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ABSTRACT

IMPACTS OF PRECIPITATION AND POTENTIAL EVAPOTRANSRIATION PATTERNS
ON DOWNSCALING SOIL MOISTURE IN REGIONS WITH LARGEOPOGRAPHIC

RELIEF

Mapping of soil moisture is important for many apations such as flood forecasting,
soil protection, and crop management. Soil mogstan be estimated at coarse resolutions (>1
km) using satellite remote sensing, but that reswiuis poorly suited for many applications.
The Equilibrium Moisture from Topography, Vegetatioand Soil (EMT+VS) model
downscales coarse-resolution soil moisture using-fesolution topographic, vegetation, and
soil data to produce fine-resolution (10-30 m)rasties of soil moisture. The EMT+VS model
performs well at catchments with low topographiefg<124 m), but it has not been applied to
regions with larger ranges of elevation. Largaefetan produce substantial variations in
precipitation and potential evapotranspiration (REAhich might affect the fine-resolution
patterns of soil moisture. In this research, sanmlecipitation and PET downscaling methods
are developed and included in the EMT+VS model, thedeffects of spatial variations in these
variables on the surface soil moisture estimatesrestigated. The methods are tested against
ground truth data at the 239 kiReynolds Creek Watershed in southern Idaho, whash1145
m of relief. The precipitation and PET downscalimgthods are able to capture the main
features in the spatial patterns of both varialdes] the fine-resolution soil moisture estimates
improve when these downscaling methods are use&T #ownscaling provides a larger

improvement in the soil moisture estimates tharcipr&ation downscaling likely because the



PET pattern is more persistent through time, amng tnore predictable, than the precipitation

pattern.
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CHAPTER 1: INTRODUCTION

Volumetric soil water content (soil moisture) plags central role in earth surface
processes and connects the atmospheric, geomolyhimlogic, and biologic sciencelsdgates
et al, 2011]. It is a principal variable in many wate¥d-scale processes including soil erosion
[Singh and ThompspRA016], crop yieldreen and Erskine2004], land-atmosphere interaction
[Entekhabi et a).1996;Pal and Eltahir 2001], and runoff generatioMjestern et al.2001,
Castillo et al, 2003;Ruggenthaler et gl2015]. Thus, reliable soil moisture data at wsited
scales would benefit many applications that aresictgd by these processes.

Satellite remote sensing methods allow monitorihgal moisture over suitably large
spatial extents. Such methods include the Advaszadterometer (ASCAT)Fga-Saldana et
al., 2002], the Advanced Microwave Scanning RadiomEtdAMSR-E) Njoku et al, 2003],
WindSat Li et al], and the more recent NASA Soil Moisture ActivedaRassive (SMAP)
[Entekhabi et a).2010]. However, these satellites provide soiistuve values at resolutions
ranging from 5 to 60 km. Most watershed-scale iappbns require much finer resolution soil
moisture (10-30 m), so downscaling is needed.

Many soil moisture downscaling methods have beespgsed, and they vary in
formulation and in the supplemental data that theg to infer fine-scale variations of soil
moisture. Some downscaling methods have been ribigp use optical/thermal or radar
backscatter data that are commonly available fratellge observation system€liauhan et aJ.
2003; Merlin et al, 2005;Merlin et al, 2006;Das et al, 2014;Song et al.2014;Peng et al.
2016]. These methods typically produce soil moestestimates with resolutions of 1 km or

larger due to the resolution of the ancillary ddtay use. For exampl®eng et al.[2016]



proposed a soil moisture downscaling method basddrad surface temperature (LST) and the
vegetation temperature condition index to produwikrsoisture at a resolution of 5.6 km. This
approach requires a relatively flat region becausassumes that variations in surface
temperature are caused by evaporative cooling rdthen variations in elevation. Other
downscaling methods use statistical relationshipd mterpolation technique<fow et al,
2000; Kim and Barros 2002; Kaheil et al, 2008; Mascaro et al. 2010]. These methods are
primarily focused on the statistical propertiesfiok-scale soil moisture and how they can be
empirically estimated from ancillary data.

Another class of downscaling methods use topogcaguil vegetation data because these
variables have been shown to be related to finke sl moisture variationsWestern et a).
1999; Gomez-Plaza et al2001;Brocca et al. 2007; Traff et al, 2015]. These downscaling
methods often reach 10-30 m resolutions, but thgycally have been applied to small
catchments with low topographic relief.Wilson et al. [2005] developed an empirical
downscaling technique that uses fine-scale topdgeagpttributes such as elevation, specific
contributing area, slope, wetness index, potesiddr radiation index (PSRI), lowness, and a
multi-resolution valley bottom flatness index. Timethod was applied to catchments with less
than 80 m of topographic reliefPelleng et al[2003] developed a method to disaggregate soil
moisture based on fine scale topography and s@ihdesing a modification of TOPMODEL
[Beven and Kirkby1979]. They also applied the downscaling mettwod catchment with low
relief (27 m). Temimi et al.[2010] proposed a downscaling method that combines
TOPMODEL'’s wetness index with remotely-sensed vaiimt data and applied it to a very large
region with about 85 m of topographic relief, bla¢ teffects of elevation on soil moisture were

not considered. Ranney et al[2015] used a water balance approach called thelikgum



Moisture from Topography, Vegetation and Soil (ENWB) model to downscale soil moisture.
The model uses fractional vegetation cover alontp wlope, curvature, specific contributing
area, and PSRI to infer the fine scale variationsail moisture. Application of the EMT+VS
model has also been limited to catchments withtmeographic relief{ 124 m).

In a large watershed or region (e.g., a 5-60 krh moisture grid cell from a satellite
product), elevation can vary greatly, which mighaguce spatial variations in soil moisture due
to spatial variations in climate. In particulatewvation is known to affect spatial patterns of
precipitation, and many studies have developed odsthio interpolate precipitation using
elevation dataQhua and Bras1982;Hevesi et al. 1992; Phillips et al, 1992;Garen et al.
1994; Lloyd, 2005]. For example, geostatistical kriging methahat use elevation as a
secondary variable have been shown to producer lestienations of annual and monthly rainfall
[Goovaerts 2000] as well as daily rainfalLy et al.2011] than deterministic methods that do not
incorporate elevation. The orographic relationdbepveen elevation and precipitation can also
be affected by other topographic attributé$anson[1982] andGaren et al.[1994] found that
the relationship between elevation and precipitatidfers for opposing sides of the Reynolds
Creek watershed. Spreen[1947] found that precipitation in Colorado is @ated with
elevation, slope, exposure, and aspect. Elevatione explains 30% of the total variance in
precipitation, and the four attributes togetherlaixp88% of the varianceDaly et al.[1994] and
Prudhomme and Redd999] incorporated topographic factors such asntation categories to
capture windward and leeward effects on precigitapatterns.

Elevation can also affect air temperatuteedmans and Cramerl991; Willmott and
Matsuurg 1995;Dodson andMarks, 1997;Sun and Zhang2016], which impacts the spatial

distribution of potential evapotranspiration (PERd possibly soil moistureShevenel[1999]



demonstrated that pan evaporation decreases apm@@ty linearly with elevation in the arid
climate of Nevada.Vanderlinden et al[2008] found a similar relationship between elewat
and reference crop evapotranspiration (ET) for i@muntainous region of Andalusia, Spain.
They found that estimation of annual reference d&dpimproves significantly when elevation
data are used. Monthly potential ET also hasangtinverse relationship with elevation in the
mountainous Lhasa River basin in Chiti[et al, 2014].

The dependence of precipitation and PET (or tenpexh on elevation has been
suggested to impact soil moisture variabilitySeyfried[1998] observed that soil moisture
generally increases with elevation in the Reyn@dsek watershed, arfSeyfried et al[2011]
further investigated the climatic variations rethtto elevation that impact the soil moisture
trends. Jawson and NiemanfR006] investigated soil moisture patterns in @klaa over
varying spatial extents using an empirical orthaduanction (EOF) analysis. They found that
elevation is typically amongst the most importah&rmacteristics in determining soil moisture
patterns. Qiu et al.[2014] performed a similar EOF analysis in China #ound that watershed
scale soil moisture patterns are most strongly etated to topographic attributes such as
elevation and slope.

The objective of this paper is to investigate thiguence of orographic precipitation and
PET patterns on soil moisture downscaling in regiiovith large topographic relief. New
precipitation and PET downscaling methods are megand evaluated using rain gauge and
weather station data from the mountainous ReynGleek Watershed. The two downscaling
methods are then added to the EMT+VS model to at@lthow elevation-dependent
precipitation and PET affect the fine scale estawaif soil moisture. The EMT+VS model is

used because it has the strongest physical basmgavailable topographic downscaling



methods. For example, it has been shown to repsothoth valley-dependent and hillslope-
dependent soil moisture patterns, and it can rem®demporally unstable soil moisture patterns
[Coleman and Niemanr2013]. The model also out-performs a purelyigiatl downscaling
method when calibration data are limited/drbylo and Niemann2014], suggesting that the

process conceptualizations help constrain the nmtodw®lbore realistic behavior.



CHAPTER 2: METHODOLOGY

2.1 Pre-Existing Model Components

Ranney et al[2015] provides a detailed explanation and deiovabf the EMT+VS
model, but an overview of the pre-existing modehponents is provided here. The EMT+VS
model considers the water balance of the hydroddigiactive layer, which is defined as the
depth of soil through which lateral flow can occwltimately, the soil moisture is calculated by
assuming equilibrium between the inflows and owtflofor this layer. Four processes are
simulated in the water balance: infiltratién, deep drainag& , lateral flow L, and ETE .

Infiltration F is described using a simple linear function thatoaints for interception

by vegetation cover:

F=F(1-Av) 1)

where F, is a spatially-constant reference precipitatiot@,ravhich is typically considered the
temporal average precipitation for the applicatiegion. The term in parentheses represents the
throughfall. The parametet represents the interception efficiency of the vatien cover, and
V is the fractional vegetation cover, which is assdro be known at the fine resolution.

Deep drainageG is described using Darcy’'s Law, a percolation ag#ion, and the

Campbell[1974] equation for unsaturated hydraulic conduigti It is written:

g

where K, , is the vertical saturated hydraulic conductivi§}is the volumetric water content in

the modelled layerg is the soil porosity, angt, is the vertical pore disconnectedness index.



Lateral flow L is modeled using Darcy’s Law, a soil depth thgiedwls on topographic
curvature, theCampbell [1974] equation for unsaturated hydraulic condiisti and the
assumption that the hydraulic gradient is a powection of topographic slope. The resulting

expression is:

L=0,

_ Y,
Kn;(in K]C/Ks,v{g] hge 3)

min
where 9, is the thickness of the hydrologically active lays locations where topographic

curvature is zerok,,, is the minimum topographic curvature for which thyelrologically active

layer is presentk is the topographic curvature from the fine-resolutdigital elevation model

(DEM), c is the length of the DEM grid cell (which is alflee resolution of the final soil

moisture estimates), is the anisotropy of saturated hydraulic condustivy;, is the horizontal

pore disconnectedness inde, is the topographic slope from the DEM, aads a parameter
that relates the horizontal hydraulic gradientoj@oigraphic slope.

The equation for ETE uses thdPriestly-Taylor[1972] assumption and power functions
to describe the effects of limited moisture on Hierate. It includes shading effects and allows

root-water uptake from other (non-modeled) soielay It is written:

E=E,[nV+(1-V)] {I—" [gjﬂr 2 (gjﬁa } (4)

l+alg l+a\ @
where E,D is the temporal average PEJ,is the portion of transpiration that is contrilaitey
the hydrologically active layery accounts for shading effects on soil evaporatignis the

Priestly-Taylor coefficient minus one, afd and B, characterize the moisture limitation effect



in the radiative and aerodynamic terms Bf, respectively. |, is the PSRI from the fine

p
resolution DEM.
2.2 Precipitation Downscaling

The precipitation downscaling method aims to repl#te spatially-constant temporal
average precipitatior,with a simple model that allows for spatial vaeat in this variable.

The downscaling method is based on four assumptaimait the relationship between the
precipitation and topography. First, spatial Vvi@oias in precipitation are assumed to depend
linearly on elevation. Linear dependence has bm®served and implemented by numerous
previous studiesGhua and Bras1982;Daly et al, 1994;Garen et al. 1994;Goovaerts 2000;
Castro et al. 2014]. Second, spatial variations in precipiiatare also assumed to depend
linearly on topographic aspect with respect to witidection (referred to as topographic
orientation for simplicity) as observed/implementgdBasist et al[1994], Guan et al.[2005],
and Franke et al.[2008]. Third, the dependences on elevation amehtation are assumed to
interact as observed Byanson[1982]. Fourth, the spatial scale at which thedationships are
strongest is assumed to be larger than typical D&ddlutions. Previous studies have evaluated
precipitation-topography relationships at varyingat&l resolutions Thornton et al. 1997;
Foresti and Pozdnoukhp?012]. For examplélhornton et al[1997] found that elevation data
at resolutions between 2 km and 8 km produce tengest relationships with precipitation.
Similarly, the Precipitation-elevation Regression tndependent Slopes Model (PRISM)
describes the topography using a 6 km by 9 km wéisol [Daly et al, 1994].

Using these four assumptions, a simple precipitatiownscaling method can be written

as:



e -2) i s cof Bv) -5 cof Bv)|
1+ TZ(Z#& cof R-V)- % $ cog B—V))

(5)

where P is the local precipitationP is the spatial average precipitatian,is a parameter that
controls the elevation dependenéeis a parameter that controls the orientation déeece, and
V is a reference direction from which all topograpbrientations are calculated. The parameter
V is expected to be related to the prevailing windation. The parameteid., S;, andR: are
the average elevation, slope, and aspect withiguare neighborhood around the grid cell of
interest. Note that average aspect must be cétculay determining the arctangent of the ratio
between the sums of the sines and cosines of trec@swithin the neighborhood. The spatial
extent of the neighborhood is the spatial scale/tath orographic precipitation effects occur
(i.e. the 2 — 8 km scale found [yhornton et al [1997]). For simplicity, we refer to these
variables as the orographic elevation, slope, ape@. The overbars in Equation (5) indicate
spatial averages of the attributes and attributebtoations over the entire downscaling region
(e.g., the watershed or a coarse-resolution gilyl ce

The first term in the numerator of Equation (5)resents the linear dependence of
precipitation on elevation. The second term inrthmerator describes the linear dependence on
orientation. The orographic slog® is included in the second term because the otient#s
expected to have a greater effect on precipitatiche surface has a larger slope, which is
similar to what was done bgasist et al.[1994]. The multiplication of the two terms ineth
numerator allows the two topographic dependendesiteract. The denominator is simply a
constant that ensures that the supplied spatiatageeprecipitationP is preserved after

downscaling for any given collection of orograpglevations, slopes, and aspects.



The downscaled precipitation can be included inBENET+VS model by replacing the reference
precipitation, in Equation (1). The modified infiltration term dmmes:

. IS[1+ r(Z# —Z#)J{lﬁz[&cos( R—V) -3 Coé R-V)}}
1+ r{[Z#S# co{ R-v) - %S, co§ R#—Vﬂ

(1-Av) (6)

The mathematical implications of this change torttoglel will be described in section 2.4.
2.3 PET Downscaling

The PET downscaling method begins by assuming ttmattemporal average PET
depends linearly on air temperature, similar toBleney-Criddle equatiorBlaney and Criddle
1950], which has been shown to provide comparasalts to other PET methoddudin et al,
2005]. Specifically, the Blaney-Criddle equatiande written:

E,=KT+K (7)
where K, and K, are empirical coefficients that depend in parttbe relative number of
daylight hours and thus are expected to vary betvdigerent regionsDoorenbos and Pruijt
1977]. Because daylight hours are not trackedhenEMT+VS model, the two coefficients are

instead assumed to be linear functions of spatieiege PETE, as follows:

KI = Klgp (8)

m

Kz = K,E, 9)
where K; and K, are two parameters. This assumption is similahéoapproaches @&kstrom
et al.[2007] andSperna Weiland et aJ2012] who modified the Blaney-Criddle equationtkat
the coefficients could vary spatially to accountdbmate variability.

Within the troposphere, ambient air temperatureiegaiapproximately linearly with

altitude according to:

10



T=T-¢Z (10)
whereT, is the temperature at sea leugl,is the environmental or ambient lapse rate, Zntb
altitude. According t@ras[1990], the ambient lapse rate is typically betw&eand 8 °C/km.
Neutral or average temperature gradients have sagyested to be about 6 °C/kBofdson and
Marks 1997], andRolland [2003] found an average of about 5.6 °C/km for theuntainous
region of northern Italy. If we assume that theeatelence of air temperature on altitude also
describes the dependence of surface air temperaturelevation (similar td.eemans and

Cramer[1991]), then Equations (7) and (10) can be coetbias:

==Ky (T ¢ Z) + Ko (11)

where Z now represents topographic elevation. Calculaivegspatial average of this equation

within the downscaling region, one gets:

=2 :% [KiT.dA —% [ ey zdA +—it [ K da (12)

el

where A is the area of the region. For simplicity, weuass thatT,, ¢, K, and K, are
spatially constant within the downscaling regiomwse get:

1+ KyZ = KT, + K, (13)

where Z is the average elevation in the region. Also,diqun (11) can be rearranged as:

m

=+ KWZ = KT, +K; (14)
Ep
Combining Equations (13) and (14) and solving EQr, one gets:

E,=E+EKy(Z-2) (15)

11



This equation provides a simple way to downscaée dpatial average PET using fine

scale variations in elevation. BecauSe and {/ appear together in the equation and are both

unknown parameters, they can be combined into glesjparameterw. Together,w and E,
control the dependence of PET on elevation. Eqnafil5) can be incorporated into the

EMT+VS model by substituting foEp in Equation (4), which becomes:

1+a{ Z- Zﬂ{nvﬂl—\ﬂﬂ

The first bracketed term now allows the local PETdry with elevation.

%

@

p

E—F (6l a (o] (16)
P 1+a 1+a| @

2.4 Resulting Soil Moisture Equation

Coleman and Nieman2013 and Ranney et al[2015] developed and tested a solution
to the water balance equation by which local saiisture can be calculated from a known
spatial average soil moisture. In this method liexpnalytical solutions for soil moisture are
first obtained by assuming that each outflow temthie water balance dominates for the date
when downscaling is performed. Then, the final sooisture estimate is calculated by a
weighted average of the analytical solutions, whbhesweights are found from the magnitudes
of the outflow terms in the water balance equatidine same approach is used for the model
when precipitation and PET downscaling are inclyadach produces the following estimate of

the local or fine scale soil moisture:

- Webs + W G, + Welp + W0,
We T W+ W + W,

6 (17)

where g, , 6, , 6., and g, are the explicit soil moisture estimates if deegrthge, lateral flow,

radiative ET, and aerodynamic ET dominate, respelgti and w,, w,, w,, and w, are

L R

associated weights. The equationsdor 6, , 6., andg, are:

12



0,=6 Sor (18)
6, = _% (19)
6=0—= (20)
6,205 (21)

where @ is the known spatial average soil moistuP®)I is the deep drainage indekFl is the

lateral flow index, RElis the radiative ET index, anAEl is the aerodynamic ET index. The

quantitiesDDI , LFI, REI, andAEI are the spatial averages of the indices. Thgh®iare:

" =(%j (22)
w, = %T (23)
w=| = ' (24)
w, =2 " (25)

Using the generalized infiltration and ET modelg|&tions (6) and(16)) and following
the solution method provided yoleman and Niemanf2013] andRanney et al[2015], the

indices can be calculated as follows:

DDl = ¢

[1+ T(Z# - Z#)JVVV {1+5[ S,co{ RV) _WJ}W (1_»/ ]wv (26)
{1+ r{[Z#% coY R-v)-Z$S coﬁR#_V)}}ﬂn m

S,V

13
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[1+7(2,-2,) " {1+¢[ S cof Rv) =5 cof Rv)]} [1—/1V ]”“( Aj”“ ( Kin jwh (27)

=e {1+ | 2,8, co R-v) - Z § cog B-V)}}Wh o) 08

A

[1+7(2, - Z#)]w' [1+<’[ S,co{ R) —W}}y

=0 1+a " 1) (1-av) T (28)
o [1+2£[2,5 cof R-v)- Z Seos Rv) |} {Ep[lw(Z-z)J} ['] [rzvﬂl—vv}

AE =g

[1+7(2,-2)]" {ee] s cof R ) - S cof Bv)}}m{ 1+a }ﬁ[ 1AV r (29)
{1+TE[Z#S,ms(a—v)—_Z# S o g_.,)}}”a aE[1+0(Z-2)]| LV+@-V)

These indices produce the spatial variations irfitteescale soil moisture pattern. In the
original EMT+VS model, those variations were progllidy fine scale variations in fractional
vegetation coveV , slope S, curvaturex , PSRI |, and contributing are@d. Now, they also
depend on fine scale variations in elevatidnand orographic elevatioZ,, slope S:, and
aspectR.. Z only appears in the REI and AEI because only thiodiees depend on the PET,

but Z., S:, and R: appear in all four indices because these variadlesassociated with the

input of water into the soil layer.

14



CHAPTER 3: DATASETS AND MODEL APPLICATION

3.1 Datasets Used for Model Evaluation

The precipitation and PET downscaling methods dredréevised EMT+VS model are
evaluated at the Reynolds Creek Watershed, whidocated in the Owyhee Mountains in
southwestern Idah@pyfried et a] 2001]. The watershed has an area of 239 kma 448 m of
relief (elevations range from 1100 m to 2245 m).e Hmnual average precipitation varies from
about 230 mm at lower elevations to 1100 mm atdngievationsflanson 2001], and average
class A pan evaporation is about 1044 nttarjson 1989]. Reynolds Creek is well-suited for
this study because it has an extensive hydrologaitoring network including rain gauges,
weather stations, and soil moisture sensors. héurtore, the stations are positioned to capture
the spatial variability of precipitation, PET, asoil moisture within the watershed. The data are
all publicly available at ftp.nwrc.ars.usda.gov.

The rain gauge network includes 22 stations (Fidaeand data were available for 2012
through 2014. Each station has dual-gauged ptatighn amounts at hourly time steps, which
were then aggregated to obtain the average pratgitat each station. These precipitation
values are expressed as rates (mm/day) throughestudy to be consistent with their use in the
EMT+VS model.

The weather station network includes 17 statiorsd theasure air temperature, vapor
pressure, relative humidity, incoming solar radiatiand wind speed at a 15 min time interval
(Figure 1a). Data were not yet available for 204@,2012 and 2013 were used in this study.
The ASCE Standardized Reference ET Equathf®GE-EWRI2005], which is a version of the

Penman-Montieth (P-M) equatiotignfisu et al. 2003], was used to estimate daily reference ET

15



assuming a short grass reference crop. Daily PBRI approximated with reference ET. The
daily PET values were then used to obtain the @eeRET in each month of the year and the
temporal average PET (mm/day) at each station.

The soil moisture network is comprised of 30 Hydtabes $eyfried et a). 2005]
(Figure 1a), which measure the soil moisture intte~5 cm of the soil layer. A total of 30
dates were selected for soil moisture downscalmgif2012 through 2015. The dates were
selected from May and June to avoid snow and freodnn winter and the dry conditions that
persist in late summer and fall. The selected dda@pture a wide range of soil moisture
conditions and align with Landsat images, so theyadways separated by 8 days or more. The
Hydra Probes record observations every 15 min eryelvour, depending on the particular probe.
The available data were used to calculate a dadyame soil moisture at each station for each
date of interest.

3.2 Model Inputsand Application

To apply the EMT+VS model, a spatial average sailsture 8 is required as input. In
this study, the average of the in-situ soil moistareasurements was used. SMAP data could
potentially be used but likely includes more erttwain the average of the in-situ observations.
Nonetheless, the average from the local obsenatimiikely biased to wetter values because
most stations occur at higher elevations in theevgéied (Figure 1a).

A DEM is also required to calculate the fine sdalgographic attributes for the EMT+VS

model (S, «, A, |,, Z, Z+, S;, andR:). A 30 m DEM was obtained from the United States

Geological Survey (USGS) National Map Viewer. ¢t projected in universal transverse

Mercator coordinates (zone 11) using the 1983 Ndémterican Datum and the GRS 1980

16



ellipsoid. Pits were removed and d-infinity flowettions were determined using the TauDEM
Toolbox [Tarboton 1997]. The resulting elevation map is showniguFe la.

Fine scale fractional vegetation cover was also supplied to the EMT+VS model.
Landsat surface reflectance data at a 30 m resolutere obtained using USGS Earth Explorer.
The reflectance data were used to derive the shilsted vegetation index (SAVIHuete
1988], and SAVI values were directly used in theTHMS model asv . Vegetation indices
like SAVI have been shown to be composite propemievegetation that include both leaf area
and canopy coverdlenn et al. 2008], which is similar to the definition of provided by
Ranney et al[2015]. Among such indices, SAVI was selecteddose it has been shown to be a
reliable estimate of vegetation cover in areas Vi vegetation densityHurevdorj et al. 1998]
such as Reynolds Creek. Only three Landsat im@fedune 2013, 08 June 2014, and 11 June
2015) were free from cloud cover during the studyiqal, so their SAVI values were averaged.
The resulting fractional vegetation cover is shawfigure 1b.

The EMT+VS model parameters were considered spatiahstant and calibrated. The
feasible range for each parameter was determiad &vailable information about the local soil,
vegetation, and climatic characteristi&e}fried et a] 2001]. For each case described later, the
EMT+VS model was applied using two different cadifbon approaches. In the first approach,
the parameter values were selected to maximizeatleage Nash-Sutcliffe Coefficient of
Efficiency (NSCE) Nash and Sutcliffel970] for all dates in the soil moisture dataswmtilar to
the procedure used yanney et al[2015]. In a second approach, the available dat®
dividing into two halves, and the model was calibdausing one half of the data and validated
using the other half of the data. This split-samplocedure was then repeated when the

calibration and validation datasets were switchEhally, an average performance measure was

17



calculated for the calibration periods and anotaeerage was calculated for the validation

periods.
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CHAPTER 4: RESULTS

The analysis begins by assessing both the assump#iod the performance of the
precipitation downscaling method. Then, the asgsiomp and performance of the PET
downscaling method are evaluated. Finally, theot$f of precipitation and PET variations on
soil moisture downscaling are investigated. Unletberwise noted, all precipitation and PET
values discussed in the results are temporal agsregiculated over the time periods with data.
For clarity, we usually refer to these quantitisspaecipitation and PET and reserve the term
average for other types of averages.

4.1 Evaluation of Precipitation Downscaling

A key assumption in the precipitation downscalingtinod is that the relationships with
topographic attributes occur at a scale that igsswathan the 30 m DEM. To evaluate this
assumption,Z., S., and R. were calculated for neighborhood sizes ranginghf@) m to 12

km. For each neighborhood size, regressions werfermed between the observed precipitation
at each station and bot, and S;cos( R —v), which is how the orographic variables appear in

the downscaling model. When performing these s=joas,V was selected to maximize each
regression’s coefficient of determinatioh The curves in Figure 2 show the results of this

analysis. Lower? values are observed at small scales, but a nbtEgaak occurs for botH,
and S;cos R-V) at about 7 km. This spatial scale is similar tose identified by other

researchers for other regiorighprnton et al. 1997;Sharples et al.2005] and is therefore used
in the remainder of this study. At the 7 km scale,is 64° from North, indicating that

precipitation is highest on east-northeast facioges. The prevailing wind at Reynolds Creek
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comes from the west and southwdsafson 1982], suggesting that precipitation is higher on
the leeward side of the mountains.

Figure 2 also considers an alternative method &cutating Z., S:, and R.. The
method proposed earlier (called the direct metliost) calculates fine resolution maps of slope
and aspect from the fine resolution elevation @aid then averages these attributes within the
neighborhood to obtairZ,, S:, and R:. The alternative method (called the indirect rod)h
first averages the elevation values within eaclym@rhood to obtairZ,and then use&. to
calculateS; and R;. Figure 2 shows that the proposed (direct) mefiroduces much stronger
correlations between precipitation and the topdg@aplata than the alternative (indirect)
method. One interpretation of this result is tlogal elevations, aspects, and slopes affect the
production of precipitation, but due to horizong movement and translation of storms, the
attributes are more informative when averaged avarger (~7 km) scale.

Next, we evaluate the mathematical structure efphecipitation downscaling method.
The method assumes precipitation is a linear fanctf Z,. Figure 3a plots the observed
precipitation at each station agairst. The precipitation changes by roughly 2.1 mm/degr
the range of orographic elevations representedhéystations (roughly 750 m). Although some
curvature is observed in the graph, the relatignghapproximately linear and relatively strong

(r* = 0.76). The downscaling model also assumeseaiirelationship between precipitation

and S¢Cos( R—V). Figure 3b plots the observed precipitation atheatation against

S¢Cos( R—V). High values ofS cos( R—V) represent locations that have a strong slope in an

east-northeast direction. Such stations have @pitation of about 2.2 mm/day, but scatter is

observed. Only one station has a slope in the sfgdlirection (a negative value of
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S#cos( Fi—v)). Its precipitation is approximately 0.6 mm/day. The relationship is

approximately linear, and® = 0.63. Finally, the downscaling model assumest tihe
dependence on elevation is affected by topogramhientation (and the dependence on

orientation is affected by elevation). Figure 3Jotp the relationship between the observed

precipitation andZ, when the data are divided into three rangeSafos( R —V). The results
show that the slope of the relationship wify depends on the value CﬁtCOS( Fi—v).

Furthermore, the dependence 8acos( R V) explains the small curvature that was observed
in Figure 3a. Similarly, Figure 3d plots the re&laship between precipitation and

S#cos( Fi—v) when the data are divided into ranges &f. Consistent with the model

formulation, the slope of the relationship wiacos( R.—V) depends on the value &, .

The performance of the precipitation downscalinghuoé is evaluated by comparing the
downscaled (fine resolution) precipitation estirsatgth the values from the rain gauges. The
input for the precipitation downscaling method he tspace-time average precipitation rate for

the watershed (1.46 mm/day), which was calculateah the rain gauges. The parameterss,

and v were calibrated to maximize the NSCE of the priéaiijpon estimates compared with the
observed precipitation values. Figure 4a plots tlmvnscaled precipitation against the
observations at the stations. The downscaling odetbaptures the temporal average
precipitation at the gauges very well (NSCE = 0.90)he ability of the method to capture

individual storm patterns was not examined becahseEMT+VS model does not consider

temporal variability aside fromd. However, it is highly unlikely that the preciggiion
downscaling method can capture the spatial digtabuof individual storms due to the wide
variation in the spatial patterns of different ster
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To further evaluate the performance of the preaijmh downscaling method, its results
are compared to a map of average precipitation West independently developed for the
Reynolds Creek watershed by the United Sates Dapattof Agriculture-Agricultural Research
Service (USDA-ARS). For each time increment frodi2 through 2014, they used a detrended
kriging procedureGaren et al. 1994] to estimate the precipitation pattern axtbe watershed.
The method accounts for the non-stationarity dusregraphy with a linear relationship between
precipitation and local elevation. The averageipitation map was then calculated from these
kriged maps. For comparison, the precipitation mssaling method was applied to the entire
watershed using the space-time average precipitation the USDA-ARS map (1.11 mm/day)
and by recalibrating the parameters. Figure 4bpawes the precipitation values from the
USDA-ARS and downscaling methods. The downscatmghod reproduces the USDA-ARS
precipitation values very well (NSCE = 0.92).

Figure 5 shows the USDA-ARS precipitation map, tlwevnscaled precipitation map,
and the difference between the two maps. Bothiptaton maps exhibit smaller precipitation
values at the lower elevations (in the northernt pathe watershed). However, the USDA-ARS
map exhibits much more local variability in the @patation because it uses fine resolution
elevations in the kriging method. The downscalegpnexhibits a much smoother pattern
because it uses the topographic attributes from7tltken scale. Despite their differences in
appearance, the precipitation values are quitdaims shown in Figure 4b.

4.2 Evaluation of PET Downscaling

The PET downscaling method assumes that PET depkmeisrly on surface air

temperature and that surface air temperature dederehrly on elevation. Together, these two

assumptions imply that PET depends linearly onatien. Figure 6 evaluates these assumptions
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using the P-M PET values calculated at each weatkstion. Figure 6a shows that an
approximately linear relationship occurs betweentdmporal average PET and air temperature.
However, much scatter is observefi£ 0.38), which indicates that other variables satsally
affect the PET at each station. Figure 6b showasadlstrong linear relationship occurs between
average air temperature and elevation at the s&6 = 0.89). Over a range of about 970 m,
the temperature changes by about 4.3 °C. Thetirgguélationship between PET and elevation
is shown in Figure 6¢c. Here again, substantiattscas seenrf = 0.32), but no obvious
nonlinearity is visible. The scatter is not susprg because elevation alone is not expected to
fully explain the spatial variation in PET. Ovédretrange of elevations represented by the
stations (roughly 970 m), the PET changes by attcitmm/day. This change is about two-
thirds of the variation in precipitation of a siarlrange of elevation.

A key property of the PET downscaling method ist tthee slope of the relationship
betweenZ and E, depends both o and the spatial average PEH, (see first term in

parentheses in Equation (16)). This assumptievauated by calculating the average PET at
each station for each month of the year and thefonpeing linear regressions between those

monthly average PET values and elevation. Fordhi to be consistent with the model

structure, the regression slopes should dependerspatial average PET (i.€,) for each

month. Figure 7a plots the regression slopes &snetion of E,, and a clear increase is
observed a€, increases. These results can also be visualizéiviing each regression slope
by E, to calculatew (Figure 7b). The results show thatis relatively stable (near 0.0003 1/m)

as E, changes, which supports the model structure lelsttatter is observed wheg, is large,
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which suggests the relationship between PET andhiédbm is stronger and more stable during
the summer months.
To quantify the performance of the PET downscalmgthod, the downscaled (fine

resolution) PET values are compared to the P-M Pdties at the weather stations. The input to
the downscaling methodE(,) is the spatial average P-M PET from the stati@8 mm/day).

The parameterw was calibrated to maximize the NSCE of the eswahd®ET values at the
weather stations. The results (Figure 8a) show th@ downscaling method only weakly
captures the spatial variability in the P-M PETuea (NSCE = 0.32). This result suggests that
the downscaling method only gives an approximatienase of local PET and has potential to be
improved in the future by adding supplemental datikely, the weak relationship between PET
and temperature that was observed earlier produoeh of the scatter seen here.

Another potential hindrance in PET downscaling pernfance is the abandonment of the

P-M equation for calculating local PET. The P-Muation is used to calculate the spatial
average PETE,, which is supplied to the downscaling method, BNl is not otherwise used.

To consider this possibility, a PET map for theavshed was generated using the P-M equation.
To calculate P-M PET at all locations, the weattation data were extrapolated throughout the
watershed. The extrapolation was performed usiregeession approach. All inputs for the P-
M equation (temperature, incoming solar radiatiomnd speed, relative humidity, and
cloudiness) were plotted as functions of elevationdetermine the variables that could be
considered spatially constant and those that shoelldstimated using elevation. Temperature
and relative humidity exhibit clear relationshipghaelevation (not shown here) and are allowed
to vary each day. The other variables are apprataiy constant between locations (not shown),

so spatial averages are used for each day. Ukisgapproach, daily P-M PET maps were
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produced and used to calculate the temporal avétddePET map. The average P-M PET map
was then compared to the downscaled (fine resolufRET map. The downscaled PET map
uses the spatial average P-M PET as input,@ndas calibrated to maximize the NSCE of the
downscaled PET pattern (treating the P-M map asobservations). Figure 8b compares the
PET values from the two methods at each locatidhenvatershed. The two procedures provide
very similar estimates of PET even though the deoaitsg method does not use the P-M
equation at every location. The slight curvatur¢éhe data in the plot likely occurs because the
downscaling method uses a linear dependence onetatape instead of the P-M equation.
Figure 9 shows the two PET maps along with thdfeince. The largest differences occur at
locations with extreme values of elevation. Howetlee maximum difference is only 3-5% of
the estimated PET, which is why the two PET mapgeapalmost identical.
4.3 Effects of Precipitation and PET on Soil Moisture Downscaling

To investigate the impact that the precipitationl #ET patterns have on soil moisture
downscaling, three cases are compared. Case lthesesiginal EMT+VS model, so the only
variables that produce spatial variations ¥@reS, «, |,, and A. Case 2 adds the precipitation
downscaling method to the EMT+VS model. Thus, toldal spatial variation can be produced
by the orographic variableg,, S;, andR.. Case 3 adds the PET downscaling method instead
of the precipitation downscaling method. Thusisitthe same as the first case, but spatial
variations can also be introduced By

A typical soil moisture pattern for Case 1 is show Figure 10a. This date (02 June
2012) has intermediate moisture among those camside Overall, the soil moisture pattern
produces wetter conditions at high elevations g¢kiengh elevation does not appear as a variable

in the model. In this scenario, the calibratedapasters produce much of the spatial variation
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using vegetation cover. The vegetation shadegrinend surface, reducing soil evaporation and
increasing soil moisture in the model. Vegetatomer tends to be thicker at high elevations in
the watershed (Figure 1b). However, in order fog EMT+VS model to capture the wet
conditions at high elevations, this case over-ess the dependence on vegetation. This over-
dependence can be seen in the unrealistically weditons for the agricultural fields in the
northern portion of the watershed. No soil mostabservations are available at these fields to
constrain the model behavior. Varying vegetatiomet on opposing hillslopes throughout the
watershed (Figure 1b) also allows the soil moispadern in Case 1 to show some hillslope
(aspect) dependence.

Figure 10b shows the soil moisture pattern onséime date for Case 2 (precipitation
downscaling is included). The soil moisture pattexhibits a more obvious dependence on
elevation than Case 1 with low elevation pointsilexing much less moisture than high
elevation points. Additionally, the western sidette watershed is wetter than the eastern side
due to the orographic orientation that is usedhi@ model. The soil moisture pattern also
produces saturated conditions at stream locateven(though soil moisture observations are not
available at or near the streams). This featurprazluced by the lateral flow term in the
EMT+VS model. Unlike Case 1, thicker vegetationaroproduces drier conditions in Case 2.
The calibrated parameters suggest that intercemimh root water uptake reduce the soil
moisture more than shading increases it. This\iehanight be unrealistic because previous
studies in semiarid watersheds have shown thattatge cover is associated with greater soil
moisture at shallow depthBlOdorico et al, 2007;Traff et al, 2015]. Furthermore, this type of

vegetation dependence predicts very dry conditfonshe irrigated agricultural fields, which is
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also unlikely. This case also exhibits very str@spect dependence, which is produced by
spatial variations in insolation instead of vegetatover.

Figure 10c shows the soil moisture pattern orstime date for Case 3 (PET downscaling
is used instead of precipitation downscaling). aClelevation dependence is again observed in
the soil moisture pattern, and saturated conditesesagain produced for stream locations. Here,
the dependence on vegetation is much weaker thae Cabut wetter conditions are again
produced for locations with thicker vegetation aovelrhe agricultural fields are wetter than
nearby locations, but the wettest locations octumgh elevations. A moderate dependence on
aspect is also produced for this case. The pasmgtdicate that a combination of lower PSRI
values and thicker vegetation cover produces wetteditions on north-facing hillslopes.

To evaluate the downscaling performance for aléslan the dataset, the estimated soill
moisture values are plotted against the in-sitieotaions in Figure 11. For all three cases, the
downscaled patterns typically underestimate the stu at the wettest locations and
overestimate the moisture at the drier locatiores {he variance in the downscaled soil moisture
patterns is less than that of the observed soiktu@ pattern). This behavior partly occurs
because the downscaled pattern is calibrated tomaza the error in its soil moisture estimates.

This approach discourages extreme estimates ofremgdture because they produce large errors

if incorrect. Another reason for this behavioths bias in the provided average soil moistére
Among the 30 soil moisture probes in the watersloedy 7 are located below the average
watershed elevation. Thus, the average soil meistom these probes is likely greater than the
actual average for the watershed. The EMT+VS madlehys maintains the average it is
provided, so a biased average causes the modetltee the variance in its estimates to help it

achieve higher NSCE values.
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Comparing Figure 11a and 11b, the estimates ¢fmsoisture appear to improve when
precipitation downscaling is added to the modéehe €stimates appear to further improve when
PET downscaling is used instead of precipitatiowrkraling (Figure 11c). Most notably, the
wettest locations appear to be captured best wB@ndewnscaling is used (Case 3). This visual
interpretation is confirmed by metrics of modelfpenance. If the NSCE is calculated for each
downscaled pattern in the dataset and then average®.19 for Case 1, which is comparable to
previous applications of the EMT+VS mod&dnney et al.2015]. If the NSCE is calculated
for the entire space-time dataset together, it38.0 When the precipitation downscaling method
is included in Case 2, the average spatial NSCElfatates increases to 0.24, and the space-time
NSCE becomes 0.36. For Case 3, when PET downgcalirused instead of precipitation
downscaling, the average spatial NSCE increasés2®, and the space-time NSCE becomes
0.41. Similar improvements are also observedhE&omeasures of error are used (e.g., the root
mean squared error). When the dates were sptit datibration and validation samples, the
results again suggest that precipitation and PE@ndoaling improve the estimation of soil
moisture, with the PET downscaling method providimgre improvement than the precipitation
downscaling method. The average calibration ardlateoon NSCE for Case 1 are 0.22 and
0.05, respectively. The NSCE values increase #¥ (and 0.12 when the precipitation
downscaling method is included for Case 2. ForeCGghe NSCE values increase to 0.32 and
0.20, respectively.

These results suggest that the precipitation &880 Patterns affect the fine resolution
patterns of soil moisture. Overall, the additidnrP&T downscaling improves the soil moisture
estimates more than the addition of precipitatiowiscaling. This relative advantage of PET

downscaling is surprising because the spatial tranan precipitation over the watershed is
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about 50% larger than the variation in PET. Furtlege, the spatial variation in average
precipitation is better captured by the downscalimgthod than the spatial variation in PET.
However, the spatial patterns of individual pre@pon events are expected to be highly
variable. This variability is expected to be esacpronounced for the convective rain storms
in May and June when the soil moisture patternsewkywnscaled, anGaren et al.[1994]
found that the relationship between precipitatiod alevation at the Reynolds Creek Watershed
is weaker in the summer months. Thus, even thdbghprecipitation downscaling method
captures the average precipitation pattern in thtesghed, this average pattern is more weakly
related to the soil moisture patterns. In conjrdst spatial pattern of PET is expected to be
more persistent in time. For example, Figure 7bw&d thatw is more stable in summer
months when PET is large, suggesting a strongeatiosakhip with elevation for this period.
Thus, the PET downscaling method is less effediveapturing the average PET pattern, but it
still provides greater benefit in downscaling sodisture values.

Although not shown here, EMT+VS downscaling wagfqgened when both the
precipitation and PET downscaling methods were éemgnted. The results for this case are
essentially unchanged from Case 3 when only PEThdoaling is used. This behavior indicates
that much of the soil moisture variability that da@ captured by precipitation downscaling is
already captured by PET downscaling. Both dowmsgahethods primarily introduce elevation
dependence into the soil moisture patterns, so dheslap in the variance explained is not

unexpected.
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CHAPTER 5: CONCLUSIONS

This study aimed to assess the impacts of varigtionprecipitation and PET on soill
moisture downscaling for regions with large topdna relief. It introduced new downscaling
methods for average precipitation and PET and implged the new downscaling methods in
the EMT+VS model. The following conclusions cannbade:

1. The average spatial pattern of precipitation in iégys Creek is well estimated by the
precipitation downscaling method. The downscalegtipitation values are similar to
rain gauge values and the downscaled pattern idasito the average pattern from
detrended kriging of rain gauge data. The spagiztern of precipitation depends on
elevation and topographic orientation. The depeod®n these topographic attributes is
strongest when they are calculated at about a fokographic) scale, which is similar to
the spatial scale found for other regions in presistudies. The precipitation has a linear
relationship with elevation, but the slope of thelationship depends on the topographic
orientation.  Similarly, the precipitation has adar relationship with topographic
orientation, but the slope of that relationshipetegs on elevation.

2. The average spatial pattern of PET in Reynolds ICoasm be approximated using the
proposed PET downscaling method, but the PET daalingcmethod is less accurate
than the precipitation downscaling method. Whempgared to P-M PET values from
weather station data, the PET downscaling methdg captures the general trend in
PET. However, when the downscaled pattern is coadpt a P-M PET pattern that is
extrapolated from the weather station data, the twathods provide almost identical

results. This similarity suggests that the fulMPequation is not needed for PET
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downscaling. At Reynolds Creek, the PET has a Wwealar relationship with average
air temperature, and average air temperature hasromg linear relationship with
elevation. Together, these relationships produeeak linear relationship between the
average PET pattern and elevation.

Including orographic precipitation in the soil nmioise downscaling method improves the
estimates of surface soil moisture for Reynoldse€reThe average spatial NSCE of the
soil moisture estimates increases from 0.19 to @/2dn the precipitation downscaling is
added to the model. Reynolds Creek has large tapbg relief, and the precipitation
varies substantially with elevation. The downsaglmodel is relatively successful at
capturing the spatial pattern in average precipttat However, precipitation
downscaling provides a relatively small improvemierthe soil moisture estimates likely
because individual storm patterns differ, partidylan the summer when the soil
moisture was downscaled.

Including elevation-dependent PET in the soil moist downscaling method also
improves the estimates of surface soil moisture Raynolds Creek. When PET
downscaling is added to the EMT+VS model, the ayerspatial NSCE increases from
0.19 to 0.29. For this watershed, PET downscalmyides a larger improvement in the
soil moisture estimates than precipitation downegal The average PET varies less with
elevation than the average precipitation, and tBEd Rlownscaling method is less
successful than the precipitation downscaling nethdowever, the PET pattern is more
persistent in time than the precipitation pattgsarticularly in summer, so it has a

stronger relationship with the soil moisture patser When both precipitation and PET
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downscaling are used, the soil moisture resultessentially the same as when only PET

downscaling is used.

Overall, this study shows that elevation shouldiruded as a relevant topographic
attribute when downscaling soil moisture in regiom$h large relief. The dependence on
elevation has been neglected in several previgusgtaphic downscaling studies because they
focused on catchments with low relief. This stuadgo identifies two physical mechanisms
(precipitation and PET) through which elevation effiect soil moisture patterns, and it provides
simple downscaling methods for precipitation and P&hich introduce elevation into the soil
moisture downscaling model. Those downscaling odghalso have potential applications
beyond soil moisture downscaling.

Future research should consider additional appbicategions. The relative roles of
precipitation and PET in determining the soil maist patterns may change for more humid
regions where average precipitation exceeds avePdgE In addition, regions with more
persistent orographic precipitation effects may destrate a stronger dependence than what was
observed here. Furthermore, this study focuseg onl the average precipitation and PET
patterns because the EMT+VS includes an equilibrassumption. However, the results
suggest that orographic effects might be seasdhglossible, the performance of the EMT+VS
model should be evaluated when temporal variahgitywcluded in more inputs than the spatial

average soil moisture.
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Figure 1. (a) Map of the Reynolds Creek watershed topogragitowing rain gauge, weather

station, and soil moisture probe locations, andr{ap of Soil Adjusted Vegetation Index (SAVI)
for the same watershed, which is used as fractiegetation cover.
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Figure 5. (a) Kriged map of temporally averaged precipitationReynolds Creek, (b) average
precipitation from downscaling method, and (c) kg precipitation minus downscaled
precipitation.
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Figure 7. (a) Regression slopes of the relationship betweenthly average Penman-Monteith
(P-M) PET and elevation plotted against monthlyrage P-M PET, and (b) monthly values
(parameter that partly controls the dependenceEd &n elevation) plotted against monthly
average P-M PET.
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Figure 9. (a) Map of average PET from the regression-b&sanan-Monteith (P-M) method,
(b) map of average PET from downscaling method,(ahdhap of P-M PET minus downscaled
PET.
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Figure 10. Downscaled soil moisture maps for 02 June 20téhfthe Equilibrium Moisture
from Topography, Vegetation, and Soil (EMT+VS) miodéen (a) the pre-existing EMT+VS
model is used, (b) precipitation downscaling iduded, and (c) PET downscaling is included.
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Figure 11. Comparisons of observed soil moisture and Equilib Moisture from Topography,
Vegetation, and Soil (EMT+VS) model soil moistustimates for all dates when: (a) the pre-
existing EMT+VS model is used, (b) precipitatiomahscaling is included, (c) PET downscaling
is included. The NSCEs shown are the averageaspalues.
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