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ABSTRACT

INVESTIGATION OF ADD ED UTILITY OF NONLIN EAR TECHNIQUES
IN RESCALING SOIL MO ISTURE DATASETS

Hesami AfsharMahdi
Doctor of PhilosophyCivil Engineering
SupervisorAssoc. Prof. DrM.  Tuj rul Yél maz

January 2019156 pages

Soil moisture plays a key role in weather forecasting, hydrologic modeling, climate
change studies and water resource management. There are multiple ways to estimate
this essential variable (i.e., remote sensing, modeling, stadéised obsgations) and

clear benefits associated with merging independent estimates. However, the time
series of these products generally contain systematic differences that must be removed
through rescaling before the application of data merging approaches @a., d
assimilation and data fusion). In this study, the added utility of nonlinear rescaling
methods relative to linear methods in the framework of creating a homogenous soil
moisture time series has been explored. The performances of 18 linear and nonlinear
rescaling methods are evaluated in two different case studies of: 1) rescaling the
AMSR-E LPRM soil moisture dataset to statibased watershed average soil
moisture (WASM), and 2) fusing of four different soil moisture products (ASCAT,
AMSR-E LPRM, API, and NOAH) via a naive data fusion scheme and multiple
rescaling approaches. Accordingly, experiments are performed using various rescaling
methods, where the rescaled and fused datastes are validated using observations
obtained over four United States Ddpaent of Agriculture (USDA) Agricultural
Research Service (ARS) watersheds, which are frequently used in the validation
efforts of the soil moisture satellite missions. The results of a total of 18 different



methods show that the nonlinear methods imptbeecorrelation and error statistics

of the rescaled product compared to the linear methods. In general, the method that
yielded the best results using training data (ELMAN ANN) improved the validation
correlations, on average, by 0.052, whereas JORDANN ANd MARS, vyielded
correlation improvements of 0.038 and 0.01, respectively. On the other hand, results
related to the validation of fusion of products obtained via a srumttance
decomposition rescaling technique, show, on average, a correlatiorvengaot of

0.03, compared to the other widely implemented simple linear rescaling approaches.
The overall results show that a large majority of the similarities between soil moisture
datasets are due to linear relations; however, nonlinear relations ebeigt|yand the

use of nonlinear rescaling methods or implementation of linear methods with a proper
rescaling approach clearly improves the accuracy of the rescaled product.
Additionally, the selection of the reference dataset from higher quality datasets
rescaling steps results in considerably increased fused product accuracy.

Keywords:Soil moisture, Rescaling, Datasion, Remote sensing
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LKNEAR OLMAYAN METODLARI N TOPRAK NEMK VE
¥LCEKLENDKRMENE YAPTI PI KATKI NI'N ARAKkT

Hesami AfsharMahdi
DoktoraKnkaat M¢hendi sl i 7]
Tez Danmaebravhé Tujrul Yeél maz

Ocak 2019156sayfa
Toprak nemi; hava tahmini, hidrolojik mo
ve su kaynaklaré y°netiminde kil it bir r
bir-ok yolu vardeéer (°rnejin, uzaktan alg
y°ntemleri). Bu ¢re¢nlerin zaman seril eri
(°rnejin, ver.i ©z¢ mseme vV e ver.i birl ex:
°]l -ekl endi r me yoluyl a -ékar el masé ger ek
-al ekxmadabi rhotmopreak nemi Zzaman seri si o]
ol mayan yeniden °1] -eklendirme y°ntemlerirt
arakteéerél mékteéer . Dojrusal ve dojrusal o |
y°nteminin peltéodmapomé; al BEkmhaekda- dej er |
E LPRM toprak nemi veri setini i stasyon
( WASM) referans alarak vyeniden ©°| -ekl en

créenegnegn ekit ajérl ekremevgakodothkemyaniégéa

(ASCAT, AMSRE LPRM, API vV e NOAH) . Deneyl er
yenteml eri kull anél arak ger-eklexktiril mi
setl eri bir-ok uydu toprak nnednai ynayygoénnul néul
kull anél an Amerika Birlekik Devletleri T

Servisioénin (ARS) d°rt havzasénda el de ec
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Toplam 18 farkleée y°ntem ile yewdamhhtan °1 -ekl e
istatistikl eri dojrusal ol mayan y°ntemlerin
sonu-I|lar verdiJini g°stermektedir. Genel ol a
Iyl sonu-|laré veren y°ntem (ELMAN ANN), doj
0.052art érér ken, JORDAN ANN ve MARS, séraseyl a
sajl amektéer. ¥sapmanadwmékpermasyeni den °1| - ek
el de edilen ¢reéegnlerin birlexktiril mesi), yayg

yeniden 6lck | endi r me ykaéy aaskléaml aa réethaal ama ol arak 0. (

gel i Ki mi g°stermektedir. Genel sonu-1|ar, t
benzerliklerin b¢gye¢k -ojunlujunun dojrusal i
birlikte dojinuxxlil et mayavmar| éejé da a-€eék-a g
ol mayan yeni den °]l - ekl endir me y°ntemlerini
y°ntemlerin uygun bir yeniden ©°| -eklendir me
°|l -ekl endiril en crénegn addjtreulmajkumwd éen- ekt bir
verilerin yeniden °| -eklendirilmesi esnasénd
veri setlerinin araséndan se-i mi birlextiril

artteéermaktadeéer

Anahtar KelimelerTopr ak nemi , Yeniden °Il -eklendir me,

algilama
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CHAPTER 1

INTRODUCTION

1.1.Importance of Soil Moisture and Its Applications

Soil moisture (both surfaeeand root zonesoil moisture) is one of the key
variables in the heat and mass exchanges between surface and atm@ésjsteret
al., 2004)as well as in plant growtfLawrence & Hornberger, 2007)

Among different drought types (e.g., meteorologidaydrological, agricultur
, and socieeconomie droughts), the agricultural drought is almost under direct impact
of the soil moisturgMishra & Singh, 201Q)The amount of soil moisture content
during growing period of plants adversely affects the crop yield, and consequently,
the agricultural productiofPanu & Sharma, 2002Recently, the agricultural drought
hasbeen considered as one of the importawntdrs of social conflicts in developing
countriegKelley, Mohtadi, Cane, Seager, & Kushnir, 2015)

Moreover, soil moisture, due to its retentigidan, Crow, Holmes, & Bolten,
2014) impacts the rainfatunoff process, erosion, forecast skdhd many other
aspects of life Figure 1.1). The spatiotemporal dynamics of the soil moisture are
commonly used to qualify the vulnerability of the catchment in runoff generation
(Bronstert et al., 2012)n fact, the spatial patterns of soil moisturepasticularly
valuable for calibration and validation of hydrological mod&larajka et al., 2006;
Rinderer, Kollegge Fischer, Stahli, & Seibert, 2012)d the assimilation of observed
soil moisture data in rainfatunoff models significantly improves the accuracy of
flood forecastingAubert, Loumagne, & Oudin, 2003; Bronstert et al., 20H2nce,
describing the spatial distribution and temporal changes of soil moisture contributes
significantly to the development of accurate climate, ecological and hydrological

models at global, regional and local levels sc@lésDorigo et al., 2012)
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Figure 1.1. The water cycle surrounding soil water cont@tplorations, 2011)

1.2.Soil Moisture Retrieval

Soil moisture can be retrieved through different methods (i.esitun
measurements, numerical modeling, and remote sensing). Direct monitoring methods,
such as weighting method and electromagnetethods provide soil moisture
information for specific finespatialresolutions with high temporal resolution (e.g., 30
minutes or one houEigurel.2). However, the use of these datasegsimpractial
for studies focusingn large areas. Insteatydrological modelor satellite remote
sensingbased soil moisture datasets are used for large scale applications related with
drought monitoring(Afshar, Sorman, & Yilmaz, 2016)crop yield monitoring
(Anderson et al., 2015, 2016nprovement of hydrological models via assimilation
of observationgWade T Crow & Wood, 2003; Houser et al., 1998; Lievens et al.,
2015; Yilmaz, DelSole, & Houser, 2011)
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Figure 1.2. Differences among spatial resolution of different soil moisture sensors (from top to
bottom: Satellite, AirborneDrone, and Ground based sensors)

Owing to the high number of studies using these datasets in large scale
applications, many soil moisture products have been produced using hydrological
mode} and remote sensiAgased methods.dhplexland sufacemodels [e.g., Global
Land Data Assimilation System (GLDAS), Moddena Retrospective Analysis for
Research and Applications (MERRAStc] and much simpler hydrological models
(e.g., Antecedent Precipitation Index, API) offer spatiotempomdhytinuous soil
moisture datasets. However, these land surface models heavily rely on parameters that
often have variability in time and space, while their actual measurements are often

impractical Figurel.3).
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Figure 1.3. Schematic representation of NOAH LSM and forcing variablés(iek et al., 2003)

Remote sensingbased approaches also provide spatially continuous soil
moisture datasetsigure 1.4) like Advanced Scatter meter [ASCATWolfgang
Wagner, Lemoine, & Rott, 1999 )Soil Moisture and Ocean Salinity [SMO&err et
al., 2001), and Soil Moisture Active Passive (SMAFEntekhabi, Njoku, et al.,
2010). However, these datasets only reflect conditions relatedetop of the soil
surface(~ 3-5 cm), and their temporal and spatial resolutions are différ@mteach
other and mostly arlower than models, while the retrieval algorithms depend on

many parameters (e.g., land cover, topography, and radiative activities).
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Figure 1.4. Availability of sensoraised in soil moistureetrievals (both active and passive)

1.3.Literature Review

Given these approaches can provide different soil moisture datasets for the same
location and same time period (they all contain randororerwith different
characteristics), it is often desirable to merge these different time series so that more

accurate estimates could be obtained.

Liu, et al.(2011)merged the information derived from satellite based passive and
active micravave sensors (AMSE and ASCAT). For this purpose, they initially
rescaled parent product using CDF matching methoddRgichle & Koster, 2004)
to the space of land surface model data set and fused them in that space. Their results
showed thatalthoughthe fusion frameworkncreagsthe number of observationis

canminimally change the accuracy of soil moisture retrievals.

Yilmaz, et al(2012)through merging of modelthermal infrared remote sengin
, and microwave remote sensibhgsed soil moisture estimates, obtained a new
product within a least squares framework. They validated their merged anomaly
product against Hsitu measurements and found their merged prottudte more

accurate than indiglual input products.



Schalie, et al(2017)evaluated three different fusion approacinetudingneural
networls, regressions, and the Land Parameter Retrieval Mo@&M) and found
out that theneural networkspproach gives the highest correlation coefficient among
different fusion approaches while the regression and LPRM approach can closely

follow up theneural networkspproach.

Beside of all above mentioned studies, the ESA Climate Change Initiative (CCI)
teaminitiated a project with the goal of developing a complete and consistent global
soil moisture dataset year 201@nd released its first produntyear 2012. The ESA
CCl soil moisture produdgW. Dorigo et al., 2017; Gruber, Dorigo, Crow, & Wagner,
2017; Liu et al., 2012, 2011; W. Wagner et al., 20h2jges wide range of the active
and passive sorhoisture retrievals, wita methodologyery similarto thatof Liu, et
al. (2011)

A review of the studies mentioned above indicates that fused soil moisture
anomalies are more correlated with ground measuresmamd/or modeled soill
moisture datasets rather than the individpabducts that have been merged.
Moreover all the mentioned studies confirm that the fundamental need of any data
fusion study, is to have soil moisture produattthe sameaemporalscale.However,
before such merging methodologies can be implemented, the various systematic
differences that exist between soil moisture estimates obtained from different
platforms and/or sensors should be allevigidmeyer et al., 2004; Reichle, Crow,
Koster, Sharif, & Mahanama, 2008;-B. Su & Ryu, 2015; Yilmaz & Crow, 2013;

Yin et al., 2014)An example of such systematic differences (éifferencesn their
ranges, fluctuations, and availability over the same locétiitite River watershed in
Tifton, GA) at the same time period; Septembef i®Novemberl8" of year 2010)

is presented ikigurel.5, where three platforsof soil moisture retrieval (i.e., remote
sensing, model baseddin-situ measurements) are arranged to three panels from top

to bottom respectively.
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Many different methods are proposed to handle these systematic differences
between soil moisture products, where an unscaled originaligr®ds rescaled to
the space of a reference prod@&t The goals of such methodologies include
minimizing the variability of the difference between the rescaled product and the

reference product, maximizing the correlation between them, or matching the total



variability of an unscaled product to an arbitrary refee datasetHain, Crow,
Mecikalski, Anderson, & Holmes, 2011; Miralles, De Jeu, Gash, Holmes, & Dolman,
2011; Parinussa et al., 2015; Scipal, Holmes, de Jeeimia& Wagner, 2008;
Stoffelen, 1998; Zwieback et al., 2016)

Based on above mentioned goals, the rescaling method can vary from linear ones
[e.q., first order linear regression (REG), variance matching (VAR), Triple collocation
analysis (TCA)gtc] to CDF matching (CDFM) and nonlinear techniques [e.g., multi
adaptive regression splines (MAR), support vector machines (SVM), artificial neural
networks (ANN),etc].

Once a particular fArescaling methodbo
ANN, etc) is selected for a specific application, this method can be implemented using
different approaches that consider different time sc@f@maz et al., 2016)The
res@ling approaches affect the accuracy statistics of the rescaled product, even
though, by definition, a particular rescaling method is selected to be the optimum
method (i.e., yield least errors) for a particular application. For example, a rescaling
methodcan be tuned for the entire time series or for each month separately (rescaling
coefficients or product dependencies are assumed to be constant-vanying). If
the reference product, that any given product is rescaled to, is more accurate than the
rescaled product, then implementation of rescaling methods strongly using time
varying coefficients (e.g., using monthly rescaling coefficients rather than using a
single coefficient for the entire time series, or rescaling seasonality and anomaly
componentsseparately rather than rescaling them using the same rescaling
coefficients) yield higher accuracy rescaled product than weakly rescaled products.
The reverse is also true that in the presence of relatively less accurate reference
product, weakly rescalghproducts yield higher accuracy rescaling prod(itsnaz
et al., 2016)

Both the rescaling method and its implementation approach can impact the
optimality of tdadstics(dmaz & Crevd 20p3; Yilchaz ettal§ s
2016) The optimality of a rescaling methods largely depend on the goal of the



rescaling methodologf¥ilmaz & Crow, 2013) yet performances of such rescaling
methods are also affected bipgree to which the&nderlying assumptions of the
rescaling methods are méfilmaz & Crow, 2013)and by their implementation
approach(Yilmaz et al., 2016)

Satellitebased soil moisture data are often validated with usingitun
measurementglackson et al., 2012, 2010yhich exhibit significantly higher local
nontlinearity due to soil moisture dynami¢g/ade T Crow & Wood, 2003)The
spatial resolution difference betweensitu measurements and remotely sensed soil
moisture products (i.e. point versarseal average) is another source that introduces
nonlinearity into the system. RecentBwieback et al. Z016) introduced a non
parametric CDFM method to address the impact oflim@ar relationships on the
error statistics identified using TCA. The @yuof Zwieback et al.Z016)emphasizes
the existing quadratic relationships between the actual signal components of different
Soil moisture products, which can lead to +imear relationships. Therefore, it is
conventional that such nonlinear relatiopshéxisting between soil moisture data sets
may not be captured by using linear methods and use of use -iheanmethods

may be necessary.
1.4.Goal of the Study

Among commonly linear and nonlinear rescaling methtus areapplied in
studies foasing on removing systematic differences between soil moisture prpducts
the CDFM (Reichle & Koster, 2004)s arguably the mostly commonly used. In
addition, linear regressienWade T. Crow & Zhan, 2007)variance matching
(Draper, Walker, Steinle, de Jeu, & Holmes, 20@8ple collocation (Yilmaz &

Crow, 20B), copula (Leroux et al., 2014)wavelet (C.-H. Su & Ryu, 2015)
guadratic polynomial(Zwieback, et al., 2016) badenethods have been also utilized

for this purpose. However, the imteomparison of the performance of
abovementioned methods has not been explored in the soil moisture rescaling studies.

REG, VAR, TCA, and CDFM have unique results and are implementeslywid

in rescaling studie¥ilmaz and Crow(2014)have been investigated the optimality of



linear methods in the context of data assimilation. However, because the limited usage
of nonlinear methods in the sailoisture rescaling framework, the performance of
them in comparison to the linear methods has been remained unexplored. Therefore
there is still room to investigate and intmmpare the relative performance of linear

and nonlinear methods in order to teetunderstand the degree of nonlinearities
existing in the soil moisture products.

Moreover, based on this fact thheé rescaling methods are eventually used as the
cornerstone of the soil moisture merging methodologies, the investigation of the
impact d their selection over the performance of the final fused soil moisture
estimates is also necessary. Earlier studies have investigated the performance of
different rescaling methodologig¥ilmaz & Crow, 2013; Yilmaz et al., 2016)
However, so far no study have specifically investigated the impaitteomost of
nonlinear methods (e.g., SVM, and MAR) in a data merging methodology.

This study is the first to use and compare different rescaling methods (including
linear and nonlinear ones) in the context of rescaling soil moisture datasets.
Meanwhile, beside of these irteomparisons, this study is the firstitwestigate the
impact of different linear and nonlinear rescaling methods and their way of
implementation ggroach over the accuracy of the data fusion prott=sce he goal
of this study in addition to the comparison of the rescaling methods in rescaling of soil
moisture time series, is to investigate all of the aspects of data fusion (including the
impact ofthe parent soil moisture product selection, the impact of rescaling methods,
rescaling techniques, application style of rescaling methods, and the reference of data
fusion frame work)The methodologies and the datasets used in this study are given
in the Chapter2; the results and their discussions are given inGhapter3, and

concluding remarks are given in the |&$tapterd.
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CHAPTER 2

MAT ERIALS AND METHODS

2.1.Rescaling Methods
2.1.1.Linear Regression

Linear rescaling methods have been widely used to rescale soil moisture time
series to reduce their inconsister@rocca et al., 2011; W. T. Crow, Su, Ryu, &
Yilmaz, 2015; Wade T. Crow & Zhan, 2000verall, linear rescaling methods are
implemented by considering thmost general linear relation between a reference
dataset§) and an original unscaled datastiq the form of:

9° 9 t A (1)

where9® is the rescaledersion of9; g andg are time averages & and9,
respectivelyandA is a scalar rescaling factdfigure2.1). Here A is found using
REG, VAR, and TCAbased linear method¥ilmaz & Crow, 2013)

A m KTk (2
A KTk 3)
A t+ 1 (4)

where: is a third product that is similar to produ@sand9; + andt are

~ ~a

covariances betweeh: and9-: O A O b A ALK,A OahdAUare the linear rescaling
factors for the REG VAR-, and TCAbased methods, respectively;andA are the
standard deviations & and9h0 A OB A A é&nénO Ad the correlation coefficient

betweer8 and9. Accordingly, the rescaled producte &stimated as

9° t 9 t A )
9’ t 9 t A (6)
9’ t 9 t A (7)
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where9® ,9° , and9” are the rescaled products using REG, VAR, and TCA
methods, respectively. The schematic representation of linear regression lines for three
linear methodof REG, VAR, and TCA and the differences in their slopes and

intercept values is shown kigure2.1.
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Figure 2.1. Comparison of REG, VAR, and TCA rescaling methods

2.1.2.CDF Matching

The CDFM(Reichle & Koster, 2004y one of the earliest and argualihe tmost
commonly used method in soil moisture rescaling studiegs method has been

widely used in many applications, particularly in studies that focus on data
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assimilation Drusch,2007;Li et al.,2010).The aim of this method is to eliminate the
differences between the statistical moments of e moisture datasetsThe
schematic representation of the CDFM used in this study is giveigume2.2 (i.e.,

the path shown with red color).
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Figure 2.2. Schematic representations of the CDFM rescaling method

The CDFM rescaling method can be applied through two general approaches to
the soilmoisture products based on their cumulative distribution functions. The first
approach tries to match the lower order moments of time series (e.g., the first and
second) tahe reference one (Variance matching). While the second approach (called
here as CDFM) matches the empirical cumulative distribution functions of the
unscaled product directly to the reference product ones. The difference bétereen
two methods are remented inFigure2.3. For more details, readers are referred to
the study oReichle and Kostg2004).
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Figure 2.3. Comparisorof VAR and CDFMrescalingmethods

2.1.3.Copula

Copula functions are widely used to describe the multivariate dependence between
random variables by using their univariate distributions. More Bpaty, this
method enables the estimation of a multivariate @DFandom variables by using
copula functions that utilize the univariate CDF of random variables, asstin@éng
marginal probability distributionfollow a uniform distribution. The general equation
for the estimation of the multivariate distribution in the copula approach is described
by Sklar(1959)as follows:

#us&useBHse 0@ O OB O ®
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where# is a unique multivariate copula function that contains all of the dependence

information among the datasets through a single parametefO(et§.). Her e,

theorem implies that for any group of random variabld® B 6 | there exists

a copula functiort # $ & $ &8 ¥ $ & that links these variables through an

estimation of the multivariate probability distribution of these random variables.

The copula approach explicitly requires a conditional multivaG&€ to find

Skl a

the solution to a rescaling problem, which can be found via the partial derivative of

the copula functions in the following form:

P T # S &S &BIHS & 9)
¢ h Bh HHS AU S B S &
Here, the goal iso first estimate# $ & and to then retrieve the value ®f by

utilizing the CDF of the observed variablés 6 8 65 ). Here, these observed

variables could be selected as observations from different platforms as well as lagged

values of the sameariable to be predicted. However, the solution of equation 14
requires knowledge of the conditional
#$&s i B

on this optimal solution, see the stumfyLeroux et al., 2014).

1-
2-

Estimation oft $ &¥ $ &8 PAT AS$ &,

Fitting of copulas to# $ & $ &B AT #A$ & (i.e., estimation oD and|
parameters),

Calculation of errors and correlations between true dataset and preficted
separately fo# ¢ i @i 8t @ o w

Selection of the best#t s  gr value which minimizes thestandard
deviation of the difference betweBn and5 “and max i mi z5e and }
5 ° simultaneously,

Estimation of #$& using ##s&Ms&BHS &,
##$ &S &BMHS$ & | obtained andf parameters (step 2), anelacted
# sk wR (stepd),

Estimation of5 using inverse relation & and# $ &.
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The summaryf copula method procedures and differences between copula
and CDFM methods is presented in thgure 2.4 where copula projection plane
(panel C inFigure2.4) has curved shape compatedorojection line of CDFM (i.e.,
straight line in panel A). The optimal shape and location of this projection line

curvature in panel C can be found by altering tharametersd, [, and/or

#

s h BhA respectively, while the optimality depends on the goal of the
application.
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Figure 2.4. Schematic representations of the CDFM and Copula based rescaling métieogaths
in the BADE and BCFE panels represent the CDFM and Copula methods for rescaling of unscaled
product Y to the space of reference product X, respectively. C(X|Y)=0.47 is plotted with darker color
in panel C to represent the best performing prajedine of the Copulated with darker color in panel
C to represent the best performing projection line of the Copula

The list of copula functions used in this study [five totdODRMAL (Frahm,
Junker, & Szimayer, 2003CLAYTON (CLAYTON, 1978) GUMBEL (Gumbel,
1960) FRANK (Genest, 1987)and JOHJoe, 1997)and their properties are given in
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Table 2.1. Moreover, the differences between the conditional CDF line of them
(different copula flavors) and their impact over rescaling of soil moisture products is
shown in inFigure2.5. In this study, all of the steps, including the calculation of the

CDFs and the fitting of different copulas, are performed using the R programming

| anguage package 0 Cop iHofertcet al.(200h2) Eoh movea s wr i
information about the mathematical properties of the copula function and families,

fitting procedures, and simulation issues, see the studi€ebgstand Favrg2007)

and Nelser{1999)

Table2l.Copul a functions (in two dimension space), p
in this study.
Copula # &M Family
n n A @D & C @& gc &
Normal <P As Ag  Elliptical
¢nAp O
Clayton & & p 7 Archimedear
Gumbel AP a8 d0 -~ Archimedear
Frank P Ip A p_A P Archimedear
[ A o
& &
Joe P P P _ Archimedear
P & p &
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Figure 2.5. Differences among copula flavors used in this study for rescaling of soil moisture

2.1.4.Multi Adaptive Regression Splines

MAR (Friedman, 1991is an advanced form of stepwise regression, that uses
a series of local soalled basis functions to model the nonlinearities between

independent and dependent variables (here unscaled and reference products). The
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principle of MARist o spl it the unscaled productos

an individual spline (basis function) to each interval separéttdgtie et al.2009).
The final model is built up by connecting of these basis functions at the knot points
(the end point of intervals). The general MARS model of reference (X) product with

M basis functions can be written as:
W O B WO © (10

whered is a constant coefficienty is the coefficient of thé& basis function,
6 & isthed basis function in the form df A @hd 0 ori A @b & with
aknot occurring at valué, and0 is the number of basis funaihs built in the model.
Figure2.6 represents the differencbstween REG antAR methods in rescaling of

unscaled soil moisture product to the space of reference product.
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Figure 2.6. Comparison of REG and MAR rescaling methods.
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The MAR consists of separate forward and backward stepwise procedures. In
the forward phase, the model adds basis functions and tries to find potential knots to
reduce errors between rescaled and reference products in terms of mean square error
(MSE), resultingm a very complicated and over fitted mo@hdrés Suérez, Lorca
Fernandez, Cos Juez, & Sanchez Lasheras, 2biltt)e backward phase, the MAR
model prunes the least efteve terms among the previously added basis functions
based on a generalized crasdidation (GCV) measure of MSE. The GCV procedure
determines which basis function to keep in the model and which one to eliminate by
introducing a penalty to the systensbd on the number of terms (including intercept)
more than maximum number of terms allowed to be remained in pruned model (this

threshold is semi automatically calculated based on the number of variables).

In thisstudy, the fitting phase of MAR the unscaled and reference products
is conducted in R programming environment by using earth padhditfgorrow,
2016) For more information about the MAR and technical details about it please see
studies oHastie et al.(2009)andSharda, et a(2008)

2.1.5.Genetic Programming

GP (Koza, 1994; Vladislavleva, Smit&, den Hertog, 2009j)s an automatic
programming technique that is based on Darwin's theory of population evolution
(abandoning poor members of society and creating modified children selectively). GP
uses the Genetic Algorithm (GA) to create tsteictued computer programs as a
solution for defined problems (e.g., rescaling unscaled variables to the reference
space).

Given the availability of relevant datasets, GP discovers their relationship
through randomly created computer programs that are compdsmadthematical
functions and arithmetic operators without havengriori information about the
datasets or their structures. GP utilizes these functions and picks tigtdesines
(i.e., refines these functions) in a statistical sense by exchanging information through

so-called crossover and mutation operators. Here, tbgsover operator combines
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randomly selected parts of two programs and creates a new program for the new
population, while the mutation operator creates a new program by randomly selecting
one part of a program and randomly mutating it. This refining ggoegolves over a
series of generations until reaching the termination criteria (e.g., evolving time,
maximum generations, erréhreshold,etc). The schematic representation of GP
method in the scatterplot of unscaled and reference soil moisturacpsaghd its

difference with linear regression is availabld-igure2.7.
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Figure 2.7. Comparison oREG and GP rescaling methods

All of the steps of GP in this study are performed by using the RGP package
(Flasch, Mersmann, BarBeielstein, Stork, & Zaefferer, 201%) the R language
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programming ewironment. The preliminary required parameters of GP (e.g., the
causality relationship between unscaled and reference soil moisture products,
termination criteria,etc) are presented imable 2.2. The remaining required
parameters (e.g., @rid performinggtocedute ®f them)arb a b i
defined as per their default values following the guidelines of the RGP package
(Flasch et al., 2015)

Table2.2. Defined sets of GP

Parameter Defined set
Causality relationship O QO
Function set "Sing', "Cosinég, "Tangent, "Square rodt
"Exponentidl’ IILogarithml’ II+II, II_II, ll*ll’ II/II' IIAII
Fitness function u
0
Population size 100
Stop condition Time (40 minutes)

where®, @, and® are the reference, unscaled, and rescaled soil moisture prc
respectively and is the number of observations.

2.1.6.Support Vector Machine

The SVM (V. N Vapnik & Chervonenkis, 1974; Vladimir Naumovich. Vapnik,
1998)is a novel technique based oatstical learning theorthat uses the principle
of structural riskminimization(Hernandez, Kiralj, Ferreira, & Talavera, 200@the
regression model of SVM, a function associated with the dependent variablé&)here
which itself is a function of independent variable (hé&jeis estimagd (Olson &
Delen, 2008)Similar to other rescaling methods, it is assumed that the relationship

betweenw and®is characterized by an algebraic function as following:

~

VO 0w o (11)

& Qh & E I Q (12
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wherew i s the rescaled product, a(y) i's a I
moisture products, and W and b are respectively the weights and the bias values of

regression function, which are determined by minimizing the objective function of:

GROK -o 0 -B Q (13
subjected to:

Q ® &h Q plBh (14
where 2 is the real positive number that

calibration,Q is the amount of error at time stepa, is the reference product at time
step’Qand 0 is the number of observations. The SVM solves this minimization
problem with using of Lagrange multipliers method and ultimately turns it to the form

of:

QO B OO W @ (15
where® is average of the Lagrange multipliers, anddto is the kernel function
t hat can be written as an inner product
theorem. There are ifferent types of kernel functions available (e.g., linear,
polynomial, radial basis, and sigmoid) that the SVM method can be applied through
them, while in this study the radial basis kernel function type has been chosen by
following studies of(Afshar & Yilmaz, 2017; Pasolli, Notarnicola, & Bruzzone,
2011) The optimization ofabove mentioneghroblems are performed with e1071
packaggMeyer et al., 2015n the Rprogramming environmerand the parameters
of thekernel functions are found based on cross validation (the optimized values are
not shown).Figure 2.8 shows the differences between simple linear regression and
SVM method in rescaling of arbitrapnscaled soil moisture product to the space of

reference product-or more information about the SVM and its technical details,
readers are referred tioe sudies ofVapnik (1998)andSmola & Schoélkop{2004)
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Figure 2.8. Comparison of REG and SVM rescaling methods

2.1.7.Artificial Neural Networks

ANNSs, which areoriginally modeled from existing information processing
paradigm of biological neural networks of human bi&nChen & Billings, 1992)
provide methods for data set fitting, time series prediction, and dynarsiiensy
modeling(Principe, Rathie, & Kuo, 1992ANNSs are simply data processing systems
that establish relations between input and output g8.and8) through networks of

neurons (nodes) in the hiddeayérs. These neurons perform the information

24



processing by weighting and exchanging them through activation functions to prepare
the input value of the neurons in the next layer and consequently calculate the output
values of the network. Every ANN can tbetermined with respect to its structure (the
numbers of hidden layers and the way which the neurons are connected together),
training method (the method which assigns the weights), and its activation function
(the function which defines the input of thexmh layer from the outputs of pervious
layer).

Strictly linear systems do not require any hidden layer at all, while a linear
activation function suffices to relate the input dataset to output. On the other hand, the
use of one or two hidden layers isfgtiént to solve most (if not all) complex nonlinear
problems, while the use of more hidden layareecessarily increase the complexity
and the training time of the systéKarsoliya, 2012)On the other hand, the optimality
of number of neurons has been an ongoing debate for almos¢tadefGuarg-Bin
Huang & Babri, 1998; Murata, Yoshizawa, & Amari, 1994; Sheela, Deepa, Sheela, &
Deepa, 2013; Xu & Chen, 20Q8)ence optimality of neuron number selection is not
as clear as optimality of hidden layer number. In additional to the hidden layer and
neuron number, ANN simulations often require selection of the maximum numbers of
iterations allowed. Similar to selection of unnecessarily high numbers of hidden layers
and neurons, selection of very high maximum iteration numbers also yields
overtraining (Kentel, 2009)and results in loss of accuracy when validated using
independent datasets.

In this study, four ANN functiondvulti-layer perceptrofMLP; (Rosenblatt,
1958), Radial basis functiofRBF; (Poggio & Girosi, 199Q) ELMAN (Elman,

1990) and JORDAN(Jordan, 1997with different structures betging to feed
forward, radial basis function, and recurrent networks are used to resc&@eThese

four ANN functions have their own characteristics: for instance, the MLP network,
probably the most common network in u$éutlu, Chaubey, Hexmoor, & Bajwa,
2008) and RBF network have multiple layers (input, hidden, and output) that are fully
connected in a feefbrward network shape (the information is carried forward: from

input to nodes and to output, no cycles or loops in the network). However, the
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activationfunction of an RBF network is radially symmetric. Thus, data sets in the
RBF networks are represented locally instead of globally (in MLP networks).

Another difference of RBF networks relative to MLP networks is that they are
more robust against noiselntan network, from recurrent networks, can also be
considered as a basic modification of féedvard networks with additional context
units that take input (feedback) from the hidden units. These feedbacks allow Elman
networks to identify and produce teorpl patterns. Jordan network is also from
recurrent typed networks. However, Jordan network have extra direct feedback
through their context units, which actually get input from their output units. Thus, the
number of context units in Jordan ANN isafuncon of the out put
This may be counted as a disadvantage of Jordan ANNs with respect to the EIman
ANNSs, as the number of hidden units in contrast to the number of output units is
flexible in the Elman network and can be easily increasettorease@Bergmeir &
Benitez Sanchez, 2012)

In addition tothe length of the datasets, user defined number of maximum
iterations allowed, hidden layer, and neuron primarily govern the computational
burden of ANN implementations. Selection of very high maximum iteratiomoeus
yield over fitting of training datasets, hence in this study maximum iteration number
is selected as 1000 following Kentel (2009). Different networks can evolve their
topology automatically (e.g., evolutionary ANN), while the ANNs used in this study
require explicit training (i.e., identification of the number of hidden layers and their
neurons). In this study these number of hidden layers and neurons are optimized by a
grid search within a domain of{) and (240) for the number of hidden layersdan
their neurons, respectively. Given the range of neuron number is much higher than the
range of hidden layer number, the most time consuming components of optimization
efforts are the neuron number selections in ANN training. The properties of ANN
functions used in this study are givenliable2.3. Moreover for betterunderstanding
of the difference among ANN flavors used in this stulg,schematicepresentation

of their procedure is showed kigure?2.9.
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Table2.3. Parameters of ANNs used in this study. (Id is identity)

ANN Learning Update  Output Activation Number of
function  function function function context layers
Input Id.
. ' Hidden Id.
MLP Back . Topological Id.
propagatior  order Context  ---
Output Id.
Input Id.
RBE Back  Topological d Hidden Gaussiar
propagatior  order " Context  ---
Output Id.+bias
Input Id.
- Hidden Id.
ELMAN 2% e Order  1d. 0
propagatior Context Id.
Output  Id.
Input Id.
Back Hidden Id.
JORDAN _ —2°“ " jE Order Id. 1
propagatior Context Id.
Output Id.
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Figure 2.9. The differences among ANN flavors in rescaling of unscaled soil moisture product to the

scale ofthereferenceproduct

All ANN simulations presented in this study ammplemented in R

environmen{R Core Team, 2015Among various software packages (i.e., toolboxes)

available for implementation of ANNs in R, the RSNNS package written by Bergmeir

and Benitez (2012) is selected in this study. For more details about the networks and

their parameters please see the user manual of RSNNS péBkagmeir & Benitez
Sanchez, 2012)
2.1.8.Comparison of Linear and Nonlinear Rescaling Methods

In this study, the rescaling methods are compared for their ability to minimize

the error variance of rescaled produgt (), minimize the error absolute mean bias

(! - ', and maximize the correlation between reference and rescaled products. The
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details of these statistics are given belowcase studies partere, the correlation
between unscaled and reference product ), and rescaled and reference prudcts
(m =), are the same for all linear rescaling methods. Among the linear methods, by

definition,REG minimizes the ., of the training dataehenceREGis preferable over
other linear methodsV@AR, and TCA) if, . is the selection criterion when the

training and validation datasets are the same. Accordingly, the comparison of linear

methods may not be meaningful given tR&G yields the minimum, ., whereas

all of the methods have an identieal - (if multiple linear regression method was

used, it would have further reduced the trainjng). By contrast, the optimality of

multiple linear regressiors not guaranteed when the parameters obtained using the
training datasets are applied to independatidation datasets. This implies that the
inter-comparison of linear methods for the validatior9b6fis still necessary before
confidently making conclusions about their performances.

Linear and nonlinear methods have particular advantages and diseyhs
which impact their optimality for different applications and goals. Among the linear
methods, REG minimizes the mean square difference be®aaif’, VAR matches
the total variability components 8fand9, and TCA matches the signal variability
components 09 and8 so that the error variance of the analysis in datamilation
framework is minimized (Yilmaz & Crow, 2013). Accordingly, the applications that
aim to linearly create a homogenous dataset for wlicis closest ta@ (i.e., those
that seek to minimize mean square errors) may prefer REG (assuming that REG does
not severely overfit the datasefd)AR is expected to yield better results than the other
linear methods (due to their advantage of the use of splines at different knot points)

Given that mergingype studies (e.g., data assimilation) explicitly require the
signal variability components & and8 to be the same, TCA is a better candidate
for such studiesYilmaz & Crow, 2013). Among the nonlinear rescaling methods,
copulalinks the# $ &and# $ &multivariate functions instead of matching them,
similar to CDF By contrastANN, GP, and SVM machinkarning methods establish
the relationships between datasets and act like a system in which theutymuit
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relations may be too complex to be shown explicitly with equations or perhaps cannot
be shown at all.

When ANN and GP are compared, GP has an advantage: first, the assembly of
blocks (i.e., the input variables, target, and mathematical functions) iedeénd
then, the optimized structure of the model and its coefficients are determined during
the training process. By contrast, in ANNSs, the structure of the network is specified
first and the coefficients are then obtained during the training procasgGely, the
main drawback of GP is its high computational cost due to the infinite search space of
symbolic expressions.

Overall, the relative performances of methogsrindependent datasets that
are not used in their parameter estimatianamnalyti@ally not predictablei{ may not
be possible to analytically gve that any particular rescaling method will result in a
superior accuracyver independent validation datetsthat are not usedduring
parameter estimatioaf them) Accordingly, a comparison of the performances of
linear and nonlinear methods is still needed to attain a greater understanding of their
relative added utility

Many of themethods discussed here (ANN, GP, SVM, and copluae
different structures and therefore different complexities. However, currently, these
methods can be easily implemented in various applications using data analysis
programming languages, such as R, Blatland Python. For example, tiaigpthe
networks of ANN rescaling method with available packages or toolboxes in these
programming languages (e.g., optimize the weights of connections among the neurons
of layers of the network) only require users to define certain parameters (e.g., the
numker of hidden layers and neurons and type of functions that ANNs have to
implement, such as learning, update, activation, and output furjctions

Despite the fact that these methods have greater computational complexity
(i.e., much longer codes running the background) than other simpler rescaling
methods (e.g., linear methods and CDFM), these complex methods can be
implemented using a couple of lines of codes that run for a very short time, similar to

lesscomplex methods, once the optimized parametés sge obtained (this
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optimization phase of these complex methods could require relatively longer
computational times). Hence, there is relatively very little difference between the
simpler methods (e.g., linear methods) and the more complex methodséelgine
learning methods), especially in terms of the computational ease of implementing
these rescaling methods, except for the optimization of components.

2.2.Rescaling Approaches

Once the Arescaling methodo (AR, REG,
selet¢ed for implementation in a specific application, this method can be implemented
using different approaché¥ilmaz et al., 2016)The rescaling approaches affect the
accuracy statistics of rescaled product, even though, by definition, a particular
rescaling method is selected to be the optimum method (i.e., yield least errors) for a
particular application. The approaches used in ¢higly are grouped in to two
different parts. The first part focuses on usgwnstantand time-varying rescaling
factors (Style) andgecond part focuses afecompositionof time seriesin to its
components (Technique). Below the definitions #me differences among different
approaches used in this study (totally iigure2.10) areillustrated.

Constant No Decomposition
{One rescaling factor
for entire series)
Seasonality Anomaly
Time-varying Decomposition
(Different rescaling

factors for each month
separately)

Smooth Deviance
Decomposition

Figure 2.10. Rescaling approaches used for application of rescaling methods

2.2.1.Rescaling Style Use of Timevarying Coefficients

The use ofime-varyingrescaling coefficients may also improve the accuracy
of the rescaled time seri€gilmaz et al., 2016pwing to thetime-varying relations

that may exist between the products. Accordingly, rescaling of soil moisture time
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series can be implemented usaaypstanor time-varyingrescaling coefficients. Most
studies use theonstantoefficient seledbn (i.e., entire time series rescaled at once),
which is considered a lesggressive rescaling style than use tiofie-varying
rescaling coefficients(Yilmaz et al., 2016) Such moreaggressive rescaling
methodologies involve using varying rescaling coefficientsnme (i.e., 12 different

rescaling coefficients).

Accordingly, here in this study two different rescaling techniques arefoised
the stationarity assumption of the rescaling coefficients: single rescaling coefficient or
monthly coefficients. Herepf thetime-varying monthly rescaling case, all the soil
moisture values obtained for a particular month is rescaled against the soil moisture
values of the reference dataset for the same month; then this process is repeated for all
months separately tofim the continuous time series again. Here, the use of monthly
rescaling coefficients is expected to craataporal discontinuities in the rescaled soil
moisture time series, while the degree of these discontinareespecedto increase
with the incrased rescaling coefficient differences between morklgure 2.11
represents the overall procedure of tiwaeying application of REG methofibr

rescaling of arbitrary unscaled product to the space of reference product.
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Figure 2.11. Time-varying application of REG method for rescaling of unscaled product to the
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2.2.2.Rescaling Techniquesi Seasonality Anomaly vs. Smooth Deviance
Decomposition

Rescaling methodologies are mostly implementedHe entire soil moisture
time series (i.e., assumption that low and high frequency components of different
products are related similarly). They are rarely implemented separately for the
different decomposed components of the time series (e.g., lowigimdréquency
components). Accordingly, once the rescaling methodology (VAR, REG, CDFM,
MAR, SVM, ANN, etc) is decided, then decisions should be given about the rescaling
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technique, which involve decisions about the decomposition of thesenesto its
different components

Given the low and high frequency signals of the time series may have different
accuracies, they might as well be treated separately to further improve the rescaled
product(Yilmaz et al., 2016)Such high and low frequency decomposition can be
done in several different ways.

In many studies the low frequency component is assumedaerioglicand it
does not vary from year to year (i.e., calculated as daily climatology using a moving
window aveage approach), or alternatively the low frequency component can be
calculated as neperiodic (presented for the first time in this study). Once the low
frequency component is acquired, the high frequency component is obtained using the

remaining componeritom the native complete time series:

" B B P (16)

AR —
(AT B Qf 17)
W (AT AT (18)

where Qrefers to year (totat years), Qrefers to the day of the year (DOY),

W, and & refer to the periodic and neperiodic low
frequency components (hereinafter called fise
nonperiodic cases, respectivelf); ref ers to either fiseasonal it

soil moisture produciy, @  refers to the high frequency component (hereinafter

call ed Aanomal yo and A ¢erivdicaases,adspedtiely), per i odi ¢
andw refers to the weights to be used for windaveraging for the DOYQEquation

(16) indicates the seasonality of the datag@tfor any DOY is found as the average

of a 29day moving average window centered on a specific DOY utilizing the

available data usingll available years of the datag¥ilmaz et al., 2016)Equation

(17) also passes a smooth filter over the time series using a weighted moving average

window centered on a particular DOY, however, this filter yields apeyiodiclow
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frequency product while equati¢h6) yields aperiodiclow frequency product (i.e.,
seasonality component has only 365 unique entries vghileothcomponent has
unique values for all different time steps).

Weights of the days for the calculation of the average value for any particular
window differs for equations(16) and (17). Unlike the seasonality/anomaly
decomposition assumes equal weighting for the available days in any given window
for any given DOY, themootldeviancedecompositin assumes varying weights for
any given DOY. Days closer to the center of thedd9 window are assigned heavier

weights than the weights assigned for the days further away from the center:

L. P . (19
0 o ptT Q1
6 p O
1Pu p L7
tro 0 m Qoprt
0 2
o (20
B o]

where j refers to the day in the-88y window 0 is a coefficient which relates the
dayj to its weight ( ), and the domain is betweeri4 to +14] days. Here an inverse
relation is assumed for the weights of the days based on their distances from the center
point of the window.

As a result, threeescaling techniques (representedrigure2.12 andFigure
2.13) are used about the temporal decomposiielections in this studyi.¢., no
decomposition, seasonalignomaly decomposition, or smoedkviance

decomposition).
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Figure 2.12. Decomposition of time series to its seasonality and anomaly components
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Figure 2.13. Decomposition of time seriés to its smooth and deviance components

2.3.Data Sets

In this study, @rious remote sensingnd hydrological moddbased soil moisture
datasets are utilizetb developdifferent experiments for evaluation of different
rescaling methods/approaches. Moreover, for the validation of any expeitineamt,
situ measurementare used over four different watershel8slow the description of

soil moistureproductsused in this study beside of the characteristics of the validation

sitesare provided.
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2.3.1.ASCAT

The soil moisture product derived from the Advanced Scatterometer sensor
onboard of the Metop satelli(€. Albergel et al., 2009; Bartalis et al., 2007; Wolfgang
Wagner et al., 2007jetrieves soil moisture estimates fromb@&nd backscatter
observations. This reaperture radar sensor scans the globe by six antennas under
different azimuth and viewing angl@hree antennas at both sides of the platform with
45°, 90°, and 135°) and retrieves observations with approximately 550 km swath
width and 14 orbit revolutions per day resulting in ~d&y revisit time globally and
twice a day over Western Europe. Thesic sampling distance of this radar is 12.5
km; however, the operational and the research soil moisture products derived from
these radar observations retrievals are available at 0.5° and 0.25° resolutions,

respectively.

The ASCAT soil moisture datasetsed in this study (i.e., the research product)
are acquiredor time period of January 2007 and May 20i@m the Technical
University of Viennausing the algorithrdescribed in\Wolfgang Wagner et al., 1999)
and (Naeimi, Scipal, Bartalis, Hasenauer, & Wagr2&009)which is based on the
normalization of backscattering observations with respect to the incidence angle, dry
and wet surfacesoil conditiors, andvegetation conditiongrigure 2.14 and Figure
2.15show some general information about sp&imporal variability of ASCAT soil
moisture product. For more information about the soil moisture retrieval algorithm
and technical details see tsteidies of Wagner et al., (1999 and 2007).
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Figure 2.15. ASCAT soil moisture product's time series olittle river watershedvith longitude of-
83.61 and latitude of 31.6Bbetween 2007 and 2011
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2.3.2.AMSR-E LPRM

The Advanced Microwave Scanning Radiometer for EOS (ANE}Bnboard
of Aqua satellite is gassive microwave radiometer that has provided-dagy
observations at six different frequencies (between 6.9 and 89.0 GHz) in both
horizontal and vertical polarizations. The AM&Rmeasured brightness temperature
with daily ascending and descendingempasses, with a swath width of 1445 km.
These measurements are converted to soil moisture contents through different
algorithmsJ[e.g., REG(Al-Yaari et al.,, 2016)ANN (RodriguezFernandez et al.,
2016) andetc] resulting in different soil moisture datas@#ladenova et al., 2014)

Among different soil moisture datasets derived from AMSRbservations,
The Land Parameter Retrieval Methi@dPRM; (M. Owe, de Jeu, & Walker, 2001;
Manfred Owe, de Jeu, & Holmes, 20p8)asedAMSR-E datasets used in this study.
LPRM utilizes three parameters (soil moisture, vegetation water contergpérmad
canopy temperature) as well as passive microwave baskdn& and ¢band
observations from AMSHE for the retrieval of the surface soil moisture content. The
LPRM-based soil moisture datasets used in this study are acquired from Vrije
UniversiteitAmsterdam (personal communication with Robert Parinussa, 2013) and

are available online in a gridded format and spatial resolution of 0.25° between June

2002 and October 2011 in the wurl of Ahttops:

Figure 2.16 and Figure 2.17 show some general information about spatio
temporal ariability of AMSR-E soil moisture product. For more details on the LPRM
retrieval method, please see the studie®Wy, et al., (2001, 2008)
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Figure 2.16. Average soil moisture between 2007 and 20EhRsured with AMSHE
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Figure 2.17. AMSR-E soil moisture product's time series olittle river watersheavith longitude of
-83.61, and latitude of 31.6between 2007 and 2011
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2.3.3.NOAH GLDAS

NOAH land surface modelNOAH; (F. Chen et al., 1996; Ek et al.,@)
Koren et al., 1999)s al1l-D column model, which can be executed in both offline and
coupled modedNOAH uses atmospheric data (longwave and shortwave radiations,
precipitation, temperature, pressure, wind, and humidity) as well as soil andieegetat
related parameters to solve for the energy and the water balance equations for different
layers of soil profile. Even though different configurations can be implemented, the
four soil profile layers having 10cm, 30cm, 60cm, 100cm depths respectieely ar
frequently used in NOAH simulations. For more additional information about NOAH
LSM and its interior equations, readers are referrgkoet al., 2003; Heng et al.,
2015)

NOAH soil moisture datasets used in this study are simulated by Global Land
Data Assimilation SysterfGLDAS Version 2;Rodell et al.,(2004) using NOAH
v2.7 at spatial resolution of 0.25The GLDAS NOAH soil moisture datasets
representing the top 10cm soil layer used in this study are provided ahthunde
time steps. These soil moisture values are later averaged to daily values. TA8 GLD
NOAH soil moisture datasets used in this study are publicity available from January
2000 till present within the URL of "http://disc.sci.gsfc.nasa.gov"

Figure 2.18 and Figure 2.19 show some general information about spatio
temporal variability of NOAH soil moisturproduct.For more details about NOAH
and GLDAS simulations please see studiRotlell, et al. (2004)
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Figure 2.19. NOAH soil moisture product's time series olittte river watershedvith longitude of-
83.61 and latitude of 31.6Bbetween 2007 and 2011
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2.3.4.API

The antecedent precipitation indgXPl; (Blanchard, McFarland, Schmugge, &
Rhoades, 1981; McFarland & Blanchard, 1973 proxy that estimates surface soil
moisture based on either rainfall or rainfall and ruriBfanchard et al., 1981The
simple and practical form of the API enables the users to track the internal processes
more efficiently, which has turned API to a very common model among data
assimilation processddV. T. Crow & Ryu, 2009 The API soil moisture retrieval
method basically relies on the fact that soil moisture depletion can be stated with an
exponential function of the input moisture to the soil praf@dow, 1964; Lindsey,
Kohler, Jr., & Paulbs, 1949) This exponential relation can also be presented in a

linear form of :

~

600 600 U (21)

whered 0 i©the antecedent precipitation which will be considered as soil moisture;

0 is the daily precipitation or infiltration amount;is the depletion rate, ari@s day

of estimateBased on the study of Yilmaz and Crow (2013), the value iof this

study is taken as 0.85As precipitation input, daily Tropical Rainfall Measuring

Mission (TRMM) 3B42 version 7 product has been ustuaffman et al., 2007)This

product hasspatial resolution of 0.25° and are available online from January 1998

unt i | present within URL of Ahttps://disc.gs

Figure 2.20 and Figure 2.21 show some general information about spatio
temporal vaability of API soil moisture product~or more details about APl model
and its alternativéypes please see the study Bianchard et al(1981)
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Figure 2.21. API soil moisture product's time series olittle river watershedvith longitude of-
83.61 and latitude of 31.6Bbetween 2007 and 2011
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2.3.5.USDA-ARS Watershed Average Soil Moisture

Watershed average soil moistulWASM) measurements used in this study
are located at the experimental sites of U.S. Department of Agriculture (USDA)
Agricultural Research Service (ARS). These experimental watersheds, Little River
[LR; (Bosch, Sheridan, & Marshall, 20Q7Little Washita [LW; (Cosh, Jackson,
Starks, & Heathman, 2006)Walnut Gulch [WG (Renard, Nichols, Woolhiser, &
Osborn, 2008) and Reynolds Creek [ROSlaughter, Marks, Flerchinger, Van
Vactor, & Burgess, 200],) contain dense soil moisture sensors that measure soil
moisture since the year 2002 on hourly basis at a depth of 5 cmdiffezent
topographies and climatic regionBhese sites have been verified via comparisons
against gravimetric soil moisture observatiq@osh et al., 2006and have been
widely used in the validation of existing remotely sensed soil moisture products
(Colliander et al., 2017; Jackson et al., 2010; Leroux et al., 20Bble 2.4
summarizes the characteristics and dominant features of each watershed. For further
details about USDA ARS watersheds and the sensor networks available in them please
see the study afackson et al. (2010The general view dhese four watershedsear

presented ifrigure2.22 to Figure2.26.

Table2.4. Description of USDA ARExperimental Watershed Soil Moisture Networks

Little Little Walnut

Watershed River Washita Gulch Reynolds Creek
Area km?) 334 610 148 238
Number of Sensor 29 16 21 19
Climate Humid Sub humid Semiarid Semiarid
Annual Rainfall (mm) 1200 750 320 500
Topography Flat Rolling Rolling Mountainous
Land Use Forest  Wheat Rangeland Rangeland forest
Watershed Centroibngitude -83.61 -98.1 -110.0184 -116.775
Watershed Centroidtitude  31.65  34.9502 31.7216 43.1501
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Figure 2.22. Location ofthe studiedvatershedsvith their in-situ soil moisture networks
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Figure 2.23. General view of LittleRiver watershed
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Figure 2.25. General view of Walnut Gulch watershed
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Figure 2.26. General view of Reynolds Creek watershed

2.4.Case Studies

In this study, for investigation of rescaling methods, two different case studies
are considered to evaluate firstly, the added utility of rescaling methods in removing
systematic difference between unscaled and reference products, and secondly,
evaluate them in the data fusion framework. Below the description of these case
studies and the evaluation process@sprovided.

2.4.1.Case Study 1 (Added Utility ofRescaling Methods)

In this case study, the AMSRLPRM (called LPRM in first case studgpil
moisture values are rescaledWASM using REG, VAR, TCACDFM, COPULA,
MAR, GP, SVM, and ANN methods. Where ANN has foiL(P, RBF, ELMAN,
and JORDAN and copula has five typeiNORMAL, CLAYTON, GUMBEL,
FRANK, and JOE Overall, 18 different methods are considered in this case study (3
linear, and 15 nonlinear methods).
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The calibration of rescaling methods in this case study are donsiby
training part of datasets. Later using calibrated rescaling methods, the validation part
of datasets are rescaled to the reference products and the accuracy of rescaled datasets

(, 0 2°) are assessed using independd#SM validationdatasets usingtatistics

below
R 38 , 02 (22
" g s (23
" (24)
A R t XTI »p
t : (29)
M T -

where subscripfQndicate each watershed (total fous)Oif stationbasedWASM
datasetris error of, 0-2°,1{ andA indicate temporal mean and standard deviation
of the errors respectively, - "indicatethe absolute mean bias which is calculated
based on the absolute value of the mean value @ftbsof, 0-2°,1 is number of
available observations, afd is summation operator. StatistiesA , and! - "are
calculated over four wateheds separately.

Given thatWASM datasets are available only between June 2002 and July
2009 from the rternational Soil Moisture Network [ISMXW. A. Dorigo et al.,
2011) database, this case study is limited between these dates, even thdirRfRNhe
dataset is available beyond 2009. Among the available data between thessodates,
moisture values for 131, 2, and 52 days, for LW, WG, and &€, zero (0)
respectively; thesealues are assumed to be missing and are not used in theegnaly
Only mutually availablé PRM and WASM datasets are used to calculate all statistics
mentioned aboven this study. The datasets are divided into training and validation
periods Given some rescaling methods explicitly use the autocorneliatiormation
to rescale datasets, training and validation datasets cannot be selected via random
sampling; accordingly temporally continuous data are selected for training and
validation. To reduce the impact of sampling errors on the results two separate
experiments are implemented: first experiment use the first-{tiise) 25% of the

data for validation and the remaining 75% as training, while the second experiment

50



use the first 75% as training and the remaining 25% as validation. Later, statistics for
these two experiments are averaged while these averages are presented in this study.

The added utility §) of rescaling methods is calculated with respect to the
performance of REG method as

5 hi - R 2 %% (26)

wherel represents 8 methods (listed belo@epresents 4 locations (LR, LW, WG,
and RC), andirepresents 3 statistios, ({ , and! - “obtained as the average of above
defined two experiments); represents the method of interest, & the added
utility with respect to REG. To ensubeis always positive for improvements and
negative for degraded results, the bias and the standard deviation statistics are
multiplied by-1 as theirimprovement is linked with their reductiof is calculated
only for selectednethods: i)MAR, ii) CDFM, iii) GP, iv) SVM, v) ELMAN ANN,
vi) best performing type of copula, vii) the method (among 18 methods) that gives the
best statistic training part (ATr _besto
validation data i s UWAR giveqtlieBessoveoLRusingcor e X
training data, theMARi s s el ect ed as MOVEMLR Wwhidesahotherme t h o
met hod may perform better using DPdre val.i
performed separately over four watersheds. Similarly these comparisons are repeated
for each performance statistig  , and! - * total 3).
2.4.2.Case Study 2 (Impact of Rescaling Approaches on Accuracy of Fused

Products)

The second case study that has been conducted in this research focuses on the
performance of different rescaling methoaisd their implementation approaches

(rescaling techniques and style) over data fusion framework.

The fusion process can be implemented in different ways depending on the
assumptions about the error characteristics of the datasets to be fused. Data
assimihtion techniques assume the error characteristics of the products are not

stationary, while these techniques require more effort for their implementation. On the
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other hand, simple merging methodologiesy yieldsimilar accuracies for the fused
product wih much less efforfYilmaz et al., 2012)The data fusiorframework used

in this studycan be expressed in its form as

O »w:9 »:9 (27)
where® : andw : are the weights fawo rescaled product & and9” . Here,
different weights (e.g., time dependent, constetat) can be used fab andw

In this study, for simplicity, these weights are simply selected as 0.5 (i.e., naive

merging) following Yilmaz et al., (2012).

Fusion experimentsierge a satelliteand a modebased estimate using an equal
weighting (i.e., naive merging). In this study, by using simple merging technique and
fusion of six pairs for the four soil moisture products (ASCAT, AMSRAPI,
NOAH): ASCAT - AMSR-E; ASCAT - API; ASCAT - NOAH; AMSR-E - API;
AMSR-E - NOAH; and API- NOAH] is investigated. While the fused product is

obtained for these six pairs for all reference dataset selections.

The evaluation part of this case study uses correlation coefficient to vahdate

analysis and assess fused products:

. O Wolo i QQ 27)

where the' is the amount of correlation between fused prod@zi ( @it WASM

("Yo) cover the 'Q watershed (totally four). Thevarious remote sensingand
hydrological modebased soil moisture datasets utilized in this study, are obtained
and inserted to the analysis for tbemmon observation period of them (between
January 2007 and October 20Mbile the validation efforts are performed using
WASM for the sameoeriod Figure 1.4). The summary of fusion process and the

evaluation of fused products is representeligure2.27.
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CHAPTER 3

RESULTS AND DISCUSSION

3.1.Added Utility of Rescaling Methods

The statistics of the LPRM and WASM datasetsaauayzed Table3.1) prior
to evaluating the results of the two different rescaling experiment. On average, there
are 1600 days where the LPRM aN&SM data are mutually availabbetween June
2002 and July 20009.

Table3.1. Statistics of the training and validation datasesed intwo experimentprior to rescaling

£, S Standard Lagl
o = = Mean . .
S5 g Deviation Autocorrelation
x o
w -4 LPRM WASM LPRM WASM LPRM WASM
LR 0.311 0.105 0.099 0.046 0.784 0.819
Training
LW 0.282 0.125 0.104 0.057 0.728 0.863
dataset
WG 0.18 0.046 0.074 0.022 0.801 0.889
(last 75%)
1 RC 0.227 0.118 0.121 0.075 0.831 0.969
LR 0.331 0.109 0.098 0.044 0.757 0.805
Validation
LW 0.286 0.118 0.099 0.052 0.686 0.751
dataset
. WG 0.176 0.045 0.083 0.021 0.785 0.849
(first 25%)
RC 0.232 0.107 0.104 0.072 0.778 0.974
LR 0.316 0.106 0.1 0.046 0.757 0.826
Training
LW 0.285 0.122 0.109 0.058 0.733 0.841
dataset
. WG 0.18 0.044 0.077 0.022 0.789 0.879
(first 75%)
5 RC 0.234 0.117 0.113 0.077 0.796 0.972
LR 0.314 0.105 0.095 0.043 0.855 0.784
Validation
LW 0.276 0.127 0.077 0.049 0.628 0.828
dataset
WG 0.175 0.048 0.076 0.02 0.814 0.881
(last 25%)
RC 0.21 0.109 0.129 0.067 0.866 0.963
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On average, 1200 of the available data points are used for training, for both
experiments, whereas the remaining (~400) unused data points are left for independent
validation.Overall, the statisticq ( A) of the datasetare very similar for the training
and validation periods for both experiments (staés$tsignificance tests are not
performed). Unscaled original LPRM time series havketines larget andA than
the WASM. This clearly shows that these datasets should be reconciled in some
statistical sensdefore they can be meaningfully compared or used to create a

homogenous and consistent time series.

TheWASM time series has 3.4%, 4.5%, 0.1%, and 5.5% missing data (results
not shown) for the LR, LW, WG, and RC watersheds, respectively. The time series
obtained over LR and RC have more missing data than those obtained over LW and
WG, yet the autocorrelation was over RC are statistically significantly higher than
the values over LW, WG, and WG (for both the LPRM ¥WWISM datasets). Higher
autocorrelation values, despite more missing datar RCimply calculatiors over
this sitemay not be considerably impacted by the missing data, even though the LPRM

autocorrelations are, on average, 0.10 lower thaMWA8M values.

The correlation statisticselated to the performance of different rescaling
methods for both training and validation periods are presentédhie3.2. Overall,
the relative performances of these 18 methods are very consistent for the training and
validation datasets (i.e., better performing methods using training datasets also
performed better when using validation datgsedsnong nonlinear methods, the
SVM has performed better than other methods over LR and LW watersheds during
training period while the ELMmethodperformed the best over WG and RC over
training and almost over all watersheds during validation gekiterein the Table
3.2, the terms Tr_best and BEST refer to the best methodology (performing the best)
over training and over the selected peri(ether training or validatiomespectively.
Comparing the correlatioraluesof Tr_best and linear methodaravel the impact of

nonlinear methods in increasing the consistency of rescaled produdVAgivi.
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Table3.2. Detailed performance (correlation) of rescaling methods during training and validation
periods. The best performing method for training (Tr_best) and ov&&BE{ are shown. The ones

listed beloware obtained by averaging over two different experiments

Method Training Validation
LR LW WG RC LR LW WG RC
ORG 0.567 0.514 0.696 0.698 0.53 0.495 0.684 0.666
REG 0.567 0.514 0.696 0.698 0.53 0.495 0.684 0.666
VAR 0.567 0.514 0.696 0.698 0.53 0.495 0.684 0.666
TCA 0.567 0.514 0.696 0.698 0.53 0.495 0.684 0.666
MAR 0.6 0.602 0.734 0.727 0.547 0.509 0.686 0.674
CDFM 0.577 0.566 0.721 0.687 0.54 0.504 0.667 0.653
GP 0.595 057 0.73 0.727 0527 0.501 0.68 0.67
SVM 0.602 0.604 0.73 0.727 0.539 0.503 0.67 0.672
MLP 0.579 0.552 0.709 0.721 0.534 0.502 0.682 0.676
RBF 0.58 0.536 0.708 0.709 0.536 0.492 0.683 0.669
ELM. 0.595 0.583 0.747 0.85 0.535 0.535 0.713 0.801
JOR. 0.591 0.556 0.726 0.829 0.535 0.514 0.7 0.779
NOR. 0.585 0.561 0.722 0.708 0.536 0.502 0.678 0.666
CLA. 0.581 056 0.631 0.725 0.532 0.493 0.638 0.673
GUM. 0.566 0.55 0.721 0.697 0.524 0.499 0.671 0.659
FRA. 0.594 0.581 0.725 0.709 0.536 0.511 0.684 0.661
JOE 0.517 052 0.72 0.673 0.484 0.475 0.662 0.641
Tr_best 0.602 0.604 0.747 0.85 0.539 0.503 0.713 0.801
BEST 0.602 0.604 0.747 0.85 0.547 0.535 0.713 0.801

Table3.30n the othehand represents the error standard deviation of unscaled
and rescaled.PRM soil moisture products when they are compareVédSM. In
general the performancd bnear and nonlinear methods in decreasing the error
standard deviation of rescaled products are close to each other while the nonlinear
methods slightly perform better than linear ones during training period. Among
nonlinear methods thRIAR, SVM, and ELM. methods performed better than other
nonlinear methods in removing error standard deviation while among linear methods

the simple linear regression performed better than others (as expected).
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Table3.3. Detailed performance (error std) of rescaling methods during training and validation
periods. The best performing method for training (Tr_best) and overall (best) are shown. The ones

listed below are obtained by averaging over two different éxpants

Method Training Validation
LR LW WG RC LR LW WG RC
ORG 0.083 0.091 0.062 0.084 0.082 0.077 0.067 0.088
REG 0.038 0.049 0.016 0.054 0.037 0.043 0.015 0.053
VAR 0.042 0.056 0.017 0.059 0.043 0.049 0.018 0.061
TCA 0.061 0.071 0.019 0.079 0.061 0.06 0.02 0.084
MAR 0.036 0.046 0.015 0.052 0.037 0.044 0.015 0.052
CDFM 0.042 0.053 0.017 0.06 0.043 0.054 0.017 0.061
GP 0.037 0.047 0.015 0.052 0.038 0.044 0.015 0.053
SVM 0.036 0.046 0.015 0.052 0.037 0.045 0.016 0.053
MLP 0.037 0.048 0.016 0.053 0.037 0.043 0.015 0.052
RBF 0.041 0.055 0.019 0.059 0.041 0.048 0.018 0.054
ELM. 0.037 0.046 0.015 0.04 0.038 0.043 0.015 0.043
JOR. 0.037 0.048 0.016 0.043 0.037 0.043 0.015 0.044
NOR. 0.037 0.047 0.015 0.054 0.037 0.044 0.015 0.054
CLA. 0.037 0.047 0.017 0.052 0.037 0.044 0.016 0.053
GUM. 0.038 0.048 0.016 0.055 0.038 0.044 0.016 0.055
FRA. 0.037 0.047 0.015 0.055 0.037 0.045 0.015 0.056
JOE 0.039 0.049 0.016 0.056 0.039 0.044 0.016 0.054
Tr_best 0.036 0.046 0.015 0.04 0.037 0.043 0.015 0.043
BEST 0.036 0.046 0.015 0.04 0.037 0.043 0.015 0.043

The linearregression method based onfiismulation has always a smaller
standard deviation and consequently lower error standard deviation with respect to the
variance matching and other linear rescaling methods. The superiority of linear
methods can also be seenlin "statistic, where they perform thedbeamong all
rescaling methods with zero - "(Table 3.4) in training part. Among nonlinear
methods, conversely, a high variation can be seen in different sites. However it should
be noticed as well that the superiority of a methoantother in vidation part is not
thatsignificantandin generakll of rescaling methods perform well in removing the

bias from unscaled soil moisture product.
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Table3.4. Detailed performance (AMB) oéscaling methods during training and validation periods.
The best performing method for training (Tr_best) and ovelBHIST) are shown. The ones listed

below are obtained by averaging over two different experiment

Method Training Validation
LR LW WG RC LR LW WG RC
ORG 0.208 0.16 0.135 0.113 0.216 0.159 0.129 0.113
REG 0 0 0 0 0.003 0.007 0.003 0.01
VAR 0 0 0 0 0.003 0.007 0.003 0.01
TCA 0 0 0 0 0.003 0.007 0.003 0.01
MAR 0 0 0 0 0.002 0.007 0.003 0.007
CDFM 0 0 0 0 0.003 0.006 0.003 0.009
GP 0 0.001 O 0.001 0.002 0.008 0.003 0.009
SVM 0.003 0.006 0.002 0.003 0.002 0.007 0.003 0.007
MLP 0.001 0.001 O 0 0.002 0.007 0.003 0.01
RBF 0.031 0.018 0.006 0.018 0.032 0.019 0.008 0.024
ELM. 0.003 0.008 0.002 0.004 0.004 0.016 0.004 0.005
JOR. 0.006 0.006 0.004 0.003 0.004 0.007 0.004 0.007
NOR. 0 0 0 0.001 0.002 0.008 0.003 0.008
CLA. 0.017 0.025 O 0 0.016 0.022 0.002 0.009
GUM. 0.001 O 0 0.007 0.001 0.009 0.003 0.012
FRA. 0.001 O 0 0.001 0.002 0.007 0.002 0.007
JOE 0 0001 O 0.017 0.001 0.01 0.003 0.022
Tr_best 0 0 0 0 0.003 0.007 0.003 0.01
BEST 0 0 0 0 0.001 0.006 0.002 0.005

The added utility of nonlinear rescaling methods with respetW&SM are
listedin Table3.5 (only the best performingnesare presented) whereas thealues
are calculated with respect to the REG values using eqyaéprin general, a higher
h is almost always associated with a loweg, for both validation and training
datasetsTable3.3 and Table3.4), implying that these statistics are consistent when
representing the accuracy of the analyzed dataset. On average, using of nonlinear
methods lead in gaining 0.08, and 0.05 correlation ingorent in training and
validation periods respectivelyhe improvement of rescaled products against WASM
relative to the unscaled products are presgmiver the scatterplots of the datasets
(Figure 3.1 through Figure 3.4) which impressively show the utility of nonlinear
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methods in rescaling of unscaled soil moisture prod@eighe other hand, when the

AMB is considered as the tool of comparison of the adidiéty of nonlinear methods,

it can be seen that the nonlinear methods perform better than linear methdtiseever
sites (e.g., 0.005 improvement over Reynolds Creek watershed by using ELMAN
ANN method for rescaling) angerformalmostthe same over other sites, implying

that using nonlinear methods increase the accuracy of rescaled products beside of
keeping it precise againd{ASM.

Table3.5. Added utility ofthe selectednethods compared to the REG validation statisfieble3.2,

Table3.3 andTable3.4) over four watersheds. Positive values indicate improvements, andugegat

values indicate degradation.

ADDED UTILITY OF METHODS AGAINST REG STATISTICS

Statistic
Location

MAR CDFM GP SVM ELMAN NOMRAL Tr_Best Best
0.017 0.01 -0.003 0.009 0.005 0.006 0.035 0.017
Lw 0.014 0.009 0.006 0.008 0.04 0.007 0.09 0.04
WG 0.002 -0.017 -0.004 -0.014 0.029 -0.006  0.051 0.029

I_
Py

RC 0.008 -0.013 0.004 0.006 0.135 0 0.152 0.135
LR 0O -0.006 -0.001 O -0.001 0 0.002 O
LW -0.001 -0.011 -0.001 -0.002 0 -0.001 0.003 O
= wG 0 -0.002 0 -0.001 0 0 0.001 O
RC 0.001 -0.008 O 0 0.01 -0.001 0.014 o0.01
LR 0.001 O 0.001 0.001 -0.001 0.001 0 0.001
2 LW 0 0.001 -0.001 O -0.009  -0.001 0 0.001
© WG O 0 0 0 -0.001 0 0 0
RC 0.003 0.001 0.001 0.003 0.005 0.002 0 0.005
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Figure3.5 andFigure 3.6 show the average valuebtained by averaging the
results of two experiments by using different training and validation periods and by
averaging the results for four watersheding the data presented Tiable 3.3 and
Table3.4. When the results are averaged aleof the watersheds, all of the nonlinear
methods (except for JOfHpulg demonstrated improved correlations compared to the
REG correlations using the training datasé&igjre 3.5). When validation datasets
are used, MAR, GP, SVM, all four ANNs, and NORMAbpulastill have superior
correlations compared to REGQable 3.2 and Figure 3.6). In particular, the
improvements ovetW, WG, and RC usingcELMAN ANN (0.04, 0.03,and 0.135),
respectively, are much higher than the improvements over other locations via various
methods Table3.5).

Compared to the best performing linear method using the validation data
(MAR), on average, the GP, SVM, ELMAKNNN, JORDAN ANN, and FRANK
copulanonlinear methods yielded better res(iRgjure3.6). These outcomes stressed
the results of the firsbrder linear regression, which can be improved via higher order
or more complex linear methods, and there is still added utility that cgaired via
nonlinear methods compared to linear methods. Thus, nonlinear methods have a
higher potential to give more accurate results compared to linear methods, and as a

result, the existing nonlinear relations cannot be captured through linear methods.
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Figure 3.5. Performances of different rescaling methods during the training period
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Figure 3.6. Performances of different rescaling methods during/étielation period

Figure 3.7 represents the average values obtained for the four watersheds

presented iffable3.5. Overall, the relative performances of these 18 methods are very

consistent for the training and validation datasets (i.e., better performing methods
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using training datasets also perf@d better when using validation datagetdis
consistency can also be seen inShalues Table3.5andFigure3.7). This provides
inferences about the relative performances of these rescaling methods when using
training datasets, which could provide very meaningful information about independent
data scenarios. The consistency between the training and validation results also
supports the selection of training and validation periods; these two periods may not
have a considerable difference in terms of the relation between the LRRVASM

data, as well as in terms of the relative performances of the rescaling methods.
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On average, the ELMAN ANN met lsinds vyi
independent validation datasets. This improvement is lower (6.G2. 0 4 |
improvement) for the GP, SVM, MAR, and NORMAbpulamethodgTable3.5and
Figure3.7). In contrast to its wide use, the CDFM method has no addedSkjillre
3.7); in fact, on average, it yields degraded correlations compared to REG when
validated using independent défable3.5). When the method selection is consistent
with the training results, these Tr_best methods yield Hett@iues than any method
alone, with5 val ues t hat ar e similar to t he
approximately 75% of the timéigure3.7). These results further support the above
discussion that it is better to make a rescaling method selection that is consistent with
the training data statistics, when this selection can yield better validation results than
the selection of any other method alone.

When the parameters obtained usthg training datasets are implemented
over the validation datasets, some skill loss (i.e., artificial skill) is often observed
because all of the methods overfit their datasets to some extent. Loosely speaking, an
increase of 0.06 or 0.10 in constitutesa statistically significant increase, especially
when 1200 or 400 samples are used for training or validation experiments, respectively
(e.g., an increase from 0.60 to 0.66 or from 0.60 to 0.70). Accordingly, MAR, SVM,
and ELMAN ANN vyield significanth improvements (with respect to RHG) over
half of the training cases, whereas GP, FRAMSula and JORDANANN also yield
significant improvements over some locatiof@alfle 3.2; most of the training
improvements are over LW and RC, and only a few are over WG). By contrast, for
validation experiments, only ELMAN and JORDAMNNS resulted in significanh
improvements (both over RC), showing that most of these improvements are artificial
skills. Here, the degree to which the methods overfit the datasets is evaluated through
the comparisons o for the validation dataset$-iure 3.6) versus the training
datasetsKigure 3.5), where higher differenseindicate a higher degree of artificial

skill. These results stress the use of independent validation data to avoid artificial skill.
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The skills of nonlinear methods are heavily impacted by the number of
iterations performed to optimally obtain certairrgraeters. By contrast, increasing
the degree of these iterations eventually results in overtraining and hence overfitting.
For example, in this study, the maximum number of iterations for ANN simulations is
set at 1000. When this number is increased tqQODOQ training correlations can be
obtained between the reference and rescaled products (as high as 0.90 for certain
cases). However, this gained training skill is quickly lost when the obtained ANN
configurations and parameters are utilized on independaidation data. Such
dramatic differences are more common for ANN than other methods (GP, SVM, and
copula), whereas the degree of overfitting using other methods does not depend as
much on user specifications as ANN (results not shown).

Among the copulamethods, CLAYTON, GUMBEL, and JOE have
asymmetric tail dependence properties (strong in one tail and weak in the other) and
do not perform as well as NORMAL or FRANK, which have symmetric tail
dependence for both training and validation experimdratisl€3.2 to Table3.4). Both
the copula and CDFM ntleods usét $ &and# $ &o rescale observations. However,
it is stressed that the performances of copula methods are very sensitive to the
# s R BR values (equation(9), which are selected during training. The
optimality of these# ¢  ®# values depends on the objective of the training
process (e.g., the minimization of- "only, the maximization of only, the
minimization! - “"andi simultaneously, or theinimization of! - "andi , and
the maximization oh simultaneously In this study, the penalty function is formed
and# s r ®h values are obtained in a way that training is penalized for
increased - "andi and decreaskh . Investigations for the added utility of lagged
observations show only Normal Copula (Elliptical family) utilizing this information,
whereas the remaining copula types (Archimedean family) result in degraded rescaled
products Figure3.6). This result is consistent with the studyH#sami Afshar et al.,
(2016) who found he Elliptical family to be better at capturing the dependency
among variables than the copula functions of the Archimedeaityfa
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3.2.Impact of Rescaling Approaches on Accuracy of Fused Products

In second case studgifferent soil moisture products are rescaled using
different methods, styles, and techniques for the purpose of the systematic differences
between them to be alleviated. Later these rescaled products are fused for the accuracy
assessment using correlatstatistic over different locations. Overall experiments are
performed using six different parent couples, five different rescaling methods, three
different rescaling techniques, two different rescaling styles, and four different
reference datasets selectiover four different locations (total 6*5*3*2*4*4=2880
experiments; the detail results of all 2880 experiments are available in appendix 1 and
2).

Before rescaling methods, styles, and techniques are implemented, the
variability and the accuracy differees between products are investigated. Here
higher accuracy for any product is defined as higher correlation against similar
component of WASM. The accuracy and the variability assessments performed over
each ofthe four watershedsHigure 3.8 to Figure3.11) and then averaggdable 3.6
andFigure3.12). Overall, NOAHand AMSRE soil moisture time series have higher
accuracy than ASCAT and API owing to the accuracy of their low frequency (i.e.,
seasonality and smooth) components; while ASCAT and API accuracies stem from
their high frequency (i.e., anomaly and deviammehponents. On the other hand, even
though overall accuracy of APl is relatively lower than the accuracies of AK&R]
NOAH products, API high frequency component has the highest accufarye
3.12). The different temporal decomposition techniques (i.e., seasonality/anomaly vs
smooth/deviance) result in varying low/high frequency variability contributions to
overall variability. Results show smootiomponent carry higher percentage of the
low frequency variability than climatology component; in fact, climatology low
frequency variability is lower than the anomaly high frequency variability while for
the smooth/deviance decomposition smooth low feeqgy variability has higher

variability weight when compared to the total variabilifgble3.6).
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Figure 3.9. Scatterplot of different soil moisture products agdWWASM over Little Washita
watershed
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Figure 3.11. Scatterplot of different soil moisture products agailigtSM over Reynolds Creek
watershed
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Table3.6. The average ratio of low and high frequency sadlisture variance to total time series

Time series component

Dataset : .
Seasonality Anomaly Smooth Deviance
ASCAT 0.31 0.65 0.59 0.27
AMSR-E 0.48 0.48 0.72 0.17
API 0.26 0.7 0.64 0.16
NOAH 0.36 0.62 0.83 0.08
WASM 0.37 0.6 0.74 0.12
. = ASCAT API
= AMSR-E = NOAH
° Entire Series Seasonality Anomaly Smooth Deviance

Figure 3.12. The average correlation between WASM and different soil moisture time series
components

Here a total of 2880 experiments are performed forming-direensional
resulting matrix. Below results given show onkdiPnensional results obtained by
averaging out the remainifigur dimensions. For the sake of consistency, one of these
two dimensions inHesefigures are selected as the reference dataset selection-(i.e., x
axis) while the other dimension (i.e-axis) varied for the remaining 4 dimensions.

The accuracy assessments reflecting the impact of rescaling style selection in a
data fusion frameuwrk is presented iRigure3.13. Overall, selection of NOAH as the
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reference dataset resulted in a more accurate fused product, while this performance
was not impactelythe rescaling style (i.e., single/monthly coefficient) selection. The

use of more aggressive rescaling style tesudegraded fused product accuracy when

less accurate reference datasets are selected. In general, higher correlations are
associated with theonstantescaling style, whiléme-varying(i.e., more aggressive)
rescaling style selection could not impeothe correlation of the final fused product

as much particularly when the overall accuracy of the reference product is lower (e.qg.,
ASCAT and API).

0.80

= Constant
= Time-Varying

Correlation
0.70 0.75
1 1

0.65
1

0.60
1

0.55
|

ASCAT AMSR-E API NOAH

Reference

Figure 3.13. Impact of the aggressiveness of rescalimdhods and the reference dataset selection on
the accuracy of the fused products

On average, the simple fusion of two random noise time series with no error
crosscorrelation will yield lower variability product (i.e., noise is damped more) than
fusion of two random noise products with error crosgelation (i.e., noise is damped

less). Accordingly, in fusion methodologies, it is preferable that the fused products

have fAreal signalo components as similar
sense, while fAreal nNoi sed0 components shot
not correlated (i .e., the fAreal nNoi seo0 me
Figure3.14).
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Figure 3.14. Fusion of the deviance component of ASCAT and AMSR NOAH space

The time series can be shown to be a function of theiynalsand the noise time
seriesjt is expected that use of different rescaling factors foretkemponents might
better reduce the differences between the products. Given the true signal and the real

noise components of soil moisture time series cannot be retrieved in practice (i.e., the
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true signal component may not be retrieved explicitly in mapplications), this
implementation is not possible. On the other hand, a similar approach can be taken via
using different rescaling coefficients for the different time scale components of
products (i.e., in this study low/high frequency components, rnamel
seasonality/anomaly & smooth/deviance). It is stressed that the low frequency
component does not entirely reflect the truth and the high frequency component does
not entirely reflect the noise; instead both the low and the high components carry
elementsof the truth and the noise. Here, it is important to stress that there is no
quarantine that the use of separate rescaling coefficients will yield an improved
rescaled product. This usage is beneficial only if different time scale components of
products riate to each other differently; if relate similarly, then this usage is not
beneficial. However, when the two high/low frequency decomposition methods used
in this study (i.e., seasonality/anomaly & smooth/deviance) are compared, the method
that obtain lowfrequency component closer to truth and high frequency component
closer to noise might possibly yield better results as we may have more faith in the
difference between the rescaling coefficient difference between the truth and the noise

than other timeale rescaling coefficient differences.

Given the expectation that independently retrieved products should have quasi
independent errors, having reduced cromselation in the high frequency
components imply it is closer imature to noise than the thuand it contains more
elements from the real noise than the real true signal. This implies deviance
component contains more noise and less truth than anomaly compbaieiet3(7).

At this point, it is plausible that the use of two different rescaling coefficients for two
different frequency components of time series thatker to the truth and the real
noise components (respectively) might yield a better fit than use of two different
rescaling coefficient for two different components of time series that are mixture of
both the truth and the real noise components. Hénegoal of decomposition efforts
should be acquisition of low and high frequency components closer in nature to the

truth and the noise, respectively.
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Table3.7. The average autocorrelation of soil moistuirmé series and their components

Time series component

Dataset : :
Seasonality Anomaly Smooth Deviance
ASCAT 0.72 1 0.57 0.99
AMSR-E 0.81 1 0.59 0.99
API 0.91 1 0.87 0.99
NOAH 0.96 1 0.94 1
WASM 0.93 1 0.89 0.99

Overall, the deviance components h#s&s crossorrelation Table3.8) and
lower variability (Table3.7) than the anomaly components, while smooth components
have higher crossorrelation and variability than seasonality. Accordingly, smooth
deviance decomposition is expected to be more beneficial than seasanaiiigly
decomposition Accordingly, when the variability of decomposition techniques are
compared in Table 3, smoetleviance techniqubased low frequency product has
lower variability and look more like a random noise than seaso+adiynaly based
product (i.e., deviance ogonent is closer to a random noise than anomaly
component for the same product). Expectedly, once these components are rescaled
and then fused, smoatleviance decomposition based fused prodeslt in higher

accuracy than seasonatiyomaly decomposin based fused produdtigure3.15).

Table3.8. The average crossorrelation between products for different decomposed parts

Time series component

Dataset : : . -

Entire Series Seasonality Anomaly Smooth Deviance

ASCAT - AMSR-E 0.41 0.092 0.565 0.338 0.43

ASCAT - API 0.514 0.523 0.511 0.561 0.38

ASCAT - NOAH 0.484 0.257 0.51 0.491 0.4

AMSR-E - API 0.312 0.076 0.405 0.29 0.26

AMSR-E - NOAH 0.581 0.737 0.487 0.647 0.33

APl - NOAH 0.452 0.324 0.494 0.485 0.35
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| |
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0.60

ASCAT AMSR-E

Reference

Figure 3.15. Impact of rescaling approach and reference dataset selection on performance of fused
products against WASM dataset

Impact of rescaling methods over the accuracy of the fused product is given in
Figure3.16 Overall, the impact of rescaling method selection is npoogounced
when the reference dataset is less accurate than more accurate (i.e., difference between
the obtained accuracy estimates via various rescaling methods is less for NOAH than
ASCAT or AMSRE). The reference dataset selection also impacts thelingsca
method performance: nonlinear MAR and SVM methods yield higher accuracy fused
product when NOAH (i.e., higher accuracy product) is used as reference; on the other
hand, linear REG and VAR methods yield higher accuracy fused product when less

accurateproducts are used as reference.
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Figure 3.16. Impact of rescaling method and reference dataset selection on performance of fused
products against WASM dataset

Investigation of the impact of the pargrbduct selection over the accuracy
of the fused productHgure3.17) show AMSRE - API parent couples consistently
yield higher accuracy fused estiteathan other parent couples regardless of the
reference dataset selection. This is perhaps because the mutual information between
the products AMSRE and API is less than the mutual information between other
products (i.e., here the mutual linear inforioatis measured using correlation
coefficient inTable3.8). Even though AMSHE and API products are fused together,
results show it is better to rescddeth products to the space of NOAH (i.e., third
product) first before the fusion to obtain higlaecuracy fused estimateigure3.16).
Reason for rescaling to a third reference product is because before the fusion of the
products their accuraes are low hence rescaling step involve higher sampling errors,
which later further propagate to AMSR- API fused product. On the other hand,
when products are rescaled to the space of a higher quality product first (i.e., to
alleviate the differences tveeen the products), then thesion process becomes more

effective via lowered sampling errors added to the fused product.
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Figure 3.17. Impact of the parent and the reference product selection ongusedct accuracy

Given NOAH dataset is globally available, the fused products have better
performance when NOAH is selected as the reference dafad¢,3.9 and Table
3.10 summarizes the correlation statistics of fused products against WASM with
considering different parent couples and rescaling methods (i.e., results are related
with fusion of ASCAT/AMSRE/APINOAH products using NOAH as reference)
with using of constant and timerying application styles. Among the rescaling
methods, despite its simplicity REG performs well whiems implemented with
smoothdeviance decompositiaiechnique while VAR and MAR performanceare
marginally better than other rescaling methods over-tiarging application. When
the reference dataset selection is changed from NOANASM, it is expectedo
obtainadditional benefitia usingof nonlinearmethodqi.e., as the reference dataset

accuracy increasd€Afshar & Yilmaz, 2017).
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Table3.9. Impact of rescaling methods and their implementation approaches (with constant
application) on performance of fusedopiucts (over NOAH reference) using WASM as validation

dataset (statistics are averaged over four watersheds)

Rescaling Methods

Approach Fused Product

REG VAR CDFM MAR SVM

3 ASCAT AMSR-E 078 076 075 077 0.76
3 ASCAT AP 069 066 0.66 0.71 0.7
8 ASCAT ~ NOAH 075 073 073 074 0.74
% AMSR-E AP 08 08L 08 08 08
% AMSR-E  NOAH 076 076 077 076 0.76
API NOAH 076 075 075 076 0.75

g ASCAT AMSRE 072 071 071 075 0.74
<8E ASCAT API 071 0.67 064 076 0.76
2 ASCAT  NOAH 074 073 071 075 0.75
E AMSR-E API 077 077 078 077 077
3 AMSR-E NOAH 075 075 076 075 0.76
A AP NOAH 076 076 075 0.77 0.78
ASCAT AMSRE 074 072 071 075 0.74

8 ASCAT APl 067 065 064 07 069
3 ASCAT NOAH 074 072 072 074 0.74
%’ AMSR-E API 079 079 078 08 0.79
T AMSRE NOAH 076 076 076 076 0.76
API NOAH 076 075 075 076 0.76
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Table3.10. Impact of rescaling methods and their implementagipproaches (with timearying
application) on performance of fused products (over NOAH reference) using WASM as validation

dataset (statistics are averaged over four watersheds)

Rescaling Methods

Approach Fused Product REG VAR CDEM MAR SVM
@ ASCAT AMSR-E 076 0.76 076 0.75 0.76
8 ASCAT API 0.76 0.77 076 076 0.75
3 ASCAT ~ NOAH 075 075 074 074 074
% AMSR-E API 078 079 079 077 0.77
E AMSR-E  NOAH 075 076 076 0.74 0.75

AP| NOAH 076 0.77 077 075 0.75

f_g ASCAT AMSR-E 075 074 074 0.76 0.74
<8E ASCAT API 0.76 0.76 0.76 077 0.75
> ASCAT NOAH  0.75 075 0.74 0.75 0.74
< AMSR-E API 0.77 0.78 0.78 077 0.76
§ AMSR-E  NOAH 075 075 075 0.75 0.75
A AP NOAH 076 077 077 075 0.75
ASCAT AMSR-E 075 074 074 0.75 0.74

8 ASCAT APl 075 076 076 076 0.75
§ ASCAT NOAH  0.75 075 0.74 074 0.74
= AMSR-E API 0.77 078 0.78 078 0.77
L AMSR-E NOAH 075 075 075 075 0.75
AP| NOAH 0.76 0.77 0.78 076 0.75

Among different parent couples, the AMER API parent couple perform
better than others over different rescaling methods and approaches (i.e., both in terms
of application style and technique). After AMER API fusion product, the fusion
of ASCAT and AMSR-E gives the highest accuracy among different parent couples.
Considering the CDFM method and the REG one w#moothdeviance
decomposition application, it can be seen that there is 0.08 correlation improvement
with changing the application style and rescaling method from CDFM to REG which
implies the utility ofsmoothdeviancedecomposition technique.
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Theperformance of AMSHE - API parent couple is further investigated over the
four WASM datasets separately vt@mparison of crossorrelations of rescaled
products and fused products against WASM over different watersheds using different
reference dataset selectidfiqure 3.18 to Figure 3.20). Here the fused products are
the results of merging AMSIE and API soil moisture products which are rescaled to
different references trough constant application of smdetiance decomposition
method with considering linear regression as the rescaling method (based on the
results ofTable3.9).

On average, the fused product has higher accuracy than all the parent products
individually (on average the correlation difference between the fused product and the
product having the second highest correlation is OTI#% result is true for different
reference dataset selections that the fusion algorithm shows persistent improvement
compared against parent products (e.g., NOAH, AMSRnd API). However, there
is an exception for this general trend over Reynolds CitekNOAH has higher
correlation than AMSHE and API fusion; probablyecause of the poor performance
of APl due to the mountainous topography of this gBanchard et al., 198]1)
illustrating the neglected importance of API mb(ferticularly over flat areas) and
the added utility of proposedmoothdeviance decomposition implementation

approach.

On the other hand, when the reference is considered as AMBIRure3.19), it
can be seen that the usage is of APl model for enhancing ABBRough data fusion
framework while the original correlation of AMSR product over Walnut Gulch has
been increased more than 0.10 and aragye there is an improvement of 0.05 over
correlation of AMSRE soil moisture product over four watersheds. Moreover when
the reference is changed from AM&Rreference to API, and considering this
scenario as a very simple assimilation framework, itimseen that the accuracy of
APl model by adding AMSHE information to it can be increased efficiently (~0.12

on average). While this improvement is regardless of the accuracy of rescaled product
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(e.g., the AMSRE accuracy has been decreased over LittkeRand Little Washita

watersheds after rescaling).

Overall, it seems that the accuracy of the reference product over data assimilation
studies is very important as well. For example, over Walnut Gulch watershed, when
the accuracy of APl model sightly higher than other watersheds, the result of data
fusion also show higher accuracy and in the case when the reference has less accuracy
(Reynolds Creek) the accuracy of final fused prodircinishesn comparison to the
other fusion scenarios. This once again implies the imporwntaving a reference

product with high accuracy in fusion of soil moisture products.

S
=

AMSR-E u API ® Fused Product
®m Rescaled AMSR-E = Rescaled API

06 07 08 09
| | | |

Correlation

05
|

0.4

0.3

Little River Little Washita ~ Walnut Gulch  Reynolds Creek Average

Figure 3.18. Comparison of the accacy of the unscaled native, the rescaled and the fused products
evaluated against WASM datasets over NOAH space
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Figure 3.19. Comparison of the accuracy of the unscaled native, the rescaled and therfdkexds
evaluated against WASM datasets over AMSRpace
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Figure 3.20. Comparison of the accuracy of the unscaled native, the rescaled and the fused products
evaluated against WASM datasets over API space

The simple fusion of two products on average improves the correlation of the
products by 0.055 (ASCAT 0.115, AMSR 0.037, API 0.098, NOAH0.029)
without selecting any particular reference (results are available in appendix 2); but
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when NOAH is selected as the reference dataset the improvement increases to 0.13
(ASCAT 0.19, AMSRE 0.11, AP10.18, NOAH 0.05). Comparison of the added value

for each individual dataset when NOAH is selected as reference shows ASCAT and
API has higher gas (0.19 and 0.18 respectively) while AMSRE and NOAH has
relatively lower gains (0.11 and 0.05 respectively). This implies ASCAT and API are
less skillful products than AMSE and NOAH.

Overall, timevarying rescaling styles assumption (e.g., monthlycaéiag
styles) clearly results in discontinuities in the soil moisture time series, while constant
coefficient assumption does not have such an adverse inipgote3.21 to Figure
3.23). Even though the timearying rescaling approach results in improved fused
products when the reference productmsre accurat€Yilmaz et al., 2016) the
discontinuities make the time series unrealistic. Briefly, there is a-tfhdetween
the improved accuracy of the fused product and the realism of the time series when
the reference dataset accuracy is high. When a relatessd skillful reference dataset
is selected, then aggressive implementation of the most nonlinear methods (including
the timevarying assumptions) result in reduced fused product skill stemmed from the
overfitting of the unscaled product to the referemproduct. For such cases, the linear
methods are able to remove the systematic differences in the unscaled dataset without

compromising the skill of the fused product
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Figure 3.21. Comparison of differentescaling methods and their application style (technique: No
Decomposition), in rescaling of APl and AMSERsoil moisture product to NOAH space over Little
Washita watershed between Sept 10 and Nov 20 of year 2010
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