seasons 

(winter to spring) and postpone the early peaked discharge. Topography (e.g., slopes 
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heights and directions) also influences the discharge amount. In addition, Wood et al. 

(2011) suggested the importance of high-resolution modeling on terrestrial water and 

energy cycles evaluation. Therefore, if high-resolution topography data are available, 

discharge simulation would also be improved.  

 



 114 

Chapter 5 

Quantifying the Impacts of Surface Vegetation Cover and Model 

Resolution on Dust Emissions over the Arabian Peninsula Using the 

Community Land Model Version 4 

5.1 INTRODUCTION 

Mineral dust is one of the major components of tropospheric aerosol (Maghrabi et 

al., 2011). Dust particles are an important climate forcing that affects both solar and 

terrestrial radiation as a result of absorption, scattering, and emission of solar and infrared 

radiation (Tegen, 2003), and thus affect radiative and thermodynamic energy budgets of 

the Earth (Kaufman et al., 2002; Andreae and Rosenfeld, 2008). It has been proved that 

the outbreak of dust events are responsible for the variations of air and surface 

temperature (Evan et al., 2009; Othman et al., 2010; Maghrabi et al., 2011), cloud 

microphysical properties (Andreae and Rosenfeld, 2008), and precipitation rates (Moulin 

et al., 1997; Lohmannand and Feichter, 2005), which are eventually associated with 

hydrological cycles (Lohmannand and Feichter, 2005; Kosmopoulos et al., 2008). 

Therefore, dust storms are essential to radiation budget and climate aerosol forcing 

studies (Kaskaoutis et al., 2008; Maghrabi et al., 2011). In addition, dust storm also has a 

variety of environmental impacts. As a result of the loss of topsoil containing nutrients 

and organic matters, dust storms usually reduce the productivity of agricultural soils 

(Wang et al., 2006). The transport and deposition of dust particles to the ocean may 

modify ocean biogeochemistry and ocean uptake of carbon dioxide (Martin, 1990). Dust 

storms also reduce visibility, which affects traffic safeties (Maghrabi et al., 2011), and 

pollute the air, which affects human health (Bennion et al., 2007).  

Satellite and surface observations are usually used to capture dust storms, and to 

investigate the environmental impacts of dust events. In general, dust storms are 
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commonly observed in arid and semi-arid regions. For example, the Arabian Peninsula is 

mainly covered by desert with mountain regions centralized in the southwest, where dust 

storms are considered to be one of the most severe environmental problems (Maghrabi et 

al., 2011). Based on the Sea-viewing Wide Field-of-view Sensor (SeaWiFS) 

measurements during 1998–2010, the largest positive aerosol optical depth (AOD) 

anomaly in the world was found on the Arabian Peninsula. This variation trend suggests 

an intensified seasonal cycle of dust emission and transport processes over this region as 

well as the adjacent waters (Hsu et al., 2012). In addition, Hsu et al. (2012) suggested a 

systematically increasing aerosol loading tendency at Solar Village (24.9°N, 46.4°E, 764 

m) in Saudi Arabia by using the Aerosol Robotic Network (AERONET, Holben et al., 

1998) and the SeaWiFS measurements during 1999–2010. Besides strengthening trends, 

severe events have also been documented by various observations on the Arabian 

Peninsula. The Cimel sun photometer (CE-318) installed on the rooftop of Solar Village 

captured a severe dust storm in Riyadh on 10th March 2009, which represented one of the 

most intense dust storms happened in Saudi Arabia in the last two decades (Maghrabi et 

al., 2011).  

Dust emission schemes are important to global climate and transport models, and 

need to be adequately represented (Ridley et al., 2013). Besides observational studies, 

numerous modeling works, which are based on various dust emission schemes, have been 

used for evaluating dust emissions at regional and global scales (Tanaka and Chiba, 2006; 

Mahowald et al., 2010; Huneeus et al., 2011). Ginoux et al. (2001) suggested that 

saltation bombardment is the main reason for dust uplifting into the atmosphere, which 

responds to the variations of factors such as surface vegetation, wind friction speed, and 

soil moisture (Werner et al., 2002; Mahowald et al., 2006). Different dust emission 

schemes with some or all of these factors included have been evaluated in global models 

http://en.wikipedia.org/wiki/Arabian_peninsula
http://en.wikipedia.org/wiki/Arabian_peninsula
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with the spatial resolutions over 100 km×100 km (e.g., Ginoux et al., 2001; Mahowald et 

al., 2006); however, these factors influencing the emission may not be homogeneous over 

these coarse resolutions (Ridley et al., 2013). Thus, some other studies used high-

resolution modeling, and showed the sensitivity of dust emissions to model resolutions. 

By using a mesoscale meteorological model with a dust emission model integrated, Liu 

and Westphal (2001) found that coarse resolution modeling overestimates dust fluxes as a 

result of the decreased wind speed with the increased model resolution. Ridley et al. 

(2013) used the GEOS-Chem model, and found global annual emission increases with 

model resolutions. However, few studies have explicitly evaluated how dust emission 

varies with the resolution of land surface features such as vegetation types, soil texture, 

and surface roughness.   

In order to better understand dust emission heterogeneity simulated by LSMs and 

apply this knowledge to global models, we apply two surface vegetation datasets 

representing vegetation patches and discrete biomes and high-resolution modeling (on the 

order of km) in this study and investigate how regional dust emission varies with surface 

vegetation distribution and model resolutions in an offline LSM. Specifically, the Arabian 

Peninsula is selected as the research domain. The objectives of this paper are: 1) 

evaluating the geographic and seasonal distribution of dust emissions over the Arabian 

Peninsula; 2) investigating the impacts of surface vegetation description methods on dust 

emission; 3) examining the factors associated with the resolution-dependence of dust 

emissions. The Dust Entrainment and Deposition (DEAD) model was implemented into 

the Community Land Model version 4 (CLM4) (Oleson et al., 2010). In this study, we 

use CLM4 to simulate dust entrainment, and use readily available macro-scale gridded 

data, which include remotely sensed vegetation for characterizing land cover and land use 

needed in the dust emission module and atmospheric AOD data for indicating the 
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strength of dust emissions. The surface dataset of CLM4 includes the percentages of 17 

plant functional types (PFTs) in each model gridcell (Lawrence and Chase, 2007). Based 

on the land cover type (LCT) observed by Moderate Resolution Imaging 

Spectroradiometer (MODIS), we develop a new surface dataset. The CLM4-simulated 

surface dust emissions based on these two datasets are evaluated spatially and temporally 

at different model resolutions including 50 km×50 km, 25 km×25 km, and 5 km×5 km.  

The structure of this paper is as follows. Section 5.2 describes the models and 

datasets used in this study. Section 5.3 explains how we designed the experiments based 

on the datasets and models. Section 5.4 analyzes and validates the model outputs. Section 

5.5 discusses the importance and limitations of this study. Conclusions of this study are 

given in Section 5.6.  

5.2 MODELS AND DATASETS 

5.2.1 Model descriptions  

The Weather Research and Forecasting (WRF) model is a numerical weather 

prediction (NWP) and atmospheric simulation system, which was designed to serve both 

operational forecasting and atmospheric research (Skamarock et al., 2005). In order to 

obtain high resolution meteorological forcing data, we used the WRF 3.3.1 model to 

generate the meteorological variables for CLM4. The WRF model supports various 

cumulus schemes, microphysics, shortwave and longwave radiation schemes. In this 

study, we chose the Kain-Fritsch cumulus scheme (Kain, 2002), the WRF single-moment 

6-class microphysics scheme (WSM6; Hong and Lim, 2006), and the Community 

Atmospheric Model Radiation scheme (CAM; Collins et al., 2004) of the WRF 3.3.1 

model.   
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CLM4 (Oleson et al., 2010; Lawrence et al., 2011) is the land model of the 

Community Earth System Model (CESM) (Gent et al., 2011). Wind friction speed, 

vegetation cover, and soil moisture are the three most important factors that control dust 

emission (Oleson et al., 2010). By considering these three factors, the CLM4 dust 

mobilization scheme (Mahowald et al., 2006) was developed based on the DEAD model 

discussed in Zender et al. (2003a). CLM4 can run in a prescribed mode (i.e., satellite 

phenology or SP), in which leaf area index (LAI), stem area index (SAI), and vegetation 

heights are prescribed according to data derived from MODIS. In this study, we chose the 

SP mode to simulate surface dust emissions at different model resolutions.  

5.2.2 Datasets 

The National Centers Environmental Prediction (NCEP) Global Final Analysis 

(FNL) data are based on the Global Data Assimilation System (GDAS), which 

continuously collects observed data from the Global Telecommunications System (GTS), 

and other sources. FNL uses the same model as NCEP does in the Global Forecast 

System (GFS), which uses the FNL from the previous 6 hour as part of its initialization 

(U.S. National Centers for Environmental Prediction). The NCEP FNL data are on a 

1°×1° spatial resolution and a six-hour temporal resolution, and they were used as 

boundary and initial conditions of the WRF model used in this study.    

The MODIS LCT product classifies 17 land cover types following the 

International Geosphere–Biosphere Programme (IGBP), which includes 11 natural 

vegetation classes, three developed and mosiacked land classes, and three non-vegetated 

land classes. This dataset spans from 2001 to 2011 with the spatial resolution 500 m×500 

m. This study aggregated the record in 2009 to 50 km×50 km, 25 km×25 km, and 5 km×5 
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km resolutions, and implemented these land cover fractions into the surface data of 

CLM4.  

AOD is the most comprehensive variable that characterizes atmospheric aerosol 

due to atmospheric pollution (Othman et al., 2010). The MODIS AOD data, which are 

based on the newly developed satellite aerosol algorithm “Deep Blue” (Hsu et al., 2006), 

were used to indicate the aerosol density in the research region (12.5°–33.5°N, 33.5°–

57.5°E) and serving as a reference for model simulated dust emissions. In this study, we 

used the Aqua MODIS retrievals spanning from the 4th of July 2002 to the present with 

the spatial resolution 1°×1° to investigate the dust emission spatial distribution in the 

research region. 

5.3 METHODOLOGIES   

We prepared the meteorological forcing of this study by running the WRF 3.3.1 

model with the schemes discussed in Section 5.2.1 over the region 5.3°–34.8°N, 30.3°–

64.7°E at the 10 km×10 km spatial resolution. NCEP FNL in 2009 was used for the WRF 

model simulations. The model outputs such as precipitation, temperature, pressure, wind 

speed, relative humidity, shortwave radiation, and longwave radiation were used as the 

meteorological forcing variables for CLM4.  

In order to evaluate the impacts of vegetation distribution on dust emissions, we 

used two vegetation cover fraction (VCF) datasets in this study. One dataset was from the 

default CLM4 percentage of plant function types (PFTs) (Lawrence and Chase, 2007). 

The original resolution of this dataset is 0.5°×0.5°. This dataset was named as CLMCTL 

and model simulations based on this dataset were named as VEGCTL. Another surface 

vegetation distribution dataset was generated based on MODIS LCT (hereafter referred to 

as MODISLCT), and experiments based on MODISLCT were named as VEGMODIS. 
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CLMCTL and MODISLCT represent two different concepts describing vegetation 

distribution in model gridcells. CLMCTL represents vegetation as patches of PFTs, while 

MODISLCT uses discrete vegetation biomes (Bonan et al., 2002). Both of these two 

concepts are used in LSMs. In this study, the area averaging method, which is the CLM4-

default surface dataset interpolation method, was used to interpolate both CLMCTL and 

MODISLCT to 50 km×50 km, 25 km×25 km, and 5 km×5 km resolutions. Then CLM4 

was run based on these interpolated VCFs. Actually, the bilinear interpolation method 

was also used to prepare VCF data at different model resolutions. However, this 

interpolation method results in the total VCF over 100% in some model gridcells, and 

this numerical error eventually interrupted model simulations. 

Soil erodibility factor suggests the efficiency of dust productions on the surface 

(Zender et al., 2003), and it is set to one in CLM4. Mahowald et al. (2006) incorporated 

the geomorphic soil erodibility factor discussed in Zender et al. (2003b) into the 

Community Climate System Model version 3 (CCSM3), and obtained reasonable 

simulations. Actually, without considering soil erodibility, CLM4-simulated annual dust 

emission is over 7000 Tg/yr on the Arabian Peninsula and over 13000 Tg/yr globally. 

Therefore, we applied the geomorphic soil erodibility used by Mahowald et al. (2006) to 

CLM4 in this study (Figure 5.1).  
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Figure 5.1. Geomorphic soil erodibility factor discussed in Zender et al. (2003b) at the 25 

km×25 km resolution over the Arabian Peninsula.   

 

5. 4 RESULTS  

5.4.1 Surface vegetation distributions 

We first investigated the vegetation distribution of CLMCTL and MODISLCT 

based on four vegetation groups: tree, shrub, grass, and crops at the 25 km×25 km 

resolution. Generally, both of the two datasets suggest few tree cover fractions (Figures 

5.2a and 5.2b). The shrubland spatial distribution of the two datasets are similar (Figures 

5.2c and 5.2d), while the grass and crop covered area of CLMCTL is larger than that of 

MODISLCT (Figures 5.2e, 5.2f, 5.2g, and 5.2h). Generally, MODISLCT has higher 

shrub and lower grass and crop cover fractions than that of CLMCTL (Figures 5.3b, 5.3c, 

and 5.3d; Table 5.1). Vegetated regions in the research area are mainly centralized in 

northeast Sudan, Eritrea, southwest coast of Saudi Arabia, southeast Iraq, and southwest 

Iran (Figure 5.2).  
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Since CLM4 was run at three different model resolutions, we compared surface 

vegetated and bare ground fractions at these three resolutions (Table 5.1). Overall, the 

regional mean VCFs for most of the vegetation types and bare ground fractions decrease 

as model resolution increases, and the shrubland fraction of MODISLCT is the exception. 

The regional mean VCF values of CLMCTL are lightly lower than that of MODISLCT at 

50 km×50 km and 25 km×25 km resolutions, while this value is 1.8 ‰ higher than that of 

MODISLCT at the 5 km×5 km resolution. It is also noticeable that the difference of the 

regional mean VCF values between 25 km×25 km and 5 km×5 km resolutions is 0.9 ‰ 

for CLMCTL, while that for MODISLCT is 2.9 ‰. Even though these two datasets were 

eventually interpolated to different resolutions, the interpolation process will result in 

more uniform vegetation distribution and missed information when the data are 

interpolated from coarse to fine resolutions.  

Table 5.1. Vegetated and bare ground cover fraction for CLMCTL and MODISLCT at 

50 km×50 km, 25 km×25 km, and 5 km×5 km resolutions.  

Surface Land Cover 

Type Fraction (‰) 

Tree Shrub Grass Crop Vegetated  Bare ground 

C
L

M
C

T
L

 50×50 km 0.7 29.7 53.8 24.6 53.8 805.7 

25×25 km 0.7 29.1 51.1 24.5 52.5 787.3 

5×5 km 0.6 28.6 48.3 24.0 51.6 776.4 

M
O

D
IS

 L
C

T
 

50×50 km 0.2 133.7 24.2 13.0 53.9 745.8 

25×25 km 0.2 133.9 24.2 13.0 52.7 725.2 

5×5 km 0.2 134.3 23.4 12.7 49.8 676.8 
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Figure 5.2. Vegetation cover fractions at the 25 km×25 km resolution in 2009 for: a) 

CLMCTL tree, b) MODISLCT tree, c) CLMCTL shrub, d) MODISLCT shrub, e) 

CLMCTL grass, f) MODISLCT grass, g) CLMCTL crop, and h) MODISLCT crop over 

the Arabian Peninsula.  
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Figure 5.3. Vegetation cover fraction differences between CLMCTL and MODISLCT 

(MODISLCT minus CLMCTL) at the 25 km×25 km resolution for: a) tree, b) shrub, 3) 

grass, and 4) crop.  

5.4.2 Dust emission spatial distribution 

Based on the two surface vegetation datasets discussed above, we ran CLM4 at 50 

km×50 km, 25 km×25 km, and 5 km×5 km resolutions. and (Figure not shown). We 

evaluated the dust emission spatial distributions in March, April, and May (MAM) and 

June, July, and August (JJA) because MODIS AOD values are high in these seasons. We 

compared the seasonal mean emissions of VEGCTL and VEGMODIS. We included the 

figure at the 25 km×25 km resolution in this paper (Figure 5.4), and the other two similar 
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figures showing dust emissions at 50 km×50 km and 5 km×5 km resolutions were not 

shown here.  

Overall, the CLM4-simulated dust emission in MAM is higher than that in JJA, 

and the detailed information of seasonal comparisons is discussed in Section 5.4.3 (Table 

5.2). The high emission regions are northeast Sudan and southeast Iraq (Figure 5.4). The 

emission differences resulting from the two datasets are mainly centralized in the regions 

with vegetation distribution significantly changed (Figure 5.3 and Figure 5.5). The annual 

emission simulated by CLM4 ranges from 255 to 297 Tg (Table 5.2), which is in a 

reasonable range suggested by previous studies. By using the Model of Aerosol Species 

IN the Global AtmospheRe (MASINGAR), Tanaka and Chiba (2006) suggested that the 

annual dust emission from the Arabian Peninsula is 221 Tg. The annual dust emission 

estimated by the National Center for Atmospheric Research (NCAR) Community 

Climate System Model (CCSM3) with the Dust Entrainment and Deposition (DEAD) 

model (Zender et al., 2003) integrated is 760 Tg in the Middle East (Mahowald et al., 

2010). The AeroCom project, which compared 15 global aerosol models, estimates a 

range of 26–526 Tg annual dust emission in the Middle East (Huneeus et al., 2011). The 

biggest annual emission difference between VEGCTL and VEGMODIS is at the 5 km×5 

km resolution, and the emission of VEGMODIS is 30 Tg more than that of VEGCTL 

(Table 5.2). The ranged dust emission amount and varied difference values at different 

model resolutions in Table 5.2 are associated with model resolution variations, which are 

discussed in Section 5.4.4. 
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Table 5.2. Seasonal dust emission of VEGCTL and VEGMODIS at 50 km×50 km, 25 

km×25 km, and 5 km×5 km resolutions.  

Dust Emission Based on 

CLM Surface Data  (Tg) 
MAM JJA SON DJF Total 

V
E

G
C

T
L

 50×50 km 91 79 38 57 265 

25×25 km 92 80 39 58 269 

5×5 km 91 79 39 58 267 

V
E

G
- 

M
O

D
IS

 50×50 km 89 74 36 56 255 

25×25 km 96 79 38 61 274 

5×5 km 104 86 41 66 297 

 

 

 

 

 

 

 

 

 

 

Figure 5.4. CLM4-simulated seasonal mean dust emission from a) VEGCTL in MAM, b) 

VEGMODIS in MAM, c) VEGCTL in JJA, and d) VEGMODIS in JJA at the 25 km×25 

km resolution in 2009. 
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Figure 5.5. CLM4-simulated seasonal mean dust emission differences between VEGCTL 

and VEGMODIS (VEGMODIS minus VEGCTL) in a) MAM and b) JJA at the 25 

km×25 km resolution in 2009.   

Even though AOD and the atmospheric mineral dust amount cannot be directly 

compared, AOD increases with the higher frequency and density of dust emissions. 

Therefore, we used MODIS AOD to investigate if CLM4 can capture the spatial 

distribution of dust emissions on the Arabian Peninsula. The analyses indicate that CLM4 

failed to capture the high emission regions along the border of Iraq and Iran and the 

southwest coast of Iran (Figure 5.6). Dust emissions simulated by the default model, 

which does not include the soil erodibility, also demonstrate low emissions in those same 

regions (Figure not shown). In order to find the reasons for this difference, we selected a 

small region (26.5–33.5°N, 42.5–52.5°E), and named it as the II Region.  
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Figure 5.6. MODIS seasonal mean AOD values in a) MAM and b) JJA in 2009.  

Actually, a northwesterly wind blowing over Iraq and the Persian Gulf countries 

(including Saudi Arabia and Kuwait) named as “Shamal” is usually observed. This wind 

can result in large sandstorms, which pick up sand from Syria and impact Iraq. Therefore, 

we investigated the wind speed of the meteorological forcing and model simulated soil 

moisture in the first soil layer. The daily mean wind speed over the II Region shows that 

MAM has more high-wind-speed days than JJA (Figure 5.7). The highest daily mean 

wind speed within the II Region is 19 m s
-1

 in MAM and 14 m/s in JJA. These wind 

speed values are slightly lower than the highest wind speed observed for “Shamal” (about 

22 m s
-1

). In addition, the frequency of wind speed higher than 5.5 m s
-1 

is larger in the 

north part than in other parts of the research region (Figure not shown). Therefore, the 

high wind speed was captured by the WRF model in the II Region. Meanwhile, CLM4 

does not show significant wet-soil signals in MAM and JJA in the II Region (Figure not 

shown).  
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Figure 5.7. Daily mean wind speed over the II Region in MAM (short dashed-line) and 

JJA (long dashed-line) in 2009.  

Actually, the exchange of energy and mass between gridcells is not included in 

CLM4, and only dust entrainment was calculated in CLM4. Consequently, the 

northwesterly dust transport from Syria was not considered in the simulated results. We 

therefore conclude that the low dust emission bias in the II Region is associated with the 

missing dust transport rather than the local dust emission.   

5.4.3 Dust emission seasonality 

Besides evaluating dust emission spatial distributions, we also analyzed the dust 

emission seasonality over the Arabian Peninsula. CLM4-simulated emissions in MAM 

and JJA are higher than that in September, October, and November (SON) and 

December, January, and February (DJF) (Table 5.2), and the emissions in March and July 

are higher than that in other months in 2009 (Figure 5.8). Dust emissions of VEGMODIS 
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are slightly lower than that of VEGCTL at the 50 km×50 km resolution, and the annual 

emission difference is 10 Tg. However, VEGMODIS emissions are higher than VEGCTL 

emissions at 25 km×25 km and 5 km×5 km resolutions. These variations also suggest the 

slightly changed seasonality between VEGCTL and VEGMODIS. 

Based on Oleson et al. (2010), the gridcell fraction of vegetation cover (fv) is 

defined as:  

 

 0 1
( )

v

t

L S
f

L S


  


        (5.1) 

where (L+S)t = 0.3 m
2
 m

-2
, L is leaf area index (LAI), and S represents stem area index 

(SAI). In order to find the reasons for the changed emissions, we investigated the 

variation of (L+S) (hereafter referred to as LS) of CLMCTL and MODISLCT. The 

CLM4-simulated dust emission decreases with fv linearly according to the DEAD model 

employed in CLM4; surface dust emission will reduce to zero when LS is equal to or 

larger than 0.3 m
2
/m

2
 (Oleson et al., 2010). We therefore classified the model gridcell 

into two groups: 1) both CLMCTL-LS and MODISLCT-LS are smaller than 0.3 m
2
 m

-2
 

(hereafter referred to as GS03), 2) both CLMCTL-LS and MODISLCT-LS are equal to or 

larger than 0.3 m
2
 m

-2
 (hereafter referred to as GL03). We also counted the number of 

gridcells that MODISLCT-LS and CLMCTL-LS values are in these two different groups, 

respectively.  
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Figure 5.8. VEGCTL (short dashed-line) and VEGMODIS (long dashed-line) obtained 

total dust emission over the Arabian Peninsula at a) 50 km×50 km, b) 25 km×25 km, and 

c) 5 km×5 km resolutions. 

Overall, the regional mean values of MODISLCT-LS are larger than that of 

CLMCTL-LS (Figure not shown). We calculated the LS-difference (MODISLCT-LS 

minus CLMCTL-LS; hereafter referred to as DLS) in each model gridcell, and the 

probabilities of negative and positive DLS within GS03. The calculation at the 50 km×50 

km resolution indicates that DLS is negative in over 40% of the GS03-gridcell for each 

month, while on average, it is positive in 24% of the GS03-gridcell in 2009 (Figure 5.9a). 

However, when the values of CLMCTL-LS and MODISLCT-LS are in those two 

different groups, respectively, the number of gridcells with CLMCTL-LS ranging from 0 

to 0.3 m
2
 m

-2 
is larger

 
than that of MODISLCT-LS for the 50 km×50 km resolution case. 

This LS-value distribution eventually results in the relatively high emissions of VEGCTL 
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at the 50 km× 50 km resolution. The percentage values of negative-DLS and positive-DLS 

decrease when model resolution increases and the decreasing rates of negative-DLS are 

smaller than that of positive-DLS (Figures 5.9b and 5.9c). These probability variations are 

responsible for the increased dust emission differences between VEGCTL and 

VEGMODIS at 25 km×25 km and 5 km×5 km resolutions. The results shown in this 

section address that dust emission is a non-linear process and its variation patterns cannot 

be simply inferred with regional mean vegetation cover fraction or the sum of LAI and 

SAI. 

  

Figure 5.9. The probability of negative DLS values (short dashed line) and positive DLS 

(long dashed-line) values for GS03 at a) 50 km×50 km, b) 25 km×25 km, and c) 5 km×5 

km resolutions over the Arabian Peninsula. 
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5.4.4 Dust emission heterogeneity 

The VEGMODIS-dust-emission and model resolution increase simultaneously, 

and the emission difference between the 50 km×50 km and the 5 km×5 km resolution 

simulations is 42 Tg yr
-1

. However, the VEGCTL-dust-emission is not sensitive to model 

resolutions (Table 5.2). We infer that this variation of VEGCTL is associated with the 

more uniform VCF distribution of CLMCTL compared to MODISLCT, which is 

discussed in Section 5.4.1. In order to further investigate the relationship between surface 

dust emission and model resolution, we used CLM4 and simulated global dust emissions 

in 2004 at 1.9˚×2.5˚ and 0.9˚×1.25˚ resolutions, both of which are lower than the original 

resolution of the CLM4-surface-data. The meteorological data used in these two global 

simulations were discussed in Qian et al. (2006). Similar to regional tests, both vegetation 

and bare ground faction values decrease as model resolution increases, and the annual 

emissions are 1435 Tg and 1573 Tg for the 1.9˚×2.5˚ and 0.9˚×1.25˚ resolution tests, 

respectively. Hence, we analyzed LS, wind friction speed, and soil moisture in the top soil 

layer at different model resolutions based on VEGMODIS to find the reasons for these 

variations 

Since the comparison of dust emission, LS, wind friction speed, and soil moisture 

of the top soil layer at coarse temporal and spatial resolutions (e.g., monthly or regional 

mean values) cannot reasonably explain the resolution-dependence of dust emissions 

(Figure not shown), we compared these variables at daily scale in each model gridcell. 

We first classified daily dust emissions at these three resolutions of 2009 into 14 

categories. The grouped emission implies that fine resolution simulations tend to support 

larger probability of high emission groups, especially for gridcells with emissions more 

than 0.01 kg m
-2

 day
-1

 (Figure 5.10). Then we uniformly distributed these variables of 

each of those 14 categories in the 50 km×50 km and 25 km×25 km resolution gridcells to 
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the 5km×5km resolution gridcells with the same values in the relatively coarse resolution 

gridcells kept. Similar to the analyses in Section 5.4.3, we classified LS into four groups, 

and they are: 1) LS values from both coarse resolutions and the 5 km×5 km resolution are 

smaller than 0.3 m
2
 m

-2
 (hereafter referred to as SS03), 2) LS values from both coarse 

resolutions and the 5 km×5 km resolution are equal to or larger than 0.3 m
2
 m

-2
 (hereafter 

referred to as LL03), 3) LS values from coarse resolutions are equal to or larger than 0.3 

m
2
 m

-2
, while those from the 5 km×5 km resolution are smaller than 0.3 m

2
 m

-2
 (hereafter 

referred to as LS03), 4) LS values from coarse resolutions are smaller than 0.3 m
2
 m

-2
,
 

while those from the 5 km×5 km resolution are equal to or larger than 0.3 m
2
 m

-2
 

(hereafter referred to as SL03). Wind friction speed and soil moisture of the top soil layer 

were grouped by following dust emission comparisons in the corresponding gridcells. 

The comparisons are: Group (I), fine resolution emissions are higher than coarse 

resolution emissions; Group (II), fine resolution emissions are lower than coarse 

resolution emissions; Group (III), fine resolution emissions are equal to coarse resolution 

emissions. Since the wind friction speed lower than the threshold wind friction speed for 

saltation cannot generate any dust emissions (Oleson et al., 2012), we filtered the wind 

friction speed that is available for producing dust based on the threshold wind friction 

speed for saltation in this study.  
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Figure 5.10. VEGMODIS dust emission probability at 50 km×50 km, 25 km×25 km, and 

5 km×5 km resolutions in 14 emission categories over the Arabian Peninsula. 

We discussed the comparisons of the third and fourth category in Figure 5.10, in 

which dust emission ranges from 0.01–0.02 kg m
-2

 day
-1

 and 0.02–0.04 kg m
-2

 day
-1

, 

respectively. Correspondingly, these two categories were name as Category 3 and 

Category 4. Since we did not find any model gridcells that belong to LL03, LS03, and 

SL03 in Category 3 and Category 4, the LS values at the 5 km×5 km resolution and at 

other coarse resolutions in SS03 were compared (Figure 5.11). The results indicate that 

the probability of LS values at the 5 km×5 km resolution smaller than that at the 50 

km×50 km resolution is larger than other cases (Figure 5.11a) for both Category 3 and 

Category 4. The reduced LS value will eventually result in dust an increase in emission, 

which is discussed in Section 5.4.3. The comparison between the 25 km×25 km 
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resolution and the 5 km×5 km resolution suggests the similar LS distribution pattern 

(Figure 5.11b). Hence, the heterogeneity of LS, which is a function of vegetation 

distribution variations, is one reason for the dust emission variations between model 

resolutions.  

 

 

Figure 5.11. The comparison of LS probability over the Arabian Peninsula at a) 50 

km×50 km and 5 km×5 km resolutions and at b) 25 km×25 km and 5 km×5 km 

resolutions for SS03 in C3 and C4.   

In this study, we also compared the wind friction speed and soil moisture in the 

top soil layer simulated by CLM4. Figure 5.12 suggests that when dust emission at the 5 

km×5 km resolution is more/less than that at other resolutions, the probability of higher 

wind friction speed at the 5 km×5 km resolution is also greater/smaller than that at other 

resolutions, and Group (I) for C4 at the 50 km×50 km resolution is the exception. In 

addition, the probability distribution of soil moisture at the top soil layer, which is closely 

related to precipitation, is similar to that of wind friction speed (Figure not shown). Since 

high soil moisture can be the reason for high threshold wind friction speed for saltation, 

which does not support high dust emission, we conclude that wind friction speed 
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heterogeneity is another reason for dust emission variations among different model 

resolution simulations. Therefore, the dust emission variations at different model 

resolutions are the results of the combined effects of VCF and wind friction speed 

heterogeneities.  

 

 

Figure 5.12. Wind speed probability comparison based on dust emission comparison for 

C3 and C4 in: a) Group (I) at the 50 km×50 km resolution, b) Group (II) at the 50 km×50 

km resolution, c) Group (I) at the 25 km×25 km resolution, and d) Group (II) at the 25 

km×25 km resolution. 

5.5 DISCUSSION 

PFTs are represented as patches in CLM4 (Bonan et al., 2002), whereas some 

other LSMs use discrete biomes (e.g., the Community Noah LSM; Ek et al., 2003). This 

study compares two vegetation datasets, which represent these two concepts, and 
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evaluates their impacts on surface dust emissions within CLM4. Overall, these two 

datasets have similar regional mean values of VCF, and both of them support reasonable 

model simulations at different model resolutions. This study therefore demonstrates that 

in sparse vegetated regions dust emission is not quite sensitive to those two PFT 

description methods used by different LSMs.  

In addition, the three dust emission simulations based on the default CLM4 is not 

sensitive to model resolutions. In this study, we used the area averaging method, which is 

the standard surface data interpolation method of CLM4, to interpolate VCF for both 

CLMCTL and MODISLCT. The results suggest that this interpolation method is 

reasonably used for data interpolation from fine resolutions to coarse ones. However, if it 

is used for obtaining information at the resolution higher than the original dataset, some 

detailed information will be lost in the interpolated process. Actually, we also tried to use 

the bilinear interpolation method to improve the accuracy of the interpolated VCF. 

However, this interpolation method resulted in the numerical error discussed in Section 

5.3, and the model simulations were eventually stopped. Therefore, the application of 

different interpolation methods to surface datasets is limited as a result of this type of 

numerical errors. The dust emission variations based on the default CLM4 are consistent 

with the conclusion of Ridley et al. (2013), which suggests the reduced sensitivity to land 

surface properties as a result of the model-assumed uniform soil texture and surface 

roughness. Therefore, it is necessary to use high resolution raw datasets to reserve the 

surface dataset accuracy and to test the resolution-dependence of dust emissions.  

Even though MODIS and other high-resolution datasets have been applied to 

LSM simulations, the resolutions of observational datasets are limited. Since LSMs can 

run at various resolutions, they need interpolated surface datasets at different model 

resolutions, which contain errors associated with the interpolation methods. The CLM4-
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simulated dust emission based on MODIS LCT demonstrates the sensitivity of non-linear 

processes to interpolated errors as a result of model resolution variations. Specifically, all 

the experiments in this study simulate dust emissions in the same region, but the number 

of model gridcell of the 25 km×25 km test is only one-fourth of that of the 5 km×5 km 

test. In order to obtain VCF at the 25 km×25 km resolution, we need to calculate VCF in 

each four squared-model-gridcell. No matter how complex the interpolation method is, 

the model simulated emissions at these two resolutions will be different as a result of the 

non-linear emission mechanism discussed in Section 5.4.3. The errors are especially 

significant in the border of bare and vegetated areas, since interpolation processes in this 

case will vary land cover types for both low and high resolution model gridcells. The LS 

variations obtained in this study address that investigating surface dataset interpolation 

methods or probability distributions that can reduce the resolution-dependence of dust 

emissions is important to the accuracy of dust emission simulations in LSMs and 

climate/meteorological models. Following this study, we will focus on improving surface 

data interpolation methods and probability distributions that can reduce the dust emission 

dependence on LSM resolutions.  

Similarly, the resolutions of meteorological data and LSMs are usually different. 

Therefore, meteorological data need to be processed by interpolation methods, which are 

also associated with dust emission heterogeneities at different model resolutions. In this 

study, we used the nearest neighbor method and also tested the bilinear interpolation 

methods for meteorological data interpolation. Based on these two methods, we obtained 

similar probability distributions of wind friction speed and soil moisture in the top soil 

layer. Ridley et al. (2013) apply a Weibull probability distribution to characterize the sub-

grid surface wind, and obtain reduced dust emission dependence on model resolutions. 

Since more and more high-resolution meteorological data are available, both Ridley et al, 
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(2013) and this study highlight the importance of reasonable meteorological-dataset 

interpolation methods or probability distributions to reducing the dust emission 

dependence on LSM resolutions.  

In order to clarify the reason for dust emission heterogeneity at different model 

resolutions, we classified daily dust emissions into various categories, and investigated 

variables that affect dust emission in the corresponding model gridcells. This comparison 

method ignores the model gridcells that are not affected by model resolutions, and picks 

up the model gridcells with heterogeneous dust emissions between different resolution 

simulations. This comparison method also indicates that classified variables, which are 

calculated by non-linear mechanisms, can give more detailed information and a better 

explanation for dust emission or other flux variations at different model resolutions. 

Since the mass exchange processes are absent in LSMs, LSM-simulated regional 

dust amount is low biased in the regions with high dust transport frequencies, which is 

discussed in Section 5.4.2, In this study, the CLM4-simulated dust emission over the 

Arabian Peninsula is about 260 Tg, which is close to the results obtained by Tanaka and 

Chiba (2006). However, the emission values should be higher than 260 Tg if the dust 

transport processes are included. In the future, we will investigate regional dust amount 

variations as a result of vegetation distribution and description-method differences in dust 

transport models.  

5.6 CONCLUSIONS 

In this study, we evaluated the dust emissions simulated by CLM4 at different 

model resolutions over the Arabian Peninsula in 2009 by using the meteorological data 

obtained from the WRF model and different vegetation-cover datasets. The amount of 

dust emission on the Arabia Peninsula is reasonably simulated by considering the 
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geomorphic soil erodibility in CLM4 (Zender et al., 2003; Mahowald et al., 2006); high 

emission regions are in northeast Sudan and southeast Iraq. Overall, the CLM4-simulated 

emissions based on the MODIS LCT dataset are generally higher than that based on the 

CLM4-default vegetation cover data. For example, the emission based on MODIS LCT is 

30 Tg yr
-1

 more than that based on the CLM4-default-VCF at the 5 km×5 km resolution, 

which is the biggest annual emission difference between the two vegetation-cover tests.  

The comparison between MODIS AOD and the CLM-simulated dust emission 

suggests that CLM4 can capture the overall dust spatial distribution pattern in the 

research area. However, the model failed to simulate the high aerosol regions along the 

border of Iraq and Iran and the southwest coast of Iran, which is understandable because 

the high AOD values are caused by northwesterly dust transport. 

The CLM4-simulatd high emission months in 2009 are March and July, which is 

consistent with MODIS observed AOD. The seasonality of dust emission using MODIS 

LCT differs slightly from that using CLM4-default-VCF. Even though MODIS LCT 

suggests slightly higher regional mean VCF values than those from the default CLM4, 

emissions based on the CLM4-default-VCF are lower than those based on MODIS LCT 

at 25 km× 25 km and 5 km×5 km resolutions. We compared the number of gridcells 

within the 0–0.3 m
2
 m

-2
 range of LAI plus SAI for both CLM4-default-VCF and MODIS 

LCT runs. The results indicate that CLM4-default-VCF runs have more gridcells with 

larger LAI and SAI sums than MODIS LCT runs. Consequently, CLM4-default-VCF 

runs have less dust emissions than MODIS LCT runs, for both 25 km×25 km and 5 km×5 

km resolutions 

In this study, we also noticed the simultaneous variation trends of model 

resolution and total dust emission amount, which is related to the heterogeneity of VCF 

and wind friction speed. The different emission categories defined in this study indicate 
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that high-resolution-model simulations tend to have larger probability of high emission 

categories. In addition, when the total values of LAI and SAI range from 0 to 0.3 m
2
 m

-2
, 

they decrease as the model resolution increases. This variation is associated with VCF 

heterogeneity at different model resolutions, and eventually results in the increased dust 

emission for fine model resolution simulations. Finally, the meteorological data 

interpolation result in the wind friction speed heterogeneity, which is also responsible for 

the simultaneous increase trend of dust emission and model resolution. 
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Chapter 6 

General Conclusions 

6.1 CONCLUSIONS 

The research presented in Chapter 2 addressed scientific questions related to 

ecosystem recovery processes at local and global scales. This chapter discussed the 

efficiency in determining the spin-up timescale in a biogeochemistry model. Research 

presented in Chapter 3 addressed the impact of a soil water stress/rooting distribution 

scheme on the seasonal cycle of carbon uptake/efflux in Amazonia. Chapter 4 presented 

an evaluation of model-based landscape frozen fraction and an investigation of the 

relationship between soil impermeability and runoff seasonality at high latitudes. Chapter 

5 presented the capacity of simulating dust emissions in a LSM and an evaluation method 

of dust emission heterogeneity at different model resolutions. All research presented here 

provides advanced insight of LSM simulations.   

Chapter 2 focused on evaluating the efficiency of four spin-up methods globally 

and at four types of observational sites: tropical forest, grassland, temperate forest, and 

boreal forest. We did not obtain a global equilibrium for each method due to high 

computational costs. However, we find that spin-up time exhibits significant spatial 

variability and typically increases from the equator to high latitudes. The spin-up 

timescale patterns vary considerably across the different spin-up methods. The SI method 

strongly depends on the appropriateness of the initial SOM values for the model. AD is 

an efficient method for tropical forests, tropical grasslands, and boreal forests. At the 

chosen temperate forest sites, DDL performs better than AD, which indicates that 

decelerated denitrification and leaching processes can make up the mineral nitrogen 

deficiency and speed up vegetation growth at temperate forest sites. At some temperate 
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grassland sites, ND costs less than other methods, and at some temperate forest sites, ND 

costs less than AD. This result indicates that carbon pool growth resulting from AD is 

slower than the systematic accumulation. The spin-up features of different methods in 

various ecosystems provide suggestions for applying the four methods to other research 

purposes. We also find that in some ecosystems the vegetation seasonality described by 

methods with decomposition or denitrification and leaching rates changed is inconsistent 

with that from the ND method. Therefore, additional attention needs to be paid on 

vegetation phenology, particularly for the questions that concern the ecosystem 

seasonality and dynamics. This research also suggests that long spin-up timescales can be 

reduced by improving model’s structure and methods in representing decomposition and 

immobilization.  

Chapter 3 focused on evaluating the impacts of a soil water stress/rooting 

distribution scheme on carbon exchange seasonality in Amazonia. Generally, tropical 

forest ecosystems start to take up carbon in dry seasons, which usually cannot be 

correctly represented by LSMs. The parameterization in this research indicates that model 

represented NEE is sensitive to root depth and water constrains. To some extent, NEE 

seasonality is improved by extending root depth and releasing water stress. However, 

these modifications result in reduced NEE magnitude values. The length of the carbon 

uptake season is also related to fire and human influences, which is not fully described by 

LSMs. In addition, the mentioned modifications result in improved LE seasonality, which 

indicates a better description of water evapotranspiration in the ecosystem. This research 

also suggests that one mechanism may not be efficiently applied to different LSMs as a 

result of various model structures. 

Chapter 4 defined the LSM-simulated landscape freeze/thaw status; investigated 

how landscape frozen fraction varies with snowfall, snow cover fraction, snow ice, and 
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snow depth; explored how runoff and water storage change with soil impermeability at 

high latitudes. In this study, the landscape freeze/thaw status is reasonably represented in 

the regions north of 60°N in boreal winter and spring. In March and April, the model 

simulated landscape frozen fraction increase in this region is associated with the model 

simulated high SCF and snow ice amount. The increased snowfall lasting from late April 

to late May results in the growth of snow depth as well as snow ice in areas that are too 

cold for snow melting in the regions north of 60°N. In the regions with low snowfall rates 

during the snow melting seasons, model-simulated landscape frozen fraction decreases 

along with the decreased snow depth and snow ice. The parameterization, which assumes 

that the impermeable areas exponentially decrease as the snow cover areas increase in 

size and as the temperature in the first soil layer rises, properly manipulates the soil 

impermeability. By gradually reducing the soil impermeability in March and April when 

the landscape frozen fraction increases, the discharge magnitude in some river basins is 

reduced and the early peaked discharge is postponed. In addition, this parameterization 

appropriately simulates the enlarged/reduced soil impermeability in regions with snow 

cover fraction less/greater than 5% in May and June. This parameterization does not lead 

to obvious TWS variations as a result of the unchanged soil ice amount, and it results in 

minor increases of soil water and temperature in the Siberian region. Since active 

microwave observations provide observation of landscape frozen/thaw status (Zhang and 

Armstrong, 2001; Kim et al., 2011), this research suggests a new method for LSMs 

validation. Furthermore, the soil–insulation effect of the snow cover is another important 

hydrological process that needs to be properly considered in LSMs.  

Chapter 5 focused on investigating the dust spatial distribution on the Arabian 

Peninsula and evaluating how surface vegetation cover fraction and model resolution 

affect dust emissions. Generally, model-simulated high dust emission regions over the 
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Arabian Peninsula are in northeast Sudan and southeast Iraq. The LSM used in this 

research failed to simulate the high aerosol regions along the border of Iraq and Iran and 

the southwest coast of Iran, which is associated with the northwesterly dust transport 

from Sudan rather than the local dust emission. Two groups of LSM-simulated dust 

emission, which are based on patched plant functional types (PFTs) and discrete 

vegetation biomes, respectively, are slightly different. Particularly, the LSM used in this 

research suggests that the area available for generating dust increases linearly with the 

decreased vegetation cover fraction when the total LAI plus SAI is below 0.3 m
2
 m

-2 

(Mahowald et al., 2006). In other words, the total dust emission amount in a certain 

region depends on the values and number of gridcells with total LAI plus SAI within the 

0–0.3 m
2
 m

-2
 range. In this study, we also noticed the simultaneous variation trend of 

model resolution and total dust emission amount. In order to investigate the reasons for 

this variation, we analyzed the heterogeneities of vegetation cover and wind speed. In 

fact, fine-resolution-model simulations tend to have larger probability of high emission 

categories. In addition, when the sum values of LAI plus SAI ranges from 0 to 0.3 m
2
 m

-

2
, they decrease as the model resolution increases, which eventually results in the 

increased dust emission for fine model resolution simulations. The vegetation cover 

heterogeneities between different model resolutions are associated with the use of 

interpolation methods. Vegetation cover fraction varies between different model 

resolutions, especially for regions with sparse vegetation covers. In this case, if 

vegetation datasets at different model resolution is not available, it is inevitable to use 

interpolation methods for performing LSM-simulations at different resolutions, which 

will eventually cause errors. Similarly, if resolutions of the meteorological data and that 

of the LSM are different, interpolation methods will result in non-uniformed 

meteorological-variable variations between different model resolutions. The bilinear 
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interpolation method discussed in Chapter 5, results in the wind speed heterogeneity, 

which is also responsible for the total dust emission growth when model resolution 

increases. The heterogeneities of meteorological and land-surface data are subtle at 

coarse temporal and spatial resolution, whereas they are apparent when the temporal- and 

spatial-resolution differences of LSM-simulations are significant.   

6.2 FUTURE WORK 

Questions remain for each chapter of this dissertation. With regard to spin-up 

methods of biogeochemistry models, I plan to improve parameterizations and 

fundamental processes of the model used in this search, then evaluate model simulated 

carbon and nitrogen pools as well as the spin-up timescales. It is also valuable to assess 

the application of advanced model parameterizations and structures in other 

biogeochemistry models, and investigate how model spin-up timescales vary with these 

improvements. I am also interested in adjusting the time period of the AD-spin-up phase. 

I hope to evaluate if the shortened AD-spin-up phase (e.g., 400-year, 200-year) is 

workable for regional or global spin-ups.  

Further improvements of hydrological processes in LSMs are needed in the case 

of the LSM tested in Chapter 3 and Chapter 4. The water stress described in equation 3.2 

is a function of maximum rate of carboxylation, which eventually influences leaf 

photosynthesis. In the next step, I will improve the NEE magnitude by considering the 

parameterizations of leaf phenology, respiration/carbon balance, and stomatal response 

on soil water availability discussed in Verbeeck et al. (2011) and by advancing leaf 

nitrogen parameterizations in the biogeochemistry model used in this study. Moreover, 

the application of this soil water stress/rooting distribution scheme in other ecosystems or 

other biogeochemistry models is useful for understanding and quantifying how root-
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controlled transpiration affects the temporal- and spatial-distribution of ecosystem carbon 

exchanges. Generally, soil impermeability is affected by the amount soil ice at high 

latitudes. Chapter 4 only connected soil—insulation effect with soil impermeability. In 

the future, I will improve the cold region hydrological dynamics by linking the soil—

insulation effect with soil-ice parameterization. In addition, I am also interested in 

developing flow velocities that have realistic spatial distribution and applying them into 

the river routing module of LSMs. 

In continuing to understanding dust emission differences resulted from LSM-

resolution variations, a vital next step is the comparison of dust emission based on 

various surface-vegetation-cover-fraction interpolation methods and probability 

distributions. Consequently, either an interpolation method or a probability distribution, 

which is mostly efficient in reducing resolution-dependence of dust emissions, can be 

recognized. Since dust transport and deposition processes are important to evaluating 

regional dust amount and distribution, I will apply the selected surface-vegetation-cover-

fraction interpolation-method/probability-distribution to dust transport models, climate 

models, and weather predication models.  
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