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Abstract

Land Surface Evaporative and Turbulent Heat Fluxes Estimation by
Assimilating Remotely Sensed Land Surface Temperature and Moisture

Land surface heat areaportive fluxes exchanged between the land surface and the
atmospheric boundary layer play an importaoke in the climate system. Isitu
measurements of these fluxes are expensive and available only over a limited number of
field experiment sitesAt presem, the only way to achieve the goal of mapping land
surface fluxesat regional scaleis to use remote sensing technology that can provide
various spatial and temporal imageries covering large afaasent remote sensing
technologes can directly detectthe land surface state®.g, soil moisture, surface
temperature, and vegetatiobyt notland surface fluxesTherefore there is a need for
developing numerical methods to estimate fluxes using available fdgnseteed state
data.Recently several stiies have focused on the estimation of surfiacbulent heat
fluxes byassimilathg land surface temperature (LSVip avariational data assimilation
(VDA) scheme Thegoal of these studies is @stimate key parameters of land surface

fluxes i.e., neutal bulk heat transfer coefficie(xn) and evaporative fraction (EF).

The goal of this study is to enhance thereat VDA schemes fothe estimation of
turbulent heat and evaporative fluxaeghreemajor ways: () characterizing theffect of
vegetatiom dynamics on Cun, (2) coupling water and energy balance equations,
assimilating soil moisture (SM) data in addition to LST, and constraining the VDA
estimates by the moisture diffusion equation in addition to the diffasion equation;
and (3 analyzing the seconérder information that guides toward a wetised

estimation problem and provides uncertainty of parameters.
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The existing VDAalgorithms assume that vegetation dynamics over the period of one
month are negligible, and thus taken&s a monthl constant parameter. However, bare
soil may turn into a fully vegetated surface in only a few wediksng the growing
season, undermining the assumption of constant monthlyI@ thisresearchthe VDA
algorithm is advanced by takin@€un as Leaf Areardex (LAI). This improves the
performance of the VDA scheme, especially at sites in which temporal variation of

vegetation phenology is significant.

The awirrentVDA schems retrieve surface fluxes by assimilating LST intoesnergy
balancemodel and havenot consideredhe inherent couplinpetween water (moisture)
and energy (heat) in thsoil-plantatmosphereontinuum.In this researchthis issue is
addressethy coupling the water and dusburce energy balance models through the flux
of evapotranspiteon and jointly assimilating SNMindLST to improve theperformance

of VDA in the energylimited regimes

The VDA schemeuffers fromthe followingissues(1) it doesnot explicitly compute
the error covariance matrof parameter estimate@) it tends to be ilkposed and (3) it
is a high-dimensional no#inear minimization problenand thereforethe optimization
may reach a saddle point instead of a local minimiihis research addresses these
shortcomings and enhandé® performance of the VDA schertteough computing the
Hessian matrix via the Lagrangian mettrardl the analysisof seconebrder information

at the critical point.

The proposednodificatiors to the VDA scheme for estimation of turbulent heat and
evaporative fluxesire testedat the point scale(through a set of synthetignd field site

experimentsandat thelarge scaléoveran area of 21780 khin the U.S. Southern Great

Vii



Plaing. The esults she that simultaneous assimilation of land surface temperature and
soil moisture data improvethe robustness of land surface flux estimatbtined via
VDA. Results also demonstrate the effectivenessalfyaisof seconeorder information,
obtained from the Hessian matrat the point of optim& quantifying the uncertainty of

parameters, heedluxes, and in guidingpwarda wellposed estimation.
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Chapter 16 Introduction

1.1 Background and Motivation

Land surface fluxes exchanged between thaed|surface and the atmospheric
boundary layer, play an important role in the climate system and are required in a variety
of agricultural, hydrological, and meteorological applicatigAsidrews et al. 2009;
Lewellen and Lewellen 2002The partitioning of net radiation into sensible and latent
turbulent heat flugs critically affectsthe vertical struetre of the daytime atmospheric
boundary layeand largely determingbe vegetation state both above ground and below
ground (Pielke et al. 1998) The proper estimation of evapotranspiration (ET) is
fundamentalwhen dealing withissues related to water and fosecurity(Verstraeten et
al. 2008) In addition, ET affectterrestrial carbon uptake and release from and towards
the atmosphere and hence, knowledge on ET dynamics has a strong impact on the
interpretation of global change effecEurthermore, the land surfaflexes are of key
significance inthe prediction of atmosphie and hydrological cycles

In situ and direct measurements of these fliaesavailable using methods such as
the eddy orrelation (EC), Bowemnratio energy balance (BREB) and scintillometer
methods(Odhiambo and Savage 200%he EC and BREBmethodsprovide accurate
point measurements. However, such obstons only represent local processes and can
rarely be extended to large areas due to land surface heterogeneity and the dynamic
nature of the heat transfer procesgésench et al. 2005)The scintillometry method
provides spatially averaged fluxes at scales of the order of several kilometers depending

on the aperture size and typelsam usedGreen et al. 2001and are therefore more



suitable for largescale applications compared ttee more camventional EC and BREB
methods with spatial coverage of order of meterblevertheless in situ flux
measurements are expensitiene-consuming, labemtensive,and available only over a
limited number of field experiment sitqsuch asFirst International Satellite Iral
Surface Climatology Project§LSCRH Field Experimen{FIFE]}, and sparse flux tower
networks f.g, Fluxnet, EuroFlu®, and AmeriFlug]), limiting their applicability for
regional and global applications.

At present, the only way to achieve the goal of mapping lamthcg fluxesat
regionalscales is to useremote sensing technologlya can provide various spatial and
temporal imageries covering large aredswever, land surface fluxes do not have a
specific signature to be detectedthg current remote sensing technolaigys, there is a
need for developim numerical methods to esttefluxes using availableemote sensing
data from optical aridr thermal satellite sensors

Despite early doubts about the accuracy and usefulnessmmite sensing dat®
estimate surface fluxethe quality and resolution of remote sensing data ptscheve
improved much in recent years and héacttodevelopinga wide range of analytical and
diagnostic remote sensing methd#slma et al. 2008a; Overgaard et al. 200B)ese
methoddiffer in type andspatial extent of applicatiotype of remotly sengddatg and
use of ancillay (micro-) meteorological and land cover datageneral, the methods that

estimate land surface fluxes using remotely sensed data are categdofedrigrours.

1 https://daac.ornl.gov/FIFE/FIFE_About.html
2 https://fluxnet.fluxdata.org/

3 http://www.europeluxdata.eu/

4 https://ameriflux.lbl.gov/
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The first group is tatisticalmethods(also calledprocessree methods)which range
from simple linear regression to a complex machine learning algorithm. For example,
Jackson etla(1977) proposed a statistical mod#lat expresses tHeear relationship
betweenobservations ofatent (LE)and net radiation Rn) fluxes and the difference

between remotely sensedsurface temperaturgT,) and air temperature £ as
LE=R, -B(T, T))", where Band n are sitspecific regression coefficientand

dependon surface roughness and atmospheric stab@ikyarly, suchstatisticalmethods
require localcalibration Machine learningechniques(e.g. artificial neural networks)
provide an alternative statistical method the estimation of land surface fluxes,
primarily using a combination of remotetgnsed and groudshsed datdGetz et al.
2018) Machine learning techniques demonstrate strong predictive capabilities across
time and spacgAlemohammad et al. 2017however, at the cost of large data
requirements.

The second group of methodsbased on the relatiship between remotely sensed
surface temperature {Tand vegetation index, Ve(g, the normalized difference index,
NDVI). A scatterplot of Tand VI often results in a triangular/trapezoid shape, therefore
this group of methods is sometimes referred té &sr i a n g | @dliesrateat 1997¢d s
Carlson et al. 1995; Petropoulos et al. 20@ihce different land cover types may have
different T/VI slope and intercept for equal atmospheric and surface moisture conditions,
the choice of scale (local ~ glab may influence the shape of the relationql§pndholt
et al.2002) Although the methods that exploit empirical \fIf€lationships vary in their
complexity, assumptions, and ancillary data requirements, they all need a large number of

pixels over the area of interest with a wide range of soil moisture and fiaction



vegetation cover. In addition, the linearity assumption with regard to the biophysical
properties is reported as a poor representation of the true physical processes relating land
surface fluxes to locational changes in thg\(I) feature space domaifiPetropoulos et

al. 2009)

The third group of methodss based on a solution of the surface energy balance
(SEB) model utilizing the growing amount of land surface dataladole from remote
sensing. In these methoddpsure assumptions often need to be impo3éd most
common closure is to consider thail heatflux (G) asa fixed fraction of R (Anderson
et al. 1997; Boegh et al. 200Bjowever, this assumption ignores diurnal variation and a
phase difference between the rdial cycles of R and G (Kalma et al. 2008a)In
addition, the sensible heat flux nsodeledusng the electric resistananaloguewhich
needs surface resistance/roughness param#tatscannot be inferred from remote
sensing datd_homme et al. 2000; Massman 1999)

The fourth group of methodsath assimilationDA) methods,incorporatesland
surfaceobservations into @hysically basedand surfacemodelto providethe model
with the best estimate of the state of a systeland model parameterghe evolution of
LST implicitly contains information about the partitioning of available energy among
sensible and latemeat fluxes since different components of surface energy balance have
different relative efficiencies in digmting available energy at the land surféBateni
and Entekhabi 2012aBased on this recognitiomany researchrs have applied DA
methods to estimate key parameters of land surfadkixes by assimilating LST
measurements into a form 8EB model(Caparrini et al. 2004a; Sini et al. 2008; Bateni

et al. 2013b; Abdolghafoorian et al. 201The two most critical parameters of land



surface fluxesare the dimensionless neutrdlulk heat transfer coefficienfCuxn) and
evaporative fraction (EF)Cun captures how the landscape impacts on -sadace
turbulenceunder neutral conditions anBF reflects surface control on the relative
magnitude of latenand sensible heat fluxes and indicates the amount of surface energy
available for the evaporation of water.

DA methods for the estimation of unknown parameterg, EF and Gn) are mainly
categorized into two groups of sequential data assimilation \erdhtional data
assimilation (VDA). In contrast tdhe most of sequential DA approaches, which
assimilate the observations.q, surface temperature) in a sequential manner (whenever
remotdy senseddata are available), the VDA scheme operates in a ipaibddessing
manner i(e., using the observations inside the assimilation period all at once). As a result,
the VDA scheme hagaineda great deal of attention in many scientific and engineering
applicationsincluding geophysical andhydrological modeling notably in terms of
optimality of estimated parameters, stability, and robustness of the estimgtion.
addition, the VDA scheme has a number of advantages over empirical and diagnostic
methods. The VDA scheme is not s#igecific because it does not usepérical LST-VI-
flux relations norempirical relations such as those that take G as a fractionnof R
Therefore, VDA is the method of choice in this research.

Caparrin et al. (2003)and Caparrini et al. (2004introducedan algorithm based on
the VDA schemewhich is capableof mapping surface energy balance componeys
assimilatingsequences of remotely sensed landase temperature measurements a
combinedsource SEB (CS) modeand estimating the most critical parametersS&B

(i.e, EF and Gn). The proposed algorithm wasaluatedover a range of vegetative and



hydrological onditions in the southern U.8unng the middle part of the growing season
and promising results were obtained at dry and lightly vegetated Gitew and Kustas
2005) In CS models, the difference between soil and vegetation temperatures and
turbulent exchange rates not accounted for, although soil and vegetation playery
different role in the land surface systeffo address the shortcoming of CS models,
Caparrini et al. (2004bapplied a simplified form othe duatsource SEB (DS) model
(developed P Kustas et al. (199%within the VDA scheme with thaim of estimating
Chn and evaporative fractions for soil (§fand canopy (Ef}, separately. The DS models
partition the energy exchange between the soil and vegetation and tatdesor
estimation of turbulent fluxes in heterogenetarsgdscapesBateni and Liang2012)and
Bateni et al. (2013bkadvanced the VDAlgorithmsdeveloped byCaparrini et al. (2004)
and Caparrini et al. (2004b)using the full heat diffusion equation &se physical
constraint instead of thesimple forcerestore equatian Constraining the VDA
optimization algorithm by the full heat diffusion equatiodecreases the phase error
between the observeahd estimated ground heat flux diurmgicles andmproves the

estimates ofurbulent heafluxes.

The existing VDA algorithmge.g, Caparriniet al. 2004a; Bateni et al. 203)3b
assume that vegetation dynamics over the period of one month are negligible, and thus
take G as a monthly constant parameter. However, bare soil may turn into a fully
vegetated surface in only a few weetsring the growing season, undermining the
assumption of constant monthly€ In this researchthe VDA scheme for land surface
flux estimation is advanced by takir@@un as a function of vegetation phenologye(

Leaf Area Index (LAI)). This allows the charactetipa of the variations ifCxn as LAl



changes and hence, improves the performance of the VDA scheme, especially at sites in
which temporal variation of vegetation phenology is significant. Moreover, through this
improvement, the period of assimilation oétiiDA scheme is no longer constrained by

the monthly periods in whicBhnis assumed to be constant.

Although several studigg.g, Caparrini et al. 2004a; Sini et al. 2008; Xu et al. 2014;
Bateni and Liang 2012have used the VDA scheme to retrieve surface turbulent heat
fluxes by assimilating LSThto a SEB modelnone of them have considerg@ inherent
coupling and interaction between the transfer of water (moisture) and energy (heat) in the
soil-plantatmosphereontinuum. This has been identified as one of the main reasons that
contribute tothe poor performance of VDA in the enetigyited regimes(Crow and
Kustas 2005; Sini et al. 2008; »ai al. 2014; Lu et al. 2017%oil moisture controls not
only the partitioning of available energy into sensible and latent heat fluxes through its
influence on evaporative fractigbirmeyer et al. 2000; Gentine et al. 2007; Farhadi et
al. 2014, 2016; Schwingshackl et al. 2Q13)t also the partitimng of evapotranspiration
into soil evaporation and canopy transpiratintekhabi and Moghaddam 2007; Crow et
al. 2015; Lu et al. 2017)n addition, while DS SEB modginclude a descriptioof the
vegetation, the interactions between groundwateil texture root zone, and surface
waterfluxes (e.g, precipitatior) arenot taken into accounand consequentlhey may
fail to produce accurate results in areas where such interactionspamant(Overgaard
et al. 2006) A number of studies applied a sequential DA approach to assimilate soll
moisture into a land surface model and showed the modest benefit of assimileticg s
soil moisture observations for the estimation of surface flugeg Li & Islam, 1999;

Reichle, Crow, & Keppenne, 200&ipunic et al. (2008assimilated synthetic surface



soil moisture data into a land surface model using the ensemble Kalman Filter scheme to
improve predicted model state variables (soil moisture and temperature)erzcel LE
and H. They showed that soil moisture assimilation has the most direct impact on root
zone soil moisture estimation, while it also improves heat flux predictions. These studies
also illustrated thelow performance of surface fluestimation with sib moisture

assimilation, in the presence of soil moisture measurement errors.

In thisresearchthe inherent coupling and interaction between the transfer of heat and
moisture in the soiplantatmosphere continuum consideredby coupling the water and
duatsource energy balance models through the flux of evapotranspiration, and jointly
assimilating SM along with LST into the coupled water and-doalce energy balance
model using the VDA scheme to estimate key unknown parametevatef andheat
fluxes: Gin, EFRs, and Ek. The transfer of water (moisture) and energy (heat) in the soil
column is modeled by the moisture diffusion equation and full heat diffusion equation,
respectively.For the firsttime in depth, the potential value of joint SM and LST
assimilation forland surfacdlux estimationvia the VDA schemés investigated through

comparative studs

The effectiveness of the VDA scheme in estimating fluxes is undermined by the fact
that in a highdimensional no#dinear minimization problem, aaddle point may be
surrounded by plateaus of small curvature which givedsa impression of reaching a
local minimum(Pascanu et al. 2014 addition, the VDA schemeods not compute the
error covariance matrix explicitly and consequently does not provide estimates of the
predictive uncertainty of estimated parameters and hence f{ugeBimet et al. 2002;

Liu and Gupta 2007)Furthermore, the inherent shortcoming of the VDA scharee (



the tendency to be Hposed) does not guarantee a unique optimal solution. In other
words, simultaneous optigation of unknown parameters may result in a continuum of
possibilities for different parameters that produce essentially identical measurement
model misfit errors(Crow and Kustas 2005)These issues have not been taken into
consideration irpreviousstudies(e.g, Sini et al. 2008; Bateni et al. 2013b; Xu et al.
2015) thus degrading the advantage of the VDA schentliearstimation olandsurface

fluxes.

In thisresearchthe performance of the proposed VDA schamenhancedhrough
the calculabn of seconebrder information at the critical point (the point where the
gradient of cost function is zero) by computing the Hessian matrix via the Lagrangian
method(hereaftetthe integrated VDAframeworR. Analysis of secondrder information
enablesdistinction between saddle and optimum pgimh addition, he inverse of the
Hessian matrixprovides a good approximation of the error covariance matrix of
parametersShutyaev etla2008; Gejadze et al. 2011; Farhadi et al. 20P@yforming
the uncertainty analysis and defining the correlation between estimated parameters guide

towardthe formulation of a welposed estimation problem.
1.2 Objectives

The overall objective of tkiresearch is to developvariationaldata assimilation
(VDA) frameworkto estimate land surface evaporative and heat fllnyeassimilating
remotely sensedand surface temperature and soil moistdiga and quantify the
uncertainty of the VDA estimate§he specific objectives of thiesearclareas follows
1 to improve the performance of the VDA schenby taking Cun as a function of

vegetation phenology.€., Leaf Area Index (LAl))andcharactaring the variations
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in Cun as LAI changesespecially asites in which temporal variation of veggon
phenology is significant

to considerthe inherent coupling and interaction between the transfer of heat and
moisture in the soiplantatmosphere continuurm the estimation of fluxesby
coupling the waterand dualsource energy balance models through filo& of
evapotranspiratign

to enhance the performance of VDA estimationjdintly assimilatingsoil moisture

(SM) along withland surface temperatur&ST) into the coupled water and dual
source energy b@nce model

to model te transfer of water (moisture) and energy (heat) in the soil column by the
moisture diffusion equation (rather than a simplified soil water transfer equation) and
full heat diffusion equation (rather than the forestore equation

to enhance the performance of the proposed VDA scheme through the calculation of
secondorder information at the critical point by computing the Hessian matrix via the
Lagrangian metho@nd distinguish between a saddle and an optimum point in the
VDA parameters estimation problemi.g, a highdimensional no#inear
minimization problem) by analyzg the secondorder information

to provide a good approximation of the erroovariance matrix of parameters,
guantify the uncertainty of estimated parametemnd hence fluxesand guide the
VDA estimation problem toward the formulation of a wmdlsed estimation problem

by performing the uncertainty analysis and defining the correlation between estimated

parameters
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to map turbulent heaand evaporativdéluxes at large scakeby assimilating SMAP

soil moistureand GOESandsurface temperature data

to investigate the added valuetbg soil moisture data to flux estimatj@nd

to provide a better understanding of evaporative fluxes and their dependency on

environmental factors and soil/vegetation conditions.

The outcome of this dissertatitlhas been published as follows:

Abdolghafoorian, A.& Farhadi, L., Mapping Land Surface Heat and Water Fluxes
by Assimilating the GOES land surface temperature and SBbRnoisture data, in
preparation

Abdolghafoorian, A.& Farhadi, L. (2019)Estimation of Surface Turbulent Fluxes
from Land Surface Moisture and Temperature via a Yarial Data Assimilation
FrameworkWater Resources Reseajsh doi: 10.1029/2018WR024580
Abdolghafoorian, A., Farhadi, L., Bateni, S.M, & Margulis, S. (2017). Characterizing
the Effect of Vegetatioynamics on the Bulk Heat Transfer Coefficient to Improve
Variational Estimation of Surface Turbulent Flux@spf Hydrometeorologyl8 (2),
321-333.

Abdolghafoorian, A. & Farhadi, L. (2016). Uncertainty Quantification in Land
Surface Hydrologic ModelingToward an Integrated Variational Data Assimilation
Framework,IEEE Journal of Selected Topics in Applied Earth Observations and

Remote Sensing (6), 26282637.

1.3 Outline of the Dissertation

In Chapter 2the VDA scheme is advanced blyaracterizing ta effect of vegetation

dynamics on the bulk heat transfer coefficient to impriheevariational estimation of
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surface turbulent fluxesThe developed VDA scheme is tested ovbBree sites in the
United States and one site in China #&sdesults are congred withthose of theBateni

et al. (2013b)model in whichassumedhat the variations in vegetation phenology over
the period of one month are negligible andv@ consideredas a monthly constant

parameter

In Chapter 3a Hessiarbaseduncertainty quantification (UQ) framework for the
VDA scheme is proposedlThe proposed framework quargg the uncertainty of
estimated parameters and gwidee formulation of avell-posed estimation problem. It
provides a calibraticfree tool to assess the performance of the VBdhemein
retrieving land surfacheatfluxes over a range of land surfaces and climatic conditions.
The advantages of U@amework isevaluatedhroud realfield site data obtained from

FIFE field experimentAudubon andArizona in the United Statesid Daman in China.

In Chapter4 the VDA schemas enhanced by) coupling water and energy balance
equations, assimilating soil moisture (SM) data idigah to LSTdatg and constraining
the VDA estimates by the moisture diffusion equation in addition to the heat diffusion
equation; (ii) analyzing the secowdder information which guides toward a wptsed
estimation problem and provides uncertainfyparameters. The performance of the
proposedintegratedVDA framework at a point scaleis examined through a set of
experimerg based on a synthetic data peiduced by the simultaneous heat and water

(SHAW) model

In Chapter5 an algorithm is propose® estimate land surface heat a@porative
fluxes by jointly assimilating Soil Moisture Active Passive (SMAP) data and

Geostationary Operational Environmental Satellite (GOES) surface temperature data into
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the coupled terrestrial water and energy balanuedel using the VDA scheme. The
algorithm is implementedver an area of 21780 Krim the U.S. Southern Great Plains.

The maps of retrieved surface evaporation and transpiration fluxes are used to study a
number of dynamic feedback mechanisms betweetatiteand atmosphere, such as the

dependence of evapotranspiration on vegetation and soil moisture.

Finally, Chapter6 summarizes the principal findings and original contribution of this

researchalong with some potential future research directions todxtee current work.
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Chapter 28 Characterizing the Effect of Vegetation Dynamics on th&ulk Heat

Transfer Coefficient®

Estimation of turbulent heat fluxes by assimilating sequences of land surface
temperature (LST) observations into a variationah dasimilation (VDA) framework
has been the subject of numerous studies. The VDA approaches are focused on the
estimation of two key parameters that regulate the partitioning of available energy
between sensible and latent heat fluxes. These parametarsuairal bulk heat transfer
coefficient (Giv) and evaporative fraction (EF)+Emainly depends on the roughness of
the surface and varies on the time scale of changing vegetation phenology. The existing
VDA methods assumed that the variations in vegetaittenology over the period of one
month are negligible and tookyas a monthly constant parameter. However, during the
growing seasonbare soil may turn into a fully vegetated surface within a few weeks.
Thus, assuming a constantnCmay result in a gnificant error in the estimation of
surface fluxes, especially in regions with a high temporal variation in vegetation cover. In
this study the VDA approach is advanced by takingn@s a function of leaf area index
(LAI). This allows the characterizaticof the dynamic effect of vegetation phenology on
Chn. The performance of the new VDA model is tested over three sites in the US and one
site in China.The results show that the new model outperforms the previous one and
reduces the roaneansquareerror (and bias) in sensible and latent heat flux estimates

across the four sites on average by 319%46and 21% (37%), respectively.

5 A similar form of this chapter has been published inJthernal of HydrometeorologyAbdolghafoorian, A., Farhadi,
L., Bateni, S. M., MargulisS., & Xu, T. (2017). Characterizing the effect of vegetation dynamics on the bulk heat

transfer coefficient to improve variational estimation of surface turbulent fluxes. 18(233321© American
Meteorological Society. Used with permission.
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2.1 Introduction

Accurate estimation of turbulent heat fluxes.( sensible and latent heat fluxes) is of
significant imporance in numerous atmospheric, hydrologic, meteorological,
climatological, and environmental procesg¢Affieri et al. 2009; Stephens et al. 2012)

The sum of sensible (H) and latent (LE) heat fluxes., (H+LE) and their relative
partitioning (.e., H/LE) affects the development of the boundary layer and force the
dynamics of the troposphere. &hurbulent fluxes impact weather and climate by
modifying the spatiotemporal variability of rainf§ndrews et al. 2009nd influencing

the development of boundary laygdouds(Lewellen and Lewellen 2002)

In situ measurements of heat and moisture fluxes are c@dlgochi et al. 2001)
and therefore are available only over a limited number of field experimest @iy,
Southern Great Plain [SGPHeihe Water Allied €lemetry Experimental Research
[HIWATER], First International Satellite Land Surface Climatology Rito[éSLSCP]

Field Experiment [FIFB] and flux tower stationse(g, AmeriFlux, Fluxnet, EuroFlux,
etc).

Among numerous techniques developed to make quantitative estimates of turbulent
heat fluxes €.g, Anderson et al. 1997; Bastiaanssen et al. 1998; Allen et al. 2011; Kalma
et al. 2008; Polonio and Soler 2000; Yilmaz et al. 201 variational da assimilation
(VDA) approach(PetersLidard et al. 2011; Bateni and Entekhabi 2012a; Sini et al. 2008;
Reichle et al. 2001bhasrecently gaind a substantial amount of attention. The VDA
approaches estimate land surface turbulent heat fluxes by assimilating land surface
temperature (LST) observations into the physical land surface models. The uncertainty of

the estimated fluxes can be quantifiexing a Hessiabased approadbdolghafoorian
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and Farhadi 2016)The main characteristics of the VDA schemes which make them
suitablefor estimatian of turbulent heat fluxes ar€t) they do not need any calibration
and empirical fitting(Caparrini et al. 2003)(2) they estimate heat fluxes even for
instances in which LST observations are not availabtaeye are data gajkewis et al.
2012) and(3) they retrieve ground heat flux without applying the empirical formulations
that parameterize ground heat flux as a fraction of net radig@immpo et al. 2009)
The two main unknown parameters of the VDA approaches for estimating turbulent
fluxes are neutralldk heat transfer coefficienCn) and evaporative fractioreF). Chn
scales the sum of turbulent heat fluxes BRcales their partitioning. The existing VDA
methods €.g, Caparrini et al. 2004a, 2003; Bateni et al. 2013b; Sini et al. 2008; Xu et al.
2014) assume that changes in vegetation dynamics over the period of one month are
negligible, and thus tak€nn as a mathly constant parameter. However, bare soil may
turn into a fully vegetated surface in only a few weeksing the growing season,
undermining the assumption of constant monty. In this study the VDA approach
for land surface flux estimation is adheed by takingChn as a function of vegetation
phenology ie., Leaf Area Index (LAI)). This allows the characterization of the variations
in Cun as LAl changes and hence improves the performance of the VDA approach,
especially at sites in which temporahnation of vegetation phenology is significant.
Moreover, the period of assimilation of the VDA approach is no longer constrained by
the monthly periods in whicBhn is assumed to be constant.

Usingin situ measurementsugita and Brutsaert (1990), Kubota and Sugita (1994),
Betts and Ball (1998), and Mahrt and Vickers (28@4nd astrong relationship between

Cun and LA In addition to these experimental studies, a variety of physicafigd
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models have been developed, which describe the influence of LAlwg(Massman
1999; Hasager and Jensen 1999; Su 2002; Timmermans et al. 28&3esults of the
previous VDA models also indicate a relationship betw@emn estimates and seasonal
land cover phenologyCaparrini et al. 2004b; Bateni et al. 201A)I of these studies
show that the evolution of LAI has a significant effectGn.

This study augmente Bateni et al. (2013bYDA model (hereafter called VDdy)
by taking Cun as a function of LAI rather than assuming it to be a constant monthly
parameter. TheCyn-LAI relationship introduced byFarhadi et al. (2014, 2016)nd
implemented in their proposed methodology of conditional sampling of surface states for
estimation of turbulent heat fluxes, is used in this study to characterize variatoms in
The applicability and performance thfe new VDA approach (hereafter called Vidg
are tested atthe point scale using field site information at three sites in the USA
(Audubon, Brookings, and Bondville) and one site in China (Daman). These sites are
chosen because they represent varioustedign typesi(e., grassland, cropland, and
shrubland), and LAI at these sites varies significantly in tineg from 0.4 to 4.3). The
wide range of LAl values and various vegetation types provide a unique opportunity to
assess the effectiveness ofitakCqn as a function of LAI in the VDA approach for

estimation of turbulent heat fluxes.

2.2 Surface Energy Balance (SEBModel
The core of the model is based on the combined source surface energy balance (SEB)

model, that treats soil and vegetation aly @ne effective medium, and is given by,
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R =H+LE+G (2.1)

where H, LE, and Gre respectively the sensible, latent, and ground heat fluxeR, &d

the net radiation. Sensible heat flux can be represented in terms of the gradient of
temperature betweethe land surfacéemperature domposite of soil and vegetation
temperature at the ground surfaaajitheair abore it (Ta),

0 "wd QYWY Y (2.2)

whereU is the wind speedpd s t he speci f i ardansitgCinisthe ai r,
bulk heat transfer coefficient under neutral atmospheric condition, faml the

atmospheric stability correction function, which itself is a function of Richardson number

(Ri). The stability correction functioproposed byCaparrini et al. (2004b)which has

performed satisfactorily in previous studiesg, Crow and Kustas 2005; Farhadi et al.

2014; Bateni et al. 2013b; Farhadi et al. 20ik6used in this studyCuxn captures the

surface boundary influence on nearface turbulence and is essential for accurate
estmaton of sensible heat pux. I't can be relat
(Zon) and momentumZpwm) via (Andreas and Murphy 1986; A@Rofi et al. 2007)

K (23)
CHN - |n( Zref )In(zref ) .
Z Z

OM OH

k is the von Karman constaahd Zet is the reference heightog and Zwm are related via

kBl:In(ZOMZ )y and B is theStanton numberVerhoef et al. 1997)Substitting
OH

KB*= |n(Zo% ) into (2.3) leads to:
OH
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k2
CHN = Z Z (24)
|n2( ref)_ kB—lln(Zref)

OH OH

Brutsaert (1979parameterized@on and showed its dependency on LSlgita and
Brutsaert (1990pbtained an exponential rataship betweerZon and LAI over the
FIFE site. A similar exponential relationship was foundkmpota and Sugita (19940
the energy and water balanegperimental field of the Environmental Researcht&en
(ERC) at the University of Tsukuba. Using experimental dMatsushima (2005)
parameterized&on and showed that increases as LAl grows. kBalso has been the
subject of several theoretical and observational studieswumber of studiese(g,
McNaughton and Hurk 1995; Lhomme et al. 2000; Mahrt and Vickers tayed
empirically that kB! is mainly a function of LAI In addition to the empirical studies,
severalphysicallybased models were developed to characterize the influence of canopy
(LAI) on kB? (Hasager and Jensen 1999; Su 2002; Timmermans et al. 201&)these
studies along withequation (2.4) indicated thatCun principally depeds on LAl
Recently Farhadiet al. (2014, 2016)arameterized the influence of LAl @wmn via,

C,, = €A (25)

The parameterization is limited to the fimter seasonality effects with constant
parametersa and b but seasonally varying LAIb is indicative of neutral bulk heat
transfer coefficient for bare soil (when LAl is zero), andharacterizes the effect of
vegetation density o@xn. It should be noted that the propog@gh -LAI relationship is
consistent with the literaturee.g, Kubota and Sugita 1994; Jensen and Hummelshgj
1995; Qualls and Brutsaert 199a@hd performed well in estimation of heat fluxes at

several filed sitegFarhadi et al. 20143nd in mapping of heat fluxes ategional scale
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using remote sensing daté@Farhadi et al. 2016)This relationship is used herein to
characterize the effect of LAl o@xn. The coefficientsa andb are the constant unknown
parameters of the SEB and will be obtained via the MRapproach.

Evaporative fractionEF) is the third unknown parameter of SEB scheme, iand
defined as the ratio of latent heat flux to the sum ofuterit heat fluxes:

LE

2.6
LE+H (2.6)

EF is almost constant for negeak radiation hours on days without precipitation
(Crago and Brutsaert 1996; Gentine et al. 2008jng @.6), LE can be estimated as a

function of EF and H.

2.3 Heat Diffusion Equation
The heat diffusion equation in a combined source SEB model represents the time

evolution of ground temperature at different depths (z) within the column of soil and is

given by,
Wzt _  fT(z) 2.7
P (2.7)

c is the soil volumetric heat capacity and ghis sal thermal conductivity(Campbell

1985a) These variables are assumed to be constant during the assimilation period, with
values that are determined based on soil texture and soil moisture at each investigated site
(Hopmans et al. 2002; Campbell 19858he boundary condition at the top of the soil
column, T(z=0;), is obtained by solving the surface forcing equation (
puT(z ©,1/ zu <€); whereG is the ground heat fluxlhe ground temperature aeth
surfaceT (z = 0, t),representhe composite of soil and vegetation temperatueg (ST).

The diurnal variation othe heat wave is negligible beyond depths-0.8m (Hirota et al.
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2002) thus aNeumann boundary condition is implementediteg bottom of the soil

coumnOT ( z = Iwheret =05 D@Batehi et al. 2013b)

24 Variational Data Assimilation (VDA) System

The key unknown parameters of the VR#system ie., EF, a, andb) are obtained
by assimilating LST observation§qy inside the assimilation window[= 9AM, =4
PM] into the VDA framework EF varies on a daily basis, whikeandb are invariant
during the assimilation period oN days. The VDA approach is based on the
minimization of the cost functionJ which represents the aggregated error over the

entire assimilatio period:

JIZARGIOY Tl dt €(a 8° GHb b

1

(2.8)

+8 Cr (EF -EF )’ 2’_%1@2 ohﬁ(z,t)(C“T‘fnZ Y p ﬁT(pZ 1) dzc

i=1
The first term in the cost function accounts for the misfit between the LST estimates from
the heat diffusion equatiof (0,t)) and observationsT(,.(0,t)) over the assimilation

period (N days). The second, third and foutéims are the squared error of the unknown
parameter€&F, a, andb with respect to their last best estimates (represented by primed
variables), respectively. The last term in the cost function is the physical constegint (
the heat diffusion equationhich is adjoined to the model via the Lagrange multiplier,
& Ca, Cp, and Cer are constantoefficients which weigh the terms in the cost function
and control the rate of convergen@eeichle et al. 2001a)lhe optimal values of the
unknown parameters €., EF, a, andb) are found by minimizing the cost functiah,The

minimum value of] is obtained by setting its first variati@gual to zero( 30). Setting
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U Jo zero leads to théollowing set of the sealled EulerLagrange equations, which

should be solved simultaneously:

c“’ifnz’th p f‘/;f‘) 0 (2.9a)

/(z4)=0 (2.9b)

WD) S T, 000 K00, @20y EE IR (290)
e D p 1 -EF

Wiz9, _q (2.9d)
yz

_ € H(R)U(TO, 9- T)

b=b glaﬂl(o" e dt (2.10)
a1 Ny re,& ™ f(R)U(T(O, 9- T)

a=a = Cglia:'l ) /.(0,t)(LAL) 1 EF dt (2.11)
I re, € f(R)U(TIO, §- Dy

B = EF i 00— gy (2.12)

The optimal values fothe unknown parameters are found via an iterative process,
which is initiated by solving the heat diffusion equati@r’) forward in time to estimate
the LST {T(O,t)) during the assimilation window[ tz] in which EF is almost constant. It
continues B solving the adjoint model2(©a) backward in time using the terminal and
boundary conditions 2(9b)(2.9d)) to obtaina- ( zOQnte)the state variabld)(and the
Lagrange multiplier & are calculated, the VDAv scheme updates the unknown
parameters w (2.10)(2.12). The iterative process is terminated when the unknown
parameters converge to their optimal valu@s.Cs, Co, andCegr are taken equal to 100
K2, 0.001,0.001, and 0.001 based on several sensitivity analysis tests and previous

relevant studis(Bateni et al. 2013b; Xu et al. 2018ettingCr= 100 K andCa= Cp =
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Cer = 0.001leadto a gableiterative procesthat converges to an optimal solution after a
reasonable iteration numb@ihe initial guess ob (i.e., b = In(Cun)|La=0) can be chosen
based on the bare soil roughness from the aabkgrange (.e. -7 <b < -5) reportedin

the literature(Farhadi et al. 2016; Bateni et al. 2013&)e initial guess o& is chosen
from the rage 0 <a < 1 depending on vegetation densitihe results of sensitivity
analysis (not shown) revealed that as long as the initial guesseanafb are chosen

from the physically reasonable range, the VDA approach will generate reliable results.

Although the use of the LAl measurements as indatais key to theVDA new
scheme, the variation of LAI (not its magnitude) during the assimilation period is crucial
for characterizing the effect of vegetation dynamics on @&. The optimized
parametera and b in the VDA scheme compromise for the instrumental errors of the

measured LAI.

2.5 Study Locations and Data

The performance of the VDAw model is tested at four sites: Audubon, Brookings,
and Bondvillein the U.S.and Daman in China. These sites are eholsecause they
represent a diverse range of vegetation types ¢rassland, cropland, and shrubland),
and LAl in these sites varies significantly within a short period of time. Audubon,

Brookings, and Bondville are part of the AmeriFlux netwdrit(/ameriflux.ornl.gov/)

Audubon (Arizona, USA) is open shrubland with sandy clay loam soil type. The region
has a temperate arid climate. Brookings (South Dakota, USAa hasid continental
climate with hot summers and cold wintef$ie vegetation coves a mixture of C3 and

C4 grazed grassland and the soil typewsll-drained clay loamsBondville (lllinois,

USA) hastemperate continental climate aml covered with corn (C4) and soybeans
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(C3). The soll type of this site is silt loam. AmeriFlux archi@ntainshalf-hourly
micrometeorological datae(g, incoming solar radiation, air temperature, specific
humidity, and wind speed), and surface energy fluxes. Sensible and latent heat fluxes
were measured with the eddgvariance approach. Surface net aiidn and soil heat

flux were obtained using net radiometer and soil heat flux plate, respe¢irehardson

et al. 2006)Surface temperature is measured by an infrared thermometer.

The LAI data witha spatial resolution of 1 km aratemporal revisit of 8 days were
obtained fom the MODerate resolution Imaging Spectroradiometer (MODIS), available
on the ORNL DAAC (Oak Ridge National Laboratory Distributed Active Archive
Center) archive (http://daac.ornl.gov/MODIS/modis.html). To reduce the geolocation and
pixel-shift errors, he spatial aggregation from 7x7 pixels around the tower pixel rather
than the mere usage of the tower pixel is used to obtain LAl values. The average spatial
variations of LAl for Audubon, Brookings, and Bondville are 0.04, 0.26, and 0.19,
respectively. Vhdation of the VDAew model is done over the periods in which more
than 95% of the MODIS pixels have actdpequality (se€Table2.1).

Daman is a wet/densely vegetated site covered by seeded corn. It is located in the
middle reach ofthe Heihe River Ba®, China. In 2012, a muiscale observation
experiment was carried out from June to September in the framework of the Heihe
Watershed Allied Telemetry Experimental Research (HIWATHR)et al. 2013) The
automatic meteorological stations recorded sharte and longvave radiation (in both
upward and downward directions), net radiation, air teatpee, precipitation, wind
speed, atmospheric pressure, soil heat flux, soil moisture, and land surface temperature

(measured byertically downwardinfrared temperature sensoesjery 30 minutegWu
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et al. 2015) Thesensible anthtent heat fluxes are obtained from the Daman superstation
eddycovariance systemAt the Daman site, LAl was measured by E2000 scanner
during the field experiment with a spatial resolution of about 1(lnet al. 2013) LAI
varies rapidly from 0.44 to 4.3 durirthe early growing stages of maize (Julian days
159 188). During the next last twmonths of HIWATER experiment, LAl variation
becomes negligible. Hence, at the Daman site, the WIBystem is applied only to the
early stages of growing season (Julian day$ 188) when LAI prominently affectSyn.

Many studies €.g, Behera et al. 2010; Fang et al. 2012; Fensholt et al.) 2G04
evaluated the MODIS LAI product and LA2000 Plant Canopy Analyzer measurements
against direct field measurements, where LAI values are derived by destructive sampling.
These studies conclude that both MODIS and-RB00 scanner retrieve LAl with good
accuracy.

The energy balance rati@BR = (H+LE)/(R-G)) for each study site is calculated
over the assimilation perio@he daytime [9:006:00 LT] EBRfor Audubon, Brookings,
Bondville, and Damanare 0.7580.783, 0.782, and 0.90, respectively. For Audubon and
Bondville where the EBR is not within the accepted range, the Bowenersigy
balance methodqPerez et al. 1999 applied to partition available energy between
sensibleand latent heat.

The location, vegetation type and range of LAI at the four field sites are listed in
Table2.1. At the Daman site, the growing season and at the Audubon, Brookings, and
Bondville sites, both the growing and senescence seasons are exaxmoad. the four

sites, the Daman (Audubon) site experiences the most (least) variation in vegetation.
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Table 21 Characteristics of the study sites.

Site Longitude Latitude Year Julian day Vegetation Seasonal Al
(deg.) (deg.) type range
Daman 100.3745 38.8070 2012 159188 Cropland  0.444.29

Brookingg -96.8362 44.3453 2009 176209, 210238" Grassland 1.362.40
Bondville -88.2904 40.0062 2005 155201, 202230" Cropland  0.703.90
Audubort -110.5092 31.5907 2006 209233,234263" Shrubland 0.500.84

A¥For more information seéitp:/fluxnet.ornl.govandhttp://ameriflux.ornl.gov/
" Growing Season
™. Senescence Season

The observed InGun), which is obtained by substitutirilbe observed sensible heat
flux, wind speed, land surface and air temperatur@.8),(versus LAI is shown ifrigure
2.1 for the four investigated sites. Since MODIS LAI products are available every 8 days,
daily LAl data are computed via linear intergada. As expectedChn increases when
vegetation becomes denser. The correlation coeffidietween observed (Bxn) and
LAI (herein calledrong is shown inFigure 21 for each site. A number of studies showed
that Zow, kB, and consequentlZyn dependon LAI and to a lesser extent on wind
speed, friction velocity, and solar elevatiang, Sugita and Brutsak1990; Su 2002;
Timmermans et al. 2013; Colaizzi et al. 2Q08)is hypothesized that these factors
explain why the correlation coefficient Figure 21 varies among the sites. Overall, the
positive relationship between {Dn) and LAI is consistent ith the findings of other
studies such a@ubota and Sugita 1994; Farhadi et al. 2014; Massman 1999; Boulet et
al. 2012; Farhadi et al. 2016jigure 21 also indicates thaun varies significantly at
some of the investigated sites only over a short time period. For example, at the Daman
site, Cun increases by a factor of about 20 from 0.001 to 0.02 during the growing season.

These large variations i@y occur over only a 3day period (Julian days 1888) in
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which LAI varies from 0.4 to 4.3. This reveals that the assumption of mocinigtant

Chnmay lead to large errors and adversely affieeperformance of the VDA scheme.
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Figure 21 Time series of LAI (solid lindeft column), observed In (&) (dashed lindeft column), raw LAl
measurement (asterisleft column), and observed In () versus LAI at the four study sites (right column).

2.6 Results

2.6.1Land Surface Temperature
Figure 22 shows therootmeansquareerror (RMSE) of LST estimatesT(

RMSE) from the VDAwew model versus iteration numbet the four study sites. As
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indicated inFigure 22, the error between observed and estimatedl detreases rapidly

with theiteration number an@ RMSEreaches an asymptotic value at a certain iteration
number. Theoretically, the misfit between observed estimated LST should approach
zero after a certain number of iterations. However, there is a deviation from zero which is
due to the simplifying assumption®.g¢, constant dailyEF, constant soil thermal
conductivity and constant heat capacity as wel errors in input data) and/or

measurement errors.
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Figure 22 RMSE of land surface temperature estimates (T RMSE) versus iteration number.

2.6.2Neutral Bulk Heat Transfer Coefficient and Evaporative Fraction

As mentioned atwve, Cun is one of the key unknown parameters of the SEB
equation. In the VDAew mode] Chn is treated as a function of LAl and thus varies on a
daily basis (see2(5)), while the VDA modelassume<hy is constant over the period
of one monthThe estinatedCyn valuesby the VDAyg and VDAwew modelsfor all the
investigated sites are shownTiables 2.2 and 2.3 Unlike the VDAyq that provides only

an averag€un value during the assimilation period, this studpA new mode) accounts
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for the evolutionof Cun within the assimilation period. As indicated Tiables 2.2 and

2.3, Chn estimates from VDA fall within the range of variability o€nn retrievals from
VDA ew This implies that VDAew robustly captures variations inbas LAl changes
via reliableestimation of the unknown parametersGpi (i.e., a andb). The estimated

values ofa andb are also presented Trable 24.

Table 22 Estimated Gn values from the VDAu and VDAnew modelsfor the growing season.

A h Daman Brookings Bondville Audubon
roac
PP Julian day 159,88 Julian day 17€09 Julian dayl558201 Julian day 20233
-(FSSAStU(;y 0.00150.0077 0.00190.0050 0.00150.0093 0.00120.0061
Bateni et al. 13
(VDAoq) 0.0036 0.0028 0.0026 0.0032

Table 23 Estimated @n values from the VDA and VDAwew modelsfor the senescence season.
Brookings Bondville Audubon

Approach ) ) )
Julian day 2138 Julian day 202230 Julian day 23463
K}g As’t“v‘;y 0.00270.0078 0.00900.0165 0.00950.0122
Bateni et al. 2013
(VDA o) 0.0056 0.0099 0.0097
Table 24 Estimateda andb values fronthe VDA new model
Estimated value Daman Brookings Bondville Audubon
-6.63 -6.80 -6.30 -5.65
a 0.40 0.84 0.59 0.69

The other unknown parameter of the SEB equatideFd-igure 23 showsthetime
series ofEF estimates from the VD#w model at all the sites. For comparison, retrieved
EF values from the VDAg model andobservations are also shown in the sdfigre
2.3. The retrievedEF values from VDAew are in good agreement with observations in

terms of both magnitude and dioyday dynamics. The VDaAw model also yields more
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accurateEF estimates compared to VA This is due to the fact th&un (which is
simultaneously retrieved witkF) is estimated more accuratdby the VDAnew model
since its variation with vegetation phenology is captured., Thisurn, results in more
accurate estimation of the second unknoparameter of the energy balance equation
(i.e., EF). A lower LAI (e.g, at early stages dhe growing season) corresponds to a
lower Cun estimate in the VDAew model and hence smaller sensible heat flux. This
yields highelEF estimates that are closerdabservations than those of the ViAnodel.
The assumption of constant monthi@un in VDA results in overestimation

(underestimation) dfl in sparse (dense) vegetation conditions.
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Figure 23 Time series of daily EF estiates from the VDAwand VDAsus models at the Daman, Brookings and
Bondville, and Audubon sites. Corresponding observations are shown by circles. In VDAold @Ssumed constant
during theinterval between two verticalotted lines.
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The rootmeansquae-error (RMSE) and bias oEF estimates from the VDAw
modelare compared tthose of the VDA4 modelin Table 25. At almost all of the sites,
RMSE and bias oEF estimates from th®DAnew are significantly less than those of the
VDAoe. The foursite arerage of RMSE (absolute bias) of estimaigeifrom VDA new
and VDAq are respectively 0.10 (0.01) and 0.14 (0.03). Reduction in misfit between the
measured and estimated dailyF is interpreted as an improvement in the model
performance.ln order to indiate the effectiveness of the VI in improving EF
estimates, the percent improvement in RMSE of EF estimates (FBESE (%)) is

shown inTable 26 as a function ofqps (the correlation coefficient between observed In

(Chn) and LAI) andDLA, (the averageally variation of LAI). The average daily variation

of LAI ( DLAI) for each site is approximated as follows,

N1
a|LAIi+1- LAL |

Doy = (2.13)

The percent improvement RMSE of estimated variabl& for each site is obtained

as follows:

RMSE()control- ( RMSE) new BOQ (214)

RMSE- X,,(%) { e

control

RMSEEFimp (%) is obtainedrom (2.14) by replacingX with EF. As expectedsites

with higherropsand p ,, tend to show more improvement kit estimates when VDAw

is used. For example, at the Daman site, which has the higlaesind p _values

LAI

compared to the other field sites, taki@yn as a function of LAI (rather than assuming it
to be constant) showed the most improvemeriEkretrieval. The performance of the

data assimilation system is significantly improved at this site and a reduction of 50% in
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RMSE of EF estimates is obtaith by using VDAew instead of VDA. On the other
hand, since the vegetation variatiortta# Audubon site during the assimilation period is
not considerable, adding LAI information to VDA only slightly improves the RMSE of
EF estmates.

By replacingthes ar i RMB E 0 fi wi ot hi2.bf) bifie amprovement ibias for
the estimated variabl® by the new VDA system is obtained. The fsite average of
biasEFmp(%) is 63% and the largest improvement in termiia$ of EF estimateslfias

EFmp(%0)) is found at the Daman site (108%).

2.6.3Sensible and Latent Heat Fluxes

Time series of daytimaveraged estimated sensible and latent fluxes from the
VDAod and VDAwew models as well as corresponding measurements are shown in
Figures 24 and2.5, respectively The VDAnew model considershe daily variation of
surface roughness by taki@n as a function of LAlwhile the VDAysg model assumes
vegetation phenology is constant over the period of one month. H¥DXEmew iS
expected to outperfortdDA o1 in the egimation ofsensible and consequently latent heat
fluxes, especially for sites in which LAI varies significantly over the assimilation period
For examplethe vegetation shows rapid growtt the beginning of the assimilation
period at the Brooking, Damaand Bondville sites (sefeigure 21). Correspondingly,
the VDAnew model yields much better estimatesOsiv andEF and consequently sensible
and latent heat fluxes compared to the \J@Amodel, in that period at the

abovementioned sites.
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Figure 24 Time series of daytimaveraged sensible heat fluxéf @t the Audubon, Daman, Brookings, and Bondville
sites. In VDA, Chn is assumed constant during the interval between two vertical dotted lines.

The RMSE and bias d¢f andLE estimates from VDAeware compared with those of
VDA 4 for each site in Table 2.5. For sensible heat flux, the-daaraverage of RMSE
(absolute bias) from VDaAwand VDAwg are respectely 39.7 (7.2) and 55.9 (15Wm
2, Corresponding RMSE (absolutéas) values fotE estimates are 58.4 (23.7) and 72.4
(35.2) Wm?. The reduction in misfit between observed and estimidtedd LE clearly
demonstrates the importance of characterizing the effect of vegetation dynandgs on
for estimation of heat and nsture fluxes. The larger bias bf andLE estimates at the
Daman site compared to those of the other sites is mainly due to the specific
environmental conditions of this site. Daman has a denser vegetation cover and wetter

land surface (compared to thdet field sites) that degrades the performance of the VDA
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approach at this site (as discussed in previous stdiedolghafoorian and Farhadi

2016; Crow and Kustas 2005; Xu et al. 2Q14) fact, during the energymited or first

stage of evaporation (when soil is wet dfiélis at or close to potenti&F), the drying

rate is manly controlled by atmospheric conditions rather than land surface temperature
(Shokri et al. 2008)Therefore, under these conditions, the coupling etvEF and LST
observations is weak, estimating parameters from the LST measurements becomes more

uncertain, and consequenti¥DA performs less robustly.
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Figure 25 Time series of daytimaveraged latent heat fluxes (LE) la¢ tAudubon, Daman, Brookings, and Bondville
sites. In VDA, Chn is assumed constant during the interval between two vertical dotted lines.
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Table 25 Comparing the performance of Vddand VDArewat the four study sites. RMSEhd bias from VDA are
shown in parenthesis.

Daman Brookings Bondville Audubon

RMSE bias RMSE bias RMSE bias RMSE bias

EF () 0.06(0.13) 0.00¢0.06) 0.10(0.14) 0.00¢0.01) 0.10(0.13) 0.01(0.04) 0.12(0.16) 0.00¢0.00)
?\f\‘/ix_;)' 215(44.4) -5.6(18.1) 39.6(53.7) 11.2 (18.1) 50.0(66.6) -1.0¢13.0) 47.6(59.0) -11.1¢12.8)
?\;‘\‘}K_ZL)E 66.8(85.4) -49.7(-73.6) 69.7(82.7) 24.8(30.1) 49.4(60.7) 1.6(19.8) 47.7(60.7) -18.9¢17.5)
?&,‘;ﬁ?””yH 36.5(60.2) 2.6(24.4) 15.5(19.3) 0.8-0.7) 22.2(30.6, 2.8 (10.0) 20.6 (25.6 -1.6 (0.7)
?\i,':;]r_'zc)’””y LB 89.6(103.9 -52.8¢74.1) 31.0(35.1) 4.9(6.4) 23.931.6) 1.3(3.1) 21.6(28.4) -2.3 (3.3)

RMSE-Himp(%) and RMSELEimp(%) (obtained from 2.14) whereX=H and X=LE,
respectively representhe percentage amprovement in thgerformance of VDAew
model in estimating fluxes of heat and moisture. These improvements are presented in

Table 26 as a function ofessand p , . As expected, sites with highessand  , tend

to demonstratenore improvements il and LEestimates when VDaw is applied. In
fact, in these siteghe assumption of consta@n during the assimilation period (as
done in the VDA mode) introduces more error to the estimation methodology.
Maximum improvementaiH and LEestimates occur at the Daman site and are 54% and
30%, respectivelyThe foursite average obiasHimp(%) andbiasLEimp(%) (obtained
from (2.14) whereX=H and X=LE andvariablefi R M S Eeglaced byi b i),aase ®1%

and 37%, respectively.
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Table 26 Relationship betweethe percent of RMSE reductionsss and Dy . Percent of biases reduction are shown
in parenthesis.

Daman Brookings  Bondville Audubon
Fobs 0.64 0.62 0.55 0.28
D, 0.11 0.03 0.07 0.01
RMSEEFimp 57% (1086) 31% (71%) 22% (75%) 20% (0%)
Daily RMSEHimp 54% (131%) 26% (38%) 25% (92%) 19% (-15%)
Daily RMSELEin 30% (33%) 16% (18%) 19%(92%) 18% (7%)
Half-hourly RMSEHim 39% (89%)  20% (*) 276 (72%)  20% (*)
Half-hourly RMSEL Eimp 14% (29%) 12% (23%) 24% (58%) 24% (30%)

*: for both VDA s and VDAwewthe bias is very small.

2.7 Summary and Conclusion

Land surface temperatureST) observations are assimilated into a new variational
data assimilation (VDA) framework to estimate the key unknown paranwtbeat and
moisture fluxesi(e., evaporative fractioneF) and neutral bulk heat transfer coefficient
(Chn)). Unlike the previous VDA models(g, Caparrini et al. 2004b; Sini et al. 2008;
Bateni et al. 2013ahich consideChn as a constant parameter during the assimilation
period, our prposed VDA model take€un as a function of vegetation phenologye.(
leaf area index, LAI) to improve turbulent heat flux estimates. For this purpose, the
functional relationship proposed Barhadi et al. (2014, 2018&) used to characterize the

effect of LAl onChun.

The relatioship betweerCyn and LAI is examined at four sites namely, Audubon,
Daman, Brookings, and Bondville, which sample a fairly wide range of hydrological and
vegetative conditions. The correlation between obse@ygdand LAl at these field sites
are consisterwith the Cun-LAI relationship proposed biyarhadi et al. (2014, 201&nd

findings of other studieKubotaand Sugita 1994; Timmermans et al. 20M3riation of
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Chn over assimilation period, especially at the Daman and Bondville sites, reveals that
the assumption of consta@in over the assimilation period can adversely affect the
performance of the VDA schee. The performance of our proposed model (M&Ais
compared to that dateni et al. (2013bnhodel (VDAug). EF estimates from the VDAw

model are in agreementith the observations in terms of magnitude and-tdegay
dynamics even though no rainfall or soil moisture data are used in the model. Taking

as a function of vegetation phenologe.( LAI) improvesEF estimates (in comparison

with the VDAoqg modé). Cun in the VDAnew model captures the daily variation of surface
roughness that influences the exchange of turbulent fluxes between the surface and the
atmosphere. Thus, sensible heat fli} &nd consequently latent heat fllbE]) estimates

from the VDAnew model are more accurate than those of \{R/Results show that the

new model outperforms the VA model and decreases the romtansquareerror (and

bias) in sensible and latent heat flux estimates across the four sites on average by 31%
(61%) and21% (37%), respectively. As expected, a laigggrovement irthe estimation

of EF, H, and LEis observed at sites wittme higher correlation between observed In

(Cun) and LAI (.e., ropg, and during the periods in which temporal variation of

vegetationphenology is significant (high ). In fact, in these siteshe assumption of

constantCun during the assimilation period (as done in the \l@Anode) introduces

more error to the estimation methodology.
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Chapter 36 Uncertainty Quantification: Toward an Integrated Variational Data

Assimilation Framework®

Variational Data Assimilation (VDA) is an effective technique for the estimation of
land surface heat fluxes. In this method, sequences of remotely sensed land surface
temperature (LST) measurements assimilated into a dynamic surface energy balance
(SEB) model to estimate the key unknown parameters of the turbulent heat fluxes.
Despite the advantages of the VDA technique in the retrieval of land surface heat fluxes,
it suffers from a key limitation, tich is its tendency to be 4flosed. Moreover, unlike
ensembleébased schemes, the VDA method itself does not provide estimates of the
predictive uncertainty of estimated parameters and thus retrieved fluxes. This research
addresses these shortcomings byoppsing an uncertainty quantification (UQ)
framework for the VDA technique. The proposed framework utilizes uncertainty analysis
and analysis of error covariance approximation as a tool to quantify the uncertainty of
estimated parameters and to guideftrenulation of a welposed estimation problem. It
provides a calibratioffree tool to assess the performance of the VDA technique in
retrieving land surface heat fluxes over a range of land surfaces and climatic conditions.
The UQ framework suggests thtite VDA approach performs poorly over wet and
highly vegetated land surface regions and when the difference betiwesland surface

and air temperatuseis low. Moreover, it reveals that characterizing the effect of

6 A similar form of this chapter has been published in HBEE Journal of Selected Topics in Applied Earth
Observations and Remote SensiAfdolghafoorian, A., Farhadi, L. (2016). Uncertainty quantification in land surface
hydrologic modeling: Toward an integrdteariational data assimilation framework. 9(6), 2€537.© 2016 |IEEE.
Used with permission.
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vegetation dynamics on the bulk heatnsfer reduces the correlation between unknown

parameters and hence leads to a more robust estimation of parameters.

3.1 Introduction

The exchange of heat turbulent fluxes betwiwrland surface and the atmospheric
boundary layer drives the dynamics tefrestrial systems, weather, and climate. Thus,
their accurate estimation is of critical importance in a variety of geophysical and
hydrological applications that involve the land and atmospheric components of the earth
system(LeMone et al. 2007; Alfieri etl. 2009; Stephens et al. 2012)

Aln situd measur ement s ¢Baldotch ptcl. 200iand ace f | u
cannot be readily scaled to large areas relevant to hydrolpogieather, and climate
studies(Daughtry et al. 1990; Li and Lyons 1999; Su 1999)A sui t abl e al ter n;.
Ssitudo measur ement of | and surface fluxes i s
numerous techniques developed to make quantitative estimates of surfaseubing
remotely sensed observations.q, Anderson et al. 1997; Bastiaanssen et al. 1998;

Caparrini et al. 2004a; Sini et al. 2008; Allen et al. 20HdBta assimilation (DA)
techniques, such as ensemble Kalman filterk{®nand variational data assimilation
(VDA) (e.g, PetersLidard et al. 2@1; Bateni and Entekhabi 2012a; Sini et al. 2008;
Reichle et al. 2008, 2001khave gained substantial success in recent years. DA
techniques for the estimation of land surface heat fluxes are commonly focusieel on
estimation of land surface state vatezb.g, land surface temperature), while keeping
the model parameters fixe(Reichle et al. 2001b, 2002)Surface fluxes are then
estimated through their dependemuystate variables. However hydrological parameters

often represent conceptual properties whose values can generally not be independently
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measured or assessed from lookaples(Vrugt et al. 2005) The incorrect choice of
parameters may result in substantial errors in the estimatedvstriables and, therefore,
estimated model output predictionse( land surface heat fluxes). To address this
deficiency, recent progress in DA techniques has enabled simultaneous estimation of
state and model parameteesg, Sini et al. 2008; Bateni et al. 2013; Caparrini et al.
2004a; Bateni and Entekhabi 2012a)

The two main unknown parameters of turbulent land surface heat fluxes are neutral
bulk heat transfer coeffient (Gin) that scales the sum of the turbulent heat fluxes, and
evaporative fraction (EF) that scales the partitioning between the turbulent heat fluxes.
The Variational Data Assimilation (VDA) method.g, Caparrini et al. 2004b; Bateni et
al. 2013; Xu et al. 2014; Sini et al. 2008; Margulis et al. 2005; Boni et al. 200iEVves
these two parameters by assimilating sequences of remotely senseduttace s
temperature (LST) measurements into a model of dynamic surface energy balance. LST
temporal variations contain significant amounts of information about the partitioning of
available energy among the components of land surface energy balancerisible,
latent, and ground heat fluxes as well as outgoing longwave radigBaméni and
Entekhabi 2012b)The VDA algorithm is designed to balance the effects of parameter
and LST measurement errors by minimizing a weighted -Brastes cost function,
which aggregates errors over the assimilation intgiiRalchle et al. 2001a; Caparrini et
al. 2003; Margulis and Entekhabi 2003)

The VDA scheme has advantages over ensebdsed approaches.¢, EnKF) in
terms of optimality of estimated parameters, stability, and robustness of the estimation.

Ensemblebased data assimilation methods for parameter estimation may render the
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estimation process unstable because of complex interactions between states and
parameters in nonlear dynamic systen{8/oradkhani 2008)In addition, these methods
suffer from covariance matrix rank deficienayhich results in an Hposed estimation
problem) due to small ensemble sidacker et al. 2007; Hamill and Snyder 2Q00)
Moreover, in contrast to most ensembbBsed DA schess, which approach the
assimilation in a sequential manner, the VDA scheme operates in apbatelssing
manner. Thus, by using the observations inside the assimilation interval all at once, the
VDA schemeis more optimal than sequential enservtdsed minods(Liu and Gupta

2007; Bateni and Entekhabi 2012a)

Despite the advantages of the VDA scheméhe estimation of the parameters of
land surfacefluxes (hereafter the VDA scheme), this method tends to hmoskd,
meaning that a continuum of possibilities exists for different parameters that produce
essentially identical measuremanbdel misfit errors (Crow and Kustas 2005)
Moreover, unlike ensembleased schemes, the VDA scheitself does not provide
estimates of the predictive uncertainty of estimated parameters and, hence(lfluxes
and Gupta 2007; Reichle et al. 2001bhis limits the value of estimated land surface
fluxes for decisiormaking processes.

In order to address the deficiencieslod ensembleébased and VDA schemes, hybrid
methods €.g, EnKF-3DVAR) have been developed in recent years, which blend the
features of both variational and ensemble based DA metleods Gao et al. 2013,
Hamill and Snyder 2000)n a hybrid method, the static background error covariance and
the flowrdependent error covariance derived from an ensemble are used within the

variational analysis. Although hybrid methods avoid many of the issues associated with
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the implementation of the extended and ensemble Kalman filters, which include filter
divergence, dyamic imbalances, and rank deficiency, in comparison to the VDA
scheme, they are computationally more expensive and impractical fostigesystems
where the number of parameters to be estimated is not quite small.

In this research, we advance the VIB8heme for largscale prediction of land
surface heat fluxes by addressing the key shortcomings of the VDA scheme compared to
ensemblébased methods.€., inability to provide estimates of the predictive uncertainty
of estimated parameters and hencedhk)x Following the studies éfarhadi et al. (2014,
2016) an uncertainty quantification (UQ) framework is proposed for the VDA scheme
that utilizes uncertainty analysis and analysis of the cavegiapproximation as a novel
tool to estimate the uncertainty of parameters and retrieved fluxes, and to guide the
formulation of a welposed estimation problem.

A Hessianbased approach is proposed in this research for the uncertainty
guantification. Hessian is a measure of uncertainty of the least square problem through its
relation to the inverse ahe error covariance matrixBurger et al. 1992; Draper and
Smith 1998; Le Dimet et al. 2002;h&tyaev et al. 2008; Gejadze et al. 200Vhe
Hessian matrix can be explicitly constructed in4dwensional parameterization via the
direct differentiation or Lagrangian method. Studies show that the Lagrangian method
providesa more accurate estimaticof this matrix €.g, Alekseev and Navon 2002; Le
Dimet et al. 2002; Burger et al. 1992; Papattiou and Giannakoglou 2008ahd thus it
will be the method of choice in constructing thessian matrix in this research. The error
covariance matrices are evaluated by inverting the hessian of cost function at the point of

optimum €.g, Shutyaev et al. 2008; Gejadze et al. 2Q0Fhe uncertainty of estimated
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land surface fluxes is quantified by propagating the uncertainty of linear and/ nonlinear
functions of estimated parameters using the method of First Order Second Moment
(Dolinski 1982; Husein Malkawi et al. 2000)
3.2 Surface Energy Balance Model

The surface energy balance model used in this research is based on the combined
source surface energy balance equation (SEB) scheme, which treats soil and canopy as
one nedium. The SEB describes the partitioning of incoming net radiatigh i
sensible (H), latent (LE), and ground heat flux (G) components as:

R =H+LE+G (3.1)

In this model, the sensible heat flux can be represented in terms of the gradient of
temperatre betweerthe land surface (T) anthe air above it (). Utilizing the neutral
bulk transfer coefficient (G), it is formulated as:
H = rc Uf (R)C (T - T,) (3.2)

where U is the wind speedhc s t he specific heat of air,
the atmospheristability correction function, which itself is a function of the Richardson
number (Ri). Instead of empirical and s#gecific stability correction functions, the
simple stability correction function proposed by Caparrini e{28l04a)is used in this
research.

The ratio of latent heat flux to the sum of turbulent heat fluxes H+LE) is
represented by dimensionless evaporative fraction (EF) as:

LE

EF =——
LE + H

(3.3)

and thus the latent heat flux can be represented as:
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H (3.4)

Chn and EFare the keyinknown parameters of turbulent heat fluxes in SEB.

3.3 Variational Data Assimilation Approach

The variational data assimilation scheme allows the estimation of the unknown
parameter vectol given observations of theate vectorX throughthe initial value
problem (also called system equation):

dxX _ f
G oY) W, t ] (3.5)

X(t) =X,
The VDA approach is based on the minimization of the cost funciomhich

represents the aggregated errors on state estimation with respect to obseXaions,

o

and parameters esti mat i onYOwithin the assamslgionc t t

window (b, t1):

I=HX X CHX Xgdt (& VICKY V) - fbse R xyae  (36)

obs.

The physical constraint is adjoined through the vector of Lagrange multipli€xs
andCy correspond to the error covariance of observationa n d p apricgomet toe rdsa t fia
assimilation (Reichle et al. 2001a; Caparrini et al. 2004bhe optimal alues of
unknownparametersre found by minimizing the cost functioh, The minimum value
of Jis obtained by setting its first variati@gual to zerol( J0). Settingli do zero leads
to the following set of s@alled EulerLagrange equations (including boundary condition
and initial condition for estimating the Lagrange multiplier (thealbed adjoint model)

as well as a set of equations for updatimg prior value of parameters).
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do- + UF T

T @“& X )" (3.7)
t,) =0

Y =Y'+C, ﬁo aIHEY (3.8)

The VDA model used here is basedRateni et al. (2013Bateni et al. (2013)tilize
the full heat diffusion equation, instead of the commonly used force restore equation
(e.g, Boni et al. 2001; Sini et al. 2008; Castelli et al. 1999; Caparrini et al. 2004b, 2003)
for vertical soil temperature transport. The heat diffustgoiation is adjoined to the
model as the physical constraint. The vector of states is defingd=g&ST]" and the
vector of parameters is defined¥as [R EF]", whereR=In(Cun).

Chun and EFare the keyunknown parameters of land surface turbulent fleaes
and are obtained by assimilating the land surface temperature (LST) observations within
the assimilation windowt{ =9am, t>=4pm] into the VDA frameworkEF is almost
constant for neapeak radiation hours on days without precipita{i§huttleworth 1989;
Crago and Brutsaert 1996; Gentine et al. 2087Q is taken to be a constant daily
parameter that varies from d&yday, whereas G is taken as a monthly constant
parameter with the assumption of constant tetgen phenology over the period of one
month.

3.4 Uncertainty Quantification (UQ)

Statistical properties of the optimal solution error (in terms of the covariance) are
very important for quantification of the model output uncertainties. Errors in the
estimates of parameter values may lead to significant uncertainties in the model outputs
(Liu and Gupta 2007; Liu et al. 2009)he VDA scheméself does not provide estimates

of the predictive uncertainty of estimated paramdiiets and Gupta 2007; Reichle et al.
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2001b) In this researcha Hessiarbased approach is proposed for uncertainty
guantification. The Hessian d¢iie cost function J) is a measure ofneertainty in the
estimation of model parameters associated with the best fit values of the data, at the point
of optimum. If the model counterparts of the data are linear functions of the model
parameters, the cost functiod) (n the vicinity of the opthum is quadratic and the
probability density of model parameters is approximately Gaussian. In thistcase
inverse of the Hessian dahe cost function at the point of optimum is a good
approximation of the error covariance of model parametegs Thacker 1989; Draper

and Smith 1998; Le Dimet et al. 200%)the model counterparts of the data are nonlinear
functions of the model parameteithe cost functionJj might have several relative
minima. The shape of the cost function will depend on the number, type, and the quality
of the data. However, with enough of the right kind of measurements to pin down the
model parameters fairly precigethe cost function should have a single deep minimum;

in the vicinity of the minimum the cost function should be quadratic and the probability
density for model parameters should be approximately Gau@Sijadze et al. 2007,
Shutyaev et al. 2008Yhus, a good approximation for the error covariance matrikeof
optimal solution is provided by the inverse of the Hessighe¢tost function at the point

of optimum.

In the lowdimensional parameterization, one can explicitly construct and invert the
Hessian matrix to find the posterior covarianG®(veia and Scales 1998; Gouveia and
Scales. 1997)Thetwo well-known methods for calculation of the Hessian matrixhef
cost function are the Lagrangian technique (adjoaged technique) and the direct

differentiation methodg.g, Alekseev and Navon 2002; Le Dimet et al. 2002; Burger et
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al. 1992; Papadimitriou and Giarkzglou 2008b) Studies show that the Lagrangian
technique requires less computational time and provides higher accuracy in calculating
the Hessian matrix compared to the direct differentiation metBgohes 1991; Wang et
al. 1995; Burger et al. 1992)

To construct the Hessian matrix using the Lagrangian meModew cost functions
(i.,e, Ly, YY) ar introduced, whemgy is the number of unknown parameters. The new
cost functions consist of the gradientXofi.e., O J ) @hgl two new adjoint variablesg,
andpy, defined as:

& 1 edX

Lﬁ% NG gg FOY) ﬁt t}ﬁ 3

dée ;
& /T+§ (X - X, ) CL dt (3.9)

Setting the first variation of the new cost functanith respect tX anda-equal to
zerq a new set of Euldragrange equations is derived which enable estimation ahd

pu. After estimation ofqu and pu, the next step is the construction and inversion of the

Hessian matrixH, to obtain the covariaeamatrix of parameters,.
S=H™ #h @i E.N. 15N, (3.10)

The components of the Hessian matrix are written as:

h =M (3.11)
i Hy,

Once the inverse of the Hessian and covariance matrix of parameter estimates are
known, it is possible to compute the variance and covariahaay linear and nonlinear
combination of model parameters (vector through the method of First Order Second
Moment (FOSM)(Kalmikov and Heimbach 2014; Husein Malkawi et al. 200the

FOSM method considers thedi order Taylor series expansion term (and neglects higher

47



than first order terms) o nonlinear functionf = f(Y), and provides uncertainty &f

through the propagation of the posterior uncertainty at:

T 1/2
Z (3.12)

& - o
For details of the derivatiersee Appendix A.
3.5 Study Location and Data

The UQ framework is applied at selected field sites to test the performance of the
VDA approach in retrieving the unknown parameters of heat and evaporative flaxes (

Chun andEF). The selected field siteseaFIFE (FIFE: First ISLSCP Field Experiment),
Audubon in Arizona, and Daman in China.

FIFE is conducted on a 15 kmx15 km grassland site near Manhattan, Kansas. The
site-averaged time series of the measured surface fluxes, and meteorological variables
(with a 30min time step) from the portable automatic meteorological stations prepared
by Betts and Ball (1998)ver 96and 84day periods respectively in the summers of 1987
(Julian Day 148243) and 1988 (Julian Day 16®43) are used.

The Audubon field site in Arizona is part of the AmeriFlux network

(http://ameriflux.ornl.gov/) This region is open shrubland with sandy clayrail type.

The region has a temperate arid climate. AmeeriFlux archive containsalf-hourly
micrometeorological and forcing data.q, incoming solar radiation, air temperature,
specific humidity, and wind speed) measurements for this site. Surfeergyeflux
measurements for the purpose of evaluation and validation are also collected from the
AmeriFlux archiveln this researchwe present results over the period of Julian Day 209

263, 2006.
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Daman is a wet and densely vegetated site covered bgdseerh. It is located in the
middle reaches dhe Heihe River Basin, ChinfLi et al. 2013) In 2012, a multiscale
observation experiment was carried out in the framework of the Heihe Watershed Allied
Telemetry Experimental Research (HIWATER). The automatic meteorological stations
recorded data, including shewave and longvave radiation (in b upward and
downward directions), net radiation, air temperature, precipitation, wind speed,
atmospheric pressure, soil heat flux, soil moisture, and land surface temperature at every
30 minutegWu et al. 2015; Xu et al. 2015)he results are presented over the period of
Julian Day 159188, 2012. The location, vegetation type, and range of LAdaah
investigated sitare listed in Table 3.1.

Table 31 Characteristics of the Study Sites

Site Longitude Latitude Year Assimilation Periot Vegetation Seasona
(deg.) (deg.) type LAl range

#1: May 28June 2¢
FIFE87 96.53 39.05 1987 #2: June 29uly 29 Grassland 0.732.34

#3: July 30 Aug 31
#1: June8uly 7

FIFE88 96.53 39.05 1988 #2: July 8Aug 6 Grassland 0.821.76
#3: Aug#Aug 30
Daman 100.374 38.807 2012 #1: JuneJuly6 Cropland 0.784.20
A #1: July 28Aug27
Auduborf -110.509 31.591 2006 Shrubland 0.50-0.84

#2: Aug28Sep20
f: For more informton, seehttps://daac.ornl.gov/FIFE/fife.shtml
AFor more information, seettp:/fluxnet.ornl.govandhttp://ameriflux.ornl.gov/

3.6 Results

3.6.1 Parameter Uncertainty
The main objective of the VDA schens to reducehe uncertainties of the model
parameters by assimilating observatigbsi and Gupta 2007)The difference between

the prior uncertainties and the posterior uncertaimtiggrameters provides a measure of
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the degree to which the observations are able to constrain the model and reduce the prior
uncertaintiegKalmikov and Heimbach 2014)

The uncertainty of unknown parametédRsandEF, before (.e., c¥?andcy?) and after
(i.e, r, 8 n &) nderging LST observations are shown in Figure 3.1 for all assimilation
periods (as specified in Table 3.1) in FIFE87, FIFE88, Audubon, and Daman.
Uncertainty analysis shows that bd#F and R uncertainties are reduced once new

information fran available observations€., Tob iS incorporated into the model.
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Figure 31 Prior and posterior uncertainty of R (first column) and &€0nd columnyesults for
FIFE87 (a), results for FIFE88 (b), results for Audulfon and results for Daman (d).
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Figure 3.2 (upper panel) depicts the estimated values of daily EF for an exemplary
field site,i.e., FIFE87. For comparison, the observed values of EF are shown with red
circles. The blue shaded error band represents thertamty associated with estimated

EF (corresponding to the upper 85th and lower 15th quantiles).
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Figure 32 Time series of the daytirreveraged (a) EF, (b) H, and (c) LE observation and estimates +
one standard error, (ressifor FIFE87). The correlation coefficient (r) and RMSE between observations
and simulations are shown for each series.

3.6.2 Turbulent Fluxes Uncertainty

Sensible heat fluxH) and Latent heat fluxLE) arenonlinear functions of unknown
parameters of pdel R and EF (i.e, H=H(R) and LE=LE(R, EF), respectively) The
uncertainty of estimatedd and LE with respect to parameterg.e., Un a n dig, U
respectively) can be determined using the FOSM method, given the estimated

parameters, mearRand EF ), variance(s 2 and s 2. ), and covariance (coR( EF)):
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The middle and lower panel of Figure 3.2 shiaytimeaveraged estimates of H and
LE as well as the corresponding measurements for an exemplary fielcesitedFE 87
The blue shadkerror band demonstrates the uncertainty associated with estimated fluxes
(i.e.Un a n dg). Overall, observed fluxes fall within the estimated uncertainty band; this
reflects the efficiency of uncertainty analysis. Since both EF and R undegaifiect
the uncertainty of LE estimates, the uncertainty associated with LE is thegethat of
H (which is only affected by the uncertainty of R).
3.6.3 Assessment of VDA Performance via UQ Framework

Crow and Kustas (20059xamined the performance of the VDA approach over a
range of vegetative and hydrologicanditions in tle southern U.Sy comparing VDA
results with flux tower observations. Their results suggest that the VDA scheme is
promising for land surface flux retrievals over the bare soil sitg, ELRENO13) and
over dry conditionsd.g, Little Washita site). Irtontrast, the VDA scheme over wet and
heavily vegetated sitee.¢, FIFE) is faced with retrievability problems. They have also
shown that small and nerariable daytimeaveragedr-Ta (i.e., difference of land surface
temperatureT) and air temperaturél§)) prevents the robust retrieval of surface energy
fluxes €.g, ELRENOL1). Similar observations were reported by other resear@ngrs (
Sini et al. 2008; Xu et al. 2015Xu et al. (2014)ested the performance Bhteni et al.
(2013)the VDA scheme for retrieving fluxes over six ArniFlux sites by comparing the
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estimated fluxes with measured fluxes. They also conclude that the performance of the
VDA scheme at dry, lightly vegetated sites is better than that at wet, densely vegetated
sites.
In summary, three common hypotheses thaveh®een raised regarding the
performance of the VDA scheme in retrieving land surface turbulent fluxes in literature
(e.g, Crow and Kustas 2005; Sini et al. 2008; Xu et al. 2013, 28fel)1) the VDA
approach has less satisfactory performance in retrieving surface fluxes in wet than dry
land surfaces, (2) the VDA approach has less satisfactory performance in densely than
lightly vegetated land surfaces, and (3) the simultaneous retrieval of unknown parameters
of turbulent heat fluxes.€., Cun andEF) by the VDA approach is sensitiveggen small
perturbations inT over sites with small and nerariable T-T, differences, which
prevents robust retrieval of the land surface fluxes.
To examine these three common hypotheses within the proposed UQ framework, we
compute the correlations betwee gland land surface soil moisture (SM), leaf area
index (LAI), and daytimeveragedT-Ta. We then test the null hypothesis of no
correlation to diagnose whether the observed correlations are significant.
The scattep | ot s i n Fi gur e @btahedifrbm thes uncedainty how
analysis in FIFE87 over Julian days 1283) is affected by the daily value of SM, LAI,
and daytimeaveragedT-To. Foranaddi t i on al il 1l ust rg SMon, t he
LAI, and daytimeaveragedTl-Ta for FIFE87 overJulian days 14843 are depicted in
Figure 3. 4. T & klezneases as the soil beoomes,dry &nd the vegetation
becomes sparse.(, Julian days 192 1 0 ) . 't i s adirstoedaybwiter ved tF

small T-Ta is significant in comparison ithose days with largé-Ta This is mainly due

53



to the fact that wheii-Tais small, the LST is no longer a strong constraint on the cost

function and the estimation becomes iHposed(Sini et al. 2008)
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Figure 33 Scatter plot showing the influence of (a) Soil moisture (SM), (b) Leaf area index (LAI), (c)
Difference of soil and air temperaturesTg) onthel at e nt

represented by r (results for FIFE87).
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Figure 34 Impact of various land surface and climatic conditions on the performance of the VDA

technique. Time series of (a) Laten he at f | u ), (b)Saleoidtueei(IM), (c) Léafiarea index
(LAI), and (d) Difference of land surface and air temperaturesy Tresult for FIFE87).

Table 3.2 shows the correlatior) &nd pvalue for each null hypothesis. Thesglue

is the probability of getting a correlation as large as the observed value by random chance

when the true correlation is zef®ice 1989) The small pvalues for all field sites
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indicate that the correlation between the uncertainty and the three land surface and

atmosphericfactors are significant. As such, we can accept the aforementioned

hypotheses with a high degree of confidence.

The UQ framework proposed in this manuscript provides a calibragertool (.e.,

not reliant on measurements of surface fluxes) to evathatenfluence ofand surface

and atmospheric conditions on the performance of the VDA scheme in retrieving land

surface turbulent heat fluxes. The results of the uncertainty analysis are corresponding

well with the results of previous work on the testha# performance of the VDA scheme

(Crow and Kustas 2005; Sini et al. 2008; Bateni et al. 2013b; Xu et al..2014)

Table32Resul t of Nul |

Hypothesi s

of

N o

Corwandati on

Soil Moisture (SM), Leaf Areanidex (LAI), and Difference of Land Surface and Air TemperatuFegy]

Site SM LAI T-Ta
r 0.38 0.64 -0.42

FIFE87
8 p-value 0.00 0.00 0.00
r 0.21 0.46 -0.43
FIFESS p-value 0.06 0.00 0.00
r 0.34 0.28 -0.23

A

udubon p-value 0.01 0.04 0.08
Daman r 0.36 0.57 -0.68
p-value 0.05 0.00 0.00

3.6.4 Sensitivity Analysis

The quality of available remotely sensed da&, (LST) as well as prior knowledge

about the error characteristics of the unknown model parameger€F andR) vary

acrossthe different land surface and atmospheric conditions. For example, errors in the

MODIS MOD11 (Terra) and MYD11 (Aqua) Collection 5 (C5) LST products can be as

low as 0.5 K and as large as 11 K (due to the contamination of LST products with clouds

or/and heavy aerol) (Wan and Li 2008; Coll et aR009) Sensitivity analysis provides
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a tool to examine the extent at which the prior uncertainty of parameterarfd c2)
and the LST measurement erroes¢) af f ect the uncerrtd&j nty of

Cn ) aLn)d V!

. . 1/2 1/2 1/2 . . .
In our sensitivity analysisCg“, Cz7, andC;“ are considered as the variables which

vary over physically reasonable ranges., ng: [0.2-2.0], CE’FZ: [0.050.5], and C%”:

[0.51 5] K) wi tvalued of k 0.1b 3K srespectively. The uncertainty analysis
is performed in three stages to evaluate the effect of each variable on the uncertainty of
the model outputs. In each stage, one variable is varied over the defined physically
reasonablerangghi | e t he other two variables are | ef
As an example, the results of sensitivity analysis for FIFE87 (Julian dag1182
one assimilation period) are presented in Figure 3.5 (Similar results are observed for
other field sites)In this figure, the 3@lay average of dailgF, H, andLE are considered
as t he r epree s,@amtda The sessiivityahalysis results can be classified
into three categori es -t¢lli)n ehaorrdoi zsoma pad , sahmad e
down shape.
The horizontal shape of a plot indicates the insensitivity of the posterior uncertainty
of a model output of interest to the corresponding variable. For example, the posterior
uncertainties ofR, EF, H, and LE are insensitive (or low sensitivdad the prior
uncertainty of parameté®. This means that even though prior knowledge about the land

surface roughness properties is unreliabke, (the initial guess foR is associated with

high degree of uncertainthigh ng), the LST observations aséill able to constrain the
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model parameter space and produce parameter and flux estimates with a reasonable

degree of uncertainty.
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Figure 35 Sensitivity analysis, (result for FIFE87, Julian day-P32).

The #fodimear shapeo of a plot iofl thewpasstenomt es t h

uncertainty ofthe model output to the corresponding variable. For example, the
uncertainties ofR and H estimates are strongly affected by the accuracy of LST

observations, meaning thawven small errors in LST observations may significantly

increase the uncertainty associated \RthndH estimates.

The concave down graph indicates that although the uncertaittte ofodel output

of interest is highly sensitive to the correspondingalde, this sensitivity decreases

significantly once the variable exaeeds a

versusCiy shows this concave deincreasesedydncreases,s hi p .
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once C? exceeds a certain value (in this case O, uncertainty ofEe st i mgt e ( 0
becomes less sensitive to the prior uncertainfFoCL?). This is due to the fact that the

VDA scheme is able to compensate for the effect of IGghby using available LST
observations and estimate latent heat flux &iteasonable degree of uncertainty.

3.6.5 UQ framework: A guide tothe well-posed estimation problem

The parameter estimation problem is wmbdsed if the optimal solution exists, is
unique, and depends continuously on the initial data. If one or mdnes# triteria is not
satisfied, then the problem is-pbsed(Poggio et al. 1985 high correlation between
two retrieved parameters means that theAvEcheme is not able to separate these
parameters from each other properly. In other words, the solution is not uneguid |
posed) and a continuum of possibilities exists for different parameters that produce
essentially identical measuremeanodel nmsfit errors. The first step towards addressing
the ill-posedness of an estimation problem is to identify the degree to which the estimated
parameters are correlated and identify highly dependent parameters. We can extract
valuable information from the @nr covariance matrix of parameters not only to define
the uncertainty associated with each parameter but also to obtain the correlation between
retrieved parameters (through -offagonal entries of the covariance matrix). In this
section, the ability of #a UQ framework as a tool to identify and assess googkd
estimation problem is illustrated by assessing whether takingi@., neutral bulk heat
transfer coefficient parameter) as a function of LAI, in lieu of a constant parameter, may
lead the esthation problem to a welposed form.

As explained irsection3.2, Cun is one of the key unknown parameters of the Surface

Energy Balance (SEB) model and is considered as a monthly constant parameter in
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previous works, with the assumption of constant \etget phenology over the period of

one month €.g, Caparrini et al. 2004a, 2003; Bateni et al. 2013; Sini et al. 2@xe

during the growing season, bare soil may turn into a fully vegetated surface only within a

few weeks, assuming the neutdalilk heat transfer coefficienCun, as a monthly

constant parameter may result in a significant amount of error in the estimation of surface
fluxes. Abdolghafoorian et al. (201 dugmented the VDA scheme by characterizing the

dynamic effect of vegetation phenology Gan and formulatingChn as afunction of leaf

area index (LAI) as proposed Bwrhadi et al. (2014he augmented VDA scheme was
tested over four different sites by compar:i
situdo measurement of heat f | QuassfunctRea ul t s de
LAI, the rootmeansquareerror (and bias) of sensible and latent heat flux estimates

across the four sites are reduced on average by 31% (61%) and 21% (37%), respectively
(Abdolghafoorian et al. 2017)

In this research, we take the advantage of the UQ framework as a new tool to assess
whether the new parametric form ofiJ(i.e., taking Gin as a functia of LAl in lieu of a
constant parameter) may also lead the estimation problem to-pogell form. Figre
3.6 compares the correlation betweenCli) and EF for a field site, FIFE87,in two
cases (1)Cun is constant over an assimilation period and 2y varies as the land
surface vegetation cover changes.uréy36 illustrates that takin@€nn as a function of
LAl in lieu of a constant parameter, reduces the correlation betwe@m)réndEF in
most of the days. The Qfay average of correlationsateases from 0.30 to 0.24 and the
maximum correlation (observed on Julian Day 182) decreases from 0.96 to 0.87. In

addition, the number of days with correlations higher than 0.5 decreases from 17 days to

59



12 days, meaning that taki@un as a function of LAimproved the illposedness of the
estimation problem. However, still high correlation exists betw&gnandEF on some

days €.g, Julian day 182), which indicates the need for further attempts to improve the
robustness of the estimated parametezsy,( increasing the assimilation period,
assimilating new state information into the model, reducing the parameter space and etc.).
This example demonstrates the ability of the UQ framework as a tool to guide the
formulation of a weHposed estimation problerby assessing whether the suggested

improvements increase the robustness of the parameter estimates.

T
= constant — C,,,, = f(LAI)
[ HN m

-—-Cuy

correlation between EF and In(CHN)

150 160 170 180 190 200 210 220 230 240
Julian day

Figure 36 Correlation between two key parameters of the SEB equation, (results for FIFE87).

3.7 Summary and Conclusion

The acurate estimation of land surface heat turbulent fluxes is of critical importance
in a variety of geophysical and hydrological applications that involve the land and
atmospheric components of the earth system. Variational Data Assimilation (VDA) is an
effective technique for the estimation of land surface fluxes parameters. Key parameters
of turbulent heat fluxes are estimated by assimilating sequences of remotely sensed land
surface temperature (LST) measurements into a dynamic surface energy balance (SEB
model. Despite the many advantages of these models in retrieving land surface fluxes,

they suffer from one key limitation, which is the tendency to bpafled(Crow and
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Kustas 2005)Moreover, unlike other data assimilation methods, the VDA scheme itself
does not provide uncertainty estites of parameters and retrieved fluflea and Gupta

2007; Reichle et al. 2001bJhis limits the value of the estimated land surface fluxes to
decisionmaking processes. In this research, we address the shortcomings of the VDA
scheme for land surface flux estimation by proposing an uncertainty quantification (UQ)
framework. The propged framework follows the studies Barhadi et al. (2014, 2016)

and utilizes uncertainty analysis and analysis of the error covariance approximation as a
tool to estimate the uncertainty of rewgel fluxes and guide the formulation of a well
posed estimation problem. A Hessiamsed approach is proposed in this research for
uncertainty quantification. The error covariance matrix is constructed by inverting the
Hessian matrix constructed througlre thagrangian metho@Burger et al. 1992)The

error covariance matrix provided valuable information about the uncertainty of each
parameter as well as the correlation between the estimated parameters. By propagating
the uncertainty ofinear/nonlinear functions of model parameters, the uncertainties of
estimated fluxes are defined.

The UQ framework is applied to assess the performance of the VDA approach
developed byBateni et al. (2013)n retrieving land surface heat turbulent fluxes at
selected field sites namely FIFE, Daman, and Audubon. The uncerimnatysis
suggests that the VDA scheme retrieves the land surface heat fluxes with adbigyieer
of uncertainty (1)over a wet land surface thaa dry one (2) overa densely vegetated
land surface thaalightly one and (3) when the difference betweabeland surface and
air temperaturgis low. These results correspond well witle resultof previous works

conducted on testing the performance of the VDA scheme in retrieving land surface
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fluxes over different field sitese(g, Xu et al. 2014; Sini et al. 2008; Crow and Kustas
2005) Thus, theUQ frameworkproposed in this amuscript provides a calibratidree
tool (i.e., not reliant on measurements of surface fluxes) to evaluate the influelacel of
surface and climatitactors on the performance of the VDA scheme.

Sensitivity analysis is performed to evaluate the impdcthe sec al | ed fApri or
uncertainty ie., the error before assimilating data) and the observation error on-the so
call ed HApost eiej the @ror afterc asgimilating ndatg). Résults provide
insight on the effect of LST measurement errard prior uncertainty of parameters on a
posterior uncertainty of the VDA outputs.

Furthermore, the utility of the proposed UQ framework in guiding the formulation of
a wellposed estimation is illustrated by assessing whether t&ingas a function of
leaf area index (LAI), in lieu of a constant parameter, can improve the robustness of
parameter estimates. Results show that taking as a function of LAI reduces the
correlation between the estimated parameters and, thus, leads to more robust parameter

estimates.

The UQ framework proposed in this research is applicable to any variational data
assimilation approach used for parameter estimation. It can be used as a useful utility for
defining the optimal solution error and quantifying the uncertaintW/DBA outputs.
Through the analysis of error covariance and correlation matrices, the UQ framework can

guide the formulation of a weflosed estimation problem.
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Chapter 48 Estimation of Surface Turbulent Fluxes from Land SurfaceMoisture

and Temperaturevia a Variational Data Assimilation Framework’

Accurate estimation of surface turbulent heat fluxes is important in numerous
hydrological, meteorological, and agricultural applications. Recently, several studies have
focused on estimating these fluxes dssimilation of land surface temperature (LST)
observations into a surface energy balance model following the variational data
assimilation (VDA) scheme. However, current VDAs suffer from the following issues:
(1) they do not consider the inherent conglbetween water and energy in the-pdaint
atmosphere continuum, (2) they tend to bepdsed, and (3) they do not explicitly
compute the uncertainty of estimates. The goal of this study is to enhance the current
VDAs in two major ways: (i) coupling vier and energy balance equations, assimilating
soil moisture (SM) data in addition to LST, and constraining the VDA estimates by the
moisture diffusion equation in addition to the heat diffusion equation; and (ii) analyzing
the seconérder information thiaguides toward a welposed estimation problem and
provides uncertainty of parameters. The performance of the proposed VDA is examined
through a set of experiments based on a synthetic data set. The results show that
simultaneous assimilation of SM and T8mproves the estimation of heat fluxes and
reduces the sensitivity of VDA to the initial guess of parameters. Furthermore, by adding
the moisture diffusion equation as an additional constraint, the correlation between the

estimated parameters is redueed the VDA scheme is oriented toward wedsedness.

7 A similar form of this chapter has been publishetMater Resources Researdbdolghafoorian, A., & Farhadi, L.
(2019). Estimation of Surface Turbulent Flexieom Land Surface Moisture and Temperature via a Variational Data
Assimilation Framewor65. doi: 10.1029/2018WR024580.
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The feasibility of extending the proposed VDA in estimating lecge turbulent fluxes
using spacdorne SM and LST data is examined, and promising results are obtained.
4.1 Introduction

Land surfaceheat fluxes, especially sensible (H) and latent (LE) heat fluxes
exchanged between the land surface and the atmospheric boundary layer, play an
important role in the climate system and are required in a variety of agricultural,
hydrological, and meteorolazpl applications(Andrews et al. 2009; Lewellen and
Lewellen 2002) In situ and direct measuremerds these fluxesare available using
methods such as the eddy correlation (EC), Bowen ratio energy balance (BREB), and
scintilometer.The scintillometry method provides spatially averaged fluxes at scales of
the order of several kilometers depending om diperture size and type of beam used
(Green et al. 19979nd are threfore more suitable for largeale applications compared
to moe conventional EC and BREB methods (spatial coverage of order of meters).
Nevertheless, in situ flux measurements are expensive and are available only over a
limited number of field experiment sites, limiting their applicability for lasgale
applicatiors.

At present, the only way to achieve the goal of magpand surface heat fluxes on
regional scalgis to use remote sensing techniques that can provide various spatial and
temporal imageries covering large areas. However, they cannot be used tdwsasse f
directly. A number of techniques have been developed to use remotely sensed variables
such as land surface temperature (LST), vegetation index (VI), and soil moisture (SM) to
estimate the land surface turbulent heat fluxes. These methods can lbe dategbrized

into three groups. In the first group, empirical relations are assigned between remotely
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sensed LST, VI and turbulent flux&Sillies et al. 1997; Carlson 2007; Zhu et al. 2017)
Beyond the empirical approaches (which are site specific) in the second group of flux
retrieval approaches, instantaneous observations of LST and air micrometeorology
measurements are comeéd to solve a surface energy balance (SEB) equ@liang and

Islam 2001; Su 2002 hese SEB models are diagnostic and require closure relationships
since both surfaceemperature (LST) and its time tendency (d(LST)/dt) appear in the
SEB equation. These closure relations are often empirical arshbsitdic (Santanello Jr

and Friedl 2003)

The evolution of LST implicitly contains information aboutethnistory of the
partitioning of available energy among turbulent heat fluxes since different components
of surface energy balance have different relative efficiencies in dissipating available
energy at the land surfa¢Bateni and Entekhm 2012b) Based on this recognition, the
third group of approaches (called data assimilation approaches) for retrieving turbulent
heat fluxes from remote sensing variables, assimilate sequence of LST measurements into
a form of heat diffusion equation tstimate two key parameters: evaporative fraction
(EF), which scales partitioning among the turbulent heat fluxes, and bulk heat transfer
coefficient (Gin), which scales the sum of turbulent fluxéSaparrini et al. 2004a; Sini
et al. 2008; Bateni et al. 2013b; Bateni and Entekhabi 2012a; Abdolghafoorian et al.
2017)

Data assimilation (DA) approaches for the estimation of unknown parameigyss (

EF and Gn) are mainly categorized into two groups of enseribdlged approaches and
variational data assimilation (VDA) scheme. In contrast to most of the ensbastad

DA approaches, which assimilate the observatiettg, (LST) in a sequential mannehe
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VDA scheme operates in a batplocessing manner.€., using the observations inside

the assimilation period all at once). As a result, the VDA schemgdnasda great deal

of attention in many scientific and engineering applications, notably mstesf
optimality of estimated parameters, stability, and robustness of the estimation. Therefore,
it is the method of choice in this research.

In the VDA scheme, the optimal values of model parameters are obtained by
minimization of a cost function whichggregates the squared errors between the state
predictions with respect to available observations, and parameters estimation with respect
to prior values. A number of studies applied VDA to assimilate LST within the
combinedsource SEB (CS) models for tlstimation of EF and & (Caparini et al.

2003; Sini et al. 2008; Bateni et al. 2013b; Abdolghafoorian et al. 2017; Boni et al. 2001)
In the CS models, the difference between soil and vegetation temperatures and turbulent
exchange rates is not accounted for, although soil and vwegetday a very different

role in the land surface system. To address the shortcoming of CS n@ajmssini et al.
(2004b) applied a simplified form othe duatsource SEB (DS) moddKustas et al.
1996) within the VDA scheme with the airof estimating Gy and the evaporative
fractions for soil (EF) and canopy (EJf, separately. The DS models partition the energy
exchange between the soil and vegetation andsaitablefor estimation of turbulent
fluxes in heterogeneous vegetation covamditions.Bateni and Liang (2012dvanced

the dualsource VDA algorithm developed I§aparrini et al. (2004k)sing the full heat
diffusion equation as a physical constraint instead of the simple-fest@e equation

(hereatfter, called VDA.
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Although several studig€astelli et al. 1999; Boni et al. 2001; Caparrinak 2003,
20044a; Sini et al. 2008; Bateni et al. 2013b; Bateni and Liang 2GA2) used the VDA
scheme to retrieve surface turbulent heat fluxes by assimilating LST into a SEB model,
none of them have considertite inherent coupling and interactiontween the transfer
of water (moisture) and energy (heat) in Hul-plantatmosphereontinuum. This has
been identified as one of the main reasons that contribute to the poor performance of
VDA in the energylimited regimegqSini et al. 2008; Xu et al. 2014; Abdolghafoorian &
Farhadi 2016)Soil moisture controls not only the partitionio§ available energy into
sensible and latent heat fluxes through its influence on evaporative frégtioreyer et
al., 2000; Farhadi, Entekhabi, & Salvucci, 2016; Farhadi, Entekhabi, Salvucci, & Sun,
2014; Gentine, et al., 20Q7but also the partitioning of evapotranspoatinto solil
evaporation and canopy transpirati(lantekhabi and Moghaddam 2007; Crow et al.
2015; Lu et al. 2017)A number of studies applied a sequential DA approach to
assimilate soil moistre into a land surface model and showed the modest benefit of
assimilating surface soil moisture observations for the estimation of surface #uges (

Li & Islam, 1999; Reichle, Crow, & Keppenne, 200B)punic et al. (2008assimilated
synthetic surface soil moisture data into a land surface model using the ensemble Kalman
Filter scheme tonmnprove predicted model state variables (soil moisture and temperature),
and hence LE and H. They showed that soil moisture assimilation has the most direct
impact on root zone soil moisture estimation, while it also improves heat flux predictions.
These sidies also illustrated thiew performance of surface flugstimation with soil

moisture assimilation, in the presence of soil moisture measurement errors.
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In this research, the inherent coupling and interaction between the transfer of heat and
moisture inthe soitplantatmosphere continuum is considered by coupling the water and
duatsource energy balance models through the flux of evapotranspiratiofoiatiyl
assimilating SM along with LST into the coupled water and-doalce energy balance
model usng the VDA scheme to estimate key unknown parameters of turbulent heat
fluxes: Gin, EFs, andEF: (hereafter, called VDAs). The transfer of water (moisture) and
energy (heat) in the soil column is modeled by the moisture diffusion equation (rather
than asimplified soil water transfer scheme) and full heat diffusion equation (rather than
the forcerestore equation), respectively. We investigate for the first time in depth the
potential value of joint SM and LST assimilation for turbulent heat flux esbmata the
VDA scheme through comparative study.

The effectiveness of the VDA scheme in estimating turbulent heat fluxes is
undermined by the fact that inragh-dimensional no#inear minimization problem, a
saddle point may be surrounded by plateausméll curvature which gives false
impression of reaching a local minimu{Rascanu et al. 2014)n addition, the VDA
scheme does natompute the error covariance matexplicitly and consequently does
not provide estimates of the predictive uncertainty of estimated parameters and hence
fluxes (Le Dimet et al. 2002; Liu and Gupta 2007urthermore, the inherent
shortcoming of the VDA schemed,, thetendency to be Hposed) does not guarantee a
unigue optimal solution In other words, isultaneous optimization of unknown
parameters may result ia continuum of possibilities for different parameters that
produce essentially identical measurermaontlel misfit error{Crow and Kustas 2005)

These issues have not been taken into consideratidDAnr (and other revent studies
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such asCaparrini et al. (2003, 2004), Sini et al. (200Bgteni et al. (2013b) thus
degrading the advantage of the VDA schemil@estimation of surface turbulent fluxes.

In this research, the performance of the proposed WD#cheme through the
calculation of secondrder information at the critical poilfthe point where the gradient
of cost function is zero) is enhanced by computing the Hessian matrix via the Lagrangian
method (Burger, Brizaut, & Pogu, 1992; Le Dimet et al., 200@reafter integrated
VDAT,s). Analysis of secondrder informationenablesdistinction betweersaddle and
optimum poins. In addition, he inverse of the Hessian matrprovides agood
approximation of the error covariance matrix of parametStsutfyaev et al. 2008;
Gejadze et al. 2011; Farhadi et al. 201Bgrforming the uncertainty analysis and
defining he correlation between estimated parameters guide toward the formulation of a
well-posed estimation problem.

The performance of the proposed integrated \fl3As investigated using set of
experiments based on a synthetic data set produced by the simudtdreat and water
(SHAW) model (Flerchinger 2000)forced with meteorological data (including
precipitation, air temperature, wind speed, and solar radiation) taken from the FIFE
experimentSellers et al. 1992; Betts and Ball 1998Bhe results obtained from VDA
and VDAr are compared to show the importance of assimilating SM data in addition to
LST data for estimation of land surface fluxes. The main objective of this research is to
develop a methodology that can then be scaledéan conjunction with remote sensing
data that enable mapping of the surface energy and water components. Therefore, the
feasibility of assimilating spadsorne data via VDAs to estimate the land surface heat

fluxes at large scales is examined byhe set of experiments using the synthetic data that
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represents different satellite observing systems, that isyedycing the amount of
synthetic LST and SM data (corresponding #&ioussatellite overpass intervals or/and
cloudy sky conditions at the tinté satellite overpass), and (2) poor initialization (caused
by the lack of knowledge of the acete profile of soil moisture due to shallow
penetration depth of radiometers).
4.2 Methodology
4.2.1 Model Description
4.2.1.1 Water Submodel

The water movenent (diffusion of moisture) in the unsaturated column of soil obeys

the Richards equatidiiRichards 1931)

= aP@— KD SO (4.1)
where d (-) is volumetric water content, K (m/day) is the unsaturated hydraulic

conductivity and z (m) denotes the vertical dimension and is positvenward.

D=K/(dd/dh) is the unsaturated diffusivity arfd(m) isthe pressure head. I4.1), S

(1/day) is the water sink by the plamiot system and is related to the transpiration from

thecanopy, T (m/day), via:

RzZD

T(t)= [{S(z t)dz (4.2)

where RZD (m) is roozone depth. S depends on many factors such asleosity
distribution, soil moisture, and atmospheric dem@rad and Katul 200Q)In climate and
hydrologic models, it is difficult to explicitly describe all of these influencing factors. In
this work, the root distribution functiorf{o) in the Community Land Model is used

(Oleson et al. 2010p define S as:
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S(Z’t):Rfroot(Z)(q(Z!t)- Q) T(t) (43)

ZD

A fu@a@ - @) >

where(, (-) iswilting pointand @&z i s thesbildayedept h of

Inspired byHills et al. (1989)the watetbased finite difference scheme is modified in
this work to solve the Richards equation in layered soils. In the modified algorithm,
through the use of a source term, the discontinuity issue of watentqnrbfile at the
interface between two different soils is handled. Special attention is paid to the selection
of a heaecontrolled or fluxcontrolled top boundary condition which is important during
intensive rain showers and the prolonged dry weathdryosoil conditions. At moderate
weather/soil conditions, the soil top boundary condition is-flortrolled and the net
boundary flux, q (m/day), results from precipitation/irrigation, P (m/day), evaporation, E

(m/day), and surface runoff R(m/day) &:

=0 = P-E R)ﬂ (4.4)
At too wet weather/soil conditions, a heawhtrolled boundary condition applies, so
that the head of water collected on the soil surface governs the infiltration flux. At the
prolonged dry weather or dry soil conditions, the soil whtad at the surface adapts to
the air humidity and governs the evaporation fi\\an Dam and Feddes 200Gt the
bottom of the soil column (z 3, the gravitational drainage is assumed by setting g
K (Zeng and Decker 2009)
In this research, surface runoff is neglected, assuming that the precipitatislests
than the saturated hydraulic conductivigyg, in this case study), or land retains water in
its pits and depressions (called land depression storage capacity), thus preventing it from

flowing (Skaggs and Kéleel 1982; Rossi and Ares 2012)
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The hydraulic properties of unsaturated soil are parameterized using the Clapp and

Hornberger model which is widely used in land surface mao@dpp and Hornberger

1978)
h=h,(Lye® (4.5)
K=K_( q)2|3+3 (46)

sat

In (4.5) and (4.6)dsat (-), Ksat (m/day) andhsa (M) are the saturatl soil moisture,
hydraulic conductivity, angoil matric potential, respectively, and are functions of soil
texture. B ) is a soil parameter which describes the shape of the water release
characteristicln thiswork, we approximate the value dfa; Ksay hsas and Bbased on the
soil texture and from the loelp table(e.g, De Lannoy et al. 2014)
4.2.1.2 Energy Submodel

In the dualsource surface energy balance model, the contributions of soil and canopy
to the land surface temperature is separ@aparrini et al. 2004a; Bateni and Liang
2012) In this model, canopy heat capacity is assumed to be zero and therefore, the

canopyenergybalaec i s described as (subscript Aco re
Rn, = LE, 4H, 4.7)

where H (W/m?), LE: (W/m?), and Re (W/m?) are respectively the canopy sensible,

l atent, and net radiation fluxes. The soil

represents soil)

Rn,=H, 4E, & (4.8)

where G (W/M), Hs (W/m?), and LEs (W/m?) are respectively the ground heat, soil

sensible, soil latent fluxes and KW/m?).
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Soil/canopy sensible heat flux can be represented in terms of the gradient of
temperature between soil/canomdaair within the canopy volume (K)) as:
Ho=(1 -fc)GCUWCHS(TS T.) (4.9)
H, =frc U.C(T. -T,) (4.10)
wherec, (J kg' K1) is the specific heat of air,(kg/n?) is the air density, andJdfm/s) is
the wind speed within the canopys (K) and T (K) are soil and canopy temperegu

respectivelyfc (-) is the vegetation cover fraction and can be obtained as a function of

leaf area index (LAI4)) as(Caparrini et al. 2004a)

f.=1 -exp( G.5LAI) (4.11)

Chs (-) represents the coefficient of heat transfer from soil to air within thepgano
The soil conductance (Cxs) can be estimated as a function of the decay starting
reference value (@J) at the height where wind speed measurements are made as follows
(Bateni and Liang 2012; Caparrini et al. 2004b)
U, C. = UC, exp(-g LAl (4.12)
where ais an empirical extinction parameter which is a function of vegetation type and
U (m/s) is the wind speed abougetcanopy. The bulk heat transfer coefficient (§)
depends on the surface roughness for heat and momentum exchange and atmospheric
stability condition. Therefore,kx an be spl it into two parts:
under neutral atmospheric ratition (Gin (-)) and the atmospheric stability correction
function. The stability correction function, f(Ris a function of stability indicator.€.,
Richardson number, Ri)]. In this research, in lieu of empirical and sfcific stability

corredion functions, the stability correction functipnoposed by Caparrini et §2004a)
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that has produced successful results in various st8ies et al. 2008; Bateni et al.
2013; Farhadi et al. 2014; 201i6)applied.
Like the soil conductance, the canopy conductancgCit) can be obtained as a

function of C4U as follows:

U,C,.. = UC, exp(

a, LAl
) (4.13)

Soil latentheat flux can be written as a function of &hd soil evaporative fraction,

EFs
EE
LE. = *_H
ST EF s (4.14)

Soil latent heat flux is related to the amount of water tranisfeughsoil evaporation

(E) via:

LES :i
r,L

(4.15)
wherew (kg/m®) and L (J/kg) are the water density and latent heat of vaporization,
respectively. Therefore, the water submodel (section 4.2.1.1) and energy submodel
(section 4.2.1.2) are coupled through the flux of evaporation where E is the key
component of the soil top boundary condition (see (4.4)) ardsliBe key component of
the soil energy balance equation (see (4.8)).

Canopy latent heat flux can be formalized as a function.@e canopy evaporative

fraction, EF:

EF
LE,=—°H
o= He (4.16)

C
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LEc is related to the amount of water trangfemoughtranspiration (water uptake by

plant root) via:

LE, = % (4.17)
Therefore, the water submodel (section 4.2.1.1) and energy submodel (section

4.2.1.2) are also coupled through the flux of transpiratioara/fi is the key component

of the moisture diffusion equation (see (4.1) and (4.2)) andd_the key component of

the canopy energy balance equation (see (4.7)).

The distribution of temperature in the column of soil is modeled by the one

dimensional healiffusion equation:

W _ T, 4.18
leo‘212 (4.18)

where ¢ (J/MK) and p (J/m/K/s) are the soil volumetric heat capacity and thermal
conductivity, respectivelyCampbell 1985b)It is assumed that the diurnal variation of
the heat wave is negligible beyond depths 0.G#irota et al. 2002)and therefore the

Neumann boundary condition is considerw):m for the bottom boutary

condition. The surface boundary conditiog(Z = 0, t), is obtained by the surface forcing
equation,

o= g (4.19)

V74

The initial profile of soil temperature is specified by estimating soil temperature at the
surface (obtained from (4.19)) and hé tbottom of soil column (obtained by applying a
semtidiurnal filter to land surface temperature), and assuming that the temperature varies

linearly throughout the soil colun(€aparrini et al. 2003; Bateni et al. 2013b)

75



4.2 .2Integrated VDA Framework
4.2.2.1 Variational Data Assimilation

In the hydrological application, the VDA scheme can improve the performance of
physical land surface models (which are generafyneéd by (4.20)) by assimilating the
vector of state observationSens

dX ]
E:F(X,Y) w(t), t [t t] (4.20)
X(t) =X,

In (4.20),X is the vector of land surface stat¥ss the vector of parameters, ands
the set of model structural errors and treated as random forcing term&0h (4 the
VDA scheme, the optimum value of parameters is obtained by minimization of the cost
function, J, which aggregates errors on state estimation with respect to observations and
parameters estimati on Yoi,t hwi radsiniation thinelovo A pr i or
[to ta]:

= X X CEK X pdt Y JC 3¢ Y )

. ° ) . (4.21)
T edX

+i T e FX.Y) ﬁt + i OFF 2 (L tw (t)dtdt’
. &dt ot

The physical constraint is adjoined through the vector of Lagrange multiphidrise
last term of (4.21) accounts for the model error (also called model uncertainty) including
errors in the model formulation (du@s missing process representation) and/or in the
micro-meteorological forcing data. For simplicity in this reseavelis assumed unbiased
(zero mean) with error covarian€. Cx andCy correspond to the error covariance of
observations and parametepgor to data assimilationReichle et al. 2001b)The

minimum value of] that leads to optimum values of parameters is obtained by setting its
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first variationequal to zero(( 30). Settingll lo zero leads to the set of the-called
EulerLagrange equations including adjoint models (4.22), a set of equations for updating

the prior value of parameters (4.23), and model error estimation (4.24).

Voo Boaex, e

it X (4.22)
/(t,)=0

v o~ T HF
Y=Y CY[Y w dt (4.23)
W= tlﬁ:w (t, )/ T (t)dt’ (4.24)

The optimal values of the unknown parameters are found via an iterative process,
which is initiated by solving the forward model (4.20) to estin¥tdt continues by
solving the adjoint model (4.22) to obtanOnce the state variablesd theLagrange
multipliers are calculatedy and w are updated via (4.23) and (4.24). The iterative
process is terminated whehe gradient of cost function vanisheshich indicates
reaching the optimum values for the unknowrepagters.

In this researchthe vector of parameters is definedYas [R EFs EFR], whereR =
In(Chn). R varies on a monthly basis whid~ and Ek vary on a daily basi€Caparrini
et al. 2004b; Bateni and Liang 2012Jhe cost function is constrained by heat and
moisture diffusion equations and the water and -doatce energy balance models are
coupled tinough the flux of evapotranspiration (see section 4.2.1.2 for details). The vector
of states is defined & = [LST SM] and LST and SM observed data are assimilated in
hourly and daily intervals respectively to constrain the parameter Sgasealgorithmis

called VDAr s, hereafterFor details of the derivations see Appendix B.
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4.2.2.2 SecondDrder Information

The VDA scheme retrieves the optimal values of unknown parameters via-a first
order optimality systemi.e., involving the firstorder derivatives The firstorder
information is necessary for optimality but not sufficient. Indeed, uniqueness of the
solution of a VDA problem and the convergence of the algorithms depend on the
convexity of the cost functiofLe Dimet et al. 2002)Therefore, we need to take one step
further and obtain secormtder information by constructing the Hessian matrix of the
cost function in the vicinity of the critical point. Furthermore, in higimensional non
linear minimization problems, such as hydrological applications of VDA for parameters
estimation, one of the profound difficulties is the existence of saddle points. A saddle
point is a point in which the gradient of cost function vanishes, but it is hotah
optimum. Such saddle points are surrounded by plateaus of small curvature and give the
deceptive impression of reaching the minim{@ascanu et al. 2014Analysis ofthe
eigenvalues of the Hessian matrix enables distinction between a saddle point and an
optimum point.

The two wellknown methods for calculation of the Hessian matrix are the
Lagrangian and the direct differentiation meth@dlekseev and Navon 2002; Burger et
al. 1992; Papadimitriou and Giannakoglou 2008)udies show that the Lagrangian
method requires less computational time and provides higher accuracy in calculating the
Hessian matrix compad to the direct differentiation methg8ymes 1991; Wang et al.
1995; Burger et al. 1992 herefore, thé.agrangian method is the method of choice for

this research.
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To construct the Hessian matrix using the Lagrangian meModew cost functions
(i.e, Ly, yY Y) are introduced, whemgy is the number of unknown parameters. The new
cost functions consisif the gradient ofl (.e, O Xoénfrgided by (4.20) and (4.22)

through two new adjoint variableg, andpy, and are defined as:
_W s edX o R r R
L =H = F(X,Y) ét PR —= /T+ X X_)CL dt (4.25)
Ty T g . 2 B .
Setting the first derivative of the new cost functions with respektaoda-equal to
zerq a new set of Euldcagrange equations is derived which enables estimatiap of

andpy.

The Hessian matri], is an Nyx Ny matrix and is defined as:

H, =% where y.y Iy (4.26)
Ky

j

Analysis of eigenvalues of the Hessian matrix enables distinction between a saddle
point and an optimum pdinlf all eigenvalues of the Hessian matrix are zeno and
positive, then the critical point is a local minimum. If the eigenvalues areeronand
they are both positive and negative, then the critical point is a saddlg@affarelli et
al. 1985)

Although the VDA scheme itself does not provide estimates of the predictive
uncertainty of estimated parametdtsu and Gupta 2007; Reichle et al. 2001th)e
inverse of the Hessian matrprovides a good approximation tfe error covariance
matrix of parameters, even in a nonlinear cag&hutyaev et al. 2008; Gejadze et al.

2011)

S=H-1 (4.27)
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Once tle error covariance matrix is calculated, the uncertainty of estimated
parameters and the correlation between them can be obtained. The uncertainty of heat
fluxes is then quantified through the Monte Carlo algorithm, which simulates large
random samples oparameters from the estimated distribution of the parameters
(Gamerman and Lopes 2006)

In summary, the integrated VDA framework leverages WRAising the second
order information. Inthis framework, secondrder information is calculated at the
critical point (the point wherthe gradient ofthe cost function is zero) by computing the
Hessian matrix via the Lagrangian method. Analysis of the eigenvalues of the Hessian
matrix allows dstinction between a saddle and an optimum point to ensure that &/ DA
has reachethe optimal value of unknown parameters. The inverstheHessian matrix
(i.e., the error covariance matrix) provides estimates of the predictive uncertainty of
parametersind correlation between theifhe wncertainty analysis on the VDA estimates
guides toward a welposed estimation problem.

For details of the derivations see Appendix B.

4.3 Dataset

The performance of the proposed integrated YPAcheme is investigatagsing an
experiment based on a synthetic data set (hereafter true data) generated by the
simultaneous heat and water (SHAW) mo¢felerchinger 2000) The advantage of a
synthetic study is that the true system is exactly known which is ideally suited for
algorithm performance tests.

The driving forces and meteorological data for SHAW including precipitation, air

temperature, wind speed, and solar radiation are taken from the FIFE experiment near
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Manhattan, Kansa$Sellers et al. 199Betts and Ball 1998)n Figure 4.1the time series
of daily precipitation (used as forcing data) and its cumulative values are shown. The soil
type falls within the texture classes of silty clay loam at the upper lay@dfOm) and
silty clay at the deper layer (0.23 m) (Betts and Ball 1998)The hydraulic parameters
of soil are obtained using the highly refined lagk table proposed by De Lannoy et al.
(2014) The vegetation cover predominately is classdifas grasslan(Betts and Ball
1998) The LAI data are obtained using the ERDVI relationship proposed by Aparicio
et al.(2000)and the site average of NDVI data provided by Hall gt18192)

The experiment extends for 90 days based on the data collected from 2387atp
25 August 1987, which are covered by three assimilation intena|gt{ree 36day
periods). The flomdomain of the soil profiles is one meter with a spatial discretization of
1 cm and the size of the time step is 1 hr. True (synthetic true) hourgraperature
and daily soil moisture data at the surface are used as the assimilatidrotiatang
Rechle et al. 2001) model errorsw in (4.20)) are assumed unbiased (zero mean) and

are represented as unknown fluxeshe surface water and energy budgets.
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Figure 41 The daily and cumulative precipitation time series aftE experimental site (May 28 Aug 25, 1987)
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4.4 Results and Discussion

4.4.1 Variational Data Assimilation

Theperformance of the proposed algorithm, VBAIn the estimation of land surface
sensible (H) and latent (LE) heat fluxes are illustrated in Figures 4.2 and 4.3,
respectively. VDA s assimilates surface temperature and surface soil moisture data into
the mupled water and duaburce energy balance model and iteratively improves the
initial guess for the values of unknown parameters (in this example:5RER = 0.7,
and Ek = 0.7). For solving the soil moisture diffusion equation forward in time, it is
assumed that the initial profile of SM is known and eqtiadstrue SM profile ohe first
day of the assimilation period. The time series of dayaweraged values of total, sall,
and canopy sensible and latent heat fluxes estimates are shown intfleediosd, and
third panels, respectively. For the sake of comparison, the true value of heat fluxes
(obtained from the synthetic experiment) andcatbed operdoop estimates (hereafter
OL) are shown as well. Note by oplop, we mean estimation of fluxeusing the
physical models described in section 4.2.1 based on the prior values of parameters (also
called best initial guess) before assimilation of SM and LST data. Figures 43aisb
show the uncertainties associated with heat fluxes which wiéix¥plained thoroughly in
section 4.4.2.2.

As illustrated in Figures 4.2 and 4.3, assimilating land surface states (LST and SM)
reduces the error between the OL estimates and the true value of land surface fluxes. The
good agreement between the true andAy¥pestimates, in terms of magnitude and daily
dynamic, reflects the promise of the proposed data assimilation technique for land surface

flux retrievals. Note that during days-65, the prolonged dry weather conditions are
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satisfied (see Figure 4.1). &tefore, as explained in section 4.2.1.1, the soil water head at
the surface adapts to the air humidity (not the land surface states) and governs the
evaporation flux i(e., soil latent heat flux). In this condition, assimilating SM does not

provide additbnal information to the system (see Figure 4.3; pdhel).
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Figure 42 Day-time average of prior and posterior VRAestimates of total, soil, and canopy sensible fluxes versus
true values. The red and blue shade error bainols the prior and posterior uncertainty of fluxes, respectively.

Rootmeansquareerror (RMSE) and bias of the VA estimates are compared with
those of VDA in Table 4.1. Recall that in VDA only LST is assimilated and the only
physical constraint ofhe cost function is the heat diffusion equation while in VAZA
SM and LST are simultaneously assimilated and the cost function is constrained with
both the heat and moisture diffusion equations. Comparison between VDA T

indicates that assinasiting SM improves the performance of the VDA scheméhe
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estimation of total sensible and latent heat fluxes by 38% and 30%, respectively. In
addition, assimilating SM data and constraining the estimation process with the moisture
diffusion equation enadés VDAr sto more accurately partition the total latent heat fluxes

into the soil and canopy latent heat fluxes. This results in more accurate partitioning of

evapotranspiration into the flux of evaporation (fréine soil) and transpiration (from

vegetaton).
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Figure 43 Day-time average of prior and posterior VRAestimates of total, soil, and canopy latent fluxes versus true
value. The red and blue shade error bands show the prior and posterior uncertainty of fluxéisetgspec
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Table 41 RMSE and bias (presented in parentheses) of estimated land surface heat fluxes fromltep ),
VDA, and VDA sschemes.

Sensible heat flux (H) (W/fh Latent heat flux (LE) (W/)
Scheme Total Sall Canopy Total Sall Canopy
oL 70(-15) 39(-16) 61(1) 94(-13) 65(7) 48(-25)
VDAT 48(-36) 14(-1) 51(-35) 60(44) 38(21) 46(24)
VDA~s 31(.9) 12(5) 36(-15) 43(18) 33(16) 37(2)

Like any optimization problem, the performance of the VDA scheme in obtaining
optimal value of parameters depends on the initial guess of unknown parameters (also
called prior estimates). In the hydrological application of VDA, the initial values of
unknown parameters are defined based on the prior knowledge of the system such as
vegeation/soil characteristics and weather conditions.

In Figure 4.4, RMSE of sensible (H) and latent (LE) fluxes estimates viar\4D4
VDATs are showrfor variousinitial values of unknown parameters. In this figure, the
initial value of parameter R is mented by R: and ranges from7 to -3 and the initial
value ofEF: and Ekis presented by Efrand ranges from 0.5 to 0.7; it can be concluded
that one of the important impacts of assimilating SM data (in addition to LST data) is
reducing the sensitity of the VDA flux retrievals to the initial value of parameters (R,
EFs, andEF;). RMSEs of the VDA estimates vary considerably (from 21 to 75 \Wfor
H and from 37 to 83 W/ffor LE) as the initial values change, while VDRAIs less
sensitive to R: and Efy and RMSEs of the VDAs estimates vary from 23 to 47 W/m
for H and from 39 to 63 W/ffor LE. This reveals that the optimal values of parameters
retrieved by VDA sare less sensitive to the initial guess of parameters which stems from
knowledge of land surface characteristics and weather conditions. Therefore, the

performance of VDAs is superior to VDA, especially in largscale applications where
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the prior information of land surface/weather conditions is limibedeed, assimilating
SM (in addition to LST) and constraining the cost function by the moisture diffusion
equation (in addition to heat diffusion equation) improves the performance of VD& in
optimization of parameters and consequently estimation of land surface fluxes.

It is worth noting that although both VD#and VDAt s perform very accurately in
the estimation of fluxesife., low RMSE) for Elnt = 0.5 and R: > -5.5, VDAr slightly
outperforms VDA,s. This may be due to the fact that when the initial guess for the value
of parameters are very close to the optimal values (as this case is), LST data contain
sufficient information to optimize the solution. Under this scenario, assimilating SM data,
and constraining the optimization process by an additional simplified maeéel (
moisture diffusion model) introduces errors to the system that degrade the performance of
the algorithm. It should be noted that in lasgale retrieval of fluxes for a heterogamous
region, the initial value of parameters cannot be guessed this cltsedptimal values,
and therefore assimilating SM data is highly worthy to reduce the sensitivity of VDA to

initial value of parameters.
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Figure 44 Sensitivity of VDAr s and VDAr to theinitial value of parameters

4.4.2 Secad-order Information
4.4.2.1 ldentification of Optimum Point

As explained in section 4.2.2, the proposed integrated framework leverages the VDA
scheme througthe calculation of secondrder information i(e., the Hessian matrix at
the critical point). Aalysis of the eigenvalues of the Hessian matrix enables distinction
between a saddle point and an optimum point.

In section 4.4.1, the sensitivity of VQAto the initial value of parameters was
illustrated. It was shown that poor knowledge of land serfawaracteristics and climate
may lead to a poor guess thie initial value of parameters, which in turn leads to high

RMSE of retrieved heat fluxes. In reabrld applications, however, the true value of heat
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fluxes are not known and therefore the issugoor heat flux retrievald.€., high RMSE)
cannot be determined. The following example demonstrates that determination and
analysis of secondrder information in the proposed integrated VDA provides a tool to
tackle this issue.

As explained in section 4.2.2.1, the VDA scheme is badlg a
minimization/optimization method. It starts from initial values of parameiers the
best guess of unknown parameters) and iteratively minimizes a cost function until
convergence is reached and a critical poidiei®rmined.

Figure 4.5shows the value of cost function, J, and RMSE of LST versus the iteration
number in the process of finding the critical pdiot the six combinations dRint and
EFnt. The cost function decreases as the number of iterationssesrebut at a certain
iteration number, J reduces only slightly, suggesting that the optimal value of parameters
is obtained (note that in the previous studeeg,(Caparrini et al. 2004a; Sini et al. 2008;
Bateni et al. 2013a; Xu et al. 2014nalysis of J and RMSE of LST versus the iteration

number was the only available tool for identifying the minimum/optimal point).
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Figure4.5 Cost function and RMSE of LST as a function of the iteration number (result for e&g) 3ar the six
combinations of R and Efn.
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Table 4.2 shows the analysis of the eigenvalues of the calculated Hessian matrix at
the citical point for the six combinations definedkigure 4.5 Although J and RMSE of
LST for the six combinations give false impression of reaching a local minimum,
analysis of the Hessian matrix reveals that in combination 3, 5, and 6 the VDA scheme
reaches a saddle point (not a minimum). To demonstrate the efficiency of sexesrd
information inthe identification of optimum parameters albeit poor knowledge of land
surface charderistics and climate (i.e., poor initial guess of parameters), RMSE
between the retrieved and true heat fluxes are shown in Table 4.2, as well. As it is shown,
the saddle points correspond to high RMSE of heat fluxes while the minimum points
correspond to lower RMSEs. Therefore, analysis of seocoter information obtained
via the Hessian matrix at the point of optimum enables the determination of robustness of
the VDA estimates without the need to calculate RMSE of retrieved heat fluxes (which

requires measurement of heat fluxes).

Table 42 lllustration of the integrated framework applicatitime distinction between a saddle point and an optimal

point.
Combination
(see Figure 4.5) 1 2 s 4 5 e
Eigenvalues + + +/- + +/- +/-
Critical point Minimum Minimum Saddle Minimum Saddle saddle
RMSEH (W/nv) 27 21 52 43 70 66
RMSE LE (W/n¥) 42 37 63 55 79 75
Note8 4EA OEAAAA AT10i10 OEi x OAAAI A PIEI OO8 2-3w E 0OIT0

4.4.2.2 Uncertainty Analysis
In this section, the results of uncertainty analysis using Hessiarbased
methodolog (described in section 4.2.2) are presented. Figure 4.6 compares the prior and

posterior uncertainty of estimated parametersMd\ 1 s. Since R is a monthly variable
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and Ek and EF are daily variables, the uncertainty associated witkER, and EFk are
obtained with monthly, daily, and daily. Assimilating LST and SM data, which
characterize the state of the land surface, reduces the uncertainty of parameters. To
demonstrate the effect of simultaneous assimilation of SM and LST (rather than only
LST), the posterior uncertainty of the VQAestimates is presentedfigure 4.6 as well.

The comparison reveals that simultave assimilation of SM data provides valuable
information on the estimation process, which in turn results in the reduction of parameter

uncertainties.
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Figure 46 Prior and posterior uncertainty of parameters
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Table 43 The average (maximum) uncertainty of parameters and correlation between them in 90 days.

Uncertainty Correlation

Scheme R () ERs(-) EF(-) R,ER R,ER ERER

VDAT  0.15(0.20) 0.15(0.20) 0.14 (0.20) -0.16 ¢0.33) -0.17 €0.45) -0.52 ¢0.98)

VDArs 0.09 (0.11) 0.10 (0.16) 0.11 (0.16) -0.10 ¢0.21) -0.12 ¢0.32) -0.32 ¢0.83)

One of the important outcomes thie uncertainty analysis and the ercovariance
matrix computation is the estimation of correlation between parameters. In an ideally
well-posed optimization problem, the solution is unigAehigh correlation between
retrieved parameters means that YHi2A scheme is unable to separate the parameters
from each other and obtain a unique optimal solution. In Table 4.3, the average
(maximum) correlations between the parameters, estimated byr¥YBAd VDA, are
presented. Comparison between VWiAand VDAr indicates that by constraining the
optimization problem with the additional physical modek.( moisture diffusion
eqguation) and coupling the water and energy balance equations, the correlation between
the parameters is reduced and the VDA scheme istedetoward welposedness.
Reducing the correlation betwetre canopy and soil evaporative fraction ¢ERd EFk)
improves the robustness of the method in terms of partitioning the total sensible and
latent heat fluxes between the soil and canopy comp®i@s shown in Table 4.1).

The uncertainty of heat fluxes is quantified through the Monte Carlo algorithm.
Figure 4.2(andFigure 4.3 shows the prior (shown by the red error band) and posterior
(shown by the blue error band) uncertainties associatbédtwatsensible (and latent) heat
fluxes. The prior uncertainty of fluxes is reduced by assimilating land surface states.

Comparison between the uncertainties of fluxes obtained byr¢@Ad VDAr reveals
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that assimilating both LST and SM (rather than drf’) reduces the 98ay average of
sensible (latent) fluxes uncertainty from 25 (145) to 22 (119)3N/m

Previous studies have shown that the performance of the VDA scheme for obtaining
land surface heat fluxes by assimilating LST is not satisfactoryee tonditions: (1) the
energylimited regime (.e., when soil is relatively wet), (2) in days when the average T
Tais small, and (3) where land surface is densely vege(@edv and Kustas 2005; Xu
et al. 2014, 2015; Abdolghafoorian and Farhadi 201®)this research, the effect of
coupling water and reergy balance equations and simultaneously assimilating SM in
addition to LST, on the uncertainty and accuracy of the VDA estimated land surface
turbulent heat fluxes is investigated. Figure 4.7 illustrates the uncertainty (blue asterisk)
andabsolute ermobetween the true value and the estimagred circle) of sensible (first
row) and latent (second row) fluxes obtainediyA T s (x-axis) and VDA (y-axis) on
days with T small Ts-Ta (i.e., TsTa < 3 K), 2 relatively high SM (e., SM > 50%), and
3- high LAl (i.e, LAI>2). The points above the 4fegree line indicate that the
uncertainty/error of VDA estimatess greater than those MDAt s. The results prove
that simultaneous assimilation of SM and LST enhances the performance of the VDA
schemeby reducing the uncertainty and increasing the accuraey, flecreasing the
absolute error between the true value and the estimation) of sensible and latent heat

fluxes under the afementioned atmospheric and land surface conditions.
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Figure 47 Uncertainty (W/rd) and absolute error (WAnof sensible, H (first row) and latent, LE (second row) fluxes
obtained by VDA sand VDAr on days with: 1SM > 50%, 2 TsTa< 3, and 3LAI > 2.

4.4.3 Feasibility of extending VDA s for lar ge-scale applications using spaeborne

data

The ultimate goal of this research is to employ the propastedgjrated VDA s

algorithmfor the estimation of land surface turbulent heat fluxes by assimilating-space
borne LST and SM data. As a step towardradsing this goal, the effeaif (1) temporal
availability of LST and SM data and (2) poor initialization on the performance ofréDA
are examingl. The results presented in this section are obtained by assimilating the
average of SM at the top 5cm ofilscorresponds to hand radiometers penetration

depth).
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4.4.3.1 LST and SM Data Availability

The effect of assimilating SM and LST data with low temporal resolution
(corresponding to various satellite overpass intervals and/or cloudy sky conditibes at t
time of satellite overpass) on the accuracy of heat fluxes estimates is shown in the left
and right panels of Figure 4.8, respectively. The results of the left panel are obtained by
assimilating SM data with a-@ay interval and the limited number of T®bservations
per day as shown on theaxis (note that in order to simulate the random occurrence of
the cloudy sky conditions, the time of LST assimilation is randomly chosen in the
assimilation window). The results of the right panel are obtained dmiteting hourly
LST data and SM data with various frequencies, (number of SM data assimilation per
month) as shown on theaxis. Assimilating SM data with aday interval corresponds
to the overpass of Soil Moisture Active Passive (SMAP) and Sadisture Ocean
Salinity (SMOS) remote sensing missions while daily SM data corresponds to future L
band missions or a combination of different sensors. The temporal scales of remotely
sensed LST products are twice daily and hourly (or less due to cload éovModerate
Imaging Spectroradiometer (MODIS) and the Geostationary Operational Environmental
Satellite (GOES) satellite, respectivéBipunic et al. 2008)

Based on the results in Figure 4.8, it can be concluded that the accuracy §§ VDA
the estimation of heat fluxes increases when the availability of LST data is higher than 3
to 4 measurements per day. The results indicate that as long as the diurnal cycle of LST is
captured by the available LST data, VP#&provides reasonable estitea of heat fluxes.
With respect to SM, however, it seems that ~10 SM data per month (which corresponds

well with the temporal availability of current SM missions) provide sufficient accuracy in
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terms of H and LE estimates and increasing the number of &M wlill not have a
significant impact on the accuracy of estimation. The results correspond wellheith
high temporal variation of LST and lower temporal variation of SM data in nature. In
general, although higher temporal availability of LST and 8&& improves the
performance of VDAs, acceptable RMSEs of fluxes, obtained by assimilation of data
with the lower temporal resolution, indicate the feasibility of extending the proposed

approach to a largecale application using spaberne land surfaceMs and LST state

data.
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Figure 48 Effect of assimilating low temporal resolution SM and LST data on the performance af(Bs&ults for
day 3160)

4.4.3.2 Poor Initialization

In the application of spadeorne data, the petration depth of signals, defined as the
distance over which a wave amplitude decays to about 37% of its original value, should
be taken into consideration. The penetration depth of signals for SM measurements
depends on soil moisture content and soil typatekhabi and Moghaddam 2007)

Currently, soil moisture data from remote sensing are limited tosugtace soil layers.
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On average, Ihand radiometerse(g, SMAP and SMOS) measure SM only for the top
5cm of soil and not the root zone soil moisture prdfikellito et al. 2016)
The initial profile of soil moisturglays an important role in land surface models and
precise initialization affects the robustness of models fore¢&sister et al. 2004,
Vivoni et al. 2009) In VDA~ s, the initial SM profile is required to solve the Richards
equation ice., the forward model).
Previous studies have shown that incorrect iniion of soil moisture can be
corrected by assimilating neaunrface soil moisture measuremergsy( Walker et al.
2002; Galantowicz et all999) In this section, the effect of poor initialization of soil
moisture on the performance of VBAIn order to determine the feasibility of extending
the proposed framework to use sphoene SM measurements in a laggale land
surface flux estirations is examirge
To illustrate the effects of soil moisture initialization errors on the nog@etdiction
and the effectiveness of nesurface data assimilatippomparisons are made between a
degraded simulation andweell-defined simulationin the degraded simulation, the initial
SM profile is assumed to be unknown and thereby it is set to a uniform SM profile equal
t o t he furfaceseilanoistueegtrereafter, Unknown Initial Profile: UIP) while in
the welldefined simulationthe initial SM profile is known(hereafter, Known Initial
Profil e: KI P) . Using UIP as theVDARgigd i al con
applied with the same atmospheric forcing da
to estimate unknown parameters gsKIP. The heat flux and moisture estimates from
both of these simulations are cothmPpHAWed wi t h

model as explained in section 4.3jote that the experiment is repséfour times to
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investigate the robustness UDATs to poor initialization over a wide range of sall
conditions (dry to wet). The four KIPs and corresponding UIPs are shown in Figure 4.9.
The RMSE and bias of fluxes and soil moistwstimatedor the four experiments
over a period of 90 dayame shown inrable 4.4 The RMSEs (bias) for UIP and KIP are
comparable, meaning that assimilation of raarface soil moisture and temperature data
compensate for the negative poor initialization of the SM profile in the estimation of land
surface fluxes and SM piitds. In addition,Figure 4.10depicts the difference between

the RMSE of turbulent heat flux estimations using UIP and KIfaxis) over time (x

axis). In this figure, (RMSE R} and (RMSE LEgpr epr esent RMSE bet wee

value and estimation of sebke and latent heat fluxes when the initial soil moisture

profile is known (KIP), while (RMSE H)r and (RMSE H)r represent RMSE between

6truedo value and esti mati on of sensi bl e

initial soil moisture profileés assumed unknown and therefore assumed uniform equal to
t he At rswrfacesoilmiature (UIP) Although the estimated fluxes for the first

few days of the assimilation period are affected by poor initialization, after 1 week,
assimilation of LST ad SM data at the surface cancel the negative impact of incorrect
initialization on the estimates of fluxes. The results are compatible with the findings of

other studiesq.g, Walker et al. 2002; Walker and Houser 2001)
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Figure 49 The initial ©il moisture profile (Known Initial Profile: KIP) and its corresponding assumed uniform profile
(Unknown Initial Profile: UIP) in four experiments.

Table 44 Effect of poor initialization on the performance of VDA Figures idicate RMSE (bias) of the VD#s
estimates (results for dayaD).

Experiment ('Srgteii:gplfg"f_g) H (WD) LE (WP  SM@2z=0 SM @ z=0~100cm
. KIP 1 203(58)  389(34)  003(0.01)  0.03(0.02)
UIP 1 207(61)  38.9(3.6)  003(0.01)  0.03(0.03)
, KIP 2 38.0¢42)  514(120) 003(0.01)  0.03(0.01)
UIP 2 38.6(46)  5.6(126) 003(0.01)  0.03(0.03)
; KIP 3 38.1¢03)  502(86)  003(0.01)  0.03(0.01)
UIP 3 38.7¢04)  51.9(87)  0.03(0.01)  0.03¢0.01)
. KIP 4 335(184)  371(85)  003(0.01)  0.04(0.01)
uIP 4 34.7(19.6) 37.4¢101) 0.04(0.01)  0.04(0.03)
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Figure 410 The difference between RMSE of fluxes in two cases (Known Initial Profile: KIP and Unknown Initial
Profile: UIP) overime.

4.5 Summary and Conclusion

In this research, an integrated VDA framework is introduced to estithatkey
parameters of land surface turbulent heat fluxesi, &F, and EFR. The proposed
framework advances the previous studieg,( Caparrini et al. 2004a; Sini et al. 2008;
Bateni and Liang 2012 two major ways. First, it accounts theherent coupling and
interaction between the transfer of heatd moisture in the sefllantatmosphere
continuum through the flux of evapotranspiration @idt assimilation of soil moisture
(SM) and the land surface temperature (LST) into a coupled watedwatdource
energy balance model. The transfer of wdtapisture) and energy (heat) in the soil
column is modeled by the moisture diffusion equation and full heat diffusion equation,
respectively. These diffusion equations act as physical constraints to the developed VDA

scheme. Second, it calculates secorakr information at the critical point by computing
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the Hessian matrix via the Lagrangian method. Analysis of semal®t information
enablesdistinction between saddle and optimum peiahd provides estimates of the
predictive uncertainty of parametefBhe wncertainty analysis on the VDA estimates
guides toward a welposed estimation. The performance of the proposed integrated VDA
framework is examined through a set of experiments based on a synthetic data set.

The results show that assimilating SMauidition to LST, improves the performance
of the VDA scheme in the estimation of sensible and latent heat fluxes by 38% and 30%,
respectively. However, ovehe prolonged dry weather or dry soil conditions, the soil
water head at the surface adapts to almehumidity (not land surface states), thereby
assimilating SM does not provide additional information to the system.

Through a sensitivity analysis, it is revealed that the sensitivity of the VDA estimates
to the initial guess of parameters (which stefnesn the knowledge of land surface
characteristics and weather conditions) is reduced when both LST and SM data are
assimilated and the cost function is constrained by both the moisture and heat diffusion
equation. This is a promising result and illustgatthe robustness of th@oposed
integrated VDA frameworKor the estimation of land surface fluxes in a lasgale
application with limited prior information of land surface/weather conditions, especially
over a heterogeneous region.

The analyses clelgr show that the secornorder information, obtained from the
calculation of Hessian matrix d@ghe cost function at the critical point, is valuable for
tackling the issue originating frothe proliferation of saddle points in a high dimensional
VDA parametes optimization system. Furthermore, the Hes$&iased uncertainty

analysis of the estimated parameters demonstrates that not only the prior uncertainties of
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parameters and heat fluxes are reduced as a result of simultaneous assimilation of SM and
LST data but also the correlations between the estimated parameters are reduced and
therefore the VDA scheme is oriented toward vpelsedness.

The feasibility of the proposed integrated VDA frameworklaige scaleestimation
of latent and sensible fluxes ugirspaceborne SM and LST data is examined in this
research. The results show that the proposed integrated VDA framework can well
estimate surface heat fluxes with (i) sparse temporal availability of LST and SM data
(corresponding to various satellite ovasp intervals or/and cloudy sky conditions at the
time of satellite overpass) and (ii) an unknowrtial SM profile due to the low
penetration depth of currebiband radiometerse(g, SMAP and SMOS).

The algorithm will need to be tested with satellite observation of soil moisture and
temperature rather than in a controlled experiment (synthetic experiment). Nevertheless,
the experiments described in this reskhatemonstrate the significant potential benefits
of the VDA scheme for LST and SM data assimilation and are a necessary initial step

into an area of mapping surface fluxes research.
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Chapter 58 Mapping Land Surface Heat and Evaporative Fluxes by Assimilting
GOES Land Surface Temperature and SMAP Soil Moisture Data

Land surface heat and evaporative fluxes exchanged between the land surface and the
atmospheric boundary layer play an important role in the climate system. In situ
measurements of these fescare expensive and available only over a limited number of
field experiment sites. At present, the only way to achieve the goal of mappingdtuxes
regional scalgis to use remote sensing images covering large areas. In this research, an
algorithm is poposed to estimate land surface heat and evaporative fluxes by jointly
assimilating Soil Moisture Active Passive (SMAP) data and Geostationary Operational
Environmental Satellite (GOES) surface temperature data into a coupled terrestrial water
and energybalance model using the variational data assimilation (VDA) scheme. The
algorithm is implementedver an area of 21780 Krim the U.S. Southern Great Plains
Assessment against-§itu observations suggests that remotely sensed soil moisture and
land surfae temperature contain significant information on the partitioning of available
energy among the sensible and latent heat fluxes. The maps of retrieved surface
evaporation and transpiration fluxes are used to study a number of dynamic feedback
mechanisms dtween the land and atmosphere, such as the dependence of

evapotranspiration on vegetation and soil moisture.
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5.1 Introduction

Water and heat fluxes exchanged between the land surface and the atmospheric
boundary layer play an important role in ther@die system. The accurate estimation of
these fluxesse s sent i al for i mproved understanding &
changes and characterization of water, energy, and carbon (4oldews et al. 2009;
Lewellen and Lewellen 2002 he partitioning of net radiation into sensible and latent
turbulent heat flux critically affects the verticstructure of the daytime atmospheric
boundary layer and largely determines the vegetation state both above ground and below
ground (Pielke et al. 1998) The proper estimation of evapotranspiration (ET) is
fundamental when dealing witesues related to water and fosecurity(Verstraeten et
al. 2008) In addition, ET affects terrestrial carbon uptake and release from and toward
the atmosphere and hence, knowledge on ET dynamics has a strong impact on the
interpretation of global change effects. Furthermore, the larfdce fluxes are of key
significance in the prediction of atmospheric and hydrological cycles.

In situ and direct measurements of these fllaesavailableusing methods such as
the eddy correlation (EC), Bowerratio energy balance (BREB) and scintilloner
methods(Odhiambo and Savage 200%he EC and BREB methods provide accurate
point measurements. However, swiservations only represent local processes and can
rarely be extended to large areas due to land surface heterogeneity and the dynamic
nature of the heat transfer procesgesench et al. 2005)The scintillometry method
provides spatially averaged fluxes at scales of the order of several kilometers depending
on the aperture size and type of beam us&@en et al. 2001and are therefore more

suitable for largescale applications compared to the more conventional EC and BREB
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methods with spatial coverage of order of meters. Nevertheless, in situ flux
measurements are expensive,eiconsuming, labemtensive, and available only over a
limited number of field experiment sites (such as First International Satellite Land
Surface Climatology Proje¢tSLSCH Field Experimen{FIFE], and sparse flux tower
networks [e.g, Fluxnet, EuroRix, and AmeriFluX), limiting their applicability for
regional and global applications.

At present, the only way to achieve the goal of mapping land surface faixes
regional scales is to use remote sensing technology that can provide various spatial and
temporal imageries covering large areas. However, land surface fluxes do not have a
specific signature to be detected by the current remote sensing technology thus, there is a
need for developig numerical methods to estimdlgxes using available remogensing
dataof land surface states.@, soil moistureandland surface temperature)

Despite early doubts about the accuracy and usefulness of remote sensing data to
estimate surface fluxes, the quality and resolution of remote sensing data prodacts hav
improved much in recent years and have led to developing a wide range of analytical and
diagnostic remote sensing methd#slma et al. 2008a; Overgaard et al. 200R)ese
methods differ in type and spatial extent of application, type of réyne¢@sedlata, and
use of ancillary (mdro-) meteorological and land cover data. In general, the methods that
estimate land surface fluxes using remotely sensed data are categorized into four groups.

The first group is statistical methods (also called prefreesmethods), which range
from asimple linear regressiore.g, Seguin and lItier (1983)to a complex machine
learning algorithm. Foexample Jackson et al. (197 Proposeda statistical model that

expresses the linear relationship between observatioretesft I(LE) and net radiation
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(Rn) and the difference between remotely sensed surface temperaturandr air

temperature (d asLE=R, -B(T, F,)", where B and n are sit@pecific regression

coefficientsand depend on surface roughness and atmersptstability. Clearly, such
statisticalmethodsrequire local calibration. Machine learning techniqueg,(artificial
neural networks) provide an alternative statist@pproachto the estimation of land
surface fluxes, primarily using a combinatiohremotelysensed and grourithsed data
(Getz et al. 2018 Machine learning techniques demonstrate strong pineglicapabilities
across time and spa¢@lemohammad et al. 201 However, at the cost of large data
requirements.

The second group of methodsbased on the relatiship between remotely sensed
surface temperature {)Tand vegetation index, Ve(g, the normalized difference index,
NDVI). A scatterplot of Tand VI often results in a triangular/trapezoid shape, therefore
this group of methods mometimes referredto ést r i a n g | @dliesrateal 1997¢d s
Carlson et al. 1995; Petropoulos et al. 20@ihce different lad cover types may have
different T/VI slope and intercept for equal atmospheric and surface moisture conditions,
the choice of scale (local ~ global) may influence the shape of the relatig8sinigholt
et al. 2002) Although the methods that exploit empirical \fIf€lationships vary in their
complexity, assumptia) and ancillary data requirements, they all need a large number of
pixels over the area of interest with a wide range of soil moisture and fractional
vegetation cover. In addition, the linearity assumption with regard to the biophysical
properties is repted as a poor representation of the true physical processes relating land
surface fluxes to locational changes in the\(I) feature space domaifiPetropoulos et

al. 2009)
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The third group of methodss based on a solution of the surface energy balance
(SEB) model utilizing the growing amount of land surface data available from remote
sensing. In these methods, closure assumptions often need to be imposed. The most
commonclosure is to consider the soil heat flux (G) as a fixed fractionndARderson
et al. 1997; Boegh et al. 200Bjowever, this assumption ignores diurnal variation and a
phase difference between the diurnal cycles pfaRd G (Kalma et al. 2008a)In
addition, the sensible heat flux msodeledusing the electric resistanemaloguewhich
needs surface resistancefgbness parameters that cannot be inferred from remote
sensing datd_homme et al. 2000; Massman 1999)

The fourth group of methodslata assimilation (DA) methods, incorporatasd
surface observations into @hyscally-based land surface model provide the model
with the best estimate of the state of a system or/and model parameters. The evolution of
LST implicitly contains infomation about the partitioning of available energy among
sensible and latent heat fluxes since different components of surface energy balance have
different relative efficiencies in dissipating available energy at the land syBateni
and Entekhabi 2012aBased on this recognition, mamgsearchersiave applied DA
methods to estimate key parameters of land surface fluxes by assimilating LST
measurements into a form of surface energy balance (SEB) (@ag®rrini et al. 2004a;

Sini et al. 2008; Bateni et al. 2013b; Abdolghafoorian et al. 200§ two most critical
parameters of land surface fluxese the dimensionless neutrddulk heat trasfer
coefficient(Cnn) andevaporative fraction (EFChn captures how the landscape impacts

on neassurface turbulencender neutral conditions arfeF reflects surface control on the
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relative magnitude of latent and sensible heat fluxes and indicatamthent of surface
energy available for the evaporation of water.

DA methods for the estimation of unknown parameterg, (EF and Gn) are mainly
categorized into two groups of sequential data assimilation and variational data
assimilation (VDA). In contast to most ofthe sequential DA approaches, which
assimilate the observations in a sequential manner (whenever esoteeddata are
available), the VDA scheme operates in a bgigtessing manner.€., using the
observations inside the assimilatipariod all at once). As a result, the VDA scheme is
superior to sequential DA approaches notably in terms of optimality of estimated
parameters, stability, and robustness of the estimation angaimesla great deal of
attention in many scientific and angering applications including geophysical and
hydrologicalmodeling In addition, the VDA scheme has a number of advantages over
empirical and diagnostic methods. The VDA scheme is nospgeific because it does
not use empirical LSVI-flux relationsnor closure relations such as those that take G as
a fraction of R. Therefore, VDA is the method of choice in this research.

Caparrini et al. (2003xnd Caparrini et al. (2004introduced an algorithm based on
the VDA scheme which is capabté mapping surface energy balance components by
assimilating sequences of remotely sensed land surface temperature measunéonants i
combinedsource SEB (CS) model and estimating the most critical parameters of SEB
(i.e., EF and Gn). The proposed algorithm was evaluated over a range of vegetative and
hydrological conditions in the southern U.S.A. during the middle part of theirgyo
season and promising results were obtained at dry and lightly vegetatgCritesand

Kustas 2005)
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In CS models, the difference between soil and vegetation temperatures and turbulent
exchange rates are not accounted for, although soil and vegetation play a very different
role in theland surface system. To address the shortcoming of CS mGagliarrini et al.
(2004b) applied a simplified form othe dualsource SEB (DS) model (developed by
Kustas et al. (199%)within the VDA scheme with the aim of estimatinginCand
evaporative fractions for soil (EfFand canopy (Ef, separately. The DS models partition
the energy exchange between the soil and vegetation and are suitable for estimation of
turbulent fluxes in heterogeneous landscagaeseni and Liang (2012nd Bateni et al.
(2013b) advanced the VDA algorithms developed Baparrini et al. (2004)and
Caparrini et al. (2004b)sing the fll heat diffusion equation as the physical constraint
instead of the simple foremstore equation. Constraining the VDA optimization
algorithm by the full heat diffusion equation decreases the phase error between the
observed and estimated ground heax ftiiurnal cycles and improves the estimates of
turbulent heat fluxes.

Although several studiee.g, Sini et al. 2008; Xu et al. 2014; Bateni and Liang
2012)have used the VDA scheme to retrieve surface turbulent heat fluxes by assimilating
LST into a SEB model, none of them have considdterl inherent coupling and
interaction between the transfer of water (moisture) and energy (heat) soitfmant
atmospherecontinuum. This has been identified as one of the main reasons that
contribute to the poor performance of VDA in the endngyted regimes(Sini et al.

2008; Xu et al. 2014; Abdolghafoorian and Farhadi 2088)l moisture controls not
only the partitioning of available energy into sensible and latent heat fluxes through its

influence on evaporative fractiofDirmeyer et al. 2000Gentine et al. 2007; Farhadi et
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al. 2014, 2016; Schwingshackl et al. 2Q10t also the partitioning of evapotranspiration

into soil evaporation and canopy transpiratigntekhabi and Moghada 2007; Crow et

al. 2015; Lu et al. 2017)n addition, while DS SEB models include a description of the
vegetation, the interactions between groundwater, soil texture, root zone, and surface
water fluxes €.g, irrigation) are not taken into accountdaconsequently they may fail

to produce accurate results in areas where such interactions are im(veengaard et

al. 2006)

A number of studies applied a sequential DA approachsimdate soil moisture into
a land surface model and showed the modest benefit of assimilating surface soil moisture
observations for the estimation of surface fluxeg,(Li & Islam, 1999; Reichle, Crow,

& Keppenne, 2008)These studies also illustrated the low performancestimationof
surface fluxes with soil moisture assimilation, in the presence of soil moisture
measurement errors.

Abdolghafoorian and Farhadi (201&)nsidered the inherent coupling and interaction
between the transfer of heat and moisture in thepdaiitatmosphere continuum by
coupling the water and duaburce energy balance models through the flux of
evapotranspiration, and developed a VDA algorithm to jointly assimilate SM and LST
into the coupled water and dusdurce energy balance model and estimayeuk&nown
parameters of turbulent heat fluxesunC EFs, and EEk. They also enhanced the
performance of the VDA scheme by analyzing seeomtkr information at critical
points, computing the error covariance matrix, performing the uncertainty analysis, and
evaluating the correlation between estimated parameters. The performance of their

proposed integrated VDA algorithm was investigated using a set of experiments based on
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a synthetic data set. This study shows that simultaneous assimilation of SM and LST
improves the estimation of heat fluxes and reduces the sensitivity of VDA to the initial
guess of parameters. Furthermore, by addhg moisture diffusion equation as an
additional constraint, the correlation between the estimated parameters is redutted and
VDA scheme is oriented toward wglbsedness.

In this Chaptey the integrated VDA algorithm developadChapter 4or point-scale
applicatiors is extended to workvith remotely sensedtate variable ofurface soil
moisture and land surface temperafuand remotely sensed and/or reanalysis forcing
data ofprecipitationand incoming radiation The extendedintegrated VDA algorithm
estimats the key unknown parameterstoe coupledvater and energy balance model
aregional scale. To demonstrate timapping capabilityof the developedlgorithm in
conjunction with remote sensing measuremanis,applied to a migized basin (21780
km?) in the U.S. Southern Great Plains and values @, &R, and Ek and then
turbulent heat and evaporative fluxae estimatedfor a 9month period in 2016The
analysis ofthe estimated evaporative parameters along with independent soil moisture
measurements and vegetation cover informatimvides insight orthe surface control
on evaporative flux
5.2 Methodology

In Chapter 4, the integrated VDA framework for estimation of the key unknown
parameters of land surface fluxes, whpartition available energy into fluxes of sensible
and latent heat, and computation of uncertainty associated with these parameters was
introduced. The methodology is extended to work with remotely sensed data and retrieve

the land surface heat and water evaporative flakasegional scale.
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5.2.1 The Coupled Water and Duakource Energy Balance Model

A simple physical land surface mdgehich was introduced by Abdolghafoorian and
Farhadi (2019), is used to parameterize the surface water and heat fluxes and model the
movement of heat and moisture through the column of soil. In this model, the surface
dualsource energy balance (SEB)cougded with the surface water balan¢8WB)
throughthe flux of evaparanspration.

In the dualsource SEB model, the contributions of soil and canopy to the land
surface temperature is separaf€aparrini et al. 2004a; Bateni and Liang 2018&)this
model, canopy heat capacity is assumed to be zero and therefore, the canopy energy
bal ance i s descreprbsentscamay):( subscri pt Aco r
Rn, = LE, +H, (5.1)
where H (W/m?), LE: (W/m?), and Re (W/m?) are respectively the canopy sensible,
l atent, and net radiation fluxes. The soil
represents soil):
Rn,=H, LE,Z & (5.2)
where G (W/M), Hs (W/m?), and LEs (W/m?) are respectively the ground heat, soil
sensible, soil latent fluxes and fW/m?). The distribution of temperature in the column
of soil is modeled by the heat diffusion equation.

The key unknown parameters of this model aredin@ensionless neutrddulk heat
transfer coefficient, Gy (-), and the soil and canopy evaporative fractiors &t EF,
respectively. Gn accounts the effect of the momentum roughness scale,and the

surface scaling length for heat fluxpZCaparrini et al. 2003)
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EFs and Ek are generally related to moisture conditions and available energy. They
are the key controlling parameters which scale the partitioning of available energy
between sensible andéat heat fluxes, and are defined as:

LE

EE = c 5.3
¢ H.+LE, (5-3)
LE
EF=——— (5.4)
H,+LE,

At moderate weather or soil conditions, the soil surface condition is controlled by
SWB and the net water flux, g (m/day), results from precipitation/irrigation, P (m/day),
evaporation, Em/day), and surface runoff.iR(m/day)as:
0.,=P -E R, (5.5)

The water movement in the unsaturated column of soil is modeled by the moisture
diffusion equationi(e., the Richards equation).

Soil latent heat flux is related to the amount of water teartbfough soil evaporation

(E) via:

E
LE, = H (5.6)
wherew (kg/m®) and L (J/kg) are the water density and latent heat of vaporization,
respectively. Therefore, the SEB and SWB models are coupled through the flux of
evaporation where E is the key component of the soil top boundary condition aisd LE
the key conponent of the soil energy balance equation.

Canopy latent heat flux is related to the amount of water transfer through

transpiration, T (water uptake by plant root) via:

112



T
LE.=—— 5.7
‘L ®.7)
Therefore, the SEB and SWB models are also coupled through theoflux

transpiration, where T is the key component of the moisture diffusion equation aisd LE

the key component of the canopy energy balance equation.

A more detailed description of the coupled water and-gdoaice energy balance

model can be found in Cpter 4.
5.2.2 Estimation Method

The estimation problem is formulated based on the variational data assimilation
(VDA) scheme. The VDA scheme can improve the performance of physical land surface
models by assimilating the vector of state observations. T &¢heme is based on the
minimization of the cost function, J, which aggregates error between state estiknates,
and observations{ons as well as error of the unknown paramet&fswith respect to
Apri or O Y@ everitheassinglation intervdtp ti] as:

J=RX X JCHK X )dt Y 5E YY)

4, - (5.8)
+ﬂT§z—)t( FX,Y) ﬁt + ff OFF L ¢ tw () dtat’

toto
The physical model, which is generally defined X&dd=F(X,Y), is adjoined through
the vector of Lagrange multipliersy to constrain the estimation problem. The last term
of J accounts for the model errav, including erroran the model formulation (such as
missing process representation) and/or in the mmueteorological forcing data.xCCy,
and Gy correspond to the error covariance of observations, parameters, and model error

prior to data assimilationThe optimum valuesf parameters is obtained by setting the
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first variation of cost functioequal to zero(( J0), which leads to the set of the-called
EulerLagrange equations including adjoint models (5.9) a set of equations for updating

the prior value of parameters (5.10) as well as model error estimation equation (5.11).

ﬂ: TU_F _ T~-1
i X (X-Xops) Cx (5.9)
/(t)=0
v=y €,5 Ha .
Ay (5.10)
4
w = e, (6 )/ T (t)dt’ (5.11)

In this researchthe vector of states is defined ¥s= [LST SM] and LST and SM
observations from GEOS and SMAP are assimilated in the available temporal resolution
of satellites. The vector of parameters is define¥ as[R EFs EFR], whee R = In(Chn).

R varies on a monthly basis while. and Ek vary on a daily basi¢Caparrini et al.
2004b; Bateni and Liang 2012Yhe cost function is constrained by heat and moisture
diffusion equations. The optimal valueYfis obtained for each computational pixel.

The VDA scheme retrieves the optimal values of unknown parameters via-a first
order opimality system, then, the convexity of the cost function is evaluated by the
analysis of the Hessian matriko construct the Hessian matrix, the Lagrangian method
which is computationally less expensive than direct differentiation methods is used
(Burger et al. 1992ZAlekseev and Navon 2002; Burger et al. 1992; Papadimitriou and

Giannakoglou 2008)The Lagrangian method introducss new cost functions, where

Ny is the number otinknown parameters. The new cost functibmi,, consists of the

gradient ofJ with respect to Mi.e, O dor(strained by physical and adjoint models.
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The Hessian matriXl, is aNy by Ny matrix and is defined as:

é 2
H=g,, ﬂe_:uLY‘ g 2Ny (5.12)
el o

The reader is referred to Chapter 4 gomore detailed description of the Hessian
matrix computation methodology.

Analysis of eigenvalues of the Hessian matrix enables distinction between saddle
point and optimum poistand the inverse of the Hessian matrprovides a good
approximation of the fposter i of(Bhutgaevrebr cov a
al. 2008; Gejadze et al. 2011; Farhadi et al. 2016; Abdolghafoorian and Farhadi 2016)
S=H"* (5.13)

The error covariance matrix is a measure of the uncertainty of estimatadegpars
and the correlation between them. The uncertainty ofevetli land surface fluxes is
guantified through the Monte Carlo algorithm, which simulates large random samples of
parameters from the estimated distribution of the paramé&amerman and Lopes

2006; Abdolghafoorian and Farhadi 2016)

5.3 Study Location and Data

The devabped VDA algorithm is implemented over a region in the U.S. Southern
Great PlaingSGP) which covers parts of the states of Kansas and Oklahoma, {86.75
to 37.24N, 96.72 W to 98.22 W). SGP is mostly flat with elevations ranging from 230
to 450 m abwve sea level. The main soil texture classes in this region are loam and silt
loam. Figure 5.1 showthe map ofland coverover the study area. THand cover
classificationdatais based othe International Geospheigiosphere Programme (IGBP)
system and is obtained from the Moderate Resolution Imaging

SpectroradiometgMODIS) land cover type product (MCD12QX}riedl and Sulla
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Menashe 2015)The major land cover types are grassland (46%), mostly covered the
eastern part of the stydarea, and croplands (50%), mostly covered the western part of

the study area.

Water Bodies

Barren

Permanent Snow and Ice
Cropland/Natural

Urban and Built-up Lands
Croplands

Permanent Wetlands
Grasslands

Savannas

Woody Savannas

Open Shrublands

Closed Shrublands

Mixed Forests

Deciduous Broadleaf Forests
Deciduous Needleleaf Forests
Evergreen Broadleaf Forests
Evergreen Needleleaf Forests

98.0 W 975 W 97.0 W

Figure 51 Land cover in the study area

Land surface soil moisture (SM) The enhanced Lev@ (L3) soil moisture product
provides a composite afaily estimates of global land surface conditions retrieved by the
Soil Moisture Active Passive (SMAP) radiometer. The SMAP Level 3 Soil Moisture
Passive (L3SMP, L3SMP_E) products are simply a daily composite of the Level 2 half
orbit files. The data areogted on 9km EASR (EquatAreaScalable Earth 2) grids, with
a typical revisit interval of -3 days(Chan 2016) The product provides gridded data of
6:00 am (descending) and 6:00 pnsa@nding) SMAP radiometdrased soil moisture
retrieval. Observations from the 6 a.m. descending overpasses are used. L3SMP_E

(Version 2) dataset are availablenéps://search.earthdata.nasa.gov/search
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Comparisons of SMAP soil moisture retrievals witlsitu soil moisture observations

from core validation sites and sparse networks reveals that the current release of L3SMP
provides the best overall performance with an ubRMSD of 0.0337&3r,ra bias of-0.001

m3/m3’ and correlation of 0.82Wackson et al. 2018Jhe investigation through a set of
synthetic expements (realts presented in Appendix C) also slealthat assimilating
biased SM (as long athe bias is within thereportedrange for SGP)nly slightly
degrades the accuracy of the VDA performancdhanestimation of heat fluxesThe

monthly temporal and spatighriation of surface SM across teudy area is shown in

Figure5.2.
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Figure 52 Monthly temporal and spatial variation of SM across the study area. SM: soil moisture

117



Land surface soil temperature (LST) LST data obtained dm Geostationary
Operational Environmental Satellite (GOES) provided by Copernicus Global Land
Service. The LST GOES product is calculated every hour and made available to the user
in nearreal time with a timeliness of 4 hours covering most of the gldaet surface
within the-60°/70° latitude range at a spatial resolution of 5 k8Il is estimated from
Top-of-Atmosphere (TOA) brightness temperatures of atmospheric window channels
within the infrared rangd€Freitas et al. 2013)The LST GOES data are available at

https://land.copernicus.eu/global/products/Note that the LST products are available

only for cloud clear pixels.

Precipitation: The Integrated MulisatellitE Retrievals for Global precipitation
meaurement (IMERG) is designed to compensate for the limited sampling available
from singlelow Earth orbit(LEO) satellites by using as mahjfO-satellites as possible,
and then augmenting with geosynchron&asthorbit (geo) infrared (IR) estimates.
IMERG uses as many satellites of opportunity as possible as well as precipitation gauge
analyses to provide crucial regionalization and bias correction to the satellite estimates.
Version 06 of the data setd, the current version) provides hdiburly precpitation
estimates on a #m grid over the domain 60N-S (Huffman et al. 2018)GPM IMERG

data set are available htips://seazh.earthdata.nasa.gov/seardime monthly temporal

and special variation of precipitation across shely area is shown in Figuge3. April

and November have the highest and lowest precipitation, respectively.
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Figure 53 Monthly temporal and spatial variation of P across the study ar@ae€lipitation

Forcing Data: The North American Land Data Assimilation System (NLDAS)

integrates a large quantity of observattmsed and model reanalysis data at ¢. 126

spacing ovecentral North AmericgMitchell et al. 2004) The temporal resolutionsrfo

NLDAS products are hourly and monthly. The phase 2 of NLDAS (hereafter, NLD)AS

|l and surface forci

ds are ge,theped int

primary f or ci nd.e,fsithé sdondary (dptiomd) ifofciag filB)d-i (I e A0

is the primary (default)

forcing file and c¢

(optional) forcing file and contains ten fields. Parameters in the NLRASimary

forcing data include surface downward shortwave radiation flux, sudagenward

longwave radiation flux, air temperature, wind speed, and air pressure. Parameters in the

NLDAS-2 secondary forcing data include the surface temperature, humidity, and wind



fields (Xia et al. 2012) NLDAS-2 primary forcing data are available at

https://search.earthdata.nasa.gov/search

Leaf area index Leaf area index (LAI) is defined as the esidedgreen leaf area
per unit ground area in broadleaf canopies and ashalfi¢he total needle surface area
per unit ground area in coniferous canopies. dAta are obtained from the Moderate
Resolution Imaging Spectroradiometer (MODIS) MCD15A2H prod(i¢hyazikhin
2015) Data are available at 500 m resolution every 8 days. The algorithm chooses the
Abesto pixel a @ acquisiidnd & bothrMOBIS sehsbrs lochted on
NASAOGs Terra and Aqua -daygperied. IGDL5AZ LAfFdataset wi t hi 1

is available ahtips://search.earthdata.nasa.gov/search

The monthy temporal and special variation bAl across thestudy area is shown in
Figure5.4. LAl varies fromD 0.2 in bare soil during late fall/early spring, to max 4.2 in
dense grassland duririge summer with most variation over the eastern part of the study

area.
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Figure 54 Monthly temporal and spatial variation of LAl across #iudy area. LAI: Leaf Area Index

Soil texture: Soil texture data including sand fraction, clay fraction, and soil
classification is obtained from SMAP L4 Global 9 km EAGHEd Surface and Root
Zone Soil Moisture Land Model Constants V004 (SPLASMLM) pobdwhich is the
same data set used for SMAP soil moisture retriéRalchle et al. 2016; De Lannoy et
al. 2014) Coverage spans from 180°W to 180°E, and from approximately 85.044°N to
85.044°SCoverage is forthe global land surface excluding inland water and
permanently frozen areas. More information about soil texture idatevailable at

https://nsidc.org/data/spl4smim7dpita set talyS8#.s

The hydraulic parameters of soil are obtained using the highly refineeljptéble

proposed by De Lannoy et §2014)based on the classification of SPLASMLM.
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Validation: To validate the algorithpthe etimated heat fluxeare comparedwith
the insite measurements. The Rhburly in situ measurements of surface heat fluxes are
available fromthe Energy Balance Bowen Ratio (EBBR) flux stations provided by
the Atmospheric Radiation MeasuremdARM) network. The energy balance Bowen
ratio (EBBR) system produces-8@inute estimates of the v&al fluxes of sensible and
latent heat at the local surface. Flux estimates are calculated from observations of net
radiation, soil surface heat flux, and the vertical gradients of temperature and relative
humidity (RH). Meteorological data collected Hye EBBR are used to calculate bulk
aerodynamic fluxes, which are used in the Bulk Aerodynamic Technique (BA) EBBR
valueadded product (VAP) to replace sunrise and sunset spikes in the flux data. A
unique aspect of the system is the automatic exchangeamsch(AEM), which helps to

reduce errors from instrument offset drift.

Spikes in the data occur at sunrise and sunset when the Bowen ratio 4%. neee
spiked data replaced by the BA EBBR VAP with fluxes. All energy flux densities have a
positive signwhen directed toward the surface, and negative when directed away. For
example, values of sensible and latent heat flux could be -80@ watts per meter
squared during the daytime in the summer. For detailed information on the process of

flux measuremestand their closure errors, the readers are referr@biuk 2018)

A summary of the datasets is presentad Table 5.1. All dea are re

projectedto geographic coordinates.
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Table 51 Summary of Data Sets

Spatial Temporal
Category Data set Source ) )
Resolution Resolution
o SM SMAP 9 km 2~3 days
Assimilation
LST GOES 5 km 1lh
, RS,RU,T NLDAS-2 0.12% 1h
Forcing s a .
P GPM 10 km 30 min
LAI MODIS 500 m 8 days
Ancillary Soil texture SMAP 9 km -
Land cover MODIS 500 m 1 year
Validation H, LE ARM point scale 30 min

The developed VDA algorithm is run for 275 dageveing March 1 to Nov 30 in
2016 on hourly timestefs. The 275day period is used for capturing seasonality effects
and for ensuring satisfactory coveragée size ofthe computational grid is 5 km
(correspond to GEOS spatial resolution), which yiel@6Q computational pixels over
the region. Spatial charaeistics of biospheric processesre assumed to be
homogeneous within the computational pixel. The algorithm is not implemented for grid
cells with more than 5% coverage by open water, permanent snow and ice, permanent
wetlands, or urban and builp lang, based on 1 km land cover data.

Since thespatial resolutionof the computational gridis finer than the spatial
resolution of theforcing data,the forcing dateare extracted from the forcing data grid
cell in which the center of the computational grel falls. The ancillary datae(g, LAI)
are spatially aggregated to 5km resolution. LAl data are temporally interpolated to obtain

daily LAI data.
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5.4 Result

The integrated VDA framework is implemented to assimilate the remotely sensed
LST and SM intahe coupled water and dual source energy balance model (explained in
section 5.2.1) for the period of March 1 to Nov 30, 2@@r the SGP domain. For each
pixel of the computational grid, the algorithm iteratively improves parameter estimates
(ERs, ER, and Gy) through minimizing the misfit between the estimated and satellite
observed LST and SM. Then, the Hessian matrithetost function at the critical point
is computed. Through the analysis of eigenvalues of the Hessian matrix, the algorithm
ensues that a minimum point, not a saddle point, is reached. If the analysis of
eigenvalues indicates that the optimization has reached a saddle point, the algorithm is
repeated using a new guess for the initial value of the unknown parameters to obtain a
new critical point. This process continues until the minimum point of the cost function
(not a saddle point) is obtained. Then, the canopy and soil latent and sensible heat fluxes
can be estimateoh hourly timesters.

A series of tests are performed to asshssrobustness of thdeveloped integrated
VDA frameworkfor the largescale applicationThese testinclude (1) consistency tests,

(2) comparison testand (3) uncertainty analysik the consistency tests, the expected
correlation between a certainstiemated parameter/flux and a certain observed
environmental variable is examined as a measure of accuracy. For example, a positive
correlation is expected between surface soil moisture thedstimated evaporative
fraction (Scott et al. 2003)In comparison tests, the available in situ measurements of
surface heat fluxes in the region from the ARM facilities are usewrgare with and

assess the results of the proposed estimation methoddogygcertainty analysis, first
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through the analysis of secceondder information, we make sure that the VDA has
reached a minimum point (not a saddle point) and compares the urigedeach

parameters for each pixels to make sure they are within acceptable range.

5.4.1 Evaporative Fraction

The integrated VDA framework estimatéise daytime value of soil and canopy
evaporative fractions for each pixel over a period of nine moatits quantifies the
uncertainty asociated with each EF estimate.

Basically, a dependence of evaporative fraction on soil moisture can be explained by
three soil moisture regimes: (1) dry regime (wlg&v < SMw, where SMy is wilting
point), (2) transitionategime (whernrSMy < SM < SMcrit, WhereSMcrit is critical point),
and (3) wet regime (wheBMcit < SM) (Short Gianotti et al. 2019; Schwingshackl et al.
2017; Seneviratne et al. 201®) soil moisture is very low, less than a certain threshold
(SMw), the water is bound in the soil pore space and no evapotranspiration is taking place
(i.e., dry regime) For higher soil moisture, soil moisture variations have a direct impact
on evaporative fraction and strongly constrains evapotranspiration variahbiéty (
transitional regime). If soil moisture exceeds a certain thresi&\Mti{), the relation
levelsoff. In the wet regime, EF depends mostly on the available energy and EF becomes
independent of soil moisturén summary, EF is only controlled by soil moisture in the
transitional regime.

The water availability's relationships with evaporative fraction different plant
canopies i(e., various LAl classes) are investigated by comparison betweerarttF
observed SMAP soil moisture data and comparison betwegangrestimated root zone

soil moisture.
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Figure 5.5 shows the maps of #stimate, EFuncerginty, and SMAP soil moisture
observation for three sample days. The comparison betweerarttF SMAP maps
indicates a similar spatial pattern. For example, the SMAP map alul}Q016 is
indicating that the eastern part of the region is wetter than teemeoart. The retrieved
EFs valuesin the eastern part of the region are higher than those in the western part,
which is compatible with water availability on -00ly-2016. The uncertainty analysis
showsthe uncertainty of most of the pixels are witthe acceptable range aadly 3.7%
of estimatedEFs have a relative uncertainty of more tha®0%. The average relative
uncertaintyof EFRsover the study arefar 9 months is30%.

Figure 5.6 shows the relationship betweer &fel SM. The lines correspondrtean
values across all days and pixels, binned by SM, for four LAI classes. The figure
illustrates that during the transitional regime.( water availability is limited), Efis
controlled by SM and they have a direct relationship. However, when line ofasurface
SM is high {.e,, wet regime), surface SM is no longer a strong controller of EFs. In
addition, it can be observed thatsE$ sensitive to the canopy density. The value of EF
in the LAI < 1 clasqi.e., partially vegetated covefpr a speific SM value, is smaller
than the corresponding value in the other classes. This can be explained by the fact that
when the land surface ightly covered by vegetationhé soil temperature increases as
soil receives more energy, leading to a higher sensible heat flux, Kl and lower EE
In this study, for the LAI < 1 class, EB less than 0.5, meaning that more than 50% of
available energy is partitioned into.H he vegetation cover does not have a significant

effect onthe shape 08M-EFs reldionship for the classesith LAI greater than one.
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Figure 55 Map of (pper panel) the retrieved ERmiddle panel) EFUncertainty and(lowerpanel) observed surface

soil moisture data from SMAP, for three sample days
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Figure 5.7 shows the maps of &stimate, EFuncertainty, and\eerage root zone
SM estimate for three sample days. The comparison betweesnBFaverage root zone
SM indicates a similar spatial pattern. For example, the m#pealverage root zone SM
on 13June2016 is indicating that the northeast is the wettedt gfathe region. In the
same day, the retrieved EFalues in the northeast are higher than those in the other parts
of the region.The uncertainty analysis showsatthe uncertainty of most of the pixels
are within the acceptable range and only 1.7%estimatedEFR. have a relative
uncertainty of more than 40%. The average relatieertaintyof EF: over the study area
for 9 months is 24.4%.

Figure 5.8 shows the relationship betwdka average root zone SM and £Fhe
lines correspond to mean valuesass all days and pixels, binned by SM, for four LAI
classes. The figure illustrates that the incremsevater availability atthe root zone
slightly increases the value of ER he increase of vegetation cover has a direct effect on
the value of EFwhen the land surface is partially vegetated. Howetlee, impact of
vegetation cover othe value of EFdecreasewhen LAl increases andhe impact of

LAl on SM-EF relationship becomes negligilfier LAI>2.
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Total evaporative fraction, EF, is estimated as the ratio of total latent heat flexes (
sum of canopy and soil latent heat fluxes) to the sum of total latent andleédresab
fluxes (.e. total available energy,FG). Figure 5.9 shows SMF relationship obtained
from this study during JurBeptember 201@olid blue line) and compares it with that of
Short Gianotti et al. (2019%or Great Plains. Short Gianotti et al. (2019) applied an
observationdriven approach aa continental scale using surface and satelidgsed
observations during Justeeptember 2012016. Theshape of SMEF relationship
obtained from this study follows the SEF pattern from Short Gianotti et al. (2019)
study. EF increases with SM durintbe transitional regime and stabilizes when the
availability of water is no longer limiting.€., wet regime, also called energymited
regime).The two studiesgree well in the respective values for the critical p&@Mit,

i.e, the point that separates the transitional and wet soil moisture regimes, and the plateau

level of curves, which is a functiaf local climate and vegetation.
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Figure 59 Plot of total evaporative fraction (EF) versus SMAP SM data and comparison between-Efe SM
relationship obtained in this study with that reported by Short Gianotti (201®)ef@reat Plains during June
September.
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Figure 5.10 shows the map &Mcit. Since SMcrit is mostly influenced by soil
properties and vegetatio(Gchwingshackl et al. 2017)t is assumed thaSMcit is
constant during the year for each pixel. To determine the val&g# for each pixel,
the availableSMAP SM dataandtheir correspondingeF estimates during therBonth
period are onsidered and the segmented linear regression procéeluigggeo 2003;
Schwingshackl et al. 2017 used.The analysis of SMEF relationship showsthe soill
moisture regime for the study area is either transitionaledr Winis finding is compatible

with the analysis o8chwingshackl et al. (2018yer SGP
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Figure 510 Map of retrievedSMcrit across the study areRegions with onlytransitionalsoil moisture regimare
shown by blank (white) pixels.

Figure 5.11 shows the map of SBF correlation for two transitionalnd wet
regimes.To compute the SMEF correlationfor each pixel in the transitiondivet)
regime, the availablSMAP SM data thatare less(greater)than the estimatedSMcit
(Figure 5.11) andheir corresponding estimated EF are considefér first rowshows
the values ofthe correlation coefficient and the second row indicateketiver
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thecorrelationcoefficient is statisticallgignificant (pvalue<0.05) or not. Based on the
results, as expectetbr the most parts of the region, during the transitioegime(when
SMw < SM < SMcrit) EF is sensitive to SM variation aistgnificantcorrelation between
SM and EF is observedéd., the pvalue for most othe pixels is less than 596Based on
Figure 5.11, the correlation between SM and EF is generaignifisant over the wet

regime, a8 expected.
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Figure 511 Correlation between evaporative fraction (EF) and soil moisture (SM). First row: correlation coefficient
value, second row: analysis of correlation coefficient signifieaRegions with onlytransitionalsoil moisture regime
are shown by blank (white) pixels.

5.4.2 Natural Bulk Heat Transfer Coefficient

The integrated VDA framework estimatdse monthly value of natural bulk heat
transfer coefficient, Gy, for each pixebverthe period of nine monthand quantifies the
posterior uncertainty associated with each estimate. Based on the classic miew, C

captures the surface boundary influence on-sadace turbulence and controls sensible
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heat bux. Fi gur e 5 pnleBtimaeh @uwwscerthititye (showa py o f
U (1)), andthe monthly average of MODIS leaf area index for three sample months:
April, June, and August. LAl characterizggant canpies and is one othe main
indicators of land surface roughne3$ie temporal and spatial consistency between the
retrieved Gin and observed LAI maps in this figure indicates the dependencenadrC
vegetation coverThe uncertainty analysis shows onlp% ofthe estimatedCnyn havea
relative uncertainty of more than 20%. The average relative tanmggrof Cxn over the

study aredor 9 months is 9%.
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Figure 512 Map of (Upper panel) the retrieveduC+ (middle panel) Gu uncertainty, and (lower panel) LAl data from
MODIS, for sample month April, June, and August

Figure 5.13 shows the relationship betweer &d LAl and provides an opportunity
to understand how & varies with LAl The line corresposdo the mean value oCun

across all months and pixels binned by LAI, with equal numbers of observations in each
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bin. As it is shown in Figure 5.13 4§ increases as vegetation cover increases. e C
LAI relationship in this study is comparable with those reported in theatlitee for
various field studies and largeale modeling studies such@salls and Brutsaert (1996)
and Sugita and Brutsaert (1990)er FIFE grasslandKubota and Sugita (1994ver

ERC pasture field, anBarhadi et al. (201&)ver Gourma domai(shown in Figure 5.13).
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Figure 513 Plot of neutral bulk heat transfer coeffici€Btin) versus LAl and comparison between the-CAI
relationship obtained in this study with those reported in the literature for various studies.

5.4.3 Land Surface Fluxes

When the optimum values of unknown parametefsi(EF;, ER) are obtained, the
heat and evaporative fluxes can be estimatedn hourly basis. Figure 5.14 shows the
map of monthly transpiration, T, for 9 months. Transpiration is the process by which
water is carried through plants from roots to the atmosphere. The western part of the

region includes large tracts of winter wheat crop, which are usually planted in October
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and harvested by late Juremrly July. LAl in this part varies from 0.2 in bare, harvested
fields to max 3.5 for dense crop canopies (as shown in Figdirelbe eatern part of the
region is mainly covered by grass and LAl varies frbn®.2 for bare soil during late
fall/early spring, to max 4.2 durirthe summer (as shown in Figuredh. The comparison
between Figures 5.14 andd5ndicatesthat there is daemporal and spatial consistency
between the estimatédinspiratiorand LAI. Transpiratiorand LAI are both dominarih

the eastern part of the study afeam May to Septembef(i.e., spatial consistengy
Transpirationand LAI are bothvery low during March and Novembére., temporal

consistency
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Figure 514 Map of monthly T over nine monthsT: Transpiration

Figure 5.15 shows time series of monttrgnspirationrand monthly average LAI for

two dominant vegetation types in the regioe.(grassland and cropland) and illustrates
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the strong relationg between vegetation density and the amount of water transfer by
vegetatiorfor both grassland and cropland. With the approach of sghagranspiration

rate for both grassland and cropland incrsas®nthby-month until peak ratds
achieved in JulyTemporal increases in demand (net radiation) and supply (LAI) are
respnsible for this trend. Figurg.15 shows thathe transpiration rate for grassland is

greater than croplarfdom May to Nov, which is attributed to differences in LAI.
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Figure 515 Monthly variation ofdomairraveragedranspiration and LAI for twdéand cover typesgrassland and
cropland

Figure 5.16 showshe time series of monthly evapation, E, and monthl\ Al
averaged over land cover types: grasslandcaopland. The figure shows that for areas
where the vegetation cover is not densg,( cropland with maximum monthly average
LAI of 1.5), E reaches the peak value durthg summer when the solar radiation is
maximum. However, for densely vegetated lamwdas €.g, grasslad with maximum
monthly averagéAl of 2.3), even though the solar radiation is peak during the summer

(i.e., high demand) andhigher rate of evaporation is expectedompaison with other
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months ofthe year, themaximumtransfer & water from soil does not occim summer

due to the increase of canopy shadow and the decrease of soil available energy

1.1 ‘ ' ‘ ' T ‘ ' ‘ ' 2.6
1r 12.4

0.9r 12.2
,_|0.8 I 4 2
=
c 0.7 1.8
o
E_o.s 1.6 <
Eo05 1.4
Ll

0.4 1.2

' cropland E '
0.3 1’ grassland E \ .
| , cropland LAI "\ |
0.2 ! - - — grassland LAI < 0.8
0.1 3 0.6

Figure 516 Monthly variation ofdomainaveragedvaporation, E, and LAI for twiand cover typegyrassland and
cropland

Figure 5.17 shows the spatial patterravéragesvapotranspiration, ET.¢., thesum
of plant transpiration and soil evaporati@tyoss the study area. ET shows considerable
spatial variability across the study area. The highesi@mest ET rates are seen in the
eastern and western parts of the region, respectiveBigure 5.17, thepatial pattern of
the environmental factoi.e., soil moisture, vegetation density, air tesrgiue, and net
solar radiationjhat control ETarealso presented.

Water availability isanimportant factor that controls ET. The genespatialpattern
of averageET is similar to the SMspatial pattern (Figure 5.17Aand thecalculated

correlation coefficienis +0.66
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Vegetation is one of the mositing factors affecting ET; consequently, the general
spatial pattern of ET is similar to the LAI distribution pattern (Figure 5.1aiR)the
calculated correlation coefficient is +0.83

Evapotranspiration and nesurface air temperatures Tare negately coupled: a
reduction in ET induces an increase in (5chwingshackl et al. 2017Yhe negative
coupling between dand ETis observed irthe spatial pattern of ET andaT(Figure
5.17C) and the calculated correlation coefficientG23

Severalstudieshave shown the high correlation between ET and net radiatign, R
(e.g, Wang et al. 2007)The comparison between the maps of ET an(Fiure 5.17D)

showssimilar spatial patterbetwesn ET and Rand the calculated correlation coefficient
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Figure 517 Spatial pattern ahetemporalaveragesvapotranspiratio(ET) andenvironmental factors that contieT
across study area during Mlov 2016. (A Soil Moisture, SM; (B) Leaf Area Index, LAI; (C) Air Temperature, Ta;
(D) net radiation, R

is +0.78.
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Theanalysis othe correlation between ET and precipitation, P, indicates that there is
no significant correlation between daily ET and daily g@s§ibly due tothe phase
differencebetween P and BTHowever,as expecteda high positive correlation between

monthly ET and monthly P is observed for mosthapixels (see Figure 58). The low
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correlation between ET and P over the southeastern part of the cagidre due to the

fact thatET is mostly controlled by other environmental factors such.an& LA
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Figure 518 Correlation between monthly ET and P, cor(ET,P).

In order to test the accuracy of the VDA estimates, the asrfluxes are compared
to available in situ measurements of fluxes from the SGP atmospheric obsemwhatohy
was established by the Atmospheric Radiation Measurement (Afdtyork (Cook
2016) It should be noted that the computational grid cell in this studyki® by 5 km
and the assimilated data and fogcimata, and consequentthie estimated fluxes, are the
average of a 25 kfipixel where a facility is locateth. Therefore, comparissrbetween
pointscale measurements at the ARM facilities and the VDA estimates may not be an
authentic assessment. HowgMmais is the best available validation methodology reported
in several studies.

Figure 5.19 shows the average diurnal cycles of estimated and measured sensible and
latent heat fluxes as well as net radiation of four ARM extended facilities namely E34,
E35, E39, and E40 (the location of facilities are presented in Table 5.2). For each of the
four facilities, the magnitude arle phase of estimated heixes correspond well with

the in situ measurements.
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Figure 519 Diurnal cycles of estimated surface energy balance components at four ARM extended facilities. Thick
lines and open circles indicate estimated and measured heat fluxes, respectively. Colors show net radiation (red), latent
heat (green), and sensible hézue).

The asonality effect on the partitioning of available energy among the turbulent
heatfluxes for one of the ARM facilities (E39, as an example) is shown in Figure 5.20. In
this figure, the average diurnal cycles of estimated sensible and latent heatafuwell
as net radiation over 9 successive months are illustrated. During the nine months, the
relative partitioning of available energy among the turbulent fluxes changes. For
example, during November, the soil is dry and the leaf area index is lergfdre the
sensible heat flux dominates over latent heat flux while over summer the latent heat flux
dominates over sensible heat flux due to high vegetation cover. The VDA scheme
captures the shifts in partitioning and magnitude of turbulent fluxes gitin@ nine
months well.

The rootmeansquareerror (RMSE) and bias (shown in parenthesis) of thetitag
hourly sensible and latent heat flux estimates obtained by assimilating LST addt&M
are presented in Table 5.2. The values are compared widstihgates obtained by only
LST data and no data assimilation. It deconcludel that assimilating the land surface
statedata(LST and SM) improves the performance of the physical land surface model in

estimation of fluxes by reducing the error betwebe tstimates and the in situ
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measurements of land surface fluxes. As it was mentioned, the estimated fluxes are the
average of a %m by 5 km pixel where the facility located in, whit@e in situ
measuements aret point scals. This can bene of the rasors for large bias/RMSE

between estimations and measuremment
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Figure 520 Diurnal cycles of estimated surface energy balance components at facility E39 during the successive nine
months. Thick lines and open circles indicaséimated and measured heat fluxes, respectively. Colors show net
radiation (red), latent heat (green), and sensible heat (blue).
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Table 52 Added value of assimilating SM and LST data for estimation of turbulent heat #tf@sr ARM facilities.
Figures show RMSE (bias) of H: sensible heat flux, LE: latent heat flux.

o ARM station
Assimilated Data  Flux
E9 E35 E36 E39
96.2(1.1) 80.3(1.1) 72.2(9.5) 73.4¢19.8)
LST and SM

LE 79.9(14.9) 73.7(6.6) 67.1(4.5) 77.1¢1.1)

LsT H 102.3 (9.4) 85.5 (12.7) 73.1(2.1) 77.0 €11.8)

LE 86.8(7.5) 84.5(18.2) 77.6€15.4) 85.2(8.5)
N H 131.7¢25.1) 105.9¢14.4) 113.8¢32.7) 107.2¢40.8)

one

LE  113.6¢14.6) 99.2¢31.8) 114.7¢41.8) 103.1¢25.2)

5.4.4 Uncertainty Analysis

As it was mentioned, the VDA scheme initiates with an initial (pricaue of
unknown parameters (@&, EFs, and EFk), which areuniformly set over the domain, and
improves them iterativelpy minimizing the misfit between the estimated and satellite
observed_ST and SM. The iteration stops when the critical paiet, (the point where
the gradient othe cost function is zerojs reache. However, since the defined cost
function is a higkdimensional, notlinear function, it is possible that the iterative
optimization process reaches a saddle point, which is surrounded by plateaus of small
curvature and givesfalseimpression of reaching a local minimum. Through the second
order analysisif. analysis of the eigenvalues of the Hessian matrix), the propose
algorithm is able talistinguisha saddle pointrom an optimum point. If the saddle point
is reachedif(e., the eigenvalues are naero and they are both positive and negative), the
algorithm choose different initial values for parameters anektartsthe optimization
processuntil the minimum pointis reached(i.e., all eigenvalues are netero and
positive). In this study, if the minimum point canmatobtained after changing the initial

values of parametemithin the acceptable physical range,ist assumed that the VDA
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scheme is not able to find the optimum values of parameters and the optimization process
stops. In this casethe best guess of parametesshosen to estimate the fluxes. In this
study, nearlysevernpercent othe experiments dichot reach the optimum solution.

In addition, the uncertainty of parameters and the correlation between #nem
obtainedfrom the error covariance matrixife., the inverse othe Hessian Matrix). Table
5.3 compares the prior.€., no data assimilatiorgand posteriori(e., uncertainty after
assimilation) uncertainty of estimated parameters. Assimilating sataiserved LST
and SM data, which characterize the state of the land surface, reduces the uncertainty of
parameters. To demonstrate the efettsimultaneous assimilation of SM and LST, the
posterior uncertainty of parameters when only LST is assimilated are presented in Table

5.3, as well.

Table 53 The average uncertainty of parametghenonly LST data, both LST ahSM data, and no datag(, prior
uncertainty of parameters) are assimilated.

Assimilated data R () EFs(-) EFc:(-)
LST and SM 0.09 0.13 0.12
LST 0.14 0.19 0.17
None 1.0 0.25 0.25

Theresults also show the averagelod uncertaintyof parametersrad the correlation
between parameters on days with available saialitgerved SM and LST.€., available
data for assimilationqre nearlyl2 percent less than days with no available LST or SM
data.

The other important finding of this study is that aigdhe parameters,+# and Ek
have the highest correlation and their correlation (e¢ar(EFR)) is strongly influenced

by the value of LAl as LAl increasescor(Gin, ER) alsoincreases (as shown in Figure
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5.21). The high correlation between parameteduces the robustness of the VDA
estimates(Crow and Kustas 2005; Bateni et al. 2013b; Abdolghafoorian and Farhadi
2016) Figure 5.22 shows theMSE of latent heat fluxes for four ARM facilities during
nine monthly assimilation periods versus the monthly average LAI. As shawn in
Figure 5.22the RMSE of LE increases when LAl increases. Tit@sdcan be explained

by the relationship observdzttween cor(Gn, ER) and LAI in Figure 5.2Xincrease of
cor(Gan, ER) by increase of LAl In addition, the results indicate that assimilating both
LST and SM data rather than only LSGtareduce the correlation of parameters in
general and the correélan between EfFand G in particular, as it is shown in Figure
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Figure 521 Variation of correlation between+€ and Ek (cor(Gin, ER)) against LAl with one standard deviation
variability in each LAl binBlue: both LST and SM data are assimilated to the model. Red: only LST data are
assimilated to the model.
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Figure 522 Variation of RMSE of latent heat flux, LE, against LAI for four ARM facilities.

Figure 5.3 shows that the correlation btween EE and Ek (cor(ER, ER)) is

influenced by vegetation cover. When the land surfaaémssthomogenousi.e., almost

bare soil[low LAI] or fully vegetatedlhigh LAI]), VDA is able to separate these

parameters from each other properly and cor(ElFg is low. In contrast when the land

surface is partially vegetated, corgEEFR) is high, meaning that VDA is not able to

separate the canopy and soil evaporative parameters over partially vegetated regions.

The correlation betweenHs and Ek is amall (i.e., absolute valuéess than 0.1) for

most of the pixelsmeaning that the developed integrated VDA framewsrkble to

separate the soil evaporatigad Cin parametersery well over the various land surface

conditions
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Figure 523 Variation of correlation between E&nd Ek (cor(EF, ER)) against LAl with one standard deviation
variability in each LAl binBlue: both LST and SM data are assimilated to the model. Red: only LST data are
assimilated to the model.

5.5 Summary and Conclusion

In this chapter the VDA algorithm developed by Abdolghafoorian and Farhadi
(2019) for point-scale applicatiors is extended to work with remotely senssthte
variable ofsurface soil moisture and land surface temperatndeemdely sensed and/or
reanalysis forcing data gifrecipitationandincoming radiationThe extendedntegrated
VDA frameworkestimats the key unknown parameters of the coupled water and energy
balance modeht regional scale The developed algorithm is ingghented to assimilate
the remotely sensed GOES land surface temperature and SMAP soil moisture into the
coupled systento estimatethe unknown parameters.€., Cun, EFR, and Ek) and then
turbulent heat and evaporative fluXes the period of March 1 tblov 30, 2016, ovean
area of 21780 k@in the U.S. Southern Great Plains (SGPhe robustness of the

algorithm is evaluated through consistency and comparison tests. In the consistency tests,
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the expected correlation between a certain estimated pardheteand a certain
observed environmental variable is examined as a measure of accuracy. In comparison
tests, the available in situ measurements of surface heat fluxes in the region from
the Atmospheric Radiation MeasureméARM) network are used to corape with and

assess the results of the proposed estimation methodology.

The results indicate the dependency of soil, canopy, and total evaporative fraction to
soil moisture and vegetation cover. In general, the value of evaporative fraction iacrease
as SMincreases during the transitional regime (also called viatéed regime).In
contrast, he value ofEF is not controlled by soil moisture over the wet regime (also
called energy limited regime). The SEF relationship obtained from this study agrees
well with the observatiordriven SMEF pattern obtained b§hort Gianotti et al. (2019)

for the U.S.Great Plains.

The tempral and spatial consistency between the retrieved &d observed
MODIS LAI maps reveals the dependency afn@n vegetation coverThe Gin-LAI
relationship in this study is comparable with those reported in the literature for various
field studies andargescale modeling studies.g, Farhadi, Entekhabi, & Salvucci,

2016; Qualls & Brutsaert, 1996)

The comparison between maps of retrieved transpiration, T, and MODIS LAI and the
comparison between time series of monthly T and monthly average LAI over the study
area indicatehat there is a temporal and spatial consistency between the retrieved T and
LAI for both grassland and cropland. However, for densely vegetated land areas even
though the solar radiation is peak during the sumireey lfigh demand) and a higher rate

of evaporation, E, is expected in comparison with other monthisegiear, the maximum
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transfer of water from soil does not occur in summer due to the increase of canopy
shadow and the decrease of soil available energy. The general spatial pattern of average
retrieved evapotranspiration, ET, and the environmental fact@s foil moisture,
vegetation density, air temperature, and net solar radiation) are compaithe sinalar

pattern was observed between average ET, soil moisture, vegetation densist, swidr

radiation.

The comparison between the average diurnal cycles of estimated and measured
sensible and latent heat fluxes as well as net radiation of four ARM extended facilities
indicates that the magnitude and the phase of estimated heat ftusespond well with
the in situ measurements. In addition, teveloped integratedDA frameworkin this
researcitan detect the seasonality effect on the partitioning of available energy among
the turbulent heat fluxes and captures the shifts in paitigoand magnitude of turbulent
fluxes during the nine months wellhe results show that assimilatiS¢MAP SM and
GOESLST dataimproves the performance of the VDA scheme in the estimation of
sensible and latent heat fluxes B0 and 3% (i.e, reducingthe error between

measured and estimated fluxes in four ARM facilities$pectively.

The uncertainty analysis showedsanilating satellite observed ST and SM data,
which characterize the state of the land surface, reduces the uncertainty of parameters.
The uncertainty analysis also reveals this@ong the parameterspiCand Ek have the
highest correlation and their correlation (can(CEFR)) is strongly influenced by the
value of LAI, as LAl raises, corix, ER) increasesand the consequently redudde
robustness of VDAn estimation of latent heat fluxes. The results are compatiblethgth

finding of Crow and Kustag2005, Bateni et al.(2013h, and Abdolghafoorian and
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Farhadi(2016) Since he partitioning of available energy into surface heat fluxes is
controlled by the distributiomnd dynamics of vegetatipit is likely that coupling the
current waterenergy balance model with the carbon cycle model and constraining the
estimation of the parametelsy a vegetation dynamics model and/or assimilating a
vegetation index €.g, LAIl, FPAR, etc.)into the coupled system wilieduce the
correlation between EFand Gin and orientthe optimization problem toward well
posednesshenceimproving the estimation of latent heat flux. Future studies should be
directed toward coupling water, engrgand carbon cycles and assimilating remote
sensing informatione(g, vegetation indices, infrared temperature, and microwave soil

moisture).
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Chapter 6 Conclusion and Future Work

The primary focus of this research is to estimate thater and eergy fluxes
exchanged between terrestrial ecosystems and the atmosphereguantify their
uncertainties | developed anntegratedalgorithm to assimilateemotely sensedand
surface temperature and soil moisture data into a coupleesduale energyral water
balance model using the variational data assimilation (VDA) scheme. The developed
integrated VDA framework estimates the key unknown parameters cbtiped dual
source energy and water balamoedeland quantifies parameteuncertainties using

HessiaAbased methodology.

Contributions, principal findingsand proposed future research work are summarized

below.

6.1 Contributions and Principal Findings

In Chapter2, unlike the previous VDA modelg.g, Caparrini et al. 2004b; Sini et al.
2008; Bateni et al. 2013#)at considerthe neutral bulk heat transfer coefficient{@ as
a constant parameter during the assimilation petiaproposed VDA algorithnin this
researchtakes G as a function of vegetation phenologye( leaf area index, LAI) to
improve turbulent heat flux estates. The performance thfe proposed VDA algorithm
is compared to that oBateni et al. (2013bjnodel at four sitegnamely, Audubon,
Brookings, and Bondvillen the United State andamanin China)which sample a fairly
wide range of hydrological and vegetative conditions. The results show takingsG
function of LAI improvesevaporative fractionHF) estimatesand captureshe daily

variation of surface roumess that influences tlexchange of turbulent fluxes between
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the surface and the atmospheegy well. Thus, sensible heat flux (H) acdnsequently
latent heat flux I(E) are estimatednore accuratg, especiallyduring the periods in

which temporal vaation of vegetation phenology is signifi¢an

In Chapter 3the key limitation of the VDA schemei.e., VDA does not explicitly
compute thevariancecovariance matriof estimatepis taken into consideraticend its
tendencyto be illposedis addressd by proposing an uncertainty quantification (UQ)
frameworkwhich is based on &lessiarbased approach. In this frameworketerror
covariance matrix i®btainedby inverting the Hessian matrix constructed through the
Lagrangian method. The error covariameatrix provided valuable information about the
uncertainty of each parameter as well as the correlation between the estimated
parametersThe UQ framework proposed in thissearctprovides a calibratioffree tool
(i.e., not reliant on measurements of fage fluxes) to evaluate the influence of land
surface and climatic factors on the performance of the VDA metk®mdn example hie
UQ frameworkis implementedto assess the performance of the VIad#gorithm
developed byBateni et al.(2013b)in retrieving land surface heat turbulent fluxes at
selected field sites namely FIFE, Daman, and Audubon. The uncertamatysis
suggests that thBateni et al. (2013bYDA algorithm retrieves the land surface heat
fluxes with a higher degree of uncertainty) over awet land surface thamdry oneg (2)
over a densely vegetated lanslrfacethan a lightly one and(3) when the difference
between land surface and air temperature is Tdvese results correspond well with the
results of previous works conducted on testing the performance of thesetenenith
thecomparison between @siated and measurdlilixes over different field sitee(g, Xu

et al. 2014; Sini et al. 2008; Crow and Kustas 20@%)ythermore, the utility of the
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proposed UQ framework in guiding the formulation of a welbed estimation is
illustratedby assessing whether takingiCas a function of LAl in lieu of a constant
parameter, can improve the robustness of parameter estimates. Results show that taking
Chn as a function of LAI reduces the correlation between the estimated parameters and,

thus,leads to more robust parameter estimates.

In Chapter 4,an integrated VDA framework is introduced to estim#ie key
parameters of land surfacevaporative andheat fluxes. The proposed framework
advances the previous studiesg( Caparrini et al. 2004b; Sini et al. 2008; Bateni and
Liang 2AL2; He et al. 2018)n two major ways. First, it accounts theherent coupling
and interaction between the transfer of heat and moisture in thplamthtmosphere
continuum through the flux of evapotranspiration gidt assimilation of soil moisture
(SM) and the land surface temperature (LST) into a coupled watedwaddource
energy balance modélhe VDA estimates are constrained by not dhlyheat diffusion
equationbut alsothe moisture diffusion equation. Second, #@nalyzesseconedorder
information at critical poirst by computing the Hessian matrix via the Lagrangian
method. Analysis of secormtder informationenablesdistinction between saddle and
optimum poing and provides estimates of the predictive uncertainty of parameétegs.

uncertinty analysis on the VDA estimates guides toward apesked estimation.

The performance of the proposed integrated VDA framework is examined through a
set of experiments based on a synthetic dataTeet.advantage of a synthetic study is
that the truesystem is exactly known which is ideally suited for algorithm performance

tests
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The results show that assimilating SM, in addition to LST, improves the performance
of the VDA scheme in the estimation of sensible and latent heat fluxes by 38% and 30%,
regectively. In addition the sensitivity of the VDA estimates to the initial guess of
parameters (which stems from the knowledge of land surface characteristics and weather
conditions) is reduced when both LST and SM data are assimilated and the coshfuncti
is constrained by both the moisture and heat diffusion equdttmnresultseveal that
the seconerder information, obtained from the calculation of Hessian matrikexost
function at the critical point, is valuable for tackling the issue ortgigafrom the
proliferation of saddle points in a high dimensiomanlinear VDA parameters

optimization system.

The algorithm neesito be tested with satellite observation of soil moisture and

temperature rather than in a controlled experiment (Syntaggieriment).

In Chapter 5the developed integrated VDA algorithexplained in Chapter #or
pointscale applicationsis extended towork with remotely sensedtate variable of
surface soil moisture and land surface temperaaundremotely sensed aral/reanalysis
forcing data ofprecipitation and incoming radiation The extended integrateDA
framework estimats the key unknown parameters tife coupledwater and energy
balance modelat a regional scale. To demonstrate the mapping capalulitythe
developed algorithnm conjunction with remote sensing measurements,applied to a
mid-sized basin (21780 kinin the U.S. Southern Great Plains and valuesf EFs,
and Ek and then turbulent heat and evaporative fluaesestimatedfor a 3month

period in 2016.
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The results show that the remotely senS&HAP soil moisture data and GOES land
surface temperatum@servations can constrain the key unknown parasietehe water
and energy balance modelhe temporal and spatial consistency betwibenretrieved
Cun and observed LAI maps indicates the dependenceiofo@ vegetation covelhe
retrievedrelationshipbetweenCqn and LAI augments the sparse ground samphiaged
results reported in the literaturEhe retrieved daily EFandEFR. maps a compared with
the SMAP soil moisture, the main factor controllireyaporative fractionsThe spatial

patterns of Efand EFk correspond with those of the SMAP soil moisture

The ®mparison with grountbased measurements of surface energy balance
comporentsshows that the estimated latent and sensible heat flaresnet radiatioare
in agreementvith the grounebased measurements in terms of both magnitude and phase.
In addition,the shifts inthe partitioning of turbulent fluxes during the nine montre

capturel well by theextended integratedDA framework

The wcertainty analysishowsthe average othe uncertaintyof parameters anthe
correlation between parameters on days with availsalelliteobserved SM and LST
(i.e., available data forssimilation) is 12 percent less than days with no available LST or
SM data. Anong the parameter§&qn and ER have the highest correlation and their
correlation is strongly influenced by the value of LAI, as LAI raiff@s correlation

increases

6.2 Future Work

Land surface freezethaw state The proposedntegratedVDA frameworkis well

desgned for a snowree catchmenthowever, it does not account for snow melting and
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refreezing, dynamic changes in snow density, snow insulating properties, and other
physics relevant to the growth and ablation of the snowpack. For more accurate modeling
and prediction of land surface hydrological and biospheric processes, a good
representation of the landscape fretdmen state is needed. The benefit of assimilating
SMAP freezethaw retrievals(in addition to SM and LST stafesn improving the
simulation of ecohydrological procesgqgesirticularly for highlatituderegions)should be

evaluated in future studies.

Surface Runoff Surface runoff is a major component of tvater cycle. In this
research, surface runoff is neglected, assuming that the precipitation rate is less than the
saturated hydraulic conductivitg.g, this casestudy), or land retains water in its pits and
depressions (called land depression storagaaity), thus preventing it from flowing.
This assumptiorcan bevalid when working on coarse spatial resolutieng( in this
research 5 km by 5 km) and/or higher than-dally temporal resolution). However
there isa high possibility that excess stowater flows over the Earth's surfaceregiors
with extreme rainfall €.g, in the tropics), during high intensity stornas,regions with
steep slopes, or over impervious areas, lamteneglecting the effect of surface runoff
may produce error in estation of surface soil moisture and fluxes. Therefore, the
accurate characterization of surface runofthe water cycle should be considered for

more precise estimates.

Soil hydraulic properties: Temporal dynamics of estimated soil moisture and the
accurae modeling of soil moisture transportation between the soil layers are affected by
soil parameters, particularly the soil hydraulic parameters. In this studihefdarge

scale application, the soil hydraulic parameters are assumed constant oveurtire @il
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the soil (.e, assuming one layer of soillhe impact of the inexact soil hydraulic
parameters on the quality of estimates must be investigated in more déiail.
representation of soil hydraulic parameters in the data assimilation frameworthavith
aim of illustrating the sensitivity of soil moisture and surface fluxes to this representation

should be reviewed.

Recharge modeling considering surfaceater and groundwater interaction might
improve the partitioning of precipitation into the wafkeixes by accurate modeling of
recharge, which may move through the soil directly to the groundwater or enter surface
water bodies such as rivers, streams, lakes, and wetlands. Therefore, a coupled

groundwatessurface water model may be consideredfinture study.

Continental-scale applications The developed algorithm has to be slightly modified
for continental applications. Enhancing the computational efficiency and speed of the
VDA algorithm is a major factor in promoting the application of the psegaestimation
methodology. For example, the forward models can be solved wittumtorm grid
spacing because the amplitsdd soil temperature and moisture dynarare largest at

the surface and decrease significamtith depth

In addition, at contiental scales, precipitation at the land surface is balanced by
evapotranspiration, surface and subsurface moisture storage, and streamflow. Therefore,
the accurate quantification of streamflow flux and its dependence on complex continental

geomorphologyrd land cover is critical.

Coupling between the proposed land surface model and an atmospheric general

circulation modemay be considered in future studiesadequately simulate the surface
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fluxes of energy, water, and carbon in continestalle applickons and enhance the

capability of modeling the Earth system responses to climate change

Coupling carbon, water, and energy cyclesThe exchange of energy, water, and
carbon is continuous between soil, vegetation, and the adjacent atmosphere. Accurate
edimation of root water uptake requires coupling plant transpiratiah photosynthesis
together.In addition, the uncertainty analysis this studyreveaéd that there is high
correlation between canopy evaporative fractid, and neutral heat traresf
coefficient Cun. Therefore,it is likely thatincorporating a carbon uptake model to the
current coupled water and disdurce energy balance model enhartbhe estimation of
surface fluxes.Since the partitioning of available energy into surface hidaxes is
controlled by the distribution and dynamics of vegetatioms likely that coupling the
current waterenergy balance model with the carbon cycle model and constraining the
estimation of the parametelsy a vegetation dynamics model and/or afatng a
vegetation indexd.g, LAIl, FPAR, etc.), reduces the correlation betweenr &t Gin
and orients the optimizaibn problem toward a wefposedproblem and consequently
improves the estimation ddurfacefluxes Future studies should be directemvard
coupling water, energy, and carbon cycles and assimilating remote sensing information

(e.g, vegetation indices, infrared temperature, and microwave soil moisture).

Precipitation inputs: Precipitation is a critical component ibfe land surface water
cycle and strongly affesthe quality of the soil moisture and evaporative flux estimates.
Precipitation is known as the primary source of uncertainty in surface hydrological
models. If the accuracy of precipitation data is not sufficient, the joinbluisatellite

based observational and modtbelsed precipitation estimates is suggedtatlure studes
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may evaluatehe efficiency of assimilating in situ and satellite precipitation observations

into a coupled land surface watamergy and precipitation rdel.

Validation: To further assess the capability of the developgdgrated VDA
framework future studies should apply it over different land coeeg,(over a forest of
heterogeneous foliage density where LAI ranged from 4 to 7) with various hyaadlogi

conditions.
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Appendix A

In Chapter 3, the general forms afphysical model, VDA cost function, adjoint
model, and set of equations for updating the parameters are presented in equations (3.5),
(3.6), (3.7), and (3.8), respectively. The corresjpog equations for the problem
introduced in Chapter 3 are as follofBateni et al. 2013b)

Forward model (corresponds to (3.5)):

MY _ fT(z )

it 3
UT(z =h,t) 0
Wz
uT (0,t) _ G(0,1)
Uz P

Cost function (corresponds to (3.6)):

J

AGITOY T ld &R W*Cga(H:EF)

uT(zt) ﬁT(z D)dzdt
1z

N
a

[y

+2_': ﬁ ,ﬁ(z t)(c

0

Adjoint model (corresponds to (3)):

WY Az
“w g

l(zt)=

rc,€ f(R)U
" 1-EF 9

WO _ G o 0,)- T;bs(o,t)amM%lEsS (04
Wz p P¢
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WE
uz

Equations for updating the parameters(corresponds to (3.8)):

. C N re, & f(R)UGT(0.9- T
R=R _cfi‘lﬁ‘(o’ ) e B

fori EN

4 rc, € f( R) UET(O,
(1 EF)
To construct the Hessian matrix using the Lagrangian metikptew cost functions
(i.e, Ly, y¥ Y) are introduced, wherBly is the number of unknown parameters. The
general fom of new cost functiomis presented in equation (3.9). The corresponding

eqguations for the problem introduced in Chapter 3 are as follows:

o 1 N/ (0t)arc € f(R)URT(0,9- T g0,
LR—ZCR (R ‘R) 2g-ltol c E}% 1- EF 0
+28 Radi(z ) SczY [ BT(2) 8,y
i=1t,0 é it Iﬂz G
+24 fipfi(z § ¢ Wizl ,, B2Y By,
—1t00 é IJI pz l'J
Ler, =2C. *(EF, -EF) ﬁk(o’t)ge “f(R)UeT(0.9- T 9
to C é’e (1 EF) o
N th : t
+2a anﬁi,i( )gcu '(Z ) -p m-lgzz I) gplzdt
=1ty 0 e it a
+2§;';psﬁi( )gc”/‘(z’t) +p /(29 %zdt fork £ N
=1t,0 ’ é it pz a
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Setting the first variation of the new cost functions with respet fbereX=T) and &
equal to zerpa new st of EulerLagrange equations is derived which enable estimation

of gr, Pr, erk, PeFK, as follows.

The gr model

(o +
TR
Ori(21)=0
WO, (0,t) _/,(Ot)é&rc e f(R)U Oq. (0t) & _, rc, € f{ RU
w  p € 185 O 4?1 (09 ~—T—%¢
i pR‘i(O,t)fé:Cr_l +/‘(O’t)12ESs'I}2(O,t) 0
¢ P p +
U-qRi(h’t):O
Uz
The pr model:

CupR,i(Z’t) =p fp (2

it "
pR,i(Z't))ZO
HPR,i(O’t): i?Hi(t) gER’i(O’t)%ESS'ﬁs(O,t) r_E,eRf(RDU
e pel -EF = p & 1 EF
“‘pR,i(h’t):O
Lz

The gerk model:

161



C“qEFk,i(Z’t)_'_p ﬁ%ﬁ,i(zb ")

it 3
QEFk,i(Z'g):O
Mer, (0.1) _ /7, (Ot)érc € f(R)U % +°Eﬁ'(0’t)%EsT3(0t) rc,& { Rj U
Wz p & (1-ER) ¢ p 8 1 -EFR
acC't /. (0t 0
- Per., (o,t)?cCC T +'( 12Es T?( 0f) 8
¢ P p +
whered! :‘lél |-f |. =k
j0if i, k
Hes, (DY) _
uz
The perk model:
CupEFkri(Z’t) = fre. (23
Wt 3
pEFk,i(ZB)ZO
MPer, (O.1) _ _123 H (t) & %ﬁ,i(o,t)%EsTg(oo re, e f(R)U
Hz P&L- EF)° 8 p &7 1 -EF
wheredt = :91 i.f i.:k
jOif i, k
upEFkri(h't) :O
uz

After estimation ofjr, pr, Gerk, PEFK, the Hessian matri], can be constructed as:
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ehR.R hRE!f hREE hRE.E
é

éhEFl,R hEFl, ER hEE, B hEE, ER
_é
H= éhEFZ,R hEFZ,EE hEFZ, = hEE, ER
é E . . . .
e
éhEI:N R hEFN,EE hEFN, B hElf\,, ER

where(correspond to equation (3.)1)

Wy o1 oNU/(0O)EH (1) § Mo (01) Ha(t)
he=tp 2Cs AT T e gt 2+§t—ﬁc— 1% dit
Nt/ (0t arc, & f(R)U 0
: 2;’31| I—(C ) pR,i(O’t)(;% 1- EE ) @t
_ My ofi(0t) Hi(t) "0 (0.0) H, (1)
h, .. = 2 dat z —ﬁ— dt
R,ER lJEl:I t':l I (1_ EFI )2 . C (1 _EFi)Z
"/, (0,t) drc & f(R)U O
i (e P (0.1)28 Y &
to ¢ i -
her = = “:IE;( :nyllk((?’t) (1Hr£(;) > dt Za 1 qﬁk'i(O,t) 1Hi_Etl): dt
t - k) i=1t, c i
N /,(0,t) rc, & f(R)U
- 28 P (O.) (C ) L E(F ) dt

i=1 to

Hler, ek an/i(0) 2H (1) " g (0,1) H, (1)

h =% 2ciy ! ! dtfi 2+p——r— o dt
EFR,ER “-EFl EFu| 21:' c (1_ EFI )3 i t:- c (1 -EFi)z

4 /;(0,t) rc, & f(R)U

-2 (0,t)— d dt

t[’:pEFk"( ) c (1_ EFI )2

whered® :iél |.f |. =k
jOif i,k

The covariance matrix of parametegs,is obtained from the inversion of the Hessian

matrix, H (correspond to equation (3.10)
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Appendix B
In Chapter 4, the general forms aphysical model, VDA cost function, adjoint model,
and set of equations for updating the parameters and ntodegstimation are presented
in equations (4.20), (4.21), (4.22), (4.23), and (4.24), respectively. The corresponding

equations for the problem introduced in Chagtare as follows

Forward Model | (corresponds to (4.20)):

C =
T

uT, (2 :h,t):o
Lz

G=R -H LE W

Forward Model Il (corresponds to (4.20)):

W _ —;(D—”’ K) S

pt zp
0o=-P-E Ry W
qzzzb: K

Cost function (corresponds to (4.21)):
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N &

124 (0 T () B -2 ) 0007 @R H

+Ce.d (EF, ER) € &(ER ER)
L M (29 fT(z) @
2¢ / t)é - d
+ &_113 fi(z, )@ L P ¥
A2 (@D B o0, 498 (3 Fpcaa @dz
i=1 0 g pit Ut,
FALA W CA (6w (1)+ & Bm() G )m(i)

whereT, =[fT* €1 £)T"
Adjoint Model | (corresponds to (4.22)):

u/l(z,t)+ fLa(z)
THRL T B

c

w1(ot) _ /1(01)(1 -fc)gAESsTS(O,t)s re, € f(R) Uext- @ LA) o
bz P é 1-ER o

cCit T.(0.1)° ¢/ 2(0¢e EFR 2
S () () @ 0% R ST lg el red (R Uk a LA
p/l(h,t):O

V74
/1(z,4)=0

Adjoint Model Il (corresponds to (4.22)):

wa2_ b, R

Mt Ac Mz +
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w2(z 0) _C,'&(2=0) -g(z 9
yz D(z 9)

W2(z=z,) “0
iz

Equations for updating the parameters(corresponds to (4.23)):

C Nt T, (1)’ c, Mo H, (t
R=R =R dt =R 40, | — d
CTla:itEET(l) TObS(D &Tri (t) a() |§; ﬁ )1_ EI:q
C, N & EF, 4 5
rWL%‘g@i- EF, '(O)Eﬁs (1) o 8
Ce gRﬁ/z(z)R (9 tl(ﬂ(t) Hi() /) @t
roL iz, I " 1- EFq . ' i

Cer, &/1(0t)H, (t) /3(OH,(t)Dx &
T gt

- G
EF, =EFR, = . /&T ( b( 1 dt
G ) Cr rs robs % (D

C Ha H

0
- ?«:,7+—ghc;9m°ltd;
rub 1- EF N

where

froot (2) (@) - .0
a:. froot( )(q(Z) - wq z
_hc[ AAT,- BH
= v
_-AAgR(1 a,) E ST 3f & g4& % BE
= "
AA=hc {1 EF)4EST

R (2)=
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BB=(1 -EF)gR(1 a,) BsT 3B & ghcT
hs=rc & f( R) Uexp - a Al)

hc=rc & f( R) Uexge- @%
¢

C RMER) vod (AT @ f b ald 10)e
" re, & f(R)UE+(1-f)exg aLA) g

The gquation for updating the model errors(corresponds to (4.24)):

4

w (1) = %ﬁ:wl(t,ti)ll(o,t)dt'

to

whereC,, (tit)=s2 exp[t'{ /Jandiatnd U are the standard dev

decorrelation timescale of the model error, respectively.

w()= A Culii)/2.(0

where C,,(i,i') =sZ, exp(|i L /)' andw and o are the standard deviation and
decorrelatiortimescale of the model error, respectively.

To construct the Hessian matrix using the Lagrangian metipthew cost functions
(i.e, Ly, y¥ Y) are introduced, wherBly is the number of unknown parameters. The
general form of new cost functisms presated in equation (4.25). The corresponding

equations for the problem introduced in Chapter 4 are as follows:
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uEFck =2C;*f, rgT T ( g«—tb )dt 2C%L(EF ER))

RZD tla H EF 0
2 ()2 +——— £ hg(t) 4(t) Q itdz
35{1 EF 1- EF, 0

Setting the first variation of the new cost functions with respedist& , & land & 2
equal to zerpa new set oEulerLagrange equations is derived which enable estimation
of qlr, plr, glersk Plersk , Qlerck, Plerck Q2R, PR, Q2Fsk P2ersk OZeFck, P2eFck, as

follows.

The qlr model:

ity (2.9, foky (23
c ot p = £9)

iy (21)=0
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The p1r model:
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The p2r model:

w2, () _ud . W2(3 0
. -—pégvi() &

The glersk model:
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The g2ersk model:
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The p2ersk model:
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The g2erck model:
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After estimation olQlr, pIr, Qlersk Plersk Qlerck, Plerck 0ZRr, PZR, OZFsk P2eFsk O2:Fck,

pPZerck, the Hessian matriy, can be constructed as:
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where(correspond to equation (4.26)
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Appendix C
Evaluating the effect of assimilating biased SM data on the accuracy of VDA

estimates

The effect of assimilating biased SM datatbbarobustness of the VDA performance
is evaluated through a set ofpeximents. The reported error for the L2SMP_E SMAP
product obtained from the SMAP calibration and validation reporfidgkson et al.,
(2018)is added to the true SM datae(, synthetic datas explained in section 4.3This
report providesan analysis and assessment of the SMAP Level 2 Soil Moisture Passive
(L2SMP) Version 5 i(e, the product that is esl in Chapter 5). Assessment
methodologies include comparisons of SMAP soil moisture retrievals with irsaitu
moisture observations from core validation sites (CVS) and sparse networks, and
intercomparison with pr oduct salinityr( BMOS)ES AQ s

mission.

In the first experiment, theeported average error for the SMAP L2SMP/é&sion 2
product for AM orbits(assessed using the CVS and sparse networks) is added to the true
SM data. In the second experiment, the reported error f@NtAP L2SMP_EVersion 2
product for AM orbitsat the Fort Cobb sit€located in the Southern Great Pl3ins
added to the true SM data and the effect of biased SM assimilation on the accuracy of the

VDA turbulent heat flux estimates are evaluated.
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Experiment 1 Correspond to average bias and unRMSE the SMAP L3SMP-E

product(version 2) for AM orbits

Reported kas =- 0.001;Reportedunbiased RMSE= 0.038ackson et al. 2018)

Table G1 The mmparison between the VDA results when true data are assimilated waesusiased SM data are
assimilated. The added error corresponds to the reported average gre@MAP L3SMP-E Version 2 productor

AM orbits.
True SM data

metric True SM data +

error
RMSEH (W/m?) 38.21 38.5
Bias H(W/m?) -16.50 -16.56
RMSE LE(W/m?) 53.98 54.81
Bias LE(W/m?) 24.30 2463
RMSE SM @z=0m 0.03 0.04
RMSE SM @z=0~1 m 0.03 0.03
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Figure G1 Time series of the true and estimated soil moisture at various depth. The added error corresponds to the
reported average error tife SMAP L3SMP-E product (version 2) for AM orbits

* true * true+N(-0.001,0.038) —— VDA by unbiased SM ——VDA by biased SM
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Experiment 2 Correspondto bias andinRMSEof the SMAPL3SMP-E Version 2

productfor AM orbits at the Fort Cobb site

Fort Cobb is located in Oklahoma, USFhe land covem this site isgrasslandand

the dimate regimeof the site isémperate

Reported kas =-0.045;reportedunbiased RMSE 0.028(Jackson et al. 2018)

Table G2 Comparison between the VDA results when true data are assimilated waeusiased SM data are
assimilated. The added error corresponds to the reported eth@SMAP L3SMP-E Version 2product for AM orbits
atthe Fort Cobb site

True SM data

metric True SM data +

error
RMSEH (W/n?) 38.21 38.75
RMSELE (W/m?) 53.98 54.83
BiasH (W/m?) -16.50 -16.99
BiasLE (W/m?) 24.30 25.17
RMSESM @ Z=0m 0.03 0.05
RMSE SM@ Z=0~1 m 0.03 0.03
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Figure G2 Time series of the true and estimated soil moisture at various depth. The added error corresponds to the
reported error ofhe SMAP L3SMP-E Version 2product for AM orbitsatthe Fort Cobb site

* true * true+N(-0.045,0.028) —— VDA by unbiased SM —— VDA by biased SM|
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