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ABSTRACT

Evapotranspiration and its energy counterpart latent heat flux are critical components of
the terrestrial water and energy balances. Precipitation, runoff, condensation and groundwater
flow are also significant members of the hydrologic cycle, but it is evapotranspiratidinkbat
water in the subsurface to water on the land surface or in the atmosphere. Hydrologic models use
parameterizations to represent the physical and physiological processes of evaporation and
transpiration, respectively. Theparameterizations assume some mathematical structure and
require that values of certain parameters be assigned; however, questions remain regarding how
changes in each of these two aspects translate to output quantities of interestyiQuamdif
sensitivity of model outputs to structure and input value decisions is important to understand a
modelOs behavior and response to changes.

This dissertation explores sensitivities associated with evaporation and transpiration
parameterizations within the ParFlow-Common Land Model through systematic comparisons
and the application afnew sensitivity analysis method called active subspaces. Results indicate
that model sensitivities vary throughout the year. For bare ground evaporation, parameterization
structureaffectsboth the magnitude and behavior of anrastimatesincluding complexities
associated with atmospheric stability influences evaporation behavior the most under water
limited conditions. For a vegetated surface, important input parameters used to compute the rat
of transpiration vary seasonally and diurnally. Further analysis uncovers unique relationships
between input and output quantities associated with evaporation and transpiration. For example,
ground temperature and bare ground evaporation exhibit a parabolic relationship where similar
points group together based on seasonal values of subsurface pressure, specific humidity and air
temperature. The input-output relationship discovered using the active subspace method changes
in time and suggests that transpiration estimates are more sensitive to changes in important

parameter values during midday summer time hours.
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CHAPTER 1
INTRODUCTORY REMARKS

Even though the Earth contains a large volume of water, less than 5 percent is estimated
to be on or within the land surfadeihgman 2002]. Much of this seemingly small fraction of
water is frozen or held beneath the surface as groundwater, which leaves an even smaller
percentage in soil, lakes, swamps or rivers. Water on the land surface enters the atmosphere
through evaporation or transpiration. It is estimated that soil moisture makes up only 0.001
percent of the total water on Earibifigman 2002] but atmospheric contributions of water from
this source become an important consideration over land md4sles pod and Hubbard
2003]. Evapotranspiration (ET), the collective term used to express both evaporation and
transpiration processes, is the primary mechanism linking water between the subsurface and
atmosphere and generates approximately 60 percent of the precipitation that falls on Earth
[Brutsaert 2005]. Land cover changes like urbanizatigalpay and Cal2003], woody
encroachmentyilcox and Huang2010] and insect outbreakdikkelson et al.2013a],
anthropogenic activities like pumping and irrigati@@ohdon and MaxwelR014a], and extreme
weather events like droughts or floods change how water and energy are distributed within the
hydrologic cycle. Understanding the implications of changes at the land surface requires that we
accurately model evapotranspiration.

Modeling of evapotranspiration is necessary to identify drivers and feedbacks within the
terrestrial system and to make estimates when observations are unavailable. Hydrologic
simulations are controlled numerical experiments that can be used to understand connections and
make predictions; all of which are difficult or impossible to do with field observations alone.
Evapotranspiration measurements are expensive in terms of resources and instrumentation, only
capture a finite period of time and often require several corrections before the data can be used.
Organizations like AmeriFlux and FLUXNET maintain and operate a network of towers, but,
even so, there is limited spatial coverage. While model domains can represent specific
watersheds or geographic areas and incorporate spatial heterogeneities, they includengimplifyi
assumptions and parameters that are difficult to assign. Models and observations eactrhave thei

own advantages and disadvantages. Given the difficulty and expense of obtaining physical



measurements of evapotranspiration, models emerge as a useful tool to gain insight about this
process.

The need to understand model behavior and output grows as models become more
complex and widely used. Hydrologic models of the future must include subsurface, surface and
atmospheric components and flexible options to compare and incorporate observed data. Model
users and developers must also understand the sensitivity of model outputs to input parameters.
This will help to focus data collection efforts, improve model parameterizations and inform
model reduction efforts. Evapotranspiration depends on subsurface and atmospheric conditions
so it is critical that models consider both components. There are a growing number of integrated
hydrologic models that are coupled to land surface and atmospheric niddeigdll et al,

2011, 2014bgochis et al.2013;Shrestha et al2014]. A variety of methods have been used to
analyze the sensitivity of hydrologic modelsgng and Gup2003;Li et al., 2013;Srivastava et

al., 2014], but given the complexity of these types of models additional research is warranted.
Methods that extend beyond just identifying important input parameters and studies that evaluate
intermediate computations will provide the most potential for advancing our knowledge of model
behavior.

Hydrologic models have advanced from iddaggze and Harlan1969] and simple
linear reservoir bucket models to complex global climate and integrated hydrologic models that
we use today. Model intercomparison studies are plenbesthorough et al.1996;Henderson-
Sellers et al.1996;Maxwell et al, 2014b;Best et al.2015], as are hydrologic modeling studies.
Despite all of the modeling that has been done, we still do not have a thorough understanding of
how to best quantify the ET process or why estimates from various models are different. This
dissertation evaluates sensitivities associated with the bare ground evaporation tatbrege
transpiration parameterizations using the ParFlow-Common Land Model (PF-CLM).

Modeled estimates of evapotranspiration include evaporation from bare ground,
evaporation from vegetation foliage and transpiration, each of which are individually or
collectively addressed in this research. Chapter 2 investigates how parametetizatiares
influences estimates of bare ground evaporation. Three forms of the bare ground evaporation
parameterization used in PF-CLM are systematically compared to identify senséraetions
and unique relationships between evaporation and other hydrologic variables. The three

parameterizations vary in the temporal resolution of atmospheric input variables, the coupling



strength between the land surface and atmosphere and whether or not atmospheric stability is
accounted for. This insight allows us to further understand behaviors associated withsthe mas
transfer parameterization and how additional parameterization complexity atoides of
evaporation.

In addition to sensitivities associated with parameterization structure, but there are
sensitivities associated with parameters used to specify atmospheric ahddnididions and
subsurface, land surface and vegetation properties. Chapter 3 applies the active subspace
sensitivity analysis method to a segment of output quantities from PF-CLM in order téyidenti
which vegetation and land surface parameters influence estimates of sensiblanttgound
heat the most. The active subspace method is also used to discover a low dimension nelationshi
between the input parameters and energy flux outputs. This proof-of-concept study shows active
subspaces have the potential to quantify uncertainty and reduce the dimension of other PF-CLM
scenarios as well as be applied to other high-dimension hydrologic models.

Transpiration is a physiological process that requires several parameters to model how
vegetation responds to environmental conditions. Given the successful application of active
subspaces in Chapter 3, Chapter 4 uses the same method to determine which parameters
associated with the stomatal resistance scheme and photosynthesis influenize dsistance
and transpiration the most. These parameters are hard-coded in most land surface models and are
rarely evaluated even though transpiration makes up a large component of the evapotranspiration
at certain geographic locations. Year IdigCLM simulations using atmospheric forcing data
from three different locations show that sensitive stomatal resistance pasavaeyethroughout
the year and that their values should be more carefully specified based on available data.

While these results are specific to one hydrologic-land surface model couplingisCLM
widely used in the hydrologic community. Furthermore, we expect that the insights gained and
methods used here can be extended to other models. Models will continue to be used in science
for the foreseeable future to understand processes, evaluate changes of systems and make
predictions about our ever-changing world. Analysis of model behavior is critical to the

interpretation of and confidence we place on outputs from any model.



CHAPTER 2
EVALUATION OF SIMPLE TO COMPLEX PARAMETERIZATIONS OF BARE Sl
EVAPORATION

Modified from a paper published diournal of Advances in Modeling Earth Systems

Jennifer L. Jeffersd®” and Reed M. Maxweéil*®

Abstract

Integrated hydrologic models coupled to land surface models link water and energy movement
between the subsurface, land surface and atmosphere. These connections are especially
important when estimating a complex, nonlinear process like evaporation. A comprehensive
sensitivity study of the evaporation parameterization was conducted using the integrated
ParFlow-Common Land Model (PF-CLM). Estimates of ground evaporation using three forms of
the same equation, two simplified closed-form solutions and one fully-coupled PF-CLM
equation, are systematically compared. The parameterizations vary in complexity, coupling
strength, and nonlinearity. Forcing data from three climate regions (alpine, plains and tropical)
are used to compare estimates of bare ground evaporation across all three formulations, thus
exploring the process and coupling sensitivity in a novel way. The overall behavior of ground
evaporation is consistent throughout the year for all parameterizations, but magnitudes vary with
respect to parameterization complexity during energy-limited and water-limited tirttess of

year. A relationship between ground evaporation and ground temperature is shown to exist
across all climates and aggregate by pressure, wind speed and air temperature in the plains
climate. Furthermore, results show how increasing complexity through the addition of land
surface conditions, atmospheric conditions and atmospheric stability uniquely compound to

influence the relationship between bare ground evaporation and subsurface pressure.

! Reprinted with permission frodournal ofAdvances iModeling Earth Systen{8015) 7(3):10%-1092and all
co-authors.

2 Hydrologic Science and Engineering Program and Depeart of Geology and Geological Engineering; Colorado
School of Mines

3 Integrated Ground ‘Ater Modeling Center; Colorado School of Mines

*J. L. Jeffersoris the principal author in the writing of this manuptend is primarily responsible for modeling,
and analysiskR. M. Maxwell contributed to the synthesis and writinglod manuscript.



Identification of sensitive interactions and unique relationships are necessary to further
understand and predict hydrologic processes like evaporation.
2.1 Introduction

Evaporation of water from bare soil is one of the simplest forms of latent heat exchange
between the land surface and atmosphere. Bare ground evaporation is particularly important in
agricultural regions where soil is exposed at the beginning and end of each growing season and
arid, semi-arid and dry-subhumid drylands where patchy vegetation leaves exposed soill
[Reynolds et al2007;Koohafkan and B. A. Stewara008]. While evaporation rates can be
measured using lysimeters or estimated using data from eddy covariance &learst[al,

2011], land surface and integrated hydrologic models are commonly used. In their attempt to
represent a complex, nonlinear process like evaporation, hydrologic models use
parameterizations to simplify the complicated physics involved in the exchange of waiegrbet
the land and atmosphere. In order to understand estimates obtained from models, we must
understand the response and sensitivities of the parameterizations within them.

Bare soil evaporation depends on water availability within the subsurface, meteorological
variables like wind speed, air density and specific humidity and atmospheric stability. The
connection between the land surface and atmosphere influences the magnitude of water
exchanged between the subsurface and atmosphere. Integrated hydrologic models coupled to
land surface models link water and energy fluxes from land surface models to subsurface
processes of groundwater models. The land surface component of these coupled models is forced
by meteorological data and use soil moisture information from the integrated model toeestimat
water and energy fluxes into and out of the land surface. Models like the Flux-Penn State
Integrated Hydrologic Model (Flux-PIHM) and the ParFlow-Common Land Model (PF-CLM)
and have been used to look at relationships between evaporation and water tabkodlepth [
and Maxwell 2008;Rihani et al, 2010;Shi et al, 2013] and to evaluate how subsurface
heterogeneity and lateral flow can influence estimates of evaporAtdndy and Maxwell
2011].

Evaporation rates are difficult to compute due to the number of variables that must be
input and because data for these variables is often challenging to oberigy Budget and mass
transfer formulations can be used to estimate evaporation; however, it is the Penman equation,

which combines these formulatioribat is most commonlysedin hydrologic modelsRitman



et al, 1999;Kite and Droogers2000;Meiresonne et al2003]. Even though these formulations

are based on the physical process of evaporation, assumptions and simplifications are made in

order to represent this complex procd$se Penman equation often assumes a neutral

atmosphere where the influence of atmospheric stability is not accountdthfot pnd Ek

1984].The mass transfer formulation typically incorporates the effect of the atmosphere through

the useof similarity theory approximations. While historically limited in its application, use of

this approach is growing within the hydrologic model commur@tyen et al. 1996;Singh and

Xu, 1997;Qu et al, 1998;0leson et a].2004] as it better captures the physical process of

evaporation. Soil resistance factors are applied to mass transfer and Penman formulations to

account for soil moisture limitations. While many differsail resistance relationshipsist

[Mahfouf and Noilhan1991;Lee and Pielkel992;Sakaguchi and Zen@009;Tang and Riley

2013Db], all work to reduce the rate of evaporat®ecause no single formulation has been

identified as the best representation of bare soil evaporation, it becomes important to understand

the structure of how of latent heat is estimated within a given land surface and coupling scheme
Model outputs like bare ground evaporation are sensitive to different formulations as well

as to the relationships embedded within them. Modeled estimates of evaporation from bare soil

have shown sensitivity to different forms of the soil resistance fadiba[lovic et al, 1993;

Sakaguchi and Zen@009;Tang and Riley2013a] and to the choice of soil moisture response

function [Cuenca et a).1996]. The complexity, or lack thereof, of an evaporation

parameterization can also lead to estimates that are larger or smaller than obs¢Giatiomes

al., 1996]. Different parameterizations in 13 land surface models resulted in bare soil evaporation

estimates that varied by 150 millimeters over a four-month peiedjorough et al.1996].

Desborough et a[1996] andHenderson-Sellergl996] conclude that differences in evaporation

output cannot be attributed to differences in soil moisture alone, but are due to differences in

model structure and response characteristit®f the studies referenced above compare how

evaporation magnitudes change over time in response to different evaporation formulations or as

a result of changing specific terms within a particular formulation. While this approacifuk use

to identify when and by how much estimates differ, little insight is gained about why estimate

are different. If we construct meaningful model studies that allow us to look at functional

relationships between evaporation and variablegjikend temperature, air temperature,



specific humidity and subsurface presstinen we can begin to understand the overall behavior
and response of a particular formulation.

Despite the range of complexity that can be captured by models, estimates of bare ground
evaporation are inconsistent. Identifying functional relationships and how they change with
model complexity works to understand what is causing differences in modeled estimates and
when these relationships change. In this work we complete a comprehensive evaluation of the
mass transfer parameterization for bare soil evaporation using PF-CLM. We present structural
details of the parameterization and coupling with particular attention to how subsurface and
atmosphere information is used within the formulation and what assumptions are being made
(Chapter 2.2). Different from other sensitivity studies, we take a more general approach to
understand how estimates of bare ground evaporation respond to different levels of complexity
within a single parameterization, namely those introduced by land surface conditions,
atmospheric conditions and atmospheric stability (Chapter 2.3). Estimates of evaporation from
three forms of the same equation are systematically compared between alpine, plainscahd tropi
climates.This approach allows us to see how coupling strength and nonlinearity influence
estimates over time and to identify functional relationships between input and output variables
We then exploit these functional relationships to explain seasonal patterns in theliphaites ¢
(Chapter 2.4). While PF-CLM is used for this work, the results presented here are transferrable to
other models of similar formulation. Insight gained as a part of this work will be able to fill in
details not provided by other intercomparison or sensitivity studies.
2.2PF-CLM Model Description

The PF groundwater model was first coupled to CLM nearly ten years ago as an
undistributed, single column proof-of-concept model, with information passing between the
models via input and output fileBlpxwell and Miller 2005]. Currently, the coupling of these
two models occurs in a distributed manner with a parallel input/output file structure where CLM
is called as a subroutine within Pkdllet and Maxwell2008]. Given a particular land cover
type, CLM uses atmospheric forcing data and subsurface pressure values from PF to compute
land surface fluxes of energy and water. The original version of @aV¥idt al, 2003]was
coupled to PF, but has since been modified to incorporate subsurface pressure values from PF
into select computations. Subsequent mention of CLM in this paper refers to the PF version of
CLM.



The PF domain is composed of three-dimensional cells where CLM tiles correspond to
the uppermost, two-dimensional surface of the domain. Information is passed between cells but
not between tiles; the coupling assumes that land surface processes on one tile aremu#dnflue
by those of adjacent tiles. The RichardsO equation is solved in three dimensions to obtain the

pressure heald, [L] for each cell in the domain

¥ 1S(! .
sS(! p)'!ltp + !(t ) ="# 8K (0K (7 ,)#(/ p$z)(+qs (2.1)

whereS; is the specific storage T, tis time [T],! is the porosity of the soil [-Ks(x) is the
saturated hydraulic conductivity tensor [t]Tzis the depth below the surface [L] and the first
term on the right hand side of (1) represents the Darcy flux. The relative sat@fjiand

relative permeabilitk (! p) [-] are both functions of pressure head and are defined uaing
Genuchterj1980] relationships. The surface processes of CLM and subsurface and overland
flow processes of PF are coupled through the source/sinkgtdii] which includes water

fluxes as a result of evaporation, transpiration and infiltration.

Model inputs used to characterize the PF domain include porosity, hydraulic
conductivity, residual saturatid®es [-], van Genuchten parametetrsandn) and initial
condition information (e.g., initial water table elevation). These inputs can be inferred or
determined from geologic maps and borehole logs for watershed-specific domains and entered to
PF through user-specified indicator files. When subsurface information is not available, or when
using a hypothetical domain, inputs are selected to generate a homogeneous or heterogeneous
[Tompson et al.1989] domain. Regardless of the input source, the specified subsurface replaces
the soil column formulation of CLM and communication between PF and CLM occurs over the
10 layers directly beneath the land surface. The default value of 10 layers can be modified by the
user.

Inputs to CLM include land cover and atmospheric forcing information. Each tile must
have one type of land cover associated with it; fractional land cover is not permitted. The land
cover type is selected from a list of eighteen classes defined by the International Geosphere
Biosphere Program (IGBP); one of these classes is bare soil. Each land cover class ischssociat
with a default set of parameters for use in CLM. Atmospheric data includes shortwavemadiati
(Wm®), longwave radiation (Wif), precipitation rate (mn9, air temperature (K), eastest

and north-south wind velocities (s atmospheric pressure (Pa) and specific humidity (Rgkg



This data series can be at any temporal resolution, but the eight variables are typicallydaverage
and applied at 15-minute, 30-minute, 1-hour or 3-hour intervals. In terms of space, atmospheric
data can be applied uniformly across the domain or in a spatially distributed manner.

ParFlow and CLM are coupled asynchronously where PF passes subsurface pressure
head and saturation values for the top 10 soil layers to CLM at each time step. CLM then
computes water and energy fluxes for each tile in the domain through a series of modules (Figure
2.1). Water fluxes like evaporatioBy), transpiration and infiltration are passed from CLM to
PF to update thes value in (1). PF then solves the nonlinear RichardsO equation (1) for new
subsurface pressure heads before advancing to the next time step. Advancement to the next time
step occurs within PF since CLM computations are completed at the beginning of eachptime ste
and use subsurface pressure information from the previous time step. This entire process is
repeated for each successive time step until the stop time is reached.

2.2.1 Bare ground evaporation parameterization

The formulation used to compute bare ground evaporation is based on a mass transfer
approach where atmospheric stability is explicitly considered. Movement of air, described by
wind speed, temperature and humidity, at the land surface is dependent on surface sublayer
conditions and whether this layer is stable, which inhibits vertical air movement, or unstable,
which promotes vertical air movement. In addition to the state of the atmosphere, roughness
lengths are used to describe the transfer of momentum (by velocity gradients created by wind)
and water vapor (by humidity gradients). In order to determine the stability regime (e.g., very

unstable, unstable, stable or very stable) the dimensionless parafeiteused

_z'd
= — 2.2
i (2.2)

whereL (m) is the Monin-Obukhov stability length. In this study wind speeds are observed at a
height of 10 m4,) and for bare ground the zero plane displacement heighj} is taken as 0 m.
The numerator in (2) cannot be negative, so in the everd thafreater tham, (e.g., for forest
land cover types) a value of 5 m is assigned. Whemd subsequently are positive
atmospheric conditions are considered to be stable or very stable, but ydréhis negative
atmospheric conditions are considered to be unstable or very unstable.

Computations are the most simple when the atmosphere is assumed to be neutral (i.e.,

whenL is infinitely large Brutsaert 1982]), but since diurnal oscillations between unstable and
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Figure 2.1Order of modules executed for each CLM tile at each PF time step; subsurface
information required for execution of the CLM modules is passed in from PF and surface fluxes
computed in CLM are passed out to PF at each time step. Additional, sub-modules are present in
modules with a thick border, the module shaded in gray is where evaporation computations occur
and variable notation corresponds to the module where computed.

stable conditions occuMahrt and Ek 1984] there is a need to account for the influence of
stability on fluxes like latent heat. Roughness lengths for momemtyi(m) and water vapaoyq
(m), the humidityq. {] scaling parameter and gradient as well as the friction velocity ™*)(ms
are computed usiny, L and the wind spead, (ms?), which can include a convective velocity
component. The friction velocity and humidity scaling parameter are used to obtain a new
estimates of, L, un andzyg which are subsequently used to compute new friction velocity and

scaling parameter values. This iterative approach is used to obtain values for stabitijedépe
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variables likeu. and. and is how atmospheric effects are incorporated into evaporation

estimates. Further information regarding the equations and stability functions used to solve for
the stability-dependent variables can be foundeing et al[1998] andOleson et al[2004].

The computation of the evaporative flux for each tile further depends on whether or not
vegetation is present. When the sum of the leaf area index, the one-sided area of transpiring
vegetation per unit ground area, and stem area index, the non-transpiring stem area per unit
ground area, are less than 0.05, CLM assumes the surface is bare ground. Recall that a tile is
considered to be either bare ground or vegetated. In this work, only evaporation from a bare
ground surfac&, (kgm?s?) is considered:

E, =!/".uq

s (qa' 6,)!
("2, d°/d-( ! d%

Inﬁ f % zOq &_

where" (-) is a soil resistance factat, (kgm®) is the air density computed using the

(2.3)

atmospheric pressure and temperati) is the von Karman constant taken as 0.348) is
the observational height of the specific humidity gnét) is the specific humidity of the
atmosphere. Functions for a stable or unstable atmosphere are included as additional terms in the
denominator of (3), but depending on the stability regime the number and form of these terms
will vary [Zeng et al.1998]. Figure 2.1 shows that nearly all variables included in (2.3) are
computed in the thermal processes and surface fluxes module.

The humidity gradient between the ground surface and the atmosphere is one factor that
promotes evaporation; therefore, conditions at the ground surface are required. The specific

humidity at the ground surfacg (-) is computed as

0 = Ry gOsat (2.4)
where the saturated humiditys (-) is determined using the atmospheric prespyBa) and a
polynomial approximation to the Clausius-Clapeyron equation based on the air tempgrature

(K) [Flatau et al, 1992]. In the absence of snow, the relative humidity at the soil sirfg¢e

is taken as
I

g

(2.5)

oo A
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where the pressure of the uppermost soil lpyém) is passed from PE,is the acceleration due
to gravity (9.80616 m§ andR s the gas constant for dry air (287.14'kg™). The ground
temperaturdy (K) is computed using the energy balance for each time step.

Because soil particles have the ability to attract and adsorb water molecules, evaporation
from bare ground experiences resistance compared to evaporation from open water. Three
options are available within CLM to account for this resistance: no factor at=all), a linear

formulation (default selection in CLM)

n I n
| :_Sil Ses (2.6)
" S’GS
or a cosine formulation
0 (""g11g %18
1 =1711 cogg 2 Ses') (2.7)

I-3
2@ )#lllsres&,a

where! andSesare constant values set by the user@n) is the degree of saturation of the

uppermost soil layer obtained from PF. The resistance factorges between 0 (no evaporation
possible) and 1 (no resistance to evaporation) and varies with subsurface pressure and soil type
(Figure 2.2); there is less resistance to evaporation as the soil approaches saturatiorarThe line
formulation is used in this study.

There are three locations within thg computation where subsurface information from
PF is used to inform CLM: 1) the soil pressure is used to determine the relative humidity, 2) the
degree of saturation is used to determine the soil resistance factor and 3) the degree of saturati
is used to compute the heat capacity and thermal conductivity for each soil layer which are
subsequently used to determine the ground temperature. After the initial v&jsésafomputed
using (2.3) for each tile it is corrected to reflect the current soil temperature and then converted
to a latent heat flux (Wi.
2.3 Simulations

Three evaporation parameterizations are used to compare how estimates of ground
evaporation change with model complexity; one that accounts for land surface conditions
(Simple 1), one that accounts for both land and atmospheric conditions (Simple 2) and another

(Complex; i.e., PF-CLM) which incorporates atmospheric stability in addition to land and
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Figure 2.2:Relationship between the soil resistance fagt@and the pressure of the top soil layer
for linear (D) and cosine (--) formulations of sand (gray), loam (black) and clay (light gray) soils.

atmosphere conditions (Table 2.1). All parameterizations originate from the same bas® equati
(2.3). Differences between the three parameterizations are a result of intentional iagsumpt
about stability factors and roughness lengths and how the atmospheric forcing data is aggregated
(i.e., hourly or averaged). It is acknowledged that ground evaporation would likely not be
computed using Simple 1 in practice, but using this approach allows for a systematic, stepwise
comparison of how the addition of hydrologic components to a single formulation influences
estimates of evaporation.

Complex estimates of bare soil evaporation are made from PF-CLM simulations of a 1 m
by 1 m by 10 m deep homogeneous soil column (discretized vertically by 0.1 m). A single soll

column with a 0.5 percent surface slope was selected to represent a simple hydrologiticase wit
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Table 2.1'Summary of model parameterizations.

Land Surface + Atmospheric + Atmospheric
Conditions Conditions Stability
Ground Evaporation Variables (Simple 1) (Simple 2) (Complex)
Soil Resistanceé, (-) hourly hourly hourly
Specific humidity at groundyg (-) hourly hourly hourly
Air density, #, (kgm®) annual average hourly hourly
wind speedy, (ms?) annual average hourly hourly
Specific humidity of atmosphera, (-) annual average hourly hourly
Mass transfer coefficient, Qe no stabili_ty factors; no stabili_ty factors; stabilit;; factors;
Zom = ZOq Zom = ZOq Zom A)ZOq

overland surface flow but without subsurface lateral flow. Sand, loam and clay soil columns
using the linear soil resistance formulation were evaluated under three different stisradeos
for a total of 9 simulations (Table 2.2). Each simulation was initialized by repeating thé annua
forcing for 6 years in order to reach a steady-state water table level. The transition between
unsaturated and saturated regions of the subsurface occurred between approximately 0.4 m and 2
m below the land surface depending on the soil type and climate forcing. Each simulation was
then executed for an additional year to produce the output presented and discussed in the
following sections.

Spatially uniform atmospheric forcing data from alpine, plains and tropical climate
regions are used for model simulations. Alpine data was obtained from the North American Land
Data Assimilation System (NLDAS) for a site near Breckenridge, Colorado (CO) located at
approximately 39 degrees N, 106 degrees W. Plains data was obtained from the North American
Regional Reanalysis (NARR) data set for the Little Washita watershed in Oklahoma (OK)
located at approximately 34 degrees N, 98 degrees W. Synthetic forcing for a tropical climate
was generated from a global climate model and corresponds to the forcing used as part of Project
for Intercomparison of Land Surface Parameterization Schefegglfrson-Sellers et all995].
The tropical forcing corresponds to a site located in Brazil, South America located at
approximately 3 degrees S, 60 degrees W.

Magnitudes and temporal variations of meteorological inputs differ between the alpine,
plains and tropical sites (Figure 2.3, Table 2.3). The alpine and plains sites have simmitpotim
low and high peak incoming shortwave radiation, but seasonal changes are slightly more
pronounced at the alpine site, especially in the fall. The tropical site has less anabdltyari

different radiation timing due to its location in southern hemisphere and larger overall peak
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Table 2.2: Subsurface properties.

Soil Typé®

Sand Loam Clay
Hydraulic Conductivity Ks (mmhr?) 0.269 0.005 0.0062
Porosity,& (-) 0.375 0.399 0.459
Residual SaturatiorGes (-) 0.21 0.15 0.14
van Genuchteh (m™) 3.55 1.12 1.51
van Genuchten (-) 4.16 2.48 2.26

Depth to Water Table (m)

Alpine 0.44 0.99 0.8
Plains 0.95 2.1 1.9
Tropical 0.38 0.74 0.6

®Schaap and Le{j1998]

radiation values compared to the alpine and plains sites. Similar to shortwave radiatioarbehavi
air temperature also varies diurnally and annually. The snow-dominated alpine site reaches the
lowest temperatures overall and spends much of the year below freezing. In winter months the
plains experience a short cold period, but temperatures remain above 273 K most of the year.
Tropical air temperatures are above 273 K throughout the entire year and show only a slight
decrease in temperature during winter months. Seasonal precipitation patterns arerless disti
than for radiation and air temperature. The plains site receives the least amount of fwecipita
and is particularly dry in the late summer. The tropical and alpine sites receive precipitate
consistently throughout the year with much of the precipitation occurring as snow at the alpine
site.

The Simple 1 and Simple 2 parameterizations assume a neutral atmosphere, which allows

(3) to become a closed-form solution:

E,=!!" ucCeq! q,) (2.8)
where

2
Ce= - (2.9)

0l
In$72“! le)/Ion Zn! d!/
#m & # Zq &

noting that as values @y andzmincrease, so does the value of the mass transfer coefficient Ce
(-). There are two specific differences between (2.3) and (2.8): Ce and windusfrasd) do

not account for atmospheric stability and the momentum and water vapor roughness lengths are
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Figure 2.3:Incoming shortwave radiation, air temperature (left axis, black) and precipitation rate
(right axis, gray) for alpine, plains and tropical climates.

set equal (0.01 m). The wind spagdms?) is taken as the resultant of the east-wesng?)
and north-southv{ ms*) wind speeds from the atmospheric forcing and does not include any

correction for convective velocities:

U =Vu*+V? (2.10)
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The simplest estimates of bare ground evaporation are made using (2.8)-(2.10) where
variables related to the land surface, namely the atmospheric pressure, ground temperature and
subsurface pressure which are used to determamelqy, are input as hourly values (Table 2.1).
Variables related to the atmosphere such as the air density, wind speed and specific memidity a
taken as single, annually-averaged values for Simple 1 (Table 2.3). Hourly subsurface pressure
and ground temperature values of the uppermost soil layer are obtained from completed PF-CLM
simulations and all other values are from the atmospheric forcing data. A similar approach was
used for Simple 2 except that hourly values are used for all land surface and atmospheric

variables. Snow was not considered in either of the two simple parameterizations.

Table 2.3/Annual averaged meteorological data (+ standard deviation).

Alpine Plains Tropical

Breckenridge, CO Little Washita, OK Brazil, South America
Year 20072008 19981999 1967
Air TemperatureT, (K) 270.9+9.9 290.6 + 10.5 300.5+4.2
Wind Speedy;, (ms?) 50+24 43+1.9 35+17
Air Pressurep, (Pa) 67005 + 740 97089 + 597 100005 + 280
Specific Humidity,g, (-) 0.0031 + 0.0017 0.0093+ 0.0046 0.015 £ 0.0042
Air Density, #, (kgm™®) 0.87 £ 0.025 1.17 + 0.046 1.16 + 0.018

2.4 Results and Discussion

The resulting behavior and relationships are similar among the three soil types, thus only
results from loam soils are presented. Evaluation of the atmospheric stability aseamyzde
in the Simple 1 and Simple 2 parameterizations will be evaluated before comparingesstimat
annual ground evaporation. Finally, relationships between ground evaporation and ground
temperature and subsurface pressure will be explored.
2.4.1 Atmospheric stability assumptions

Changes in atmospheric conditions lead to changes in the atmospheric stability that are
not accounted for in Simple 1 or Simple 2 parameterizations. However, in the Complex
parameterization unstable or stable conditions can occur. Using output from PF-CLM, the
dimensionless stability parametecan be computed from (2.2) and used to determine whether
the atmosphere is stable or unstable per limits providgdrg et al[1998]. The atmosphere is
unstable more than 50 percent of daytime (i.e., shortwave radiation > 0) hours per week for all

climates during much of the year (Figure 2.4); during these times the assumption of a neutral
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atmosphere in Simple 1 and Simple 2 would not be satisfied. The plains climate has the most
unstable atmosphere, especially in the summer months, whereas early summer months in the
snow-dominated alpine climate correspond to a more stable atmosphere. Once all the snow is has
melted, the atmosphere is no longer being cooled from below and the fraction of time the
atmosphere is unstable increases to a value similar to that of summer months in thaglains a

tropical climates. Atmospheric stability influences the computatiag,oés well asu.  ang

The Simple 1 and Simple 2 parameterizations also assun®gtisad constant value
equivalent to the magnitude nf,. Brutsaert[1975] points out that while it is convenient to
equatezoq andzm they are generally different and tlzgfvalues are typically an order of

magnitude smaller thazm. In the Complex parameterizatiagg is computed in CLM as

Zo = Zom 2.11)

' I uz, 45%
exp} 0.13—0omg |
.I 0 4
for each time step whe(es the kinematic viscosity of air taken as 0.0000£5'mand the

quantity u.z,./ '* forms the Reynolds number. Other parameterizations of the water vapor

roughness length as a function of the Reynolds number are also Panke{ al, 2010]. When
the Reynolds number is less than 0.13 the surface is considered to be 8nasteft 1982}

this corresponds to. ) 0.0002 where the denominator of (2.11) is approximately equal to unity

andzyq) Zom Weekly-averaged daytime friction velocities for bare soil are approximately three

orders of magnitude larger than that of a smooth surface (Figure 2.4). Beggarsé( are both
constant values, as  increasegwill decrease and the difference between the assumed value

of 0.01 m and the computed value will increase. While ranges of conmytedues are similar
among all sites, the alpine site shows the most seasonal variability with higher nahees i
summer and lower values in the winter (Figure 2.4). Computed values from CLM for the alpine
site lie at the upper range nf; estimates for bare soil at an alpine field site near Walden,
Colorado (approximately 41 degrees N, 69 degrees W) which ranged betweamd10) m
[Park et al, 2010].

The mass transfer coefficient (2.9) is a constant value for the Simple 1 and Simple 2
parameterizations, but is a function of the surface roughnesgg).@nd additional atmospheric

stability factors in the Complex parameterization of PF-CLM. While PF-CLM does not output
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Figure 2.4The probability of the atmosphere being unstable and average friction velocity values
(right axis, gray points) within daytime hours of a given week for each climate. Hourly daytime
water vapor roughness lengtygf and mass transfer coefficient values (Ce) from PF-CLM; red
lines are the mean values and gray lines indicate the assumed, constant \&@ue8.0fL m

(left column) and Ce = 0.0039 (right column) used for Simple 1 and Simpleviates.

Ce directly, values were constructed using intermediate variables. The alpine climatdhshow
most seasonal variability in Ce values where only minor variability exists in the tropical and
plains climates (Figure 2.4). Even though the Simple 1 and Simple 2 parameterizations do not

account for atmospheric stability or variations in surface characteristics, inclusiabibfyst
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factors work to minimize differences between Ce values of a neutral atmosphere and one that is
not.
2.4.2 Annual evaporation

Ground evaporation magnitudes vary throughout the year between climate regions and
between parameterization complexity. Estimates of ground evaporation in the alpine atanate
quite low (< 0.25 mmht) throughout most of the year due to the lack of available liquid water
but increase abruptly once the ground temperature rises above freezing (Figure 2.5). In the
plains, seasonal evaporation variations exist but changes are more gradual than in the in the
alpine climate. Evaporation rates in the tropical climate are more consistent andef great
magnitude than in the alpine and plains climates. Observations of bare ground evaporation are
unavailable for the time periods and locations shown in Figure 2.5. However, estimates of
evaporation within the month of August in the plains climate lie within the range of observed
values from a different yeaPgtersLidard et al, 2001].

There are periods during the year in each climate when ground evaporation behavior
differs greatly between the three parameterizations (Figure 2.5). Summer evaporation rates in the
alpine and tropical climates show sensitivity to atmospheric conditions whereas thtes i
plains climate show sensitivity to atmospheric stability. Incoming radiation is at, orteear, i
maximum (Figure 2.3) and the atmosphere is likely to be more unstable (Figure 2.4) in the
summer for all climates. However, when the plains climate becomes watedlifRigure 2.6)
in the late summer, there are behavior differences between the ground evaporation rates from the
different parameterizations (Figure 2.5). Evaporation rates decrease quickly after a pogcipita
event in the plains when the effects of atmospheric stability are not included, whereas the
decrease occurs over a longer period of time and spans a wider range of magnitudes when
stability is accounted for. The alpine and tropical climates maintain higher levelsstfiraon
the subsurface during summer months and parameterizations with (Complex) and without
(Simple 2) stability show similar behavior. Temporal comparisons indicate that atmospheric
conditions influence evaporation behavior the most when water is not critically limitedashere
atmospheric stability influences evaporation behavior the most under water-limited conditions

Statistical analysis can also be used to evaluate differences between evaporation
magnitudes from each parameterization. Evaporation estimates from each parainetedna

be treated as a time series and divided into quartiles that correspond to fall, winter, spring and
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Figure 2.5Comparison of annual ground evaporation by parameterization complexity for each
climate;P land surface conditions (Simple Hland surface and atmospheric conditions
(Simple 2) and P land surface, atmospheric conditions and atmospheric stability (Complex).
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Figure 2.6:Annual variations ir$ sal resistance factors (-) for alpine, plains and tropical
climates:.

summer seasons for each climate. Paired differences at each time step battveétheahree
parameterizations were computed and showed non-stationary behavior. In order to generate
stationary time series, data from each parameterization was thinned into a subsehef 24 ti

series where each series corresponds to a different hour of the day. These stationary time series
allow the necessary means and variances to be computed in order to perform hypothesis testing.
Paired t-tests were then conducted to determine if the seasonal means of thesestémate

different at each hour of the dalfach season provides 24 correlated z-test statistics and we
conservatively select the test statistic with the minimum absolute value tatvaihether the

mean of the predictions are significantly different. If the minimum test statisgttatistically

significant, we can conclude that there are statistically significant diffesémt¢ee mean

estimates of the two parameterizations under consideration for the entire season:t€stsed t

are well approximated by z-tests due to the large sample size for each test. Table 2.4 provides
test statistic values for each season and climate; absolute values greater than :i@0 (per t
Bonferroni correction) are statistically significant at the 0.05 level. Evaporation estimate

alpine climate show significant differences between the different paramgtersztor several

seasons. Differences between estimates from Simple 1 and the two other paramoptear
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significant during the winter season in the alpine climate and in the spring and summer seasons
of the tropical climate. Even though there are visible behavior differences between théeastim
(Figure 2.5) the hourly values might not be statistically significant on a seasonal basis due to

large variances (e.g., summer in plains and fall/winter in tropics).

Table 2.4Z-test statistic values for parameterization comparisons

Seasof Simple 1-Simple 2 Simple 2Complex Simple 1-Complex
Fall 1.31 3.10 1.77
£ winter 7.98 13.48 10.77
% Spring * 3.57 *
Summer 5.20 0.01 5.05
Fall 0.004 0.33 0.62
% Winter 5.29 0.01 5.89
o Spring 0.53 0.35 0.01
Summer 0.66 0.59 0.25
— Fall 0.04 0.26 0.05
S winter 0.43 0.31 0.01
= Spring 4.42 0.84 11.86
Summer 3.71 0.54 9.03

! Significant test statistics are in bold. Stationawgs not achieved for the Simple 1 parameterizatiaghe
spring season of the alpine climate.

2 For northern hemisphere: Fall (Octolizecember), Winter (Januaiarch), Spring (Aprilune), Summer
(July-September); For southern hemisphere: Fall (Apusite), Winter (JuhSeptember), Spring (October
December), Summer (Janugdarch).

The ordering of evaporation estimates from the three parameterizations depends on the
magnitude of the wind speed, specific humidity and soil resistance factor. When wind speeds are
larger than the annual average and the specific humidity is lower than annual average the model
with no atmospheric stability (Simple 2) tends to predict the largest rates of evaporation (Table
5). For example, the wind speed in the alpine climate is greater than the annually averaged value
67% of the time and the specific humidity is only greater than the annually averaged value 11%
of the time when Simple 2 predicts the maximum evaporation magnitude. Conversely, when
wind speeds are below average and the specific humidity is above average Simple 1 predicts
larger evaporation rates compared to the other parameterizations (Table 2.5). The
parameterization ordering in response to the magnitude of the soil resistance factor is not as
evident as the response to atmospheric variable magnitudes. However, looking from left to right

across the columns of the bottom set of rows in Table 2.5, the Complex parameterization predicts
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the highest magnitudes of evaporation when the soil is the driest (i.e., soil resistance factor <
0.5). The Simple 2 and Complex parameterizations of the alpine climate have similar
percentages of time where the soil has a resistance factor less than 0.5 becausadistsei

stays relatively constant for a large portion of the year due to the presence of snow. These
patterns provide insight into how the magnitudes predicted by each parameterization respond to

conditions at the land surface and in the atmosphere.

Table 2.5Percent of time variables are above or below threshold value.

Parameterization with maximum

E,r magnitude: Simple 1 Simple 2 Complex

Wind Speed Alpine 12% 67% 12%
ind Spee ) . . .

(> annual average) ~ "lains 38% 73% 39%

Tropical 27% 81% 49%

Specific Humidi Alpine 80% 11% 3%
pecific Humidity ) . ) .

(> annual average)  "lains 95% 8% 46%

Tropical 89% 13% 19%

. . Alpine 23% 89% 87%

(S<og I;)esstance Plains 88% 00% 08%

Tropical 7% 42% 61%

2.4.3 Evaporation relationships

The temporal figures indicate the existence of relationships between evaporation and
variables like ground temperature, wind speed, soil pressure and specific humidity. After an
extensive comparison, it was determined that some combinations of these variables exhibit
relationships with evaporation while many others do not. All climate regions show a relationship
between ground evaporation and ground temperature where evaporation increases nonlinearly
with ground temperature, similar to what is shown in Figure 2.7. For the plains climate, this
relationship aggregates into ranges of pressure, specific humidity and air temperature.

Throughout most of the year pressures in the top layer of the plains soil column are
between -1,000 and -5,000 mm (Figure 2.7), which is drier than loam soils in the alpine and
tropical climates (Figure 2.6). Soils in the plains become extremely dry (< -5,000 mm) in the
summer and fall months due to the lack of precipitation. Interestingly, theselivvatied-
conditions group together as a subset of the overall ground evaporation-temperature relationship;

the red points in the top-right panel of Figure 2.7 correspond to pressures below -5,000 mm (i.e.,
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below the red line in the top-left panel). Rates of ground evaporation from soils with low
pressures increase more gradually with ground temperature whereas when more water is
available larger increases in evaporation occur with only small increases in temperaitlire (sol
lines in Figure 2.7). Points corresponding to water-limited conditions also emerge when the
ground evaporation-ground temperature relationship is grouped by specific humidity (points
outlined in dark gray in middle row of Figure 2.7). Low specific humidity values (< 0.005) and
cool ground and air temperatures correspond with the energy-limited time of the year and result
in smaller rates of evaporation.

Air temperature enters the ground evaporation computation through the air density and
saturated humidity variables. An organized grouping of the ground evaporation-ground
temperature relationship based on air temperature shows that wide ranges of evaporation can
occur for given ground and air temperature ranges (Figure 2.4). Air temperatures greater than
298 K correspond to a wide range of soil pressures, which means soil resistance values also span
across a wide range from approximately 0.05 to 0.9 (Figure 2.6). This can explain why the range
of evaporation at high air temperatures is the largest. Conversely, when the system is energy-
limited during winter months, both air and ground temperatures are low. Even though soil
pressures are above average in the winter (i.e., soil resistance is not at its minimum) emaporati
is limited by energy and remains small (blue points in bottom-right panel in Figure 2.7).

Ground evaporation also shows a relationship with the pressure of the top soil layer
which can be further evaluated based on model complexity (Figure 2.8). Hourly evaporation
values from each parameterization are shown as a function of pressure (x-axis) and ground
temperature (color of circle). Simple 1 was evaluated at five discrete ground temperaeses; li
are shown for reference in the Simple 2 and Complex panels of Figure 2.8. The stratification of
evaporation magnitudes by ground temperature shown by Simple 1 dissolve with the addition of
atmospheric variables, primarily as a result of the specific humidity. In the Simple 1
parameterization, the sign of the evaporation value depends entirely on the magnitude of the
ground specific humidity; wheuy is larger than the annually averaggdalue evaporation will
occur and wheny is smaller condensation will occur. However, the sign of the evaporation
value in Simple 2 depends on the humidity gradient ae0y in (2.9)) and results in shifts
between condensation and evaporation. Including the effect of atmospheric stability further

decreases the variance in estimates of bare ground evaporation rates, but does not influence the
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Figure 2.7:Comparison of the relationship between ground temperature and ground evaporation
in the plains region as a function of soil pressure (top row), specific humidity (middle row) and
air temperature (bottom row) ranges where annual variations of each variable are shown in the
left column. Solid colored lines in left and right columns are for discrete pressure (-1000 mm, -
2200 mm, -5000 mm) and specific humidity (0.013, 0.009, 0.005) values input to the simplest
model. Colored points in the right column correspond to resultsPfe@LM and are binned by

soil pressure, specific humidity or air temperature ranges matching color divisions in the left
column panels.
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behavior of the evaporation-pressure relationship as much as the humidity gradient. Even though
the atmospheric variables and stability vary throughout the year, the humidity gradient strongly
influences the relationship between evaporation and soil pressure.

2.5 Conclusions

In this study, we compare the sensitivity of evaporation estimates from three climates to
three different parameterizations of the mass transfer approach using the PF-CLM model. Soill
moisture information from PF is used in CLM to compute the relative humidity of the ground
surface, the soil resistance factor and the heat capacity and thermal conductivity ofleach s
layer. Coupling between the PF subsurface and the CLM land surface allows information to be
exchanged across this interface. Each parameterization varies in complexity and coupling
strength through the sequential addition of land surface conditions (Simple 1), atmospheric
conditions (Simple 2) and atmospheric stability (Complex). The two simple parameterizations
assume a neutral atmosphere and constant roughness lengths whereas the most complex
parameterization uses an iterative approach to compute roughness lengths and stability factors.
We use output from each parameterization to investigate the role of atmospheric stability,
compare estimates over time and to explore functional relationships between evaporation and
other hydrologic and meteorological variables.

Parameterization complexity influences both the behavior and magnitude of evaporation
estimates. In the Complex parameterization atmospheric stability changes throughout the year,
which translates to changes in stability factors, friction velocities and roughness.|&wvgihs
though roughness length values differ by nearly an order of magnitude between simple and
complex parameterizations, the mass transfer coefficients do not. This implies thaboCeery
sensitive taq or that stability factors help to compensate and minimize differences between
parameterizations; the latter is showMiiebb[1975]. Behavior differences between
parameterizations with (Complex) and without (Simple 1 and Simple 2) atmospheric stability are
most visible under water-limited conditions (e.g., late summer in alpine climate). Temporal
patterns of evaporation are generally similar between the different parameterizati@ahfor e
climate but seasonal averages of hourly evaporation values are significantly different in only
some cases. Variables like wind speed, specific humidity, ground temperature, air temperature
and the soil resistance factor influence the ordering of evaporation estimates and also show

functional relationships with ground evaporation. A parabolic relationship exists between ground
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evaporation and ground temperature for all climates; however, estimates that correspond to
waterlimited times of the year in the plains climate form a defined subset of the overall
relationship. The functional relationship between ground evaporation and subsurface pressure
responds most strongly to the addition of specific humidity. These results show that
parameterization structure can lead to different responses and sensitivities tlthbshoul
considered when evaluating output from different models.

In reality, lateral flow, which is not captured by the single column model, is present in
natural systems and will inherently influence bare ground evaporation magnitudes at topographic
low points or at the bottom of hillslopes. While changes in water table depth will increase or
decrease evaporation magnitudes we expect that the behaviors and relationships discussed in this
study will be preserved. Given that subsurface flow in the upper soil layers is primarily in the
vertical direction Chen and Hu2004] and because only the soil pressure of the top layer is used
in the estimate of bare soil evaporation, these results are most representative of esaporati
behavior when the surface and subsurface are coupled through a shallow water table. The
presence of vegetation will also influence fluxes from the land surface because Wigare/
the subsurface through a different mechanism. Since PF-CLM is capable of capturing lateral
flow and a variety of land cover types, future work should evaluate how relationships presented
here change as more complexity is introduced to the model domain.

Understanding how components and assumptions of a given evaporation formulation
influence model output can help identify why estimates are different between paraatieteyiz
While there are computational advantages to using approaches that assume a neutral atmosphere,
there are hydrologic conditions and times throughout the year when stability is important. This
knowledge is valuable for model developers who must determine if resources to add complexity
to a model would result in any improvement to the output and to model users who must interpret
the output. Furthermore, knowledge of relationships between ground evaporation and other
variables are important because oftentimes those data are more readily availahlagbeatien
data. These relationships are another tool that can provide insight into what variables are
important and how evaporation rate magnitudes might vary between climates and under different

hydrologic conditions.
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CHAPTER 3
ACTIVE SUBSPACES FOR SENSITIVITY ANALYSIS AND DIMENSION REDUCTION
OF AN INTEGRATED HYDROLOGIC MODEL

Modified from a paper published @omputers and Geoscientes

Jennifer L. Jeffersdn®’, James A. Gilbeft’, Paul G. Constantifi@and Reed M. Maxwetl®

Abstract

Integrated hydrologic models coupled to land surface models require several input parameters to
characterize the land surface and to estimate energy fluxes. Uncertainty of input parameter
values is inherent in any model and the sensitivity of output to these uncertain parameters
becomes an important consideration. To better understand these connections in the context of
hydrologic models, we use the ParFlow-Common Land Model (PF-CLM) to estimate energy
fluxes given variations in 19 vegetation and land surface parameters over a 144-hour period of
time. Latent, sensible and ground heat fluxes from bare soil and grass vegetation weralestimate
using single column and tilted-v domains. Energy flux outputs, along with the corresponding
input parameters, from each of the four scenario simulations were evaluated using active
subspaces. The active subspace method considers parameter sensitivity by quantifying a weight
for each parameter. The method also evaluates the potential for dimension reduction by
identifying the input-output relationship through the active variableba linear combination of

input parameters. The aerodynamic roughness length was the most important parameter for bare
soil energy fluxes. Multiple parameters were important for energy fluxes from vegetated surfaces
and depended on the type of energy flux. Relationships between land surface inputs and output

fluxes varied between latent, sensible and ground heat, but were consistent between domain
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setup (i.e., with or without lateral flow) and vegetation type. A quadratic polynomial was used to
describe the input-output relationship for these energy fluxes. The reduced-dimension model of
land surface dynamics can be compared to observations or used to solve the inverse problem.
Considering this work as a proof-of-concept, the active subspace method can easily be applied
and extended to a range of domain setups, land cover types and time periods to obtain a reduced-
form representation of any output of interest, provided that an active subspace exists.

3.1 Introduction

Energy transfer into and out of the land surface is a primary driver of climate and weather
patterns. Incoming solar radiation provides energy to change the phase of water through latent
heat and heats the land surface and subsurface through sensible and ground heat, respectively.
Latent heat fluxes redistribute water between the land and atmosphere through evaporation and
transpiration while sensible and ground heat fluxes change the surface temperature and promote
atmospheric circulation. Evapotranspiration depends on the surface temperature, is the largest
component of the surface energy balariadefberth et al.2009] and is responsible for
precipitation that falls around the globe. Components of the surface energy balance are difficult
to measure because they vary in both space and time. As a result, hydrologic models emerge as
one approach to obtain estimates of these fluxes; other approaches such as remote sensing
[Carlson et al. 1995;Mu et al, 2007] also exist. As computing power has increased these
models have become more complex, often requiring several input parameters to model
interacting systems. If the complexity of models can be reduced while still maintainimg@&g
understanding the distribution of water and energy throughout the hydrologic system becomes
more accessible.

Hydrologic models can be used to estimate energy and water fluxes for a given set of
environmental conditions. Unlike measurements that capture conditions over a finite period of
time, models can simulate a range of scenarios that cannot be observed but are of interest to
researchers and end-users of model output. Representing complex, natural systems in such
models can require between 10 and 50 surface and subsurface input par&asteias| et a.

1999]. Unfortunately, many input parameters are difficult to measure or obtain, which introduces
uncertainty in the precise values required for model simulat®esen 1989]. It is important to

understand how uncertain inputs influence model output.
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Recently, integrated hydrologic models have emerged as an option to combine attributes
of groundwater and land surface models. Groundwater models handle flow within the saturated
zone but often poorly represent the unsaturated zone. Land surface models estimate water and
energy fluxes and may simulate the unsaturated zone. Traditionally, land surface models have
limited capabilities to account for the saturated zone and do not consider subsurface flow in three
dimensionslliang et al, 1994;Henderson-Sellers et all995;Beven 1997]. Integrated models
compute the flow of water in both unsaturated and saturated regions of the subsurface, and
account for spatial and temporal variations in water table depth. Subsurface conditions have been
shown to influence surface energy fluxbshmood and Hubbar®003;Rihani et al, 2010;

Ferguson and MaxwelR011;Szilagyi et al.2012], so integrated hydrologic models should
provide more realistic representations of natural systems, given that their parametets are w
constrained by observations. Historically, integrated models have been less studied but given
their growing use it is important to consider the sensitivities of these types of models.

Several studies analyze the sensitivity of energy balance estimates to changes in inputs
for land surface models (Table 3.1). Some studies use at@atme (OAT) approach to
evaluate how output changes as a result of changing one input parameter, while others use
methods that account for parameter interactions. Depending on the method, the number of
hydrologic model simulations required to conduct a sensitivity analysis (SA) study can vary over
five orders of magnitude. Detailed descriptions of the methods included in Table 3.1 can be
found in the respective references and are summarizgeringer et al[2002]. In addition to
differences in methods, SA studies of hydrologic models have varying scopes where some
compare findings between multiple models while others focus on one model. The studies in
Table 3.1 identify important model input parameters like leaf area index, aerodynamic roughness
length and stomatal resistance, but often lack specific recommendations for how to use this
information. Other studies, not included in Table 3.1, focus on the sensitivity of energy fluxes to
meteorological inputs, subsurface properties or the spatial scale of the domain, as opposed to the
model inputs used to characterize the land surfaberi and Dudhia2001;Abramowitz et aJ.
2008;Rihani et al, 2010;Pau et al, 2014].

Only one of the studies included in Table 3.1 evaluates the sensitivity of an integrated

hydrologic modelSrivastava et all2014] evaluated the sensitivity of latent heat and streamflow

32



Table 3.1: Summary of energy flux sensitivity analysis (SA) studies, methods and sensitive land

surface parameters.

Sensitive Land Surface Number of
Reference Model? SA Method(s) Parameters Simulations
Bastidas et al[1999] BATS MOGSA lai, lai0, sai, zZOm stomatal 750-3,000
resistance, soil and root layer
depths, root function *
Beringer et al[2002] NCAR Redued form lai, zOm displacement height 200
LSM model
Collins and Avissar LAID FAST lai, zOm stomatal resistance 13,000
[1994]
Franks & al. [1997] TOPUP RSA surface resistance * 20,000
Gao et al.[1996] BATS Feature curves wp, zOm* >150
GShler et al.[2013] CLM3.5 Eigen rl_n, rs_n,soil resistance factor 3000
decomposition and layer depth, photosynthesis
factors *
HendersorSellers BATS Factorial z0m photosynthesis factor * 96
[1993]
Hou et al.[2012] CLM4 MRE * 128
Jacquemin and Noilhan NP-89 OAT lai, zOm stomatal resistance >50
[1990]
Li et al.[2013] CLM Local, SOT, dl, rl_n, tl_n, wp, zOm 1400
MARS, delta, photosynthesis factor *
Morris OAT
Liang and Guo[2003] 10 LSMs Factorial lai, stomatal resistance * >1,000
Liu et al.[2004] NCAR MOGSA dmx rl_n, tl_n, xI, canopy and 500-20,000
LSM displacement height,
photosynthesis factor *
Pitman[1994] BATS OAT lai, s zOm root layer depth * 1 200
Rosero et al[2010] Noah LSM  Sobol' lai, stomatal resistance * 405,000
Schwinger et al[2010] CLM3.5 Linearized model lai, zZOm* 72
Srivastava et al[2014] PFRCLM Morris OAT lai, wp* 340

* Study also included subsurface parameters that were identifiethagtant in addition to the land surface

parameters

2 BiosphereAtmosphere Transfer Scheme (BATS), Common Land M@EM), Land-Atmosphere Interactive
Dynamics (LAID), Land surface model (LSM), National @arfor Atmospheric Research (NCAR), Noilhan
Planton (NP89), Variable Infiltration Capacity (VIC)
® Fourier amplitude sensitivity test (FAST), Multiobjivet generalized sensitivity analysis (MOGSA),
Multivariate adaptive regression splines (MARS), Minim Relative Entropy (MRE), orat-a-time (OAT),
regionalized sensitivity analysis (RSA), sufatrees(SOT)

to soil and surface parameters using the ParFlow-Common Land Model (PF-CLM). Single

column OAT SA were completed to determine the most important CLM parameters (i.e., leaf
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area index, field capacity, stem area index, wilting point and aerodynamic roughness length).
The sensitivity of latent heat and streamflow estimates were then assesgeati@isilorris OAT
method and a watershed-specific domain of the Santa Fe River Basin located in northern Florida
[Srivastava et a).2014]. Vertically-variable subsurface units and spatially-variable surface
characteristics were used to represent the domain. Results of the Morris OAT showrthat late
heat is sensitive to the hydraulic conductivity in both confined and unconfined regions of the
domain and that leaf area index (in confined regions) and wilting point (in unconfined regions)
are also important input parametessiyastava et al.2014].

In this work we use the recently developed active subspace mé&bostinting2015]
to build a low-dimensional model of the relationship between energy flux predictions from the
PFCLM and 19 of its input parameters. The active subspace also identifies the parameters
whose perturbations cause the greatest change in predictions, and we compare these important
parameters to previous sensitivity analyses. Different Bonastava et al[2014], this work
focuses only on land surface parameters, evaluates additional energy fluxes, uses a different SA
method and presents reduced-dimension models of surface energy fluxes. Furthermore, we study
two idealized domains which allows us to more easily interpret the SA and dimension reduction
results. The low-dimensional model is used to gain insight into the behavior of latent, sensible
and ground heat fluxes for a specific set of meteorological conditions. Active subspaces are
novel tools for dimension reduction and have not been previously applied within the field of
hydrology.
3.2PF-CLM integrated hydrologic model
3.2.1 Model applications and description

PFCLM has been used to investigate a range of hydrologic questions in both idealized
and watershed-specific domains. Several studies have used PF-CLM to identify and understand
relationships between subsurface heterogeneity and energy fliaes ¢!l and Kollet2008;
Kollet, 2009;Rihani et al, 2010;Condon et a].2013]. PF-CLM has also been used to compare
energy fluxes before and after land cover changes due to the infestation and spread of the
mountain pine beetle in the Rocky Mountains of Colorddielson et al.2013b]. Irrigation
and water management decisions in agricultural settings perturb the hydrology of a watershed by

altering energy feedbacks between the subsurface and land surface; this has been studied
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extensively using a PF-CLM model of the Little Washita watershed in OklaHeengLjson and
Maxwell 2011;Condon and MaxweglR013, 2014a, 2014b].

Latent, sensible and ground heat fluxes are the three major components of the surface
energy balance. The CLM parameterizations used to quantify these fluxes originate from the
Biosphere Atmosphere Transfer Scheme (BATH) [et al, 2003] but have been modified to
incorporate subsurface moisture conditions. Subsurface pressures are approximated in PF using

the RichardsO equation:

1y 1s(! 0 :
ss(! p)'!'tp +" !(t ), ="# @K, 0k (1 ,)#" (1, $2)(+q, (3.1)

whereS; is the specific storage fl], Sis the relative saturation which is a function of the

pressure heald, [L], tis time [T],! is the porosity of the soil [-Ks(X) is the saturated hydraulic
conductivity tensor [LT], k is the relative permeability [-], which depends on the pressure head,
zis the depth below the surface [L] amds the source/sink term which includes infiltration,
evaporation and transpiration {l PF approximates the subsurface pressure head using a cell-
centered finite difference approach in space and an implicit backward Euler scheme timetime
discretized system is solved with a Newton-Krylov methlmhgs and Woodwar@001;

Maxwell 2013;0setKuffuor et al, 2014]. This method, along with the use of preconditioners to
accelerate the solving process, has been used in several geoscience applztisos gt al.
1997;Jenkins et a).1999;White and Borja2011].

The parameterizations of latent, sensible and ground heat require several input parameters
to describe vegetation and soil properties (Table 3.2). Parameters used to describe the root
distribution or to compute rates of photosynthesis are not included here. The selected input
parameters are connected to the output energy fluxes through a series of intermediate variables
(Figure 3.1). Latent heat depends on all input parameters listed in Table 3.2 and is computed
differently depending on whether vegetation is present. Bare soil evapdE@t(digm'zs'l) is
computed as:

E,=!/".uq (3.2)

where" (-) is a soil resistance factat, (kgm®) is the air densityl. (13 is the friction

velocity andg.  (-) is the humidity scaling parameter. When vegetation is present on the land

surface, evapotranspiration is computed as:
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Table 3.2: Selected bare soil and grass surface input parameters.

Distrib ution Default

Parameter description Name (Range) value Units
Maximum dew on canopy dmx U(0.05, 0.15) 0.1 mm
Leaf area index (maximum) lai® u(l, 4) 2 --
Leaf area index (minimum) lai0 U(0.05, 3) 0.5 --
Stem area index sai U(0.5, 4) 4 --
Leaf and stem orientation index Xl U(-0.3, 0.4) -0.3 --
Leaf dimension di° u(0, 0.16) 0.04 m
Leaf reflectance (visible light) rl_ve U(0.06, 0.13) 0.11 --
Leaf reflectance (near infrared light) rl_n¢ U(0.35, 0.55) 0.58 --
Stem reflectance (visible light) rs_ U(0.3, 0.4) 0.36 --
Stemreflectance (near infrared light) rs_rf U(0.5, 0.6) 0.58 --
Leaf transmittance (visible light) tl U(0.01, 0.09) 0.07 --
Leaf transmittance (near infrared light) tl_n U(0.1, 0.45) 0.25 --
Stem transmittance (visible light) ts_ U(0.15, 0.25) 0.22 --
Stem transmittance (near infrared light) ts_rf U(0.3, 0.4) 0.38 --
Field capacity fc® U(.3,1) 1 --
Wilting point wp® U(0.1, 0.3) 0.1 --
Aerodynamic roughness length (bare soil) zoni LN(-8.83, 1.47) 0.01 m
Aerodynamic roughness length (grass) zoni LN(-5.11, 0.52) 0.03 m
Soil color sc u(1, 8) 2 --
Water table depth (below surface) wit U(-10,-1) -- m

& Uniform(minimum value, maximum value) and LogNormad@n, standard deviation)
® Friedl et al.[1994]

¢ Smith and Gellef1980]

4 Asner et al[1998]

€ Campbell and NormafiL998]

"Wieringa[1993; Park et al.[2010]

Iy #
Eveg = II Rpp,dry + LW@‘SA| I(Iglr_a(QS.':lt O/‘Qaf )I$ (33)
b

where the air density, boundary resistance fagt(m), saturated humidity at the land surface
Osat (-) and humidity within the canopys (-) combine to form the potential evapotranspiration.
Potential evapotranspiration is partitioned between transpirgiar, (-), which depends on the
dry fraction of the canoply (-), and evaporation, which depends on the fraction of foliage
covered by the watédr, (-). The sum of the leaf and stem area indiggg(-) quantifies the total
surface from which evaporation can occur. Transpiration occurs from only the leaf surface,
quantified by the leaf area index, (-), and from the dry fraction of the canopy,Rg.ary iS

computed as:
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Major Components of the Surface Energy Balance
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Figure 3.1: Connections between latent, sensible and ground heat output fluxes and input
parameters in PF-CLM. Dashed lines indicate that intermediate variables and corresponding
input parameters are similar for each of the variables along the solid lines; for example, both
SH.egandRw,c depend omy,. All energy fluxes depend on ground temperature, which is a
function ofscandwt.

_ Ldrb & I—Al,sun + I—AI,Sh l# (34)

ppdry — ;
LAI + I’ssun rb + r‘s,sh b

R

wherers (sm?) is the stomatal resistance. The leaf area index and stomatal resistance are furthe
partitioned between the sunlit (subscspt) and shaded (subscrigh) portions of the canopy.
When photosynthesis is not limited by lightdepends on the subsurface moisture, which is
accounted for through:
! vegzllﬂ 0 oot g—ss”: (3.5)

1=1 fc p
whereS§ is the degree of saturation (passed from PF to CLM)Ya&d(-) is the fraction of roots
in soil layerl. PF and CLM exchange data across the 10 layers directly beneath the surface. Bare
soil evaporation and evapotranspiration are expressed as latent heat fluxes when multiplied by
the latent heat of vaporizatiog (2.5104e-6 JK§).

Sensible heat fluxes depend on six of the input parameters listed in Table 3.2 and also
vary based on whether or not vegetation is present. Sensible heat from bﬁk@r:{Wm'z) is

computed as:
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SH, =/, —TQ’ !r::a"'gr (6)
whereg; is the specific heat of dry air (1004.67 3kgh), Tair,gr iS the air temperature at the

ground surface (K)Ty is the ground temperature (K), which depends on the subsurface pressure
head, andan is the aerodynamic resistance factor tsmhich accounts for atmospheric

stability. The sensible heat flux from a vegetated sun&d;gg,(Wm‘z) is computed as:

L
Sl-(,eg:!acp%(c Toes! CargrTargr ! CorTyr) @)

veg ' veg * air,gr " air,gr gr "gr
b

whereC,q4is the normalized heat conductance of vegetalipgis the vegetation temperature,
Cairgr is the normalized heat conductance of air at the ground surfacgdadhe normalized
heat conductance of the ground.

The ground heat fluGH (Wm®) depends strongly on longwave radiation and accounts

for both latent and sensible heat fluxes from bare soll, if present:
GH = Rgr + |:§W,C +'Igr RW ' !gr'l Tg:?‘,t! l(Tgr,t! 1 +4" Tgr) I Sng ' !vEgr (8)

whereRy, is the radiation absorbed by the ground surface @VRu, . is the longwave radiation
below the canopy (W), Rw is the downward longwave radiation obtained from the
atmospheric forcing (W), l'yr is the emissivity of the ground taken as 0.96"(i} the Stefan-
Boltzmann constant (5.67e-8 Wi ™), Tgr,t1 IS the ground temperature at the previous time step
and#Ty is the difference in soil temperature between the previous and current time step.
3.2.2 Domain setup

Two domains are used for the sensitivity analysisba single column and a tilted-v (Figure
3.2). The single column represents the simplest hydrologic case with no lateral flowtethe til
is a standard test problem in hydrologdahday and Huyakor2004;Kollet and Maxwell2006;
Sulis et al, 2010;Maxwell et al, 2014b] and represents an idealized watershed with lateral
subsurface and overland flow; two hillslopes intersect to form a channel that directs flow out of
the domain. The dimensions and discretization of each domain were selected so that the single
column domain represents approximately one column of the tilted-v domain (Table 3.3). Each
domain was simulated with uniform land cover, either as bare soil or grass. In order to isolate the
sensitivity of land surface parameters, subsurface parameters were set to be homogeneous and

representative of an average loam soil for all simulations (TableS:Bagp and Lei2000]).
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Computing energy fluxes in PF-CLM requires meteorological forcing data. Eight

atmospheric variables are required for each time step of the model simulation: shortwave

radiation, longwave radiation, precipitation rate, air temperature, east-west and north-south wind

speeds, atmospheric pressure and specific humidity. A 144-hour segment of meteorological data

from the Little Washita watershed in Oklahoma is used for both the single column and tilted-v

300

m
y (m) X (M)
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||
W10
S,=0.10 S,=0.10
300 S,=0.05 S,=0.05
——— 140 20 140

Figure 3.2: Three dimensional (top) and plan view (bottom) of the tilted-v domain. Units of plan
view are in metersS, andS, are slopes in the x- and y-directions, respectively, and the dark
square indicates a resolution of 10 m.
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Table 3.3: Model setup for single column and tilted-v model domains.

Parameter Single Column Tilted -V Units
dimensions
Length 10 300 m
Width 10 300 m
Thickness 10 10 m
I'x 10 10 m
ly 10 10 m
4 0.1 0.1 m
subsurface
Saturated hydraulic conductivitifsy 0.04465 mh'*
Specific storageS 1.00E06 m*
van Genuchteh 4.0738 m’*
van Genuchten 2.19 -
Residual saturatior§es 0.11 .
Porosity," 0.512 %
surface
Slope (x, y) 5,0 10,5 %
Land cover bare sail, grass -
Manning's roughness 1E-06 hm*®
forcing
Climate Plains -
Event duration 144 h
I't 1 h

domains (Figure 3.3). In the tilted-v simulations the water table drains by gravity to reach a
steady state of subsurface storage before the forcing is applied (Figure 3.4); this ensures latera
flow is occurring and that energy fluxes are a result of the precipitation event. The 144-hour
segment of meteorological data from July 23-29, 1998 was selected because it captures both wet
and dry periods in the late summer when the energy fluxes are expected to be near their
maximum values. Evaluating the domains on a seasonal or annual basis is likely of interest for
practical applications, but for purposes of this study a short period was selected so that multiple
simulations could be completed quickly.
3.3 Active subspace method

In this hydrologic application active subspaces are used to study the relationship between the
PFCLM input parameters and the predicted quantities of interestNnamely, latent heat, sensible
heat and ground heat. The active subspace is the span of a set of directions. These directions are

eigenvectors of a matrix derived from the gradient of the map between model inputs and
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Figure 3.3: Precipitation rates and air temperature (dashed line; right axis) for July 23-29, 1998
(144 hours) for the Little Washita watershed in Oklahoma.

quantities of interest. Parameter perturbations along these directions change quantttessof i
more, on average, than parameter perturbations in orthogonal directions. To compute these
directions, one randomly samples the gradient and computes the uncentered principal
components (as opposed to centered principle components where the mean is subtracted from
each data) from the collection of samples. However, this method requires access to the gradient
of the quantity of interest with respect to the parameters, which is not available in PF-CLM.
Finite difference approximations are not feasible, since they would require up to 19 runs per
gradient sample.

Without gradients, one must estimate gradients with a model. In this case, a linear model is
used to approximate the input-output map which is discussed in Chapt€othstantind2015]

and briefly summarized below. The normalized gradient of the linear model defines one direction
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Figure 3.4: Initial depth to water table for the tilted-v domain simulations. Orientatioguoé fi
is similar to Figure 3.2.

in the 19-dimensional space of input parameters. This approach is appropriate when (i) the active
subspace is one-dimensional and (ii) the quantity of interest is roughly monotonic with respect to
each of its input parameters. Both of these conditions can be verified with a sufficienrgumma
plot, which displays the relationship between the modeled quantity of interest and a linear
combination of the input parameters (i.e., the active variable); the weights of the linear
combination are the components of the linear modelOs normalized gradient. Each point on the
sufficient summary plot corresponds to the inputs and corresponding output from one model
realization.

The algorithm for a generic function is expressef{x@@swheref is the quantity of interest,
andx is the vector containing the normalized input parameters; for PF-&lclhtains 19
components. The following procedure is applied to each of the four case$/usiB0, which

is a total of 1,200 simulations:
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1. Fori=1,...M,drawx; uniformly at random from a 19-dimensional hypercube with ranges
['1, 1].

2. For eachx;, computd; = f(x;), which involves shifting and scalingto the PF-CLM input
ranges and running PF-CLM.

3. Use least-squares to fit the coefficiedisand &= [&,E ,é}v,]T of a linear model,
f1&@+ax,, (3.9)

using the pairsg; andf;.
4. Compute the normalized gradient of the linear model

.8
W—W.

5. Plot the pairs(\K)Txi, fi) , Which is the sufficient summary plot.

(3.10)

If the sufficient summary plot reveals a strong, univariate relationship betiesandf, then
f(x)= g(v@Tx) (3.11)
whereg is a univariate, scalar-valued function fit with the p@]ﬁxi, fi) Ne.g., linear,

quadratic or cubic polynomial. Fitting a function in this manner allows for visual confirmation of
the relationship between the inputs and the outputs using the sufficient summary plot. Appendix
A.1 contains the derivation of the previous algorithm.

Additionally, the weights of the linear combination (i.e., the componénig)adentify
the input parameters that contribute the most to the one-dimensional active subspaceeBaramet
with relatively large (in magnitude) weights are the important parameters; perturbationg in thes
parameters change the quantity of interest more than perturbations in other parameters. The sign
of the weight indicates the direction moved along the horizontal axis (i.e., the active variable) of
the sufficient summary plot as the input parameter value increases or decreases. In other words,
the weights allow for analysis of the modelOs sensitivity to changes in parameters.

Active subspaces not only provide insight into which parameters are important, but also
approximate the relationship between model inputs and outputs with fewer parameters than th
number of inputs. While this method has never been applied in the field of hydrology, successful
applications to aerospace models include shape optimizatikagzyk et al.2014] and safety

engineering Constantine et a/2014].
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3.4 Results and discussion
3.4.1 Single column domain

The weights in Figure 3.5 quantify the importance of the parameters for the single
column domain; weights with large magnitudes imply that the corresponding parameters cause

more change in the heat fluxes than those with small weights. The aerodynamic roughness length
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Figure 3.5: Input parameter weights (left column) and sufficient summary plots (right columns)
for latent, sensible and ground heat fluxes from bare soil (gray) and grass (black) single column
domain simulations. The quadratic polynomial (solid line), 95% confidence interval (light gray
shading) and Rvalue are shown on the sufficient summary plots for each land cover and flux

type.
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(zOnj is the most important input parameter for all bare soil energy fluxes. Soil color is also
important and influences the bare soil sensible heat flux the most. The magnitudes of soil color
weights are greater for bare soil than for grass, where soil color showed little to no importance.
The location of the initial water table influences fluxes from grass more than from badessoil

the initial water table depth decreases in magnitude (i.e., becomes closer to the sieriatentt
heat flux increases whereas the sensible heat decreases.

The weights of the 16 remaining parameters for grass land cover are not consistent
between the different fluxes and no one parameter dominates, as it does for bare soil. Latent heat
is most influenced by the maximum leaf area indai followed by the maximum dew that the
canopy can holddmy, field capacity fc), aerodynamic roughness length, initial water table
depth wt) and wilting point vp). Similar to latent heat, the depth of dew, wilting point, field
capacity and water table are important for sensible heat, but not as much as the near-iafrared le
transmittancet{_n). Two other parameters, the near-infrared leaf reflectaha® @nd stem
area indexdai), have approximately the same weights as the dew depth for sensible heat.
Weights of the reflectance and transmittance input parameters for sensible heat leageshe
magnitude and most variability compared to the other two fluxes. In contrast, weights for ground
heat are the least variable and only three of the 19 parameters show significant infigsae (
andzonj.
3.4.2Tilted-v domain

The tilted-v domain simulations do not include the initial water table as an input
parameter because the spin-up process eliminates the need for a user-selected valogaryhe pri
difference between the single column and tilted-v domains is the presence of laterahsabsurf
flow. The tilted-v domain has flow out of the domain throughout most of the 144-hour forcing
period (Figure 3.6). Figure 3.6 also shows that there is little variability in the predicted outflow
between the bare soil and grass simulations. Only small differences (< 0.15) exist between input
parameter weights for the single column and tilted-v domains (Figure 3.7). The relationship
between the input parameters and output fluxes for each domain setup are also similar. These
similarities indicate that lateral flow does not change the parameter sensitikéiationship for
this particular simulation. Additional simulations comparing other domain setups and wegetati

types are necessary to validate this preliminary conclusion.
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Figure 3.6: Outflow from tilted-v domain for bare soil (gray) and grass (black) land cover over
the 144-hour forcing segment.

3.4.3 Sufficient summary plots
In both domains, energy fluxes for bare soil and grass exhibit a univariate trend with
respect to the linear combination of inputs (i.e. the active variable); see Figures 3.5 and 3.7. This

relationship for these scenarios is described by a quadratic polynomial:

g(y)! C,+Cy+Cy’

) ) 3.12
| Gyt (7X) +C, (Wx)’ 812
where
1 &
x=20p XE ("1, (3.13)
"X

for variables sampled from a uniform distribution with upgjeand lower limitsx! , and
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. log(iﬁ)" § (3.14)

for variables sampled from a lognormal distribution with a meand standard deviatidn

wherex is the scaled input parameter axids the actual PF-CLM input value sampled from its
respective distribution. A comparison of ®alues for a linear versus quadratic function are
included in the Appendix (Table Al). The functigfy) returns the total latent, sensible or

ground heat per unit area (WAnandy is the active variableDthe weighted sum of the scaled
input parameters (3.12). The total energy per unit area is obtained by multiplying the flux rate
from each CLM tile by the tile area (i.e., 108)rand then normalizing by the entire domain

area. Table 4 lists the coefficierls, C; andC; and the Rvalue for each land cover and domain
setup. In general, the quadratic model fits better for bare soil simulations as compared to grass
and for the tted-v domain as compared to the single column domain (Table 3.4); better
guadratic model fits coincide with circumstances where the water table hasllesscief

Increased scatter (i.e., lowef ®alues) in the sufficient summary plots of grass simulations

could also be due to the larger number of input parameters. Sufficient summary plots for latent
and sensible heat fluxes from the single columns have less scatter when the watentdble i
included as an input parameter (not shown here). From a physical perspective, the water table
depth can have a more dramatic effect on energy fluxes than variations in the other parameters
because conditions can range between saturated and dry over a short period of time. Soil
moisture influences both the ground temperature as well as the amount of water available for
evaporation and transpiration. As a result, it is possible that water table variations introduce
nonlinear behavior that cannot be captured by a linear model.

The parameter weights and sufficient summary plots are a powerful combination of information
that can be used to understand land surface dynamics. The sign of the input parameter weight can
predict whether the output parameter will increase or decrease with changes in the input
parameter. For example, since the leaf area index weight is positive for latent heat |ggéat

area index increases the latent heat flux. However, because the weight for the |eafearesa i
negative for ground heat, greater leaf area index decreases the ground heat flux. These
relationships agree with physical intuition; more leaf area means evaporation and tianspirat
can occur from a larger area which results in a greater latent heat flux. Conversely, more leaf

area decreases the amount of radiation reaching the ground surface and therefore reduces the
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ground heat flux. Similar logic can be used to explain the connection between other input

parameters and their influence on the output of interest.

Figure 3.7: Input parameter weights (left column) and sufficient summary plots (right columns)
for latent, sensible and ground heat fluxes from bare soil (gray) and grass (black) tilted-v domain
simulations. The quadratic polynomial (solid line), 95% confidence interval (light gray shading)
and R value are shown on the sufficient summary plots for each land cover and flux type.

48



Table 3.4: Summary of quadratic model coefficients.
Model Output Co (o C, R?

Single Column

bare soil
Latent heat 8.41E+03 1.11E+03 1.04E+02 0.98
Sensible heat 1.81E+03 5.27E+02 -1.57E+02 0.92
Ground heat 9.10E+02 2.05E+02 1.01E+01 0.99
grass
Latent heat 7.22E+03 1.53E+03 3.17E+02 0.89
Sensible heat 2.28E+03 1.54E+03 -1.48E+02 0.84
Ground heat 3.54E+02 2.95E+02 7.36E+01 0.95
Tilted-V
bare soil
Latent heat 8.34E+03 1.06E+03 9.74E+01 0.99
Sensible heat 1.86E+03 4.99E+02 -1.56E+02 0.95
Ground heat 8.22E+02 1.95E+02 8.99E+00 0.99
grass
Latent heat 7.09E+03 1.33E+03 2.62E+02 0.73
Sensible heat 2.36E+03 1.47E+03 -1.48E+02 0.86
Ground heat 3.19E+02 2.80E+02 7.08E+01 0.96

The leaf area index example can also be described quantitatively (Figure 3.8). The active
variable is 0.28 when all input parameters assume their default values (shown in Table 3.2). The
active variable is simple to compute using (3.12) and the substitution shown in (3.11). It is easy
to study how output estimates are affected by changes in input parameters. For the case of leaf
area index, decreasifg by one unit reduces the latent heat estimates by approximately 7.5%
whereas increasingi by one unit results in estimates approximately 8.5% larger (Figure 3.8).
Figure 8 includes another example showing the sensitivity bounds as a result of changes in the
aerodynamic roughness length. This type of evaluation can be completed for combinations of
input parameters as well (e.g., b&ahandz0nj.

Univariate sufficient summary plots can also be used to solve the inverse problem.
Observed data can be plotted on the y-axis and the input-output relationship can be used to
identify the active variable which constrains the input parameter values (Figure 3.8). There are
an infinite number of input combinations that can produce the same active variable value.
Choosing from these combinations requires either more data or a choice of regularization.

Unfortunately, AmeriFlux energy flux data for Little Washita is not available for the 144-hour
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period analyzed here. Latent heat flux observations from two years prior are within the y-axis
range of Figure 3.8 which provides confidence that estimates using the simplified domain are the
correct order of magnitude.

3.5 Conclusions

In this work the active subspace method was applied to the PF-CLM integrated hydrologic model
to analyze the sensitivity of latent, sensible, and ground heat fluxes to 19 land surface
parameters. The use of each input parameter depends on the type of energy flux. The active
subspace method identifies which of the input parameters are most important and how the
combination of inputs relate to the output of interest. Of the three input parameters evaluated f

bare soil, the aerodynamic roughness length was the most important for all energy fluxes.

Figure 3.8: Two examples of how sufficient summary plots can used: 1) to evaluate how
estimates of output change with respect to input parameter values (left) and 2) to predict input
parameter values using observed data. The black dashed line in the left panel corresponds to the
active variable computed using default PF-CLM values; shaded areas show the rangd of outpu
estimates using the default values except for the parameter notethieugd/orzOm).
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Estimates of energy fluxes from a vegetated surface were sensitive to approximatefiyhealf

19 input parameters: five parameters exerted the most influence on the latent hésit doxx(

fc, z0m wp), 6 on the sensible heat flutk (, dmx rl_n, sai, wp, fc) and 3 on the ground heat

flux (lai, sai, zOn). The initial water table depth was also important for the grass single columns.
Although latent heat depends on a greater number of input parameters, sensible heat fluxes were
sensitive to a similar number of parameters and also showed the greatest variability @iggaram
weights. The parameters with large weights are similar to parameters identifiecdindsas

completed on other hydrologic models (Table 3.1). Furthermore, the relationship between the
input parameters and each output flux could be described using a quadratic function of the active
variable for all scenarios.

In addition to comparing fluxes from bare soil and grass vegetation, two domain setups
were evaluated to determine if lateral flow changed the input parameter sensitivityeiffhesw
and relationships shown in the sufficient summary plots are similar for the single column and
tilted-v domains suggesting that lateral flow has a negligible effect on the land surface
parameter-flux relationship. While lateral flow will influence soil moisture ntages and
patterns systematically across a domain, it will not change the relationship betweenistore
and ET.Srivastava et al.[2014] effectively assumed that lateral flow was not important when
the parameters identified as sensitive from a single column domain were the only parameters
varied in their watershed domain. These findings support their assumption, as long as PF-CLM
has been simulated for a long enough duration that the subsurface storage is not changing
appreciably. The active subspaces method could be applied to a watershed-domain because the
required input parameters are the same regardless of the domain configuration, but vary in
magnitude based on land cover type. However, the results shown here suggest that a simple,
computationally cheaper domain can potentially be used to provide insight into more complex
domains. The ability to isolate sensitive parameters without the expense of muttiplitisins
of a complex domain makes SA more tractable.

Results from this proof-of-concept example show how active subspaces can be used in
the context of hydrology. The application of this method to hydrologic models has great
potential; this method could be used to derive relationships between any combination of surface
or subsurface inputs and outputs, for any climate, soil type or period of interest. We anticipate

that this method is applicable during both water- and energy-limited times of the year the that t
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input parameter weights and input-output relationships will vary. For example, estimates of
energy fluxes from a snow-dominated alpine location are likely to be sensitive to different input
parameters in the summer (i.e., water-limited) than in the winter (i.e., energy-limited).rgcludi
a heterogeneous subsurface will further complicate feedbacks between the subsurface and
atmosphere and it is plausible that more than one dimension will be needed to approximate the
relationship between the inputs and outputs. For high-dimensional problems the dimension
reduction from this method preserves the fine scale processes and physical intuition behind the
model and works to average functions not quantities. Furthermore, the usefulness of sufficient
summary plots allows for investigation into model response and behavior. Once a reduced-form
model is established and validated expensive simulations may be bypassed altogether.
Calibration of input parameters using observations and the simplified system is possible if the
simulation setup matches observation locations. Recent research using CLM suggests that
reduced-form models can be used to reduce the number of simulations required for parameter
optimization [Gong et al. 2015], adjust parameter values used to predict methane emission from
wetlands MYller et al, 2015] and calibrate parameters identified as important for latent heat
estimategRay et al. 2015].

As hydrologic models continue to be used to estimate hydrologic outputs such as energy
fluxes, the need for efficient and accessible means to evaluate the sensitivity anaor lméha
model output becomes even more important. While active subspaces approximate the physics of
a modeled system they can improve our confidence and understanding of processes within the
model and also provide ways to reduce the computational demands of completing multiple
simulations of expensive domains. The analysis of two hypothetical domains suggests that use of
this method can be extended far beyond this proof-of-concept example. Active subspaces have
the potential to quantify uncertainty and reduce the dimension of other PF-CLM scenarios as

well as be applied to other high-dimension hydrologic models.
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CHAPTER 4
EXPLORING THE SENSITIVITY OF PHOTOSYNTHESIS ANBTOMATAL
RESISTANCE PARAMETERS IN A LAND SURFACE MODEL

Modified from a manuscript in preparation for publication

Jennifer L. Jeffersdrf, Reed M. Maxwelt?and Paul G. Constantihe

Abstract

Land surface models, like the Common Land Model component of the integrated hydrologic
model ParFlow (PF-CLM), are used to estimate transpiration from vegetated surfaces.
Transpiration rates quantify how much water moves from the subsurface, through the plant and
into the atmosphere. This rate is controlled by the stomatal resistance term in land surface
models. The Ball-Berry stomatal resistance parameterization relies on the rate of photiesynthes
and together these equations require the specification of approximately 20 input parameters.
Here, the active subspace method is applied to 300, year-long PF-CLM simulations, forced by
atmospheric data from the Tonzi Ranch field site in California, to identify which input
parameters are important and how they relate to three quantities of interest: transpiration,
stomatal resistance from the sunlit portion of the canopy and stomatal resistance frioadd¢e s
portion. The slopenip) and intercepttp) parameters associated with the Ball-Berry
parameterization are consistently important along with five to seven parameterstad soitha
RuBisCO- and light-limited rates of photosynthesisa kc25 ko25 ocr, ge25 vemx25wjl).

The importance of these input parameters, quantified by the active variable weight, and the
relationship between the input parameters and quantities of interest vary seasonally and
diurnally. Input parameter values influence transpiration rates most during midday, summer time

hours when fluxes are large. This research informs model users about which photosynthesis and
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stomatal resistance parameters should be more carefully selected. Quantifyingteensit
associated with the stomatal resistance term is necessary to better understainatimans
estimates from land surface models.

4.1 Introduction

Recent developments in satellite technology allow us to see snapshots of vegetation
coverage across the entire wolMJSA n.d.;Zhang et al.2006]. Physically, the vegetation that
we can OseeO in these images is moving water from the subsurface and into the atmosphere
through transpiration: water is taken up by roots, continues up the plant structure and
inadvertently escapes into the atmosphere when leaf stomata open to fix carbon as part of
photosynthesis. Hydrologic models, including land surface and groundwater models, can be used
to understand how water and energy are distributed between the subsurface, land surface and
atmosphere. Land surface models use parameterizations to represent physical prieeesses li
transpiration and require several input parameters to characterize the vegetation. The
physiological details of transpiration are condensed into one term in land surface modelsbthe
stomatal resistance. The parameterization and calculation of this particuldetmome
especially important when considering uncertainties associated with modeledesstimat
transpiration and latent heat.

Physical mechanisms and chemical reactions within the plant leaf regulatetbk rat
transpiration. In land surface models, this is captured through variations in the magnitude of the
stomatal resistance term)( Several parameterizations exist to compute values/DBmour et
al., 2010], but only a select few are used in land surface models. The Ball-Beligtf et al,

1991], Leuning l[Leuning 1995] and Jarvislprvis 1976] parameterizations are empirical and
assume a functional response betweemd various environmental factors. The Ball-Berry and
Leuning approaches require two or thfigeng parameters, respectively, to relatéo the

carbon dioxide (Cg) concentration, the rate of photosynthesis and the humidity. The primary
difference between the Ball-Berry and Leuning parameterizations is how the humidity is
quantified; Ball-Berry uses relative humidity and Leuning uses as the vapor pressure deficit. The
Jarvis parameterization is not physiologically based and estimagshe product of several
functions that represent different environmental controls. This approach requires betwéen five
tenempirical parameters. One other parameterization, called the optimal approach, is not

empirically-based but relies on the theory that plants work to minimize the amount of water loss
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per carbon gainMledlyn et al. 2011]. One parameter is used to represent this ratio and even
though it varies by plant type its magnitude can be better constrained than the empirical fitting
parameters of other approachiatul et al, 2010;Lin et al, 2015]. The number and nature of
parameters that must be specified to compute stomatal resistance differchith ea
parameterization.

Empirical stomatal resistance parameterizations are commonly used in land surface
models. Because there are many land surface models currently in use, our discussion will only
summarize the parameterizations used in models recently evaluated by Best et al. (2015). The
Interaction Soil Biosphere Atmosphere (ISBA; J.Noilhan and Mahfouf 1996) and Regional
Hydro-Ecologic Simulation System (RHESSys, Tague and Band 2004) land surface medels us
the Jarvis approach which includes functions to account for the effect of incoming radiation,
temperature, water availability, GOoncentration and vapor pressure deficit. The initial release
of the Simplified Biosphere Model (SiB, Sellers et al. 1986), as well as the SimpliigdeS
Biosphere Model (SSiB, Xue et al. 1991), also include the Jarvis approach hut the
parameterization was updated to the Ball-Berry approach in a later re3edlses[et al.1996].

The Noah land surface model with multiparameterization options (NB&iNiu et al. 2011)

allows users to select between Jarvis or Ball-Berry approaches when the dynamic vegetation
module (used to compute carbon budget) is inactive, but uses the Ball-Berry approach when the
module is active. The coupled ParFlow-Common Land MdelelGLM; Dai et al. 2001,

Maxwell et al. 2014) uses subsurface soil moisture values determined using the RichardOs
equation in three directions to inform the Ball-Berry parameterization. Similarly, the Community
Land Model (CLM; Oleson et al. 2013), which is a later version of the Common Land“Vodel
exclusively uses the Ball-Berry parameterization; however, recent work has tested the addition of
the optimal approactBpnan et al.2014]. Both Ball-Berry and optimal approaches have been
linked to the Joint United Kingdom Land Environmental Simulator (JULES; Alton et al. 2007),
but a Leuning-type approach is the default parameterization (Slevin et al, 2015). The Community
Atmosphere Biosphere Land Exchange (CABLE; Wang et al. 2011) also uses the Leuning
approach, but, similar to CLM, an optimal approach has been t&sadquwe et aJ.2014].

* Note that when CLM is attached to PF (i.e., PF-CLM) it stands for Common Land model, but
that when the acronym stands alone it means Community Land Model.
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The land surface models summarized here include all typgpafameterizations, but empirical
approaches are most consistently implemented.

With exception of the Jarvis parameterization, all othapproaches discussed above
depend on the rate of photosynthesis. Mechanistically, the process of photosynthesis is better
understood than controls oue{Medlyn et al. 2011]. Photosynthesis can be limited by light,
which is used to regenerate enzyme production, the rate of carboxylation or the export of
products out of the reaction cent@o]latz et al, 1991]. Some applications compute only one
limiting rate (e.qg., light-limited in Medlyn et al. (2011) or enzyme-limited in Katul et al. (2010))
whereas others use the minimum of the three computed rates (e.g., CLM; Oleson et al. 2004) or
account for transitions between the rates by solving two quadratic equ&talads et al,

1991]. Upwards of 20 factor and parameter values are set or specified within thatéree r

limiting equations. These values are typically hard-coded within the land surface model where
users cannot easily change them. Furthermore, in land surface models it is common for
photosynthesis parameters to be the same for all vegetation types even though they have been
shown to varyKattge et al. 2009]. Databases and research regarding photosynthesis parameters
exist within the plant community (e.g., Kattge et al. (2009); Gu et al. (2010)), but their extension
to land surface model parameters is limited.

Transpiration can be a significant portion of the latent heat energy flux at certain
geographic locations and during certain times of the yeavijence et a).2007;Schlaepfer et
al., 2014]. Most land surface model sensitivity analysis studies that evaluate latentgheat (e
Bastidas et al. 1999; Henderson-Sellers 1993; Rosero et al. 2010; Li et al. 2013; Liang and Guo
2003; Liu et al. 2004; GShler et al. 2013) do not consider transpiration explicitly and include
few, if any, stomatal resistance or photosynthesis parameters. For example, in a gensitivit
analysis using an 18-day period of atmospheric forcing from the Great Plains, only two out of the
32 parameters considered were associated with physiologic controls. However, one of the two
parameters (temperature adjustment to the maximum carboxylation rate) was found to be
important for latent heat estimateésy et al, 2004]. Using a longer analysis period, Li et al.

(2013) completed approximately 400, 1-year Common Land Model simulations and considered
two rs parameters and two photosynthesis parameters. Of the 40 the parameters evaluated, one of
the photosynthesis parameters (quantum efficiency) was consistently important for latent hea

estimategLi et al,, 2013]. Another sensitivity analysis using CLM was completed by GShler et
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al. (2013) where approximately 3,000, 2-year simulations were completed for deciduous and
evergreen vegetation types. GShler et al. (2013) considered 66 parameters, five afexbich
associated with plant physiology, afedind that photosynthesis estimates were sensitive to two
plant parameters: maximum rate of carboxylation and the stomatal resistance slopesparamet
While GShler et al. (2013) acknowledge that parameter sensitivities might change in 8et, ba
on research by Prihodko et al. (2008), they do not address this point. Prihodko et al. (2008)
evaluated SiB model sensitivities associated with 46 soil and vegetation parametenska
parameter importance by month. Several photosynthesis parameters were identified as highly
influential during the summer season and neighboring months. These studies indicate that
specified values of stomatal resistance and photosynthesis parameters influsrate st

latent heat. However, the selection of appropriate output quantities for comparison and a more
comprehensive set of physiological parameters would provide a more complete assessment of
model sensitivities.

The stomatal resistance and photosynthesis parameterizations within land surfase model
are used to capture physiological controls on transpiration. In vegetated areas, transpiration links
water in the subsurface to water in the atmosphere, yet few modeling studies analyizéissnsit
specific to this process. In this research we extend the active subspaces sensitivtyy m
[Constanting2015] to time-dependent models to investigate the sensitivity of transpiration and
stomatal resistance estimates to 20 input parameters using PF-CLM. By considering monthly and
hourly daytime values we evaluate how parameter sensitivities and their relationship to the
output quantities change seasonally and diurnally. These results provide insight into model
behavior and allow us to make recommendations regarding what parameters should be most
carefully specified.

4.2 Methods

In PF-CLM, stomatal resistance is computed using the Ball-Berry approach and
subsequently used to estimate the transpiration component of the latent heat flux. Parameter
sensitivities are evaluated by applying the active subspace sensitivity method talstomat
resistance and transpiration outputs from a single column PF-CLM domain.

4.2.1 Transpiration in PF-CLM
A series of modules are called as a subroutine withiPEiategrated groundwater

model to compute energy and water fluxes into and out of the land surface. Soil evaporation and
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transpiration fluxes remove water from the soil column and are incorporated into the RichardsO
eqguation so that soil pressures can be solved for appropriately BeRfEgon et a).n.d.;Kollet

and Maxwell 2008;Atchley and Maxwel2011]. Transpiratio, (kg m? s*) occurs from the

dry portion of the canoply (-)

Etran - I% Ldrb I I‘Al,sun + I‘Al,sha $* / a (LAI + SAI ) (qsat _ qaf) (41)

#
I-AI rb * rb + r.s,shaé)‘a- r.b

s, sun

where the potential transpiration (i.e., the combination of variables after the squareshracket
depends on the air denslty (kg m®), leaf area indeka, (-), stem area indeSy (-), boundary
layer resistance factog (s m') and the humidity gradient between the grogag(-) and canopy
Oaf (-). Leaf and stem area index values are specified by plant functional type (PFT) and vary
throughout the year, but there is only one canopy layer (i.e., no multilayer capability) and only
one PFT is allowed per tile (i.e., no fractional vegetation). The dry portion of the canopy is
partitioned into sunlit (subscrigun and shaded (subscrigitg fractions, each with separate
photosynthetically active radiation (PAR), and stomatal resistance(pmol mi? s*) values.
All variables in (1), along with PAR, are updated at each model time step.

Daytime stomatal resistancgis parameterized using the Ball-Berry approach

1_mA%p 1y (4.2)

atm

I C. €

whereA is the rate of photosynthesis (umol 0@ s%), cs (Pa) is the C@®concentration at the
leaf surface an®.m (Pa) is the atmospheric pressure. Together, the saturated vapor pressure at
the vegetation temperatueg(Pa) and the vapor pressure of the canopg éta) combine to
form the relative humidity. Two parameters are used to relédethe rate of photosynthesis,
CO, concentration and pressures: a slope parametgrand the minimum stomatal resistatice
(umol mi? s1). During daytime hours in PF-CLM (i.e., PAR > 0) the rate of photosyntisesis
limited by one othree mechanisms: the Ribulose Bisphosphate Carboxylase/Oxygenase
(RuBisCO) enzymew), the buildup of products from the photosynthesis reactignof the
amount of light ;). The photosynthesis rate is used compys® that the quadratic equation
can be used to solve (2) far Bothw, andw; depend on the internal G@oncentration of the
leaf (ci), which is solved for iteratively using cs andrs. At night, when PAR 0, the stomatal

resistance is a constant taken as
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. $rs,max
r,=ming

g (s m”)

wherersmax (s mY) is the maximum stomatal resistahdeigure 4.1 shows a flowchart of the

(4.3)

computation, which is completed for each PF-CLM tile, at every time step for both the sunlit
and shaded fractions of the dry canopy.

Equations used to compute the three different rates of photosynthesis contain many
parameters (see Appendix B.1). There are 20 different constant values within the approximately
10 equations used to comput€Table 4.1); this is nearly the same number of parameters
required to specify vegetation propertidsfferson et a].2015]. The default values in Table 1
are constant for all times and vegetation types in PF-CLM. Several of these parametets are ha
coded numbers within the module while others are assigned a value during the subroutine
initialization. If users want to change any of these parameter values they must locaietitiem
the source code files, make the desired changes and then recompile the code.
4.2.2PF-CLM model setup and data sets

All simulations completed as part of this research use & 2mn by 10 m deep single
column domain. The land cover and subsurface were specified as deciduous vegetation and loam
soil (hydraulic conductivity = 0.04465 m™hrporosity = 0.512, van Genuchter 4.0738 it
and van Genuchtem= 2.19), respectively. Meteorological data is also required to force the land
surface component of PF-CLM. Hourly forcing datasets from three geographic locations were
considered: Breckenridge, Coloraddikkelson et al.2013b], Little Washita watershed in
Oklahoma Kollet and Maxwell2008] and Tonzi Ranch field site in Californadu, 2014].

Table 4.2 summarizes precipitation totals as well as averages of air temperature aravshort
radiation. The Colorado and Oklahoma sites receive precipitation throughout the year whereas
precipitation at the California site primarily occurs between December and May tétkoliho
precipitation in the summer months. Air temperatures are similar at the Oklahoma and @aliforni
sites and coolest at the snow-dominated Colorado site. All locations are in the northern
hemisphere and receive greater amounts of shortwave radiation in the summer. Forcing from

each location was iteratively applied to the single column domain until the subsurface storage

> To convert between pmol fe* and srit multiply or divide by the conversion factoi (umol
m?): cf = (P 106)/!-8.314(ta +0.00981, )§ wheret, (K) is the air temperature, 0.0098 K'ris

atm

the adiabatic lapse rate and2 m) is the height at which the air temperature is measured.
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reached a steady-state. This resulted in initial water table depths of 0.4 m for thenBadgeke
simulations, 1.1 m for the Little Washita and 1.2 m for the Tonzi Ranch.

4.2.3 Active subspaces for sensitivity analysis
The active subspace method is a gradient-based global sensitivity approach that identifies

the directions in the input parameter space along which perturbations most strongly influence

Figure 4.1: Flowchart of stomatal resistance computation in PF-CLM. See Appendix A for
additional photosynthesis variables and equations.
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Table 4.1: Summary of input parameters included in PF-CLM sensitivity analysis.

PF-CLM Range Default

Parameter description name Symbol Minimum Maximum value  Units Sources

maximum rate of carboxylation at 25;C vemx25  Vomaxes 20 65 33 pumol CG m?s? [Arneth et al, 2002;Tanaka et a].2002;Kosugi
et al, 2006;Kattge et al. 2009]

] 10 for vemx25 avemx My 2.2 2.6 2.4 - +10% from default valugWoodrow 1988]
s deactivation energy constant hv?@ H, 218,000 242,000 220,000 J mol* +10% from default value {Collatz et al, 1991,
= Amenu and Kuma2008]

entropy constant sv? S 640 730 710 Jmol* K* +10% from default value {Collatz et al, 1991,
Amenu and Kuma008]

CO, MichaelisMenten constant at 25;C kc25 Ke. 25 25 50 30 Pa [Farquhar et al, 1980;Wilson and Baldocchi
2000;Xu and Baldocchi2003;Kosugi et al,
2006;Amenu and Kuma008]

q10 for kc25 akc M. 1.9 2.3 2.1 - +10% from default valugWoodrow 1988;

= Gshler et al, 2013]

s O, MichaelisMenten constant at 25;C ko25 Ko, 25 30,000 45,000 30,000 Pa [Farquhar et al, 1980;Wilson and Baldocchi

= 2000;Xu and B&docchi 2003;Kosugi et al,
2006;Amenu and Kuma008]

10 for ko25 ako M, 1.1 1.3 1.2 - +10% from default valugWoodrow 1988;
Gshler et al, 2013]

maximumratio of oxygenation to carboxylatic ocr? foc 0.18 0.77 021 - [GShler et al, 2013]

ci mulitplier in denominator of wj wjl? n; 1,4,45 1 - [Chen et al.1999;0leson et a].2013]

. cp mulitplier in denominator of wj wj2? ny 2,8,10.5 2 - [Chen et al.1999;0leson et a].2013]
= energy content of photons ecp? E, 3.3 5.8 4.6° umol J* [Campbell and NormariL998]
quantum efficiency at 25;C qe25 qes 0.04 0.08 0.06  pmol CQ,umol photori [Gshler et al, 2013;Li et al., 2013]
£ multiplier in we wel? Ng 0.45 0.55 050 - +10% from default value
partial pressure of COn the atmosphere ppcd Xcoz 355 400 355 ppm IPCC
ratio of diffusivity of CQ to H,0 in boundary drb? Dry 1.3 1.4 1.37 - [Sellers et a].1996;Amenu and Kumai2008;
G layer Bonan et al.2011]

ratio of diffusivity of CQ to H,0 through drs?® Dis 1.6 1.7 1.65 - [Sellers et a].1996;Amenu and Kumai2008;

stomata Bonan et al.2011]

minimum leaf conductance bp b 1,000 10,000 2,000 umol m?s? [Sellers et a].1996;Kucharik et al, 2000;
Tanaka et al.2002;Xu and Baldocchi2003;
Kosugi et al. 2006;GsShler et al, 2013]

o slope for conductane®-photosynthesis mp m 4 12 9 - [Sellers et a].1996;Kucharik et al, 2000;
relationship Tanaka et al.2002;Xu and Baldocchi2003;
Kosugi et al. 2006;Katul et al, 2010;Gshler et
al., 2013;Li et al, 2013]
maximum stomatal resistance rsmax0 I'smax 10,000 40,000 20,000 snm’ [GShler et al, 2013]

#hardcoded number in subroutine

®E, = 4.6 umol J corresponds to a PAR wavelength of 550 nm; 3.3 pfabidresponds to 400 nm and 5.8 pmbkarresponds to 700 nm

* range updated based on parameter sweep results
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Table 4.2: Summary of meteorological forcing data for each site.

Colorado  Oklahoma California
2007-2008 19981999 20022003 20052006 20072008

Total precipitation (mm)

Annual 615.8 955.9 581.9 887.4 394.2

SeptembeNovember 75.7 232.8 63.2 38.3 58.9

DecembeiMay 381.4 480.1 501.7 849.1 334.8

JuneAugust 158.7 243.0 17.0 0.0 0.5
Averageair temperature (K)

Annual 270.9 290.6 289.4 289.5 289.1

JuneAugust 282.1 301.3 296.9 297.8 297.3
Average shortwave radiation (W3

Annual 200.0 243.6 205.5 207.5 213.8

JuneAugust 263.0 324.8 318.4 326.4 320.0

selectedbutput quantities. Because gradients of each input parameter with respect to the desired
output quantity of interest are not available from PF-CLM, they are approximated using a linear
model of the output as a function of the inp@siistantine2015]. For this circumstance, the
general algorithm for an output quantitthat depends on input parameteiacludes four steps:
1. Sample input parametexsand computé = f(x;)

. Use least-squares to fit coefficients of a linear model using fpamslx;

2
3. Compute normalized gradiewi of linear model (i.e., the active variable weights)
4

Make a sufficient summary plot with the active varia()tﬂxi) on the x-axis anfi on the y-

axis

This approach is closely related to techniques for sufficient dimension reduction ircatatist
regression model€jpok 2009]. A sufficient summary plot that shows a near univariate
relationship confirms that the linear model used to determine the gradient was an acceptable
approximation and also provides a visual representation of the input-output relationship. A
thorough explanation of the active subspaces method, as well as its derivation and prior
application in hydrology, can be found in Constantine (2015), Gilbert et al. (in reaelv)
Jefferson et al. (2015).

Three hundred (300) sets of stomatal resistance and photosynthesis parameters were
independently sampled from uniform distributions bounded by their respective minimum and
maximum values (Table 4.1). A total of 1500 year-long PF-CLM simulations were completed

(' 8760 hours per yedr300 realization$ 5 forcing set$ 13 million hours of output data). The
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range for each parameter was obtained from field measurement and model documentation
literature. Ranges were arbitrarily set to 10 percent above and below default values in cases
where magnitude information could not be located. Prior to the random sampling, we performed
sweep simulations where each parameter value was changatastigte to intermediate values
throughout the possible range. Given the results from 76 year-long sweep simul&k86s (
hours per yedlr 76 sweep simulatior's 3 sitesd 2 million hours of output data) we adjusted the
arbitrary ranges to avoid unrealistic outputs (compared to the results produced from simulations
with default values). We note that the sensitivity analyses provided by the active subspace
method depend on the ranges chosen for the inputs.
4.3 Results and discussion

Three output quantities are evaluated as part of this research: the rate of transpiration,
stomatal resistance from the sunlit portion of the canopy and stomatal resistance shaddu
portion of the canopy. These three quantities, among several others not considered here, are
output every hour for each simulation year. We use the active subspace method to assess
parameter sensitivities associated with monthly-averaged quantities as stetirmgr hourly-
averaged quantities.
4.3.1 Seasonal behavior

Processed outputs from PF-CLM show how daytime transpiration rates and contributions
to the total latent heat flux vary based on location and time of year (Figure 4.2). Each panel in
Figure 4.2 contains data from approximately 3.8 million hours (x4200 daylight' hG0&
simulations' 3 sites). Transpiration rates from the columns forced with Oklahoma and
California data have similar monthly median and interquartile ranges and also result in higher
transpiration rates than the column forced with Colorado data. Transpiration rate magnitudes
show a seasonal response, as does the partitioning of latent heat between transpiration and
evaporation. Transpiration percentages from the Colorado and California columns display
stronger seasonal behavior compared to those from the Oklahoma column, which remain
relatively constant between 40 and 80 percent. Percentage results from the California column
have the smallest interquartile ranges of all the sites, except during the rainy, wirdengeas
much switching between transpiration and canopy evaporation occurs. Even though results in
Figure 4.2 were obtained by applying specific one-dimensional forcing data to single columns,

the approximate contribution of transpiration to the latent heat flux is similar to results from
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Figure 4.2: Monthly transpiration rates and contribution of transpiration to total latent heat lux
from all realizations of three meteorological forcing datasets. The squares correspond to the
median and the lower and upper bars correspond to the first and third quartiles, respectively.

global modeling studied fwrence et a).2007] and field-scale observational studigshlaepfer
et al, 2014]. Regardless of seasonal and geographic variability, transpiration rates and
contributions to latent heat are the largest during summer months.
4.3.2 Sensitivity analysis

Prior to the discussion of results specific to the three quantities of interest we provide a
general interpretation of the weight and sufficient summary plots generated as part of/¢he acti
subspace method. Furthermore, because parameter sensitivities are similar for déthitbe s
discussion is focused on the 300 realizations forced with Tonzi Ranch, California atmospheric
data from the most average year (2002-2003). The Tonzi Ranch site was selected for discussion
due to the amount of fieldworksuna et al.2015], modelingGou 2014] and research activity.
Additional information from simulations completed with forcing from wet (2005-2006) and dry
(2007-2008) years at the Tonzi Ranch site as well as the Colorado and Oklahoma sites is located

in the Supplemental Information.
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4.3.2.1 Interpretation of active subspaces outputs

The active subspace method produces a set of weightsbone for each input parameter.
These weights are computed independently for each quantity of interest; thus, the weights
generally differ across quantities of interest. Weight values lie between -1 and 1 whgeg a la
absolute value indicates greater importance of the respective parameter. Becausditranspira
and stomatal resistance are inversely proportional (1) the same parameter will have an opposite
sign when comparing weights across the two quantities of interest.

The active variable (x-axis of sufficient summary plot) is a weighted combination of
normalized input parameters using the computed weights. As a result, the sign of the weight
determines which direction the active variable will move if the parameter value iasedrer
decreased. For example, in Figure 4.4, which will be discussed in more detail in the next section,
thebp input parameter has a large, positive weight. If the value assighpdvere to increase
this would result in a larger (more positive) active variable and higher estimate of transpiration
due to the positively sloped relationship indicated by the sufficient summary plots. Conversely,
an increase in thiec25parameter value would result in a more negative active variable and
decrease the transpiration estimate. The sufficient summary plots must exhibitininaaate
trend for the active variable weights to have meaning. Figure 4.4 also shows that slopes of the
input-output relationship for transpiration vary by month. This means that changes in important
parameter values will influence transpiration estimates more when the slopgés &tee
during summer months) than when slopes are less (i.e., during winter months). When the input-
output relationship has a flatter slope even though a weight might be large, changes in inputs
(i.e., the active variable) will translate to smaller changes in the output.
4.3.2.2 Sensitivities associated with monthly-averaged daytime quantities

Given the seasonal variations shown in Figure 4.2, we begin by evaluating parameter
sensitivities associated with the monthly-averaged daytime quantities of intérestvo
parameterdyp andmp, that must be specified as part of the Ball-Berry stomatal resistance model
are consistently important for stomatal resistance (Figure 4.3) as well as for traorsdbating
winter monthampinfluences the stomatal resistance associated with the sunlit portion of the
canopy more than other times of the yéaris important all year for monthly-averaged
computations associated with the shaded portion of the canopy. While maintaining their overall

importance, there is much variationdp andmp magnitudes of the weights throughout the year
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(Figure 4.4). More parameters contribute torthg,computation than to the shacomputation,
especially in spring and summer montsnx25is not important for monthly-averagegkna
estimates but its importancerigs,nis translated to transpiration whemamx25shows
importance during winter months. The hard-codgbparameter shows more influence on
monthly-averageds sna€stimates and is regularly amongst the most important parameters for
transpiration estimates, especially in the winter. Three other hard-coded parak2teosr
andge25 consistently have active variable weights larger than a magnitude of 0.25. In general,
weights associated with monthly-averaged,quantities are more variable and seasonally
dependent than those fifsha

The relationship between the input parameters and monthly daytime averaged stomatal
resistance values are similar for all months; however, this is not the case for trawspiitzdi
sufficient summary plot for monthly daytime averaged transpiration rates shows much variation
throughout the year (Figure 4.4). The slope of the input-output relationship is flattest during the
winter, increases during the spring to reach the steepest slope during the summer and then
decreases during the fall. This seasonal behavior translates to high transpiration rates during
summer months and lower rates during energy-limited winter months. When the slope is the
steepest (i.e., May through September) the range of possible transpiration rates is the highest.
Steeper slopes also indicate greater sensitivity to changes in important input paraneter va
For examplebp is among the most important parameters for averaged transpiration rates in both
June and December (Figure 4.3). However, changes in the vdlpevif influence estimates of
transpiration in June much more than in December due to the slope of the input-output
relationship (Figure 4.4).
4.3.2.3 Sensitivities associated with summer hourly-averaged daytime quantities

Hourly-averaged and monthly-averaged quantities of interest for June, July and August
have similar important parameters (Figure 4.5) and sufficient summary behavior (Figure 4.6).
However, when the transpiration rates are averaged on an hourly basis, the sufficient summary
plot captures changes in magnitude throughout the diurnal cycle emerge as opposed to the
seasonal oscillation shown by the monthly-averaged transpiration rates (Figure 4.6). The
relationship between the input parameters and hourly stomatal resistance is simildrofiarsal
however, resistance values spread further from the perceived univariate trend compared to the

sufficient summary plots of the monthly-averaged quantities. Furthermore, transpiration rates
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Figure 4.3: Relative importance of input parameters for monthly-averaged sunlit and shaded
stomatal resistance quantities. Shading corresponds to the magnitude of the active variable
weight: dark gray (0.75-1), gray (0.50-0.75) and light gray (0.25-0T%@) borders indicate
which fraction of the canopy exerts the control; shaded (solid black), sunlit (no line) or both
(dashd line).

show a wider range of possible values when averaged by hour where rates are lowest in the
morning, increase during midday and afternoon hours and then decrease later inlipésdhg.
dominate input parameter for hourly-averaged transpiration rates primarily due to its strong
control overrssha Mp exerts varying levels of control over all three hourly-averaged quantities of
interest throughout much of the day and is more importamt fgrthan forrs sna€stimates during
late morning and early afternoon hours (Figure 4.5). Hourly estimates of stomatal resistance
from the sunlit portion of the canopy are influenced/boynx25andkc25throughout much of the
day and byko25andakoduring a few late afternoon houokr andge25further influence sunlit
stomatal resistance at dawn and dusk but these two parameters, alongvatho contribute to
estimates of shaded stomatal resistance late morning through early afternoon hours. A smaller
number of parameters influence the quantities of interest at dawn and dusk compared to the
midday, afternoon and early evening hours when transpiration rates are the largest.

The photosynthesis parameters identified as important for hourly-avetagadlues

correspond to RuBisCO- and light-limited rates of photosynthesis. Recognizirg &t the
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Figure 4.4: Active variable weights and sufficient summary plots for monthly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from September
2002-August 2003.

only importantrs sunparameter exclusively used to compute the light-limited rate, Figure 4.5
shows that the light-limited rate controls,,during morning and evening houek, kc25
ko25andocr parameters are used to compute both photosynthesis rates). However, if we look

only at photosynthesis rates from the simulation using default parameter values,
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Figure 4.5: Relative importance of input parameters for hourly-averaged sunlit and shaded
stomatal resistance quantities for each GMT hour (local time shown below). Shading
corresponds to the magnitude of the active variable weight: dark gray (0.75-1), gray (0.50-0.75)
and light gray (0.25-0.50T.he borders indicate which fraction of the canopy exerts the control;
shaded (solid blagksunlit (no line) or both (dashed line).

photosynthesis is rarely limited by light and is almost always limited by the RuBisCO rate (
Figure 4.7). It is not until results from all realizations are considered that two limitingoates
rssunemerge. Conversely, results from the default simulation suggest $has limited by both
RuBisCO and light, but predominately one rate (i.e., light-limited) occurs in the other
realizations. The export-limited rate rarely controls the stomatal resistance foipeittien of
the canopy. The inconsistency between which rate limits photosynthesis in the defaaliGimul
and the 300 realizations suggests that the choice of input parameter values can influence which
of the three rates are used to compute the stomatal resistance.
4.3.2.4 Sensitivity differences between forcing sets

The parameters identified as important in the Tonzi Ranch simulations described above

are generally representative of the important parameters for all sites, even though the active
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variable weights associated with each input parameter vary by site (Table 4.3). Three new
parametersavemx ecpandhy, show up as important when considering weights from all sites.
The shape of the input-output relationships is similar for all sites evaluated here, but the slopes
and range of output quantity vary by location. Breckenridge simulations (Figure B2 and Figure
B3) result in the lowest averaged transpiration rates whereas Little Washita sinsutetve the
highest (Figure B4 and Figure B5). Estimated transpiration rates during the wetter year (Figure
B6) at Tonzi Ranch are very similar to those of the average year, but are slightly lower for the
dry year (Figure B8). Averaged shaded stomatal resistance quantities using the Tonzi Ranch and
Little Washita forcing show a larger range of possible values than simulations using the
Breckenridge forcing, but averaged sunlit stomatal resistance behavior is similar fos alltsite
amount of winter precipitation at the Tonzi Ranch site has little effect on hourly-averaged
summer stomatal resistance quantities (Figure B7 and Figure B9). A brief summary of the
important parameters and sufficient summary behavior at the 2 additional sites and for the 2
additional years at Tonzi Ranch is located in Appendix B.2.
4.4 Conclusions

This analysis informs PF-CLM model users about which photosynthesis and Ball-Berry
stomatal resistance parameters should be carefully specified. Many of the paratestiied
as important for latent heat estimates in other studies (e.g., GShler et al. 2013; Prihodko et al.
2008; Li et al. 2013) agree with the parameters identified here. Modeled estimates of
transpiration may also be improved when vegetation properties are more accurately assigned. For
example, Sulis et al. (2014) found that modeled energy and carbon flux estimates using a
platform that includes PF, CLM version 3.5 and an atmospheric component aligned with
observations better when default parameter values were updated to match crop-specific
photosynthesis (e.gremx25 ge25and six others not included in this study) and Ball-Berry
slope (p) parameters. The active variable weights and sufficient summary plots provide one
explanation to why modeled estimates changed when the vegetation parameters were updated:
because the model is sensitivarip vemx25andqe25 Results from this sensitivity analysis
also support the update to CLM version 4.5 wmepandvcmx25parameter values are assigned
based on plant functional typ®leson et al.2013]. We recommend that modelers consider
existing databases or documentation of field-based stomatal resistance and photssaitiess

when specifying important model parameters.
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Figure 4.6: Active variable weights and sufficient summary plots for hourly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from June - August
2003.

The sensitivity analysis results also provide information about insensitive parameters.
The parameter used to specify the partial pressure of carbon dioxide in the atmaxmidere (
had a low active variable weight (< 0.15) for all monthly- and hourly-averaged quapiiiies.

had a small effect on stomatal resistance estimates from the sunlit portion axfidlpg,dut
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Figure 4.7: Percentage of summer daytime hours each photosynthesis rate limits the stomatal
resistance computation using the Tonzi Ranch, California forcing. The squares correspond to the
median and the lower and upper bars correspond to the first and third quartiles, respectively. The

I markers correspond to percentages associated with the simulation where default photosynthesis
and stomatal resistance values were used.

Table 4.3: Summary of parameters with active variable weight > 0.25 for all sites.

Colorado  Oklahoma California
average wet  dry

bp !
kc25 !
mp !
ocr

vemx2E& !
wjl !

I I

I I
_ I I
Transpiration ' '
I I
I I

ako
avemx !
bp ! ! ! ! !
ecp !

hv

kc25 !
ko25

mp !
ocr
ge25
wijl
vemx2E&

Sunlit
Stomata
Resistanc

bp
hv
mp
ocr
ge25 !
wijl !

Shade!
Stomata
Resistanc
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showed even less influence on transpiration estimates. This suggests that the current PF-CLM
parameterization is not suitable to predict responses of stomatal resistance andttcamgpira
increased atmospheric @@oncentrations. Nitrogen concentrations within plant foliage are also
known to influence plant functiofake et al, 1997;Bonan et al.2012]. Aside from one
foliage nitrogen factor (default value set to one) no other nitrogen parameters are present in PF-
CLM,; therefore, sensitivities to nitrogen parameters were not evaluated. It will be important
assess and document sensitivity changes as the stomatal resistance paatioretsr@justed.

In conclusion, the active subspace method identified that approximately one half of the
20 stomatal resistance and photosynthesis parameters evaluated exert moderate to high influenc
(active variable weight > 0.25) on averaged stomatal resistance and transpiration quantities. Two
parameteranp andbp, consistently had large active variable weights. In addition, the most
important parameters and their relationship to the output quantities of interest vary both
seasonally and diurnally. Input parameter perturbations change transpiration fluxes the most
during midday, summer time hours when fluxes are large, which concurs with findings by
Prihodko et al. (2008). Sensitivity analyses quantify the parametersO numerical importance, but
input from plant physiologists would add insight and physical meaning to the equations and
parameters used to model transpiration. Both observations and models are useful tools to

understand how vegetation around the world redistributes water within the hydrologic cycle.
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CHAPTER 5
CONCLUDING REMARKS

Evaporation and transpiration are two major processes within the hydrologic cycle that
connect water between the subsurface, surface and atmosphere. Hydrologic models are one
approach used to quantify the amount of water or energy moving through the land surface.
Because these models use empirical parameterizations to represent physical gremesses
require that several input parameters be specified. It is well known that model outputs are
sensitive to parameterization structure and input parameter values, but thetilerae;y open
questions regarding how to quantify these sensitivities in order to better understand model
behavior.

This dissertation used a coupled, integrated hydrologic model to investigate sensitivities
associated with modeled estimates of latent heat. Chapter 2 systematicalyedthree forms
of the bare ground evaporation parameterization used in PF-CLM. Each form varied in
complexity, coupling strength and nonlinearity. The results of this work identified sensitive
interactions and unique relationships between evaporation and other hydrologic variables. This
knowledge extended our understanding of the mass transfer parameterization. Chapter 3
extended the analysis of latent heat to vegetated surfaces and began to look at sensitivitie
associated with input parameter values. The newly developed active subspace method was used
to identify important land surface parameters and describe how those parameters are related t
sensible, latent and ground heat fluxes. This proof-of-concept study showed potential for the
active subspaces method to be applied to other domain setups, time p#n@iesand
combinations of input parameters. Given the encouraging results in Chapter 3, the active
subspaces method was used again to assess parameter sensitivities withsnrihestégated
transpiration computation. Chapter 4 explained which photosynthesis and stomatal resistance
parameters were most important for transpiration estimates anedtiav parameter sensitivity
varied seasonally and diurnallixanspiration estimates were most sensitive to changes in
important parameter values when fluxes were large (i.e., midday summer time hours).

There are a plethora of subsurface and land surface models used within the hydrology

community. While this research focuses on sensitivities associated with just ongRtedel
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CLM), the approach and methods used here can be applied to any model. Additionally, the CLM
parameterizations investigated as part of this research are similar to those in mamndther |
surface models currently in use. Regardless of the specific model, understanding
parameterization and parameter sensitivities is important to consider when thinking adeut m
updates or how to incorporate observations; if the model is not sensitive to the parameters or part
of the equation you are updating there will be limited improvements to the output estimates.
Future research should expand and apply the results from these sensitivity analysiostudies t
heterogeneous watershed domains, preferably ones where field data are available.y5ensitivit
analysis studies provide a way for us to understand the models we use but can also promote
collaboration and discussion between model developers and users to those who collect data in the
field.
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APPENDIX A
SUPPLEMENTAL INFORMATION TO CHAPTER 3

A.1 Derivation of the active subspace method

The active subspace is derived for a general continuously differentiable, nonlinear,
scalarvalued function of several variables; complete details are four€bimstantine2015].
We denote this function Hyx), wherex is the vector ofm continuous inputs, arfdeturns a
scalar. The gradientf(x) is the column-oriented vector of partial derivatives with respect to
the components of. We assume that the domainfbfi.e., the space of' is equipped with a
normalized probability density functiof{x), which enables us to compute weighted averages. In
the PF-CLM grass-covered ca$é a heat fluxx hasm = 19 components, arndis the product
of a uniform density over 18 parameters times a normal density over the log of roughness length
(z0nj.

The active subspace is defined by the eigenvectors of the following symmetric, positive

semidefinite matrix,
C="1flfT/dx=W#W", (A.1)

whereW is the orthogonal matrix of eigenvectors, dnds the diagonal matrix of non-negative

eigenvalues in decreasing order. Timeeigenvalue; satisfies
=" (wl ) s dx, (A.2)

wherew; is the corresponding eigenvector. In words, this says that goantifies the average
squared change in the function subject to small perturbations\ajling., the directional
derivative alongv;. A large gap between large and small eigenvalues identifiastiae
subspacgedefined by the eigenvectors corresponding to the large eigenvalues; a small
perturbation to inputs along directions in the active subspace chfamges, on average, than a
perturbation along the orthogonal inactive subspace.

To estimate the eigenvectors and eigenvalues, we estinaieg independent random
samples of the gradient vector and compute its eigenvalue decomposition,

C!@= %ﬁ " (x) (%) = WHWT, (A.3)

i=1
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wherex; are drawn independently at random according(tp. When gradients dfare not
available, as in the case of PF-CLM, we must estimate the gradients from evaluattidhsitaf
differences are inappropriate wheris large and is expensive to evaluate and/or noisy.

Another option is to fit a least-squares polynomial model to a set of paf(g;f) and compute

the gradient of the polynomial approximation; this is the approach we take in Section 3. When

the polynomial approximation is a linear functiorxdi.e., a polynomial of degree at most 1 in

each variable), the computation‘&‘ reduces dramatically. The gradient of the global linear
model is constant for a¥,

f(x)! §+8x% "f(x)! 8. (A.4)

In this case® becomes

&1 1V s - s =WAe", (A.5)

i=1
where O= ||éi||2and \0 = &8 as in Equation (3.10) in Chapter 3. This is identical to the algorithm

in Section 3. With the linear model, we can identify only the one-dimensional active subspace.
Input perturbations along any direction orthogonafitare deemed inactive. The

appropriateness of this approach is validated by the sufficient summary plots as in Chapter 3.3.
The strong univariate trends assure us that a one-dimensional active subspace is sufficient
explain the relationship between the inputnd the outputs

A.2 Comparison of reduced dimension model fit

Table A-1 displays the Ralues for various polynomial models of the heat fluxes as a function

of the active variable. These values suggest that a quadratic polynomial is an appropriate choice

for the data shown in Figures 3.5 and 3.7.
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Table A-1: Comparison of Rralues for sufficient summary plot relationships.
R? R?

(quadratic) (linear)
Single Column

Model Output

bare soil
Latent heat 0.9846 0.9723
Sensible heat 0.9211 0.8300
Ground heat 0.9900 0.9907
grass
Latent heat 0.8881 0.8654
Sensibleheat 0.8408 0.8353
Ground heat 0.9456 0.9167
Tilted-V
bare soil
Latent heat 0.9900 0.9850
Sensible heat 0.9453 0.8349
Ground heat 0.9900 0.9945
grass
Latent heat 0.7255 0.7065
Sensible heat 0.8580 0.8525
Ground heat 0.9567 0.9268
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APPENDIX B
SUPPLEMENTAL INFORMATION TO CHAPTER 4

B.1 Photosynthesis equations in PF-CLM
The rate of photosynthests(umol photon rifs') used to determine the stomatal
resistance is taken as the minimum of three computed rates
A =min(w,, W, w;) (B.1)
and does not include respiration. The maximum rate of RuBisCO carboxylation (i.e., RuBisCO-

limited rate) is computed as

clc
W, =V, e P— (B.2)
CI +Sck0§1+ P02 |/Ej-
) k &

whereV; max (umol CG m? s%) is the maximum rate of carboxylatian (Pa) is the internal CO
concentration of the foliag@p, (Pa) is the concentration of oxygen in the atmosphere computed
as 0.209 P.mandk; andk, are Michaelis-Menten constants for £ahd Q, respectively. The

Michaelis-Menten constants vary as the vegetation tempetaf{degree C) deviates from 25 {C

t,! 25

k =K 2sM; (B.3)

wherek; 5 is the constant value at 25 K, is the factor by which the magnitude changes with a

10 iC increase in temperature drechn equal eithes (for CO,) or o (for O,). Both constants are

used to compute the G@ompensation poirt, (Pa)
¢, =05%p 1 (B.4)
K
where 0.5 mol of C@is released during the reaction between ribulose bisphosphate and 1 mole

of O, andry (-) is the maximum ratio of oxygenation to carboxylation.

The magnitude 0¥ maxis computed as

— fl(tv)
cmax — f2 (t\,) ! (85)

and influenced by vegetation temperature and by the amount of water in the soil column, which
is incorporated through the soil resistance facte). The temperature dependency is applied

through two functions:
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t,! 25

fl (tv) :V(:,maxzslvl\/li0 (BG)

which has a similar form to (A3) and

_ "I'H, +S,(t,+273.1%
fZ(tV)'“eXpﬁ 8.314t,+273.1§

(B.7)

whereHy (J mol*) is a deactivation constar®, (J mol* K) is an entropy constant and 8.314 J
mol™* K™ is the universal gas constant. Soil saturaB¢s) values from the upper 10 layel¥if

PF are used to determine the soil resistance factor

U NS S, %

. rootl $ ~ - (B.8)
|:1j‘ t’lglsfc! |Smp&;

wherefrooti (-) is the fraction of roots in each layer(-) is porosity and, (-) andSc (-) are

degrees of saturation that correspond to the wilting point and field capacity. This fdgpuof
assumes thal; max 2sincludes the effect of foliage nitrogen concentration variations and does not
include any additional adjustments for day length or vertical nitrogen gradidetoh et al.

2013].

The second way that the rate of photosynthesis can be constrained is when the
concentration of products (i.e., sugars) build up within the leaf (i.e., export-limited rate or
sucrose-limited rate)

w, =3T,=3! 0.16¥, (B.9)

where the triose phosphate utilization rgig€umol m? s%) is approximated as a fraction of
Vc,max-

Lastly, photosynthesis rates can be limited by the amount of light needed to regenerate
RuBisCO enzymes (i.e., light-limited rate)

clc

w,=J——F (B.10)

meG +n,C,
wheren; andn, are factors preceding andc,, respectively, and (umol CG m?s?) is the
electron transport rate

J=E,qePAR (B.11)

whereE,; is the photon energy content (umd) &ndgess (umol CQ pmol photort) is the

quantum efficiency at 25 jC.
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The minimum rate of photosynthesdirst used to compute the G@oncentration at the
leaf surfacess (Pa)
C = Peoy ! Dyl P (B.12)
wherePco2 (Pa) is the concentration of G the atmosphere tak@sxcoz! Pam With Xco
(ppm) being the partial pressure of £0,, is the ratio of the diffusivity of C&and water in the
boundary layer and, is the boundary layer resistance. Finallyis solved from (2) using the
quadratic equation arglis calculated from
c =c,! AP, D, (B.13)
whereDys is the ratio of the diffusivity of C&and water through leaf stomata. Computations for
the different rates of photosynthesis (Equations B2, B9 and B1Q)¢@@entrations (Equations
B12 and B13) and stomatal resistance (Equation 4.2) are repeated 3 times. Transpiration is then
estimated using (4.1).

Most of the above equations are consistent among sources, hawesay, ¢, (B4), V,
max (B5), w; (B10) andJ (B11) have been found to differ. Some of these equations are similar in
form and contain similar variables but have different coefficient magnitugte&raeth et al.
2002; Amenu and Kumar 2008; Gu et al. 2010; Oleson et al. 2013) or vary in how temperature is
corrected K andV; max, Amenu and Kumar 2008; Katul et al. 2010; Oleson et al. 2013). For
example, Figure B1 compares how the maximum rate of carboxylation changes with vegetation
temperature from four different sources. In some cases, lilgg &mdJ, equations differ in both
form and compositionGhen et al. 1999;Amenu and Kuma2008;Gu et al, 2010;0leson et
al., 2013]. We do not evaluate sensitivities associated with formulation differences givénethat
purpose of this work is to evaluate the sensitivity of parameters typically held at constast val
B.2 Results from additional forcing sets

In addition to the Tonzi Ranch results presented in the main part of the manuscript, the
active subspace method was also applied to PF-CLM simulations forced with atmospheric dat
from Breckenridge, Colorado, the Little Washita watershed in Oklahoma and wet and dry years
at the Tonzi Ranch, California site. Figure showing the active variable weights and sufficient
summary plots of the additional simulations are included below. Monthly and hourly-averaged
sufficient summary plots have the same vertical scale for all sites; howeveruhlaacge

depends on the averaging period.
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Figure B-1: Relationship between vegetation temperature and maximum rate of carboxylation for
four different parameterizations. The relationship corresponds to deciduous trees in CLM and to
evergreen trees for Katul et al. (2010) and Amenu and Kumar (2008). The PF-CLM relationship
is the same for all vegetation types.

Breckenridge, Colorado

Of the sites analyzed in this research, the Breckenridge site has the smallest-randthly
hourly-averaged transpiration rates (Figure B2 and Figure B3). Less incoming shortwave
radiation and lower air temperatures result in lower transpiration rates (Table 4.2). The
relationship between the input parameters and monthly- and hourly-averaged output quantities is
more defined than for the other sites (i.e., less extraneous points in the sufficient summjary plots
Furthermore, active variable weights for the monthly-averaged sunlit stomatal resistance ha
less variation than the weights corresponding to the Tonzi Ranch site (Figure 4.4). Two new

parameters emerge as important at this aitemxshows much influence over monthly-averaged
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rssun€Stimates during winter months amdis important in hourly-estimates nfs, during

summer months. Breckenridge is the only site whenex25shows up as an important
parameter in the monthly-averaged shaded stomatal resistance quantity (Figure B2). The
appearance of this parameter indicates that a photosynthesis rate in addition to theit@ght-lim
rate is occurring during the winter and spring months. Theyhaweraged stomatal resistance
panels of Figure B3 show that the weights and input-output relationship for GMT 12 (early
morning local time) is different than all other hours; this feature is not observed at any of the
other sites.

Little Washita, Oklahoma

The Little Washita watershed has the largest amount of incoming shortwave radiation,
warmest air temperatures and most summertime precipitation (Table 4.2), which leads to high
rates of transpiration compared to the other sites included in this research (Figure S4).&imilar t
Tonzi Ranch, the active variable weights for averaged stomatal resistances from the sunlit
portion of the canopy are highly variable throughout the year. However, compared to the other
sites, the input-output relationship is less certaimfqrwhen fluxes are large © during July,

August and September and during midday hours (Figure B4 and Figure B5). This site is the only
one that shows summer transpiration rates being lower in the evening than in the morning
(Figure B5).

Tonzi Ranch, California (wet and dry years)

Tonzi Ranch is located in a Mediterranean climate where much of the annual
precipitation occurs between December and May. The wet water year (2005-2006) has
approximately double the amount of precipitation than the dry water year (2007-2008), but
neither year receives precipitation during the summer months (Table 4.2). The year with average
winter precipitation (2002-2003) has the most summer time precipitation. In general, the active
variable weights and sufficient summary plots for all quantities show little respmotiee t
precipitation amount. The monthly- and hourly-averaged rates of transpiration are largest for the
average and wet years and slightly less for the dry year (Figure B6 and Figure B8). During the
wetyear the February transpiration sufficient summary plot is located above that of March. This
change in order only happens during the wet year and likely reflects increased transpiration due
to an increased water supply (Figure B6). The active variable weightsnio25also span a

larger range during the wet year for the monthly-averaged sunlit stomatal resistance. During the
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wet yearecp which is not identified as important at any other site or year, exerts influence over
hourly-averageds synestimatesn the morning. Furthermore, the input-output relationship for the
September, October and November monthly-averaged sunlit stomatal resistance for the average
and wet years is steeper than for the dry year (Figure 4.4, Figure B6 and Figure B8). Winter

precipitation has no apparent effect on hourly-averaged summer stomatal resistancesquantitie
(Figure B7 and Figure B9).
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Figure B-2: Active variable weights and sufficient summary plots for monthly-averaged
transpiration and stomatal resistance using Breckenridge, Colorado forcing from September
2008-August 20009.
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Figure B-3: Active variable weights and sufficient summary plots for hourly-averaged
transpiration and stomatal resistance using Breckenridge, Colorado forcing from June-August
20009.
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Figure B-4: Active variable weights and sufficient summary plots for monthly-averaged
transpiration and stomatal resistance using Little Washita, Oklahoma watershegl fianci
September 1998-August 1999.
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Figure B-5: Active variable weights and sufficient summary plots for hourly-averaged
transpiration and stomatal resistance using Breckenridge, Colorado forcing from June-August
1999.
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Figure B-6: Active variable weights and sufficient summary plots for monthly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from September
2005-August 2006 (i.e., wet year compared to water year 2003).
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Figure B-7: Active variable weights and sufficient summary plots for hourly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from June-August
2006 (i.e., wet year compared to water year 2003).
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Figure B-8: Active variable weights and sufficient summary plots for monthly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from September
2007-August 2008 (i.e., dry year compared to water year 2003).
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Figure B-9: Active variable weights and sufficient summary plots for hourly-averaged
transpiration and stomatal resistance using Tonzi Ranch, California forcing from June-August
2008 (i.e., dry year compared to water year 2003).
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