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Abstract

The ecohydrological system is a complex adaptive system. Climatic signals
propagation through this system takes nonunique pathways, creating nonlinear
interactions between climate, soil, water, and vegetation. The synthesis of the links
between these components can be approached by a detailed physics-based process
understanding or based on emerging patterns and common functionalities across space
and time. This dissertation develops a mechanistic understanding of hydrological and
ecological processes interactions at the catchment scale based on the latter approach. It
has five main objectives: (1) to develop a simple diagnostic framework for exploring
links between water balance and vegetation dynamics, (2) to establish a scale-
independent function for carbon-water coupling, (3) to explore hydrological processes
underpinning vegetation carbon uptake seasonality, (4) to develop and implement a
simple dynamic vegetation model global scale, and (5) to enhance global hydrologic
model (Xanthos) by adding some aspects of water management. The dissertation begins
with the development and validation of two functions. The first function is an analytical
framework for the Horton index, derived based on the generalized proportionality
hypothesis. The function helped depict the critical role vegetation plays in hydrologic
partitioning. It also explained the space-time similarity of the catchment hydrologic
state. The second function is a two-parameter linear relationship between carbon uptake
and water balance. It simulated seasonal vegetation carbon uptake at catchment and
patch levels reasonably. It is also valuable for understanding the catchment
transpiration to vaporization ratio. Exploratory data analysis is performed for objective
(3). Hysteresis between water supply and productivity and atmospheric demand and
productivity was explained by the efficiency of catchment water, energy, and carbon
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use. It also reveals that vegetation in catchments oscillating between water- and energy-
limited states are under hydrologic stress during the peak growing period. Functions
from objectives (1) and (2) were coupled with Xanthos. Simulation with this model
captured the seasonality and magnitudes of carbon uptake reasonably. Xanthos is
further enhanced by adding a water management module that treats irrigation,
hydropower, and flood-control reservoirs differently. It is the first attempt to represent
hydropower reservoirs in a global model. The model performance is improved

significantly in reproducing observed streamflow.
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1 Introduction
1.1 Motivation

The ecohydrological system is a complex adaptive system consisting of
hydrological and ecological processes. The propagation of climatic signals through this
system 1s non-stationary and generates heterogeneous feedback. Hydrologic
fluctuations are responsible for ecological process dynamics. Hence, it is responsible
for some of the fundamental differences between various ecosystems' space-time
patterns and processes (Eagleson, 2002; Porporato and Rodriguez-Iturbe, 2013). Soil
water storage is the hydrologic system's primary link to the ecosystem. The plant
hydraulic transport system links the soil water storage to the carbon-water exchange at
the leaf surface. Both components of the carbon-water exchange (i.e., carbon uptake
and transpiration) are dominant driving factors in land-atmospheric interactions. The
plant carbon uptake is the primary driver of the land carbon sink, and evapotranspiration
is the largest terrestrial water flux (Maxwell and Condon, 2016; Spielmann et al., 2019;

Trenberth et al., 2014).

Observation data primarily drive understanding of the plant-water interactions,
which is generally available at the site, patch, or stand scales. Understandings generated
at these levels are often applied at larger scales with little to no modifications. This has
led many state-of-the-art global models to struggle to capture patterns and
characteristics seen in observation data, such as evapotranspiration partitioning
(Schlesinger & Jasechko, 2014). For instance, while the global mean transpiration to
evapotranspiration ratio is >64% per observation data, global models persistently
estimate below 40% (Good et al., 2015; Schlesinger and Jasechko, 2014). One major

contributing factor to such mismatch is the lack of an effective mechanism to upscale



site/patch scale understandings to larger scales. This dissertation proposes generating a
new understanding of hydrologic and ecologic systems interactions at the catchment
scale as a bridge between site/patch and global scale implementations for three major
reasons. First, catchments are often made up of multiple ecosystems, and this resembles
the spatial characteristics of the global model's grid. Second, like gridded scales,
catchments can be represented in lumped, semi-distributed, or distributed forms. Lastly,
relative to site scale, understanding how vegetation production responds to water
balance at a spatial unit like a catchment is essential for designing and implementing

land management plans.

Synthesis of the links between soil water storage dynamics and processes at
vegetation leaves surface (i.e., evapotranspiration and carbon uptake) can be
approached through two schools of thought. Focusing on individual biomes in isolation
with a detailed physics-based representation (Newtonian) or based on emerging
spatiotemporal patterns/laws among a population of catchments (Darwinian). The
Newtonian approach employs universal laws to build a mechanistic model, often
without ties to a particular landscape. Underlying assumptions and model parameters
strongly condition that the solutions characterize a given landscape (Bloschl et al.,
2011; Wang and Tang, 2014). The Darwinian synthesis starts from observations of
individual behavior and builds a theory that explains the collective dynamics (Pastor et
al., 2016). It then seeks to describe patterns of variability and their process (Bloschl et
al., 2011; Sivapalan, 2005; Sivapalan et al., 2011a; Wang and Tang, 2014). Regardless
of the pathways, a synthesis should be based on a simple and falsifiable framework
(Harte, 2002). It should go beyond the emerging spatial/temporal patterns and identify

the actual mechanisms at work. Ultimately, the pursuit of such mechanistic



understanding is to apply the fundamental knowledge we garner to solve real-world

problems involving ecohydrological systems.

Ecohydrological systems' self-organizing behaviors often do not manifest
themselves in mathematical forms. Hence, embracing the science of places is very
important rather than investigating specific biome in isolation (Harte, 2002). Embracing
the science of places here means using a population of catchments to examine the action
of vegetation on the water balance and vice versa. Data-driven explorations of the
dynamic interaction amongst the components of ecohydrological systems are generally
limited to patch scales since observation data are primarily available at that level. The
scaling issue, the inability to establish a smooth connection between the patch- and
catchment-scale soil-water-vegetation dynamics, hinders the extension of most patch-

scale synthesis to catchment-scale.

On the other hand, most catchment-scale hydrologic models are partially
coupled with ecosystem processes. These models objectively introduce catchment
ecosystems only to aid a more realistic simulation of the hydrologic processes. Fully
coupled models are often process-based; hence they can solve hydrological and
vegetation dynamics over space and time explicitly and simultaneously. Unfortunately,
the involved numerous adjustable parameters generally make them unfalsifiable,
drawing a curtain on the opportunity to learn from the multitudes of wrong predictions.
Hence, there is a need for simple and falsifiable frameworks, an approach with limited
complexity that can directly link catchment water balance and vegetation dynamics at
multi-temporal scales. A framework for detecting patterns and laws among a population
of catchments, which in turn help develop theories and further our capability to

synthesize catchment ecohydrology as a single adaptive unit.



The overarching goal of this dissertation is to develop methods for linking
catchment water balance and vegetation dynamics at multi-scales. Specifically to
develop and validate macroscopic functional frameworks that are simple enough and
yet sufficiently exact in revealing the mechanisms at work. Here, these approaches are
referred to as Fermi-type macroscopic approaches, hoping to implement a simplified
problem-solving approach of Enrico Fermi' to catchment ecohydrology(Harte, 2002).
This dissertation also aims to use the developed functional forms and understandings
to enhance an existing global hydrologic model. To achieve this goal, the subtasks of
this research follow the Darwinian school of thought to develop the functions. The main
objectives include: 1) developing a simple mathematical diagnostic framework for
exploring multi-scale links between catchment water balance and vegetation dynamics,
i1) establishing a unified functional framework for the catchment scale carbon-water
coupling, iii) exploring the hydrological processes underpinning the distinct space-time
patterns of carbon uptake among various biomes, iv) combining approaches developed
in "i-1i1" and existing hydrologic model to develop a simple dynamic vegetation model
and apply at the global scale, and vi) integrating the human influences into the global

hydrologic model to further enhance its streamflow simulation.

1.2 Methodological Framework

The dissertation undertakes the objectives described in the preceding section as
an independent primary research task with specific objectives. Methodological
developments for these tasks follow the Darwinian school of thought individually and
collectively to achieve the overarching goal of the dissertation, except for the global
scale analysis. The Darwinian school of thought emphasizes population thinking rather
than typological. It embraces that populations consist of uniquely different individuals,

and patterns manifesting from their individual and collective behavior lead to a
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generalized explanatory interpretation. The functions development and process
understanding at the catchment level is followed by implementation into an existing
global hydrologic model to enhance its capacity for simulating vegetation dynamics.
This dissertation also develops a generic global water management module to improve
human influence on the river system. The summary of each research task and the overall
methodological framework (Figure 1-1).

1) The link between soil water storage dynamics and evapotranspiration

To develop a conceptual framework for exploring multi-scale links between water
balance and vegetation dynamics
This task investigates vegetation influence on the second stage of the now

universally accepted hydrologic portioning framework. Most analyses concerning such
influence are data-driven and do not provide a mechanistic generalizable understanding
across space and time, especially at an intra-annual scale. Under this task, we developed
a new conceptual framework for exploring multi-scale links between catchment water
balance and vegetation dynamics based on the Generalized Proportionality Hypothesis.
The framework is then validated over catchments across the contiguous United States
and with various climate, vegetation, soil, and topographic conditions, focusing
primarily on the monthly scale. We use the new analytical framework to understand the
mechanisms underpinning the emergent patterns of water-vegetation interactions at
inter-and intra-annual variability.

2) Catchment level link between evapotranspiration and carbon uptake:

To develop a functional relationship between catchment water balance and
vegetation carbon uptake
Under various climate and landscape conditions, seasonal vegetation dynamics,
and hydroclimatic variables, we evaluate water balance and vegetation dynamics data

5



from a population of natural catchments distributed across the contiguous United States.
Based on the observed emerging patterns, we developed a universal functional
relationship between vegetation carbon uptake and catchment water balance. The
relationship is a two-parameter linear function, and the parameters could be estimated
a prior as functions of catchment climate and landscape conditions. Further, we explore

the landscape and hydroclimatic variables controlling the parameters, thereby the type

of the linear function.

Objective 1

Soil Water octive 5—
Objective 2——Objective 4 - Objective 5

Vegetation
= Storage

Figure 1-1: Methodological Framework

3) The effect of soil water storage and atmospheric dryness on vegetation:

To provide a mechanistic understanding of catchment wetness /vegetation carbon
uptake and atmospheric dryness/vegetation carbon uptake hysteresis.

Hysteric behaviors are common in a system that can recharge and discharge.
Vegetation takes up carbon at the expense of water hydraulically lifted from the soil;
the lag between them creates a hysteresis. Observation data showed several emerging
patterns, including the wide/narrow and clockwise/anti-clockwise hysteric behaviors.
We explore hydrological processes underpinning these patterns using water, energy,
and carbon uptake efficiency indicators and provide a mechanistic understanding of the
patterns. Ultimately, understanding these seasonal co-dynamics can help improve the
understanding of how intermittent natural disturbances like droughts constrain the

carbon cycle and water use.



4) Enhancing a simple hydrologic models capacity beyond simulating
hydrologic releases

To develop a simple empirical model for vegetation carbon uptake model

Catchments are closed spatial units, and most global hydrologic models use
gridded spatial units. Here, we tested whether the understanding we generated based
on small to medium-sized catchments can be applied globally. We integrate the
previously developed functions with a conceptual hydrologic model and develop a
simple but dynamic vegetation model to simulate monthly water balance and dynamics.
We use the abed model (Martinez and Gupta, 2010), which is also a basis for Xanthos
(an existing distributed global hydrologic model and part of the Global Change
Intersectoral Modeling System framework) (Liu et al., 2018). We underpinned both
model's actual evapotranspiration estimations with the new conceptual framework
(objective 1) and the carbon uptake with the unified relationship (objective 2). The
model is applied globally at half-degree resolution and evaluated against a recent

observation-based global product.

5) Human interference with the hydrologic release

To enhance Xanthos by including human influence on hydrologic systems

Human decision-making, such as surface and groundwater withdrawal and
surface water management, can affect both vertical (e.g., through land management
such as irrigation) and horizontal (e.g., through shifting natural water availability
patterns) hydrologic fluxes. Human influences on these components propagate to the
carbon cycle as the vegetation's carbon uptake characteristics vary with land
management practices and the natural variability of water available. One of the main
features of surface water management is the surface water reservoirs, which provide a

critical human response to natural variability and short-term environmental influences



such as droughts. Reservoirs also have the potential to alter the long-term co-evolution
of energy-water-land systems. Understanding the future role of reservoirs in shaping
the co-evolution of energy-water-land systems at a global scale requires carefully
representing reservoirs and their multiple purposes—such as irrigation, hydropower,
and flood control—in global hydrologic models. The resulting dynamics emerging
from global hydrologic models can then be used to inform the dynamics in global
integrated human-earth system models such as the Global Change Analysis Model
(GCAM). As a first step toward this goal, this study aims to develop a water
management module for Xanthos, an existing distributed global hydrologic model that
is part of the Global Change Intersectoral Modeling System framework, by adding local

surface water extraction and reservoir operation.

1.3 Guiding Philosophy

The dissertation's first three chapters are focused on a data-based mechanistic
understanding of the links between vegetation and catchment water balance. Those
sections guiding framework is shown in Fig. 1-2. The enhancement of the global
hydrologic model to simulate vegetation dynamics is based on these chapters, while the
human influence representation, to a certain extent, also aims to follow a simple

framework of process understanding.
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Figure 1-2: Major steps in the exploratory data analysis and functions development



1.4 Dissertation Structure

The dissertation is organized into seven chapters. Chapters 2 and 3 present the
two parts of vegetation actions on the hydrologic partitioning study: the development
of the conceptual framework for exploring multi-scale links between water balance and
vegetation dynamics and the unified functional framework for vegetation carbon uptake
and water balance relationship. Chapter 4: presents findings on the hydrologic
processes that underpin the hysteric behavior between catchment water balance and
vegetation carbon uptake. Chapters 5 and 6: present the simple dynamic vegetation
model and the development of the water management modules for a global hydrologic
model. Chapter 7 presents conclusions and implications of the results presented in this

dissertation, followed by future works.



2 Soil Water Storage Relationship with Evapotranspiration’

2.1 Introduction

Horton Index, a dimensionless ratio of catchment vaporization (total
evapotranspiration) to wetting (the portion of precipitation that wets canopy, ground
surface, and soil), has been a valuable signature in revealing the links between
catchment water balance and vegetation dynamics (Brooks et al., 2011; Horton, 1933;
Sivapalan et al., 2011; Tang & Wang, 2017; Troch et al., 2009; Voepel et al., 2011).
Horton (1933) found that the HI calculated over the growing period (May to October)
at a pristine catchment shows a remarkable constancy between years despite substantial
inter-annual precipitation variability. He postulated that the reason for this constancy
might be that vegetation maximizes productivity relative to available water, echoing
back to the concept of maximum possible actual evapotranspiration (Ol'dekop, 1911).
Based on his hydrologic partitioning theory, L'vovich (1979) also confirmed a
maximum attainable actual evapotranspiration for a given soil wetting magnitude,
hence recognizing the role of soil-vegetation interactions in hydrologic partitioning.

It was not until decades later that Troch et al. (2009) revisited HI and its
between-year constancy using 89 catchments distributed across different ecoregions.
Using this index, Troch et al. (2009) revealed a space-time symmetry between the inter-
catchment and inter-year variability of HI, which they suggested might be underpinned
by a similarity across biomes in short- and long-term adaptation strategies of vegetation

to climate variability.

! Abeshu, G. W., & Li, H. Y. (2021). Horton Index: Conceptual framework for exploring multi-
scale links between catchment water balance and vegetation dynamics. Water Resources Research,
57(5), 1-24. https://doi.org/10.1029 /2020\WR029343
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Inspired by Troch et al. (2009), there have been many data-driven studies
evaluating the impacts of climate, soil, and topographic conditions on HI variations
over the past decade. For example, Voepel et al. (2011) found that climate conditions
exerted a first-order control on the HI variations, e.g., there was a power-law
relationship between HI and Aridity Index, while topographic characteristics such as
topographic slope and mean elevation only exerted a secondary control. Using 86 of
the 89 catchments utilized by Troch et al. (2009), Rasmussen (2012) related the HI to
effective energy and mass transfer (EEMT). Here, the EEMT represents energy that can
perform work on the subsurface and has two components, the energy flux associated
with effective precipitation and the energy flux from net primary production. The result
showed a strong negative correlation between EEMT and HI, indicating that water-
limited catchments correspond to lower EEMT. Zapata-Rios et al. (2016) examined HI
characteristics over high-elevation catchments. They reported that snowpack conditions
explained over 95% of the HI variability and that, in turn, influenced annual vegetation
greening. They also found that the topographic aspect did influence the magnitude of
HI but only during wet years.

Moreover, HI has been used as a valuable diagnostic signature for catchment
water balance under the influences of climate, soil, and biomes. Guardiola-Claramonte
et al. (2010) used annual HI as one of the objective functions to calibrate and validate
their catchment water balance simulations. Brooks et al. (2011) and Voepel et al. (2011)
showed that HI could be a good predictor of inter-annual changes in vegetation cover
and greenness. Harman et al. (2011) derived analytical expressions that relate the flow
elasticities to long-term mean HI. Thompson et al. (2011) showed the scale-dependence
of catchment water balance partitioning on a hierarchical flow path network with a

scale-dependent expression of HI.
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Wang & Tang (2014) and Tang & Wang (2017) parameterized their Budyko-
type models directly or indirectly with HI. Arciniega-Esparza et al. (2017) and Troch
et al. (2018) found that HI was a highly efficient predictor of the spatial variability of
average maximum deep storage, low flows, and groundwater recharge in ungauged
catchments with different types of climate, soils, geology, and vegetation cover.

The aforementioned HI-related studies are nevertheless mostly data-driven i.e.,
without providing a mechanistic, generalizable understanding across space and time.
The only exceptions are Sivapalan et al. (2011) and Schaefli et al. (2012). Sivapalan et
al. (2011) derived a functional formula of HI as a function of two dimensionless
similarity variables (rescaled annual precipitation and aridity index) based on the two-
stage hydrologic partitioning theory (L'vovich, 1979; Ponce & Shetty, 1995a, b). They
then revealed a space-time symmetry of inter-catchment (regional) and inter-annual
variability of HI. Schaefli et al. (2012) derived an analytical expression for HI as a
function of available storage in the atmospheric column and a constant k (the ratio of
maximum potential evaporation to maximum runoff). They confirmed the power-law
relationship between HI and Al as suggested by Voepel et al. (2011).

However, neither Sivapalan et al. (2011) nor Schaefli et al. (2012) examined
HI's intra-annual variability. In fact, most of the data-driven Hl-related studies have
also focused on the annual scale by neglecting soil moisture storage change. The
importance of intra-annual variability of HI has nevertheless not been fully explored,
particularly over the growing season (Horton, 1933; Troch et al., 2009). There is
substantial seasonal variability in the dynamics of most vegetation types. For example,
in the U.S., for most vegetation types, a calendar year can be divided into a growing

season and a dormant season (Kukal and Irmak, 2018).
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Vegetation typically acquires and consumes much more water via transpiration during
the growing season than during the dormant season (Schlesinger & Jasechko, 2014;
Wang et al., 2014; Zhou et al., 2016). It is thus necessary to incorporate intra-annual
variability to improve the understanding of HI variability and the role of vegetation that
cannot be effectively captured at the annual scale (Sivapalan et al., 2011; Troch et al.,
2009).

The mathematical derivation of Sivapalan et al. (2011) was directly based on
the two-stage hydrologic partitioning theory pioneered by L'vovich (1979) and later on
theoretically proven by Ponce & Shetty (1995a, b). The two-stage hydrologic
partitioning theory quantifies the partitioning of precipitation into fast flow and wetting
(1st-stage) and then partitioning wetting into baseflow and vaporization (2nd-stage).
The 2nd-stage partitioning is directly relevant to HI. Ponce & Shetty (1995a, b)
provided the theoretical foundation of this hydrologic partitioning theory by
generalizing the Proportionality Hypothesis underpinning the Soil Conservation
Service Curve Number (SCS-CN) method (SCS, 1985). Given that Z is a certain
amount of water that can be portioned into X and Y (e.g., precipitation portioned into
soil retention and excess runoff, or catchment wetting partitioned into vaporization and

baseflow), the Generalized Proportionality Hypothesis (GPH) states that

X-X, Y
Xp_XO Z_XO

(2-1)

Here X, is the potential of X, and X, is the initial fraction of X (e.g., initial soil

abstraction or initial vaporization). Ponce & Shetty (1995a, b) showed that GPH could
be used to theoretically derive the functional formulas for both stages of the two-stage

hydrologic partitioning. For the 2nd-stage partitioning, applying GPH leads to
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E—Ep _ Qb
E,—E, W-—E,

(2-2)

Where E is total vaporization. Ej is initial vaporization. E, is potential vaporization.
Q, is baseflow. W is total wetting. Note that Eqn. (2-2) is for long-term catchment
water balance; hence storage change is neglected (Sivapalan et al., 2011; Tang & Wang,
2017; Wang et al., 2015).

Interestingly, Wang & Tang (2014) showed that GPH could also be used to
derive the Budyko-type formula theoretically. A Budyko-type formula is essentially
quantifying a one-stage hydrologic partitioning, i.e., total precipitation partitioned into
total runoff (including fast flow and baseflow) and vaporization. By applying GPH to
this one-stage partitioning, Wang & Tang (2014) derived a generic, one-parameter
expression of the Budyko model for long-term catchment water balance and suggested
that the original deterministic Budyko curve (Budyko, 1974) and Fu’s equation (Fu,
1981) are just two specific forms of this generic expression.

More importantly, Wang et al. (2015) later proved that GPH could be
theoretically derived from the thermodynamic principle, i.e., Maximum Entropy
Production. In particular, they showed that the 2nd-stage partitioning at the long-term
scale could directly result from the Maximum Entropy Production principle. Wang
(2018) was then able to theoretically derive the proportionality relationship used in the
SCS-CN method following a different route than the Maximum Entropy Production
principle, i.e., by proposing a new probability density function for the spatial
distribution of soil water storage capacity. Hooshyar & Wang (2016) also demonstrated
the physical basis of the SCS-CN proportionality hypothesis by deriving it from
Richard’s equation but for relatively specific conditions, i.e., coarse-textured soil,

shallow water table, and an early stage of ponded infiltration.
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So far, GPH has been validated empirically (SCS, 1985), indirectly by Ponce &
Shetty (1995a, b) and Wang & Tang (2014), and theoretically by Wang et al. (2015),
Hooshyar & Wang (2016), and Wang (2018). It appears to be a very powerful
theoretical framework not only underpinning the now well-accepted two-stage
hydrologic partitioning theory and Budyko hypothesis but also facilitating new
hydrologic theoretical explorations.

Our objectives are, therefore, three-fold: 1) Developing a new analytical
framework of HI applicable at multi-temporal scales based on the Generalized
Proportionality Hypothesis; 2) Validating the analytical framework over a large number
of catchments with various climate, vegetation, soil, and topographic conditions with a
main focus on the monthly scale; and 3) Using the new analytical framework to help
understand the mechanisms underpinning the emergent patterns of HI’s inter- and intra-
annual variability. The rest of this paper is organized as follows: Section 2.2 introduces
the analytical framework. Section 2.3 describes the validation of it at both annual and
monthly scales. Section 2.4 presents the emergent patterns in the HI’s spatial (inter-
catchment) variability and temporal (inter- and intra-annual) variability and interprets
them using the analytical framework. Section 2.5 closes with a summary and further

discussion.

2.2 Analytical Framework of Horton Index

2.2.1 General Horton Index Definition

So far, at annual and long-term scales, HI has been mostly defined and used as
the ratio of catchment vaporization to catchment wetting (Horton, 1933; Troch et al.,
2009) without accounting for the effects of storage carryover between years. Troch et
al. (2009) suggested accounting for storage carryover from winter into spring for using

HI. For multi-scale applicability, we thus adopt a general definition of HI as
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E
=— (2-3)
HI = o — .

Where E is catchment vaporization (or actual evapotranspiration), W — AS is
catchment wetting accounting for the storage change. We hereafter consider (W — AS)
as effective catchment wetting, which is the amount of water available for vaporization
and baseflow at any time scale. Effective catchment wetting can also be viewed as the
maximum water supply for vegetation use. The definition in Eqn. (2-3) can thus be
applied at any time scale. In this study, we define and examine HI on the long-term,
annual, and monthly scales. For the long-term scale, HI is defined as the ratio of long-
term average evapotranspiration to long-term average catchment wetting and denoted
as long-term HI hereinafter. For the annual scale, HI is defined as the ratio of annual
total evapotranspiration to annual effective catchment wetting for any specific calendar
year and denoted as annual HI. For the monthly scale, HI is defined as the ratio of
monthly total evapotranspiration over monthly effective catchment wetting for any

month and denoted as monthly HI.

2.2.2 Mathematical Derivations

At the catchment scale, total liquid precipitation (rainfall + snowmelt), P, can
be partitioned into total surface runoff (Qg) and catchment wetting (W). W includes
total infiltration and interception by vegetation canopy and surface depressions (see
Figure 2-1a). The first stage of precipitation partitioning is expressed as

P=Q +W. (2-4)

Catchment wetting occurs in two phases: initial wetting (W,) due to interception by
vegetation and ground surface depressions and continuing wetting (W,) due to soil

infiltration. Catchment wetting can then be further partitioned into catchment
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vaporization (E), base flow (Q,) and soil water storage change (AS) (see Figure 2-1b).

a) First Stage Partitioning

Precipitation(P)

wetting (
R DR

Continuing wetting (W;)

Initial
vaporization(E,)

Continuing b) Second Stage Partitioning
vaporization(E,)

W =FE+Q,+AS
E=E,+E,

Effective
wetting
W)

Figure 2-1: Conceptual-level two-stage hydrologic partitioning scheme, (a) First-Stage
Partitioning for effective precipitation partitioning and (b) Second-Stage
Partitioning for effective catchment wetness partitioning.
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Hence, the second stage of precipitation partitioning is given by

W=E+Q, + AS. (2-5)

We now apply GPH to the 2nd-stage partitioning at the monthly scale, which yields

E-E, _  Q
E,— E, W—AS—E,’

(2-6)

E, is the portion of vaporization that occurs at the initial stage, i.e., evaporation from
canopy interception and surface depression ponding and transpiration from shallow
water storage (mostly in the unsaturated zone). Note that with Eqn. (2-6) here, we only
assume that GPH is valid for the 2nd-stage partitioning at the monthly scale. Whether
it is valid at finer time scales is beyond the scope of this study. Rearranging Eqn. (2-6)

for Q,, we obtain

Q =(W]—3AS_ wems) (- wems)

W —AS E, E, ' (2-7)
W—4AS  W=A4AS

Similar to the SCS-CN method (SCS, 1985), Ponce & Shetty (1995a, b), and Wang &
Tang (2014), we consider the whole vaporization process occurs in two stages: an initial
stage followed by a continuing stage,

E=E,+E,, (2-8a)

where E, =AE. (2-8b)

E. is the portion of vaporization that occurs after the initial stage, mostly transpiration
from deeper soil water storage that is very close to or below the groundwater table. A is
a dimensionless fraction parameter. We provide a more detailed discussion on E;, and

A later in Section 2.4. From Eqn. (2-7) and (2-8), we get
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& _ - Ng—g5- - (w=g)

W—as B, _E | (2-9)
W—2as~ *w—=as

When A4 > 0, Eqn. (2-10) is a typical quadratic equation for (E /(W — AS)). Solving it

yields
1o Vi (142 2 42— 22)
E ( +W—AS>— ( +W—AS) —4(2A =) 33 o)
W—AaS 221 — 22) )
If taking the plus sign in Eqn. (2-12), one will always obtain WoAs > 1.0, while WoAS

should always be no larger than 1.0 (Eqn. 2-5). So in Eqn. (2-12) we take the minus

sign and obtain

E _ 1 <1+ Ep )
W—AS 202A—22) W — AS

E, E, 2105
—I1+(2—81+4A2)W_AS+(W_AS) l L (2-13)

Eqn. (2-13) is thus an analytic expression of HI, which applies to the long-term, annual,

and monthly scales.

Hereafter we refer to the ratio of potential evapotranspiration to effective
catchment wetness as the ecological aridity index (EAI), which quantifies the
interaction between monthly energy supply and water supply for plant water use at the
catchment scale. Note for convenience, we define EAI at the long-term, annual, and
monthly time scales similarly to HI, and hereinafter denote them as long-term, annual,
and monthly EAI, respectively. Compared to the well-known aridity index (Al), defined
as the ratio of potential evapotranspiration to total precipitation, EAI is overall larger
since it excludes surface runoff from the water supply for vaporization. Intuitively it is

more physically meaningful from the plant water use point of view since surface runoff
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will rarely be available for vaporization in the real world. Figure 2-2(a) provides a
conceptual diagram of Eqn. (2-13), which includes a theoretical upper-bound of HI
when A = 1.0 (solid blue line) and a theoretical lower-bound when A = 0 (dashed blue
line). When EAI < 1.0, the water supply for vaporization is larger than the evaporative
energy demand, and the catchment is in an energy-limited or ecologically wet state.
When EAI > 1.0, the water supply for vaporization is less than the energy supply, and
the catchment is in a water-limited or ecologically dry state.

From Eqn. (2-5) and (2-9), we get

E \? E E E
_ 92 _ p P _ (2-10)
(2 )‘)(W—As> <1+W—AS>(W—AS>+W—AS 0.

When A = 0, Eqn. (2-10) gives
E
p
E _ _W-AS
W — AS 1+

P (2-11)
W —14S

One can also see that the changing rate of HI is gradually decreasing with EAI,
suggesting that HI variability might be decreasing when a catchment is moving from
an ecologically-wetter state to an ecologically-drier state. To quantify the changing rate

of HI with EAI, we take the derivative of Eqn. (2-13), and obtain

d(HD 1
d(EAD)  2(2A—2A2)

—(1—4x+2x2+i) 1+(2—8x+47\2)i
W — AS W — AS

E, 24-0.5
* (W — AS) ] } 2-14)

This d(HI)/d(EAI) is thus capturing the gradually decreasing slope of the HI~EAI

curve, as shown in Figure 2-2(b). d(HI)/d(EAI) is overall more than 0.3 when a

catchment is ecologically humid, i.e., EAl < 1.0, suggesting a relatively large
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variability of HI between humid catchments (spatially variability) or humid years
(temporal variability). When a catchment is ecologically dry, i.e., EAI > 1.0,
d(HI)/d(EAI) drops quickly and is mostly below 0.1 when EAI > 2.0, suggesting that

HI remains constant among dry catchments (spatial variability) or dry years (temporal

variability).
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Figure 2-2: Theoretical bounds of the new Horton Index functional framework (Eqn. 2-
13). The model parameter, A, which is defined as the ratio of initial
vaporization to total vaporization, varies between 0 and 1.
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This small spatiotemporal variability of HI is consistent with the previous empirical
findings that HI is relatively constant in dry years or arid catchments (Horton, 1933;

Troch et al., 2009).

2.3 Validation of the Analytical Framework

2.3.1 CAMELS Dataset

The data used in this study are mainly from the Catchment Attributes and
MEteorology for Large-sample Studies (CAMELS) dataset (Addor et al., 2017,
Newman et al., 2015). CAMELS includes 671 small to medium-sized, nearly pristine
catchments distributed across biomes, climatic, and topographic gradients of the
contiguous United States. CAMELS provides observed daily precipitation, streamflow,
and maximum and minimum temperature data for each catchment from 1980 to 2014.
It also offers topographic, soil, and vegetation attributes such as elevation, mean
topographic slope, soil hydraulic conductivity, soil depth, porosity, dominant
vegetation cover, monthly leaf area index (LAI), root depth, etc. Besides the observed
data, CAMELS also provides model simulated hydrologic variables such as actual and
potential evapotranspiration, a by-product of streamflow simulation using the coupled
Snow-17 and SAC-SMA models, which have been validated against the observed
streamflow data (Addor et al., 2017). For analysis purposes, we perform the following
filtering and post-processing steps of CAMELS data.

1) In some CAMELS catchments, there are missing records in the observed
streamflow data. We exclude those catchments without complete daily streamflow
records from 1982 to 2012.

2) Model simulated evapotranspiration data from CAMELS is essential for our
analysis, but there has been uncertainty (Newman et al., 2015). To minimize the

impacts of modeling uncertainty, we adapt a criterion expressed as |E,ps — Egim| <
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3)

4)

10% * E, 5. Here Eg,, is the long-term average of simulated evapotranspiration
from 1982 to 2012. E,p, is calculated as the long-term average of observed
precipitation subtract the long-term average of observed streamflow. We exclude
those catchments that do not satisfy this criterion.

Each catchment's dominant vegetation type is available within the CAMELS
vegetation attributes, along with the percentage of catchment area it covers. The
dominant cover fraction percentage ranges from 31.45% to 100% for the entire
dataset. Here, we consider specific vegetation cover the dominant vegetation cover
if it takes more than 50% of the total catchment area. Thus, we further exclude those
catchments without vegetation cover, taking more than 50% of the catchment areas,
i.e., no dominant vegetation cover.

We select 343 CAMELS catchments after Steps 1~3. The CAMELS catchments
belong to eleven different dominant vegetation cover types, as shown in Figure 2-
3a. For convenience, we further group them into six vegetation cover types:
Croplands and Croplands/Natural vegetation mosaic (denoted as CL/NVM, 99
catchments), Deciduous Broadleaf (denoted as DBF, 82 catchments), Evergreen
Needleleaf and Broadleaf Forest (denoted as EF, 22 catchments), Mixed Forests
(denoted as MF, 50 catchments), Grasslands (denoted as GL, 40 catchments) and
Savannas, Woody Savannas and Open/Closed Shrublands (denoted as WS + SL, 50
catchments). Figure 2-3b show that most forested catchments (DBF, EF, and MF)
are located in the humid or semi-humid climate regions, as indicated by the aridity
index (AI, here defined as the ratio of long-term average potential
evapotranspiration over precipitation) values less than 1.0. Those non-forested
catchments (CL/NVM, GL, and WS+SL) are located in the arid or semi-arid climate

regions.
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5) Note that the final precipitation data employed in this study are essentially daily

rainfall + snowmelt time series, which are directly taken from the CAMELS dataset.
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Figure 2-3: Selected 343 CAMELS catchments: a) Dominant biomes, b) Aridity
Index(Ep/P)
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6) The observed daily streamflow time series is separated into daily surface runoff and
baseflow time series at each selected catchment using the one-parameter recursive

digital filtering method (Nathan and McMahon, 1990).

2.3.2 Validating the Analytical Framework

To evaluate the analytical framework, we first estimate the monthly HI time
series at each catchment directly using the CAMELS data. E is taken from the
CAMELS simulated daily evapotranspiration time series. W — AS is calculated

indirectly as E+Q,. According to Eqn. (5). We hereafter denote those HI values

calculated using the CAMELS dataset as “estimated” for easy reading and those derived
using the analytical framework as “analytical”. For evaluating the closeness between
the “estimated” and “analytical” HI series, we use the Kling-Gupta Efficiency (KGE)
(Gupta et al., 2009) and Normalized Root Mean Square Error (NRMSE). Overall, the
higher the KGE value, the closer the “estimated” and ‘““analytical” HI series, and KGE
= 1.0 means a perfect match. Similarly, the smaller the NRMSE, the closer the
“estimated” and “analytical” HI series and NRMSE = 0.0 means a perfect match. At
each catchment, we calibrate the A value at the monthly scale in the calibration period
1982-2001 to reach the best match between the “estimated” and “analytical” monthly
HI time series, as indicated by the optimal KGE value. The optimal KGE values are no
less than 0.5 and 0.8 for over 95% and 87% of the 343 catchments, respectively (as
shown in Figure 2-4a and 2-4b), suggesting the promising predicting power of the
analytical framework.

The resulted A values from this calibration process are hereinafter denoted as
the “calibrated." We then apply the calibrated A value corresponding to each catchment

in the validation period 2002-2012, 90% and 82 % of the catchments have the KGE
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values no less than 0.5 and 0.8, respectively, indicating the representativeness of the
calibrated A values over the whole study period 1982-2012. The NRMSE values
between the “estimated” and “analytical” HI monthly time series are mostly less than
0.1 in both the calibration and validation periods (as shown in Figures 2-4c and 2-4d),
again indicating good prediction power of the analytical framework. Note that since the
normalizing factor (i.e., long-term HI) is always < 1, NRMSE > RMSE.

Regarding specific vegetation types, the analytical framework performs very
well at the CL/NVM, MF, DBF, and WS+SL dominated catchments, but only
reasonably well at the GL (according to KGE), and EF (according to NRMSE)
dominated catchments. By looking into the details of those individual catchments where
the analytical framework does not perform well, we find that poor KGE results are
partially related to the weak seasonal variability of estimated HI. We use the coefficient
of variation (CV, the ratio of the standard deviation to mean) to compute the variability
of the estimated HI. In total, only 39 catchments have KGE values less than 0.75, of
which 34 have CV values less than 10%. Visual inspection of these catchments shows
that the low KGE values do not necessarily imply model incapability. Instead, since the
estimated HI index is slightly invariable, the framework's small
overestimation/underestimation is somehow exaggerated by the KGE metric, which is
evident by the NRMSE box-plots in Figures 2-4(c) and (d), i.e., the NRMSE values are
mostly less than 0.1, except for the EF dominant catchments.

To illustrate more detailed HI variations at individual catchments, we select two
representative catchments out of each of the six biome regimes, i.e., CL/NVM, DBF,
EF, MF, GL, and WS+SL, based on Figure 2-4. Within each biome regime, there are a
number of catchments under various climate conditions, i.e., a range of Al values. For

each biome regime, we select one catchment with relatively higher Al value and another
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with relatively lower Al values. Figure 2-5 shows the "estimated" (blue lines) and
"analytical" (red lines) monthly HI time series at the representative catchments. Each
row is for one biome. The left column is for the catchments with relatively higher Al

values. Overall, the analytical framework reproduces the monthly HI time series quite

well in most catchments.
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Figure 2-4: Performance of the analytical formula. Box-plots of (a). KGE values for
different vegetation types in the calibration period; (b). KGE values in the
validation period; (c). NRMSE values in the calibration period; (d).

Nevertheless, there are noticeable biases in the peak HI values, for example, at
the EF and GL catchments, as indicated by the relatively low KGE values (for the GL
dominant catchments) and high NRMSE values (for the EF dominant catchments).
There are several possible reasons for the biases: 1) The NRMSE values for the EF
dominant catchments are slightly higher than others, primarily because of the model's
slight overestimation of seasonal peak values for this type of catchments. During most
of the year, these catchments are in an energy-limited state. However, most of them

become water-limited during a couple of growing-season months with peak HI values.
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The slight overestimation of the peak value possibly arises from a failure to capture the
transition into and out of this short period since the calibration is dominated by those
months in an energy-limited state with relatively high HI values. 2) Temperature and
precipitation (magnitude, frequency, and timing) exert strong controls on grassland
ecosystems' productivity and water use (Hufkens et al., 2016). Hence, growth and
productivity are highly dynamic even at a sub-monthly temporal scale, i.e., weekly or
daily, and this sub-monthly variation may have led to strong inter-annual variability of
growth and productivity (Hufkens et al., 2016). Therefore, the biases of monthly HI
estimation in the GL dominant catchments are likely because the analytical framework
is not well capturing the sub-monthly timescale characteristics, which is an essential
factor in the strong inter-year variability of grassland dormant-season water use.
Figure 2-5 shows that the analytical framework reproduces the HI seasonal
variations quite well across biomes despite the biases. In each catchment, the drier
months can be further grouped into a growing season (on average, May to October for
the contiguous United States) when plan transpiration is high. The wetter months can
be grouped into a dormant season (November to April) when plant transpiration is much
less. HI's seasonal variation is stronger at those catchments under more humid climates,
i.e., lower Al values. Particularly, during the dormant season (including late fall, winter,
and early spring), the monthly HI values in the relatively humid catchments are
significantly lower than those in relatively arid catchments. This difference can be

attributed to the different climate conditions (see Fig. 2-3).
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Figure 2-5: Horton Index monthly time series over the analytical framework validation
period (2002-2012) for selected catchments. The blue and red lines are for
the estimated and analytical HI time series, respectively.

Most forested catchments are located in the relatively humid climate regions,
where the water supply for vaporization (precipitation) is overall no less than the
evaporative energy demand (potential evapotranspiration). In fact, in these forested
catchments, the monthly total vaporization (E) is mostly less than the monthly
catchment wetness (W — AS). In the dormant season, at the forested catchments, the
total vaporization is small owing to minimum evaporative energy demand, and the
catchment wetness remains a fair amount; while at the non-forested catchments, the
total vaporization is at a similar level as those forested catchments, but the catchment
wetness is small since it has been depleted by relatively larger vaporization in the

growing season.
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The difference in the monthly HI values among the catchments can also be
attributed to different vegetation phenology among various biomes. In most forested
catchments, usually, there is a dense understory and a litter layer, which help reduce
soil evaporation during the dormant season by blocking soil moisture from the
atmosphere, hence not only reducing vaporization and surface runoff but also
increasing catchment wetness (Gomyo and Kuraji, 2016; Sakaguchi and Zeng, 2009;
Song et al., 1997). In the broadleaf forests, most leaves fall off in the dormant season
leading to not only a thicker litter layer but also significantly reduced transpiration from
leaves. In the evergreen forests, the leaves largely remain on the trees even during the
dormant season, but the trees lower their carbon utilization rate (i.e., downregulation of
photosynthetic capacity) in response to the low-temperature conditions (Adams et al.,
2004; Oquist and Huner, 2003). A reduced photosynthetic activity means much of the
radiation absorbed by leaves cannot be utilized for the photosynthetic fixation of COx.
Hence, the likelihood of water escaping through the stomatal opening (i.e.,
transpiration) during the carbon uptake process is significantly reduced. In non-forested
areas such as grasslands, such a litter layer is usually not developed. In the U.S.,
cropland residues are often left on the field after harvesting and can be as effective as
the forest litter layer. However, the removal of crops after harvesting increases wind
speed by reducing ground surface roughness and thus increases the effective
evaporation rate. Another possible reason for the different HI values between the
forested and non-forested catchments is the hydraulic redistribution mechanism. With
deeper root systems, in the dormant season, trees are able to transport excess water from
topsoil down to deeper soil, particularly during nights, hence increasing catchment

wetness (Amenu & Kumar, 2008; Brooks et al., 2002; Prieto et al., 2012).
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2.4 Further Discussion of the Analytical Framework

A is the only parameter in our analytical framework which is closely related to
the partitioning of total vaporization (E) into initial (E;) and continuing vaporization
(E;). In this study, the lambda values are obtained from the monthly HI time series
calibration and applied to the multi-scale analysis. Recall that E, corresponds to three
primary sources where water is easily available for vaporization: direct evaporation
from interception (canopy and litter interception), direct evaporation from the soil
surface, and temporally stored water in surface depressions, and transpiration from the
shallow root zone. The contribution from interception loss accounts for 10-50% of
gross precipitation, depending on vegetation types, canopy density, and meteorological
conditions (Levia et al., 2011; Miralles et al., 2010; Miralles et al., 2016; Roth et al.,
2007; Wang et al., 2007)(Levia et al., 2011; Miralles et al., 2010; Roth et al., 2007,
Wang et al., 2007)(Levia et al., 2011; Miralles et al., 2010; Roth et al., 2007; Wang et
al., 2007). Thus, it is not unreasonable to infer that direct evaporation from interception
contributes to more than 10-50% of total vaporization. Direct evaporation from surface
depressions is a spatiotemporally heterogeneous process mainly driven by surface
microtopography (Kamphorst et al., 2000). Surface depressions here mainly refer to
those small, unmanaged water bodies embedded either within uplands or river
floodplains. They are small yet abundant at the catchment or on larger scales(Wu et al.,
2019). The temporally stored water in these surface depressions thus plays an important
role in catchment hydrological processes, including evaporation (Alexander et al.,
2018; Cohen et al., 2016; Golden et al., 2017; Lane et al., 2018; Rajib et al., 2020; Yu
and Harbor, 2019). The transpiration component of initial vaporization corresponds to
the fast transpiration, which only draws on the upper 50cm of the soil layer where most

root biomass is located, and most transpiration occurs (Savenije, 2004). In the U.S.,
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Addor et al. (2017) derived catchment-average root-depth data for 671 catchments
based on a global vegetation root distribution model by Zeng (2001) and suggested that,
for all catchments (excluding the missing values, 24 of 671 catchments), 50% of root
biomass is located within the top 25cm soil layer. Globally, Schenk & Jackson (2002b)
analyzed 475 profiles for 209 sites in 15 biomes and showed that ~90% of the root
system is in the upper 30cm soil layer across all sites. Initial transpiration from this
upper soil layer is thus not trivial and at least comparable to direct evaporation from
interception. Overall, each of these three sources of E| is nontrivial. E; is therefore
expected to be a significant, even dominant portion of total vaporization. The value of
A, although it may vary from one catchment to another, should be nontrivial in most
catchments. Figure 2-6 shows the box-plot of calibrated A values for different biome
regimes. The calibrated A values are more than 0.5 for most catchments, consistent with
the above discussion.

What is more interesting from Figure 2-6 is that the calibrated A values are
relatively lower in the forested catchments, particularly in those EF dominant
catchments. The average of calibrated A values within each biome regime is 0.876,
0.875, 0.886, 0.799, 0.807 and 0.686 for CL/NVM, GL, WS+SL, DBF, MF and EF
respectively. The lower A values in the forested catchments are very likely due to the
deeper root systems, which facilitate access to deeper soil water for continuing
vaporization. Although overall forest biomes have more interception owing to higher
LAI values and understory vegetations, the denser canopy often reduces evaporation
from the soil surface by blocking more incoming evaporative (solar) energy and
increasing the aerodynamic resistance or vaporization. On the other hand, non-forest
biome regimes usually have shallower root systems, which allow for quicker responses

to incoming rainfall but less access to deeper soil water for continuing vaporization
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(Fan et al., 2017; Rore and Stern, 1967). For example, typical root length densities for
crop plants are about 6 cm /cm3 and 1 cm / cm3 in the surface soil layer and a 50-100
cm deep soil layer, respectively (Glinski and Lipiec, 2018). The GL catchments in this
study are mostly located in the Great Plains of North America (Fig. 2-3) and generally

fall under water-limited ecosystems (EAI > 1.0 for 49 out of 50 GL catchments).
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Figure 2-6: Bot-plot of A values calibrated at the monthly scale for different vegetation
types.

In a water-limited biome, root systems are shallower and wider in dry climates
and deeper and narrower in cold and wet climates (Schenk and Jackson, 2002b). Hence,
GL catchments in this study can be characterized by a shallow and wide root system
type. Schenk & Jackson's (2002b) data for CONUS grasslands (34 root profiles) show
that 90% of the sites have 50% of the root distribution within the top 20cm. A more
recent isotopic evapotranspiration partitioning experiment on tallgrass prairie in the
Great Plains of North America by (Sun et al., 2021) found that the top 10cm soil layer
is a major source of the total evapotranspiration during the initial drying periods. Like
croplands, high water volume is extracted for transpiration from the topsoil layer; thus,

the initial vaporization is a dominant component.
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The between-catchment variability of calibrated A values within each biome
regime appears to be higher in the forested catchments, i.e., the coefficients of variance
are 10.0%, 9.44%, 7.5%, 12.93%, 16.64%, and 33.08% for CL/NVM, GL, WS+SL,
DBF, MF, and EF dominant catchments respectively. This between-catchment
variability within each biome regime may be caused by several reasons. First, the
difference in the non-dominant proportion of the catchment land cover may be a
contributing factor. In each of the 343 selected catchments, we define the dominant
cover as the biome type covering > 50% of the catchment. For instance, a catchment
with 100% DBF cover will behave differently from another with only 60 % DBF cover,
although both are classified into the same biome regime in this study. Second, the
between-catchment variability difference between the forested and non-forested
catchments is likely because non-forest biome regimes are often intensive water users
featured by high water use efficiency. As such, their behavior (e.g., partitioning of E
into Ey and E.) is more alike and converging towards optimal rain use efficiency despite
the different climate, soil, and topographic conditions (Huxman et al., 2004; Troch et
al., 2009). Third, the different root systems between the forested and non-forested
regimes. In the forested catchments, E. is usually larger than the non-forested due to
deeper roots and easier access to deeper soil water, and thus more sensitive to climate
variations because deeper roots allow trees to better cope with climate variations. Last
but not least, the variability in type and density of the understory vegetation in the
forested catchments may also contribute to this between-catchment variability. The
types of understory can be trees, shrubs, or herbaceous vegetation. For instance, if trees
dominate the understory, more water is likely to be extracted from deeper soil
(especially during the summer season) than an understory dominated by nonperennial

herbaceous vegetation with shallow roots. Moreover, the understory also affects soil

34



evaporation since a denser understory will more likely block solar radiation from

reaching the soil surface.

2.5 Emergent Patterns and Theoretical Insights

Upon successful validation, we further investigate the analytical framework’s
capacity to help detect and explain emergent patterns in HI's spatiotemporal variations
at different temporal scales. Note here that we define space-time similarity as the
similarity between a spatial (between-catchment) variability and a temporal (within-

catchment but between different years or months) trend.

2.5.1 Space-Time Similarity in HI Trends
Figure 2-7(a) shows that the analytical framework can well capture HI's inter-

catchment variability, i.e., the increasing trend of HI from wetter to drier catchments.
Here each dot in Figure 2-7(a) represents a pair of estimated long-term HI and EAI
values for one of the 343 catchments. The magenta line is the “analytical” curve fitted
using Eqn. (2-13), with a calibrated A value of 0.774 and an NRMSE value of 0.075.
Moreover, the analytical framework also captures the between-year variability of HI
very well, i.e., the increasing trend of HI from wetter to drier years, as shown in Figure
2-7(b). Here each dot represents a pair of "estimated" annual HI and EAI values for one
catchment and one year from 1982 to 2012. The analytical curve is fitted again using
Eqn. (2-13), achieving a calibrated A value of 0.783, and the NRMSE value is 0.08. The
calibrated A value at the long-term scale, 0.774, is quite close to that at the annual scale,
0.783, suggesting a space-time similarity of HI increasing trend from wetter catchments

(years) to drier catchments (years).
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Figure 2-7: Space-time similarity of HI~EAI relationships. (a) Inter-catchment (spatial)
variability of HI. Each dot represents one catchment. (b) inter-annual
variability of HI. Each dot represents one year (31 dots per catchment).

Figure 2-8 further explores this space-time similarity for different biome
regimes. Again, the closeness between the long-term and annual calibrated A values
across different vegetation types confirms the space-time similarity both empirically
and theoretically. It appears that most non-forest catchments are in an ecologically dry
state, i.e., EAI > 1.0 for both between-catchment and between-year cases. Under such
a dry state, these non-forest biome regimes tend to operate toward the optimal water
use efficiency, leading to the convergence of HI values towards 1.0. The variability of
HI in these non-forested catchments is thus small. The forested catchments nonetheless
do not have such a preference, i.e., their EAI values spread around 1.0. The DBF

catchments have the narrowest range of EAI values, followed by the MF and then EF
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dominant catchments. Overall, the variability of annual HI decreases from wetter to

drier states, as shown in Figure 2-9(a).
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Figure 2-8: Space-time similarity of HI~EAI relationships. The left column is for inter-
catchment (spatial) variability, one dot per catchment. The right column is
for inter-annual variability, and each catchment has 31 dots.
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Figure 2-9: Inter-annual variability of a) annual HI, b) monthly HI but for the driest
month only from each year, and ¢) monthly HI values but for the wettest
month only from each year. Each dot here represents one catchment.

More interestingly, the above space-time similarity exists not only at the annual
scale but also at the monthly scale, as shown in Figures 2-10 and 2-11. Figure 2-10
shows that the monthly HI values increase from the wetter to drier months as captured

by both the empirical data points and theoretical curves at each representative
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catchment. Overall, the evapotranspiration in the growing season is higher than in the
dormant season and is dominated by plant transpiration over evaporation from soil and
interception. Correspondingly, the monthly HI values in the growing season are
generally higher than those in the dormant season.

Figure 2-11 confirms this trend of intra-annual variability across all 343
catchments. The twelve subplots in Figure 2-11 correspond to the twelve months in a
calendar year. Each dot represents one catchment; e.g., in Figure 2-10(a), the January
HI value for a catchment is calculated as a ratio of the average of January precipitation
in 1982-2012 over the average of January catchment wetting. This way, HI's intra-
annual variability manifests as the difference between the subpanels in Figure 2-11.
Overall, in the growing season, particularly July-September, the HI values are
preferentially distributed in the ecologically dry state, i.e., EAI >1; hence the variability
of monthly HI values is relatively small, as more clearly shown in Figure 2-9(b). In the
dormant season, particularly December-February, the HI values are more distributed in
the ecologically wet state, and the variability of monthly HI values is relatively larger,
as also shown in Figure 2-9(c¢).

Within each panel in Figure 2-11, the between-catchment variability is well
captured by the theoretical curves. For example, in the subpanel corresponding to May,
the HI values increase from those catchments with a drier May to those with a wetter
May in an average sense. Within each subpanel, a calibrated A value is chosen to best
capture the inter-catchment variability. The calibrated A values are quite similar among
the subpanels, i.e., varying in a very narrow range of 0.81- 0.86, suggesting similar

inter-catchment variability across different seasons.
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Figure 2-10: Intra-annual variability of monthly HI within individual catchments in
1982-2012. The black, solid blue, and dashed blue lines correspond to
the best-fitted, upper-bound, and lower bound from Eqn. (2-13)
respectively.

The corresponding USGS gage ID for the catchments are, a) 5123400, b) 3241500, c)
6447000, d) 6917000, e) 9505350, f) 2481000, g) 3173000, h) 1413500, i) 2212600, j)

1162500, k) 11162500, and 1) 14325000.
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Figure 2-11: Intra-annual variability of mean-monthly HI between catchments. The
magenta, solid blue, and dashed blue lines correspond to the best-fitted,
upper-bound, and lower bound curves using Eqn. (2-13) respectively.

2.5.2 Space-Time Similarity in the Increasing Rate of HI with EAI

So far, we have verified the increase of HI with EAI both theoretically (based
on Eqn. (2-13)) and empirically (using the “estimated” HI and EAI values) with a
space-time similarity. Next, we examine the spatiotemporal variability of the changing
rates of HI, or the slopes in the HI~ EAI relationships, quantified using d(HI)/d(EAI)
as in Eqn. (2-14).

Figure 2-12 shows the d(HI)/d(EAI), or slope values of the HI~EAI
relationships at the long-term or annual scales corresponding to Figure 2-7. We first

divide all the “estimated” HI~ EAI values in Figure 2-7 into several bins, each bin
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containing ten pairs of “estimated” HI~ EAI values. We then perform a linear

regression within each bin, and the resulting slope is used as the estimated

d(HI)/d(EAI) value, shown as one dot in Figure 2-12. Note that we test the bin size

from 5 to 10 for different data sizes, and the patterns remain similar. We, therefore, use

a bin size of ten in the rest of the Figures. The theoretical curves in Figure 2-12 are

derived based on Eqn. (2-12) using the same A values as in Figure 2-7.

(a)Inter-catchment
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Figure 2-12: Space-time similarity of d(HI)/d(EAI)~EALI relationships at the annual
scale across different climatic, topographic, and vegetation regimes. (a)
between-catchment (spatial) variability. (b) between-year (inter-annual)

variability.
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Figure 2-13: d(HI)/d(EAI)~EALI relationships at the monthly scale. A bin size of ten is
used to compute the empirical d(HI)/d(EAI). The best-fitted (magenta),
upper-bound (solid blue), and lower bound (dashed blue) curves.

Figure 2-12 suggests that d(HI)/d(EAI) decreases with EAI in a space-time
similar way, i.e., it decreases both from wetter to drier catchments and from wetter to
drier years, but following the same decreasing pattern. This d(HI)/d(EAI) decreasing
pattern can be roughly characterized as an S-shape and divided into three stages: 1)
d(HI)/d(EAI) decreases slowly and remains relatively high for 0 < EAI < oy; 2)
d(HI)/d(EAI) decreases quickly for o, < EAI < 0,;and 3) d(HI)/d(EAI) decreases
slowly but remains relatively low for EAI > o,. 0, and g, are divisions between the
three stages and cannot be accurately defined since the transitions from Stage 1 to 2 and
from State 2 to 3 are both gradual instead of abrupt. There are some dots in Figure 2-

12 beyond the theoretical upper (d(HI)/d(EAI) = 1) or lower (d(HI)/d(EAI) = 0)
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limits, and we attribute these to the uncertainties embedded in the CAMELS data. We
do not produce a d(HI)/d(EAI) plot corresponding to Figure 2-8 using the same

binning method because the number of HI~ EAI pairs is too small.

L54=

January

March

-
————

~—

Figure 2-14: Space-time similarity: d(HI)/d(EAI)~EAI of monthly means of the HI
across spaces. A bin size of ten is used to compute the empirical

d(HI)/d(EAI). The best-fitted (magenta), upper-bound (solid blue), and
lower bound (dashed blue) curves.

Figures 2-13 and 2-14 examine the d(HI)/d(EAI), or slope values of the
HI~ EAI relationships at the monthly scale corresponding to Figures 2-10 and 2-11,
respectively. Similar to Figure 2-12, the d(HI)/d(EAI) values decrease with EAI
following an S-shape pattern across both time (Figure 2-13) and space (Figure 2-14),

hence suggesting a space-time similarity at the monthly scale.
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2.6 Summary and Conclusions

In this study, we present an analytical framework of HI as a single function of
ecological aridity index (EAI) (see Figures 2-1 to 2-2) based on the Generalized
Proportionality Hypothesis. We successfully validate it over the long-term, annual, and
monthly scales across various regimes of climate, vegetation, soil, and topography (see
Figures 2-3 to 2-6). A, as a direct indicator of catchment wetting (or effective water
storage) partitioning, is no less than 0.5 over most of the 343 catchments over the
contiguous United States, indicating the importance of catchments' initial responses to
storm events in the form of direct evaporation from vegetation interception and ground
surface and transpiration from the shallow root zone. We suggest that different biome
regimes exert different levels of control on not only partitioning of catchment wetting
(or total water storage) into vertical vaporization and lateral baseflow but also
partitioning of vaporization into initial and continuing components.

Facilitated with this analytical framework, we find that there is an emergent
space-time similarity between the regional (inter-catchment) and intra-annual
variability of HI, expressed in terms of the HI~EAI relationships. The space-time
similarity of HI’s intra-annual variability appears to resemble that of HI’s inter-annual
variability (see Figures 2-7 to 2-10), suggesting that HI increases from wetter to drier
places, years, or months in a similar fashion. The analytical framework can explain
these space-time similarity patterns in a unified way, i.e., HI increases with EAI
following a similar curve provided by Eqn. (2-13). More interestingly, we find that this
space-time similarity also exists in the slopes of the HI~EAI relationships, quantified
by an S-shaped curve of d(HI)/d(EAI)~EAI relationship given by Eqn. (2-14). Under
very dry conditions, HI approaches its theoretical maximum, 1.0, but with decreasing

regional or temporal (inter-and intra-annual) variability in a space-time symmetric
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fashion. Eqn. (2-14) thus shed some light on the previous finding of HI’s inter-

catchment and inter-year constancy (Horton, 1933; Troch et al., 2009) under dry

conditions and further extend it to HI’s intra-annual variability for different biome

regimes.

This analytical framework opens the door and/or paves the way to many

exciting opportunities to advance our understanding of water-plant-soil-climate

interactions, including but not limited to:

HI is a better indicator than Al for vegetation water use. HI captures the partitioning
of soil moisture storage, which is directly available to vegetation. Al (in the
framework of the Budyko formula) captures the partitioning of precipitation into
runoff and E, and the runoff part includes surface runoff which is not available to
vegetation. The analytical framework of HI can thus be a useful tool to explore
quantitative connections between ecohydrology and hydrology at the catchment
scale (e.g., over a few catchments) or regional scale (e.g., over a large number of
catchments in a region).

In this study, we assume that GPH is valid at the monthly scale for the partitioning
of catchment wetting into vaporization and baseflow. We validate this assumption
by showing empirical evidence that our analytical framework has successfully
reproduced intra-annual variability of HI across over 340 catchments. It is
nevertheless worthy to further explore to what extent GPH can be applied. Given
the fact that the SCS-CN method is essentially applicable at the event scale, it is
feasible to explore whether and how GPH can be applied to the 2"-stage of
hydrologic partitioning at the event scale and how vegetation may play a role in it.
This analytical framework can be used as a first-order constraint to the simulated

ecological and hydrological responses from the hydrological, land surface, and
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earth system models, helping prompt a balanced, effective representation of
hydrological and ecological processes and their interactions and hence reducing the
simulation uncertainties.

Our analytical framework may be used to improve the parameterization of
hydrologic models due to its common theoretical basis with the SCS-CN method,
i.e., GPH. Furthermore, the SCS-CN method is suggested to have a similar physical
basis to the abcd model (Wang and Tang, 2014) and Variability Infiltration Model
(Wang, 2018). There is thus a promising potential to help better estimate the runoff
parameters, for instance, according to dominant vegetation cover in each of the
spatial units in these models.

The emergent space-time similarity patterns may be used as empirical evidence to
advance our understanding of Horton’s hypothesis that vegetation practices
maximization of productivity relative to available water (Horton, 1933). Despite the
highly nonlinear vegetation dynamics and spatiotemporal heterogeneity in climate,
soil, and topographic conditions, it appears that vegetation maximum productivity
may function as an organizing principle and lead to a convergence of plant-soil-
atmosphere interactions, which manifests in the form of emergent patterns

presented here.

We suggest that the analytical framework and emergent patterns have important

implications for improving the understanding and modeling of ecological and

hydrological processes and their interactions at the catchment and larger scales. More

broadly, the findings from this study suggest the promising potential of the Horton

Index as a conceptual yet quantitative framework for exploring the links between

catchment water balance and vegetation dynamics across multiple scales in space

(catchment to regional scales) and time (event to long-term scales).
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3 Evapotranspiration and Vegetation Carbon-Uptake
Relationship at Catchment Scale?

3.1 Introduction

The carbon and hydrological cycles are tightly coupled via ecosystem processes
of photosynthetic carbon assimilation and evapotranspiration (ET), a process mediated
directly by stomatal conductance (Fatichi et al., 2016; Gentine et al., 2019; Luke
Smallman and Williams, 2019). Gross primary production (GPP) is the carbon
production rate of photosynthesis, which needs solar energy, carbon dioxide (COz), and
water. ET consists of plant transpiration, evaporation from canopy intercepted water,
evaporation from open water surfaces and soil, and cycles precipitation back to the
atmosphere. Photosynthesis needs access to COz, which is controlled by leaf stomata.
Stomatal opening results in CO2 and water exchanges between leaves and the ambient
atmosphere and the coupling between carbon and water interactions of plants(Fatichi
et al., 2016). The water loss through transpiration depends on accessible soil moisture,
which is associated with root biomass and the vertical profile of roots. In other words,
plant carbon—water coupling is also related to the soil-root interface. Thus, the GPP
and ET relationship is an indicator of ecosystem function and meaningful to the
predictions of the terrestrial ecosystems in response to global environmental
changes(Bonan and Doney, 2018).

State-of-the-art terrestrial biosphere models (TBMs), which solve radiative
transfer, stomatal conductance, and electron transport, provide a process-oriented

representation of the coupling between carbon and water cycles at the leaf scale(Harper

2 This work is in preparation to be submitted for publication to Water Resources Research as:
Abeshu, G. W., Li, H., Shi M., Brookshire, J., Tang, J., Xu, C, McDowell, N, and Leung, L.R., A
unified functional relationship for linking catchment water balance and vegetation carbon-uptake
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et al., 2016; Oleson et al., 2010; Smallman et al., 2013). However, scaling carbon and
water fluxes from leaf level to canopy level is increasingly complex due to the non-
linear variations of light, temperature, momentum, water, COz2, and other factors(Bonan
et al., 2018; Nolan et al., 2017). These non-linear interactions could also induce the
carbon and water estimate uncertainty of TBMs. Further, performing TBM simulations
at varied temporal and spatial resolutions to understand carbon—water interactions
consumes significant time and computational resources. Given that flux tower
measurement (Baldocchi et al., 2001; Novick et al., 2018; Pastorello et al., 2020),
measurements at watershed scales (Addor et al., 2017), and satellite observations(Joiner
and Yoshida, 2020; Jung et al., 2019; Robinson et al., 2018) are increasingly providing
carbon and water flux related products. It is essential to use the existing tremendous
amount of data to estimate the GPP and ET relationships in ecosystems with varied
stomatal and root dynamics.

The studies of GPP-ET interaction at the catchment scale and varied temporal
resolutions are essential to understanding carbon—water dynamics but are limited.
Previous studies across different sites confirm that GPP and ET are linearly
related(Beer et al., 2009; Zhang et al., 2016; S. Zhou et al., 2014). Establishing this
GPP-ET relationship at tree and patch scales is less limited because observational data
at these scales have consistent observational timing and temporal resolutions.
Mechanistic understanding of GPP—ET relationships at larger scales (e.g., catchment or
regional scales) is limited by increased surface complexity, which is associated with the
spatial heterogeneity of vegetation cover.

Catchments adapt to the climate through soil-water-vegetation coevolution. At
the inter-annual scale, fundamental biome-defining features such as vegetation, soil,

and geology exert less control on the soil water partitioning process, while climate
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imposes first-order control (Abeshu & Li, 2021; Budyko, 1974; Horton, 1933; Troch et
al., 2009). Hence, the static nature of vegetation representation, which is often a type
of vegetation, could be considered sufficient for annual and intra-annual scale process
understanding. The importance of physical factors influencing temporal vegetation
dynamics, including climate, vegetation types, and topographic characteristics,
manifests at the sub-annual scales. Hence, vegetation dynamics influence is also
noticeable at sub-annual scales. Intra-annually, vegetation is dynamic, and transpiration
is its first-order physiological link to the hydrologic partitioning process. Intra-
annually, vegetation is dynamic, and transpiration is its first-order physiological link to
the hydrologic partitioning process. Temporal patterns of the carbon taken up at the
expense of water hydraulically lifted from the soil escaping through stomata govern
vegetation's dynamic nature (Katul et al., 2012; Zhang et al., 2016b). However, these
characteristics are rarely reflected in most simple hydrologic models.

There are three approaches to advance the understanding of GPP-ET
interactions: (i) develop theoretical/empirical functions linking water balance and
carbon uptake directly at the catchment scale, (ii) establish a scaling framework
between patch- and catchment- scales, and (iii) the combination of (i) and (i1). While
the availability of extensive observation data in recent decades makes the first approach
a possibility, the lack of understanding of whether site-level water-carbon processes
behave similarly at a catchment scale or not makes it a difficult task to undertake. Thus,
we have three primary goals in this study. The first goal is to evaluate the linearity
between GPP and ET at the catchment scale using an exploratory data analysis of 380
catchments distributed across climate and landscape gradients of contagious US.
Second, we want to develop a unified functional framework between GPP and ET and

then explore methods of estimating the function parameters from catchment
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characteristics, thereby avoiding calibration. Finally, we will use the unified functional
framework, which can provide a generalized explanation of GPP-ET variations,
seasonality, spatially, and factors controlling GPP—ET interactions. The remainder of
this chapter is organized as follows: Section 3.2 describes the data, and Section 3.3
introduces the unified functional framework. Section 3.4 describes the validation results
and the emergent patterns of functional frameworks. Sections 3.5 and 3.6 are

discussions and conclusions, respectively.

3.2 Data

This study uses the catchments information from the Catchment Attributes and
Meteorology for Large-Sample Studies (CAMELS) dataset (Addor et al., 2017,
Newman et al., 2015). CAMELS dataset provides hydrometeorological observations,
such as precipitation, actual vapor pressure, shortwave solar radiation, minimum
temperature, maximum temperature, and streamflow for more than three decades (1982
to 2014). It also comprises the ET product covering the same period; it is an output
from the integrated Snow-17/SAC-SMA model(Burnash, 1995; Addor et al., 2017).
Catchment attributes, including dominant vegetation type, the cover fraction of this
type, and Green Vegetation Fraction (GVF) difference, are also available from
CAMELS. GVF difference is the difference between the maximum and minimum

monthly mean of the vegetation cover fraction of a catchment.

Catchment GPP is from Landsat GPP product over CONUS (Robinson et al.,
2018). We preferred Landsat GPP because it has a 36-year observational time period
(1986-2021), and the time coverage overlaps with the CAMELS dataset for 29 years.
Landsat GPP has a spatial resolution of 30 meters and a temporal resolution of 16-days.

The vegetation phenology data is from USGS-AVHRR; it has a spatial resolution of 1
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km and is available annually from 1989 to 2010. Figure 3-1 provides a summary of
catchment data used in this study, and the following nine steps describe the processes

of data preparation and quality control:

1) The CAMELS dataset provides an integrated Snow-17/SAC-SMA model output for
ten optimal parameter sets. We collected the daily ET produced with each parameter

set and computed the daily ensemble mean (ET, semble)-

[ Data screeining & Quality control } ------------

- ~ Catchment Attributes: Dominant
CONUS Landsat GPP - eetation cover, GVF Diffe &
Temporal :16-days interval(1986-2010) Centroid of catchment polygons

Spatial : 30m
USGS-AVHRR Vegetation Phenology
Temporal yearly (1989-2010)
Spatial : 1km

b

Data aggregation I» ------------

Variables for Muliivariable Regression
-- VPDmin, VPDmean, SIp, RSmean, &
ic latitude (centroid)

Figure 3-1: Catchment data used in this study

2) The ensemble annual mean ET (ETmpie) 1S then compared against observed
annual mean ET (ET,) using percent error. Observed annual mean ET is annual
mean precipitation minus annual mean runoff. Runoff is the flow rate (m?/s)
converted to depth (mm/day). Percent erroris the ratio of model output bias
(IETobs — ETepsemble]) to ETgps in percent. Catchments with less than ten percent
error are declared usable for our objectives.

3) Using drainage area polygons, we masked the LandSat GPP spatial maps from 1986
to 2014 (only for catchments selected in (2)). This yielded a time series of GPP
spatial maps for each catchment at 16-days intervals. Catchment scale GPP is
computed as the spatial average, and we converted the 16-day sum time series to a

monthly one, assuming each day contributed to the 16-days sum equally.
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4)

5)

6)

7)

We identified 1986-2010 as the study period during which all hydroclimatic
variables and Landsat GPP data are continuously available (i.e., no missing data)
for most of the catchments selected in (2). Filtering out catchments with missing
data, we obtained 392 catchments.

We define a dominant vegetation cover as a single vegetation type covering at least
50% of the drainage area. Hence, we excluded catchments that do not meet this
criterion and obtained 380 catchments with drainage areas ranging from 6.25 to
25,818 km? (Fig. 3-2).

The USGS-AVHRR vegetation phenology data (the start and end of the growing
period) are available from 1989 to 2010. To generate the long-term phenology map
of CONUS, we used the median values of the start and end of the growing period
in each data pixel (1 km) from 1980 to 2010. We then apply the drainage area
polygons of catchments from (5) to the CONUS phenology map. We use the 30"
and 70" percentile across the catchment phenology map pixels to decide a single
start and end of the growing period, respectively. The 30" percentile for the start of
the growing period map implies that the growing period has started for at least 30%
of the catchment area. In contrast, the 70" percentile for the end of the growing
period map indicates that the growing period has ended for at least 70% of the
catchment area.

For convenience, we grouped the 380 catchments into six groups based on dominant
vegetation type, resulting in three forested and three non-forested catchment groups
(Table 3-1). Forested catchments comprise Deciduous Broadleaf (DBF) (89),
Evergreen Forest (Needle leaf + Broadleaf) (EF) (25), and Mixed Forests (MF) (50)
dominated catchments. Croplands plus Croplands/Natural Vegetation Mosaic

(CL/NVM) (109), Grasslands (GL) (47), and a combination of Savannas, Woody
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8)

9)

Savannas, and Open/Closed Shrublands, hereafter WS-SL catchments (60) make

up the three non-forested catchments.

Table 3-1: Catchments group based on dominant vegetation type.

Group Vegetation type(Count) Group Name | Count
1 Deciduous Broadleaf(89) DBF 89
) Evergreen Neadleaf Forest(22) EF 25
Evergreen Broadleaf Forest(3)

3 Mixed Forests(50) MF 50
Croplands(46)

4 Croplands/Natural Vegetation CL/NVM 109
Mosaic(63)
Savannas(4)

5 Woody Savannas(46) WS-SL 60
Open Shrublands(7)
Closed Shrublands(3)

6 Grasslands(47) GL 47

Vapor Pressure Deficit (VPD) represents the difference between actual and
saturation vapor pressure, and we calculate VPD to study the water deficit of plants.
The daily actual vapor pressure data is from the CAMELS dataset, and we
calculated the saturation vapor pressure with Magnus' formula (Parish and Putnam,
1977). Input for the Magnus formula is air temperature. We computed the daily
saturation vapor pressure as a mean of saturation vapor pressure at maximum and
minimum air temperatures.

Further, we use flux tower GPP and latent heat flux for site-level validations of the
developed functions. Data within the CONUS were collected from the FLUXNET
dataset (Pastorello et al., 2020). We selected 14 stations with a minimum of ninety-
six months of GPP and latent heat data. The latent heat flux is converted to ET for
consistency with catchment data. A description of the fourteen sites is provided in

Table 3-2.
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Figure 3-2: Catchments long-term GPP characteristics: (a) long-term annual carbon
uptake computed from 25 years (1986-2010) of Landsat GPP data, (b) GPP
seasonality computed from long-term mean monthly.
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Table 3-2 : FLUXNET2015 sites used in this study

Lat Lon ID Vegetation Cover Period of
Record
1 |36.606 | -97.488 | US-ARM | Croplands 2003-2012
2 | 41.165 | -96.477 | US-Nel Croplands 2001-2012
3 |41.165|-96.47 | US-Ne2 Croplands 2001-2012
4 |41.180 | -96.44 | US-Ne3 Croplands 2001-2012
5 |41.841 | -88.241 | US-IB2 Grasslands 2004-2011
6 |38.413|-120.95 | US-Var Grasslands 2002-2013
7 |31.737 | -109.94 | US-Wkg | Grasslands 2004-2014
8 |31.821|-110.87 | US-SRM | Woody Savannas 2004-2014
9 |38.432|-120.97 | US-Ton Woody Savannas 2001-2014
10 | 38.895 | -120.63 | US-Blo Evergreen Needleleaf Forests | 1997-2007
11| 44.452 | -121.56 | US-Me2 | Evergreen Needleleaf Forests | 2002-2014
12 | 41.555 | -83.844 | US-Oho | Deciduous Broadleaf Forests | 2004-2013
13 | 31.744 | -110.05 | US-Whs | Open Shrublands 2007-2014
14 | 39.323 | -86.413 | US-MMS | Deciduous Broadleaf Forests | 1999-2014

3.3 Methods

3.3.1 Unified GPP- ET Functional Framework at Catchment Scale

To develop a universal functional between GPP and ET at the catchment scale,
we make two fundamental assumptions; i) the GPP and ET have a robust linear
relationship at the catchment scale, and ii) for a given catchment, the magnitudes of
GPP and ET normalized by their corresponding climatological mean are reasonably
close. We develop a functional relationship between GPP and ET based on these
assumptions. The validity of our assumptions will be evaluated using exploratory data
analysis before further use of the functional relationship. We normalized both monthly
GPP and ET with their corresponding long-term mean to remove the effect of
differences in catchment vegetation covers. Then, based on our assumptions, we

generalize that the normalized magnitudes are approximately equal and described as

GPP, ET,

GPP E

(3-1)

R
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The subscript m indicates the month, and the over-line (i.e., GPP, ET ) indicates the
long-term mean. We can utilize the expected immerging patterns between the two ratios
relationships to transform the Eqn. (3-1) approximation sign to equality. First, because
all linear relationships have a y-intercept, we introduce parameter b as the intercept;
this will serve two scenarios; a relationship where intercept zero and nonzero. Secondly,
ET is an aggregate of plant, soil, and open-surface vaporization. Plant contribution (i.e.,
transpiration) is only a fraction of ET. We represent transpiration as aET, where a is
the vaporization partitioning coefficient and ranges 0-1. The bounds 0 and 1 imply no
contribution and total contribution by vegetation, respectively. Substituting the two

adjustments in Eqn. (3-1) and rearranging for GPP,,, we get

_ GPP -
GPPm = ﬁ (aET m T ET) (3_2)

The ratio of GPP to ET is universally known as the long-term ecosystem water use

efficiency at a monthly scale; we designated it as ¢ and obtained
GPP,, = acET,, + bcET. (3-3)

We further represent ac and bc as f and «, respectively. Which yields a functional

model with all the uncertainties compressed into the two parameters as
GPP,, = BE,, + «aE. (3-4a)

Equation-3-4a represents a two-parameter functional model representing all
catchments, including those where intercept is not essential; hence the name unified
GPP-ET functional relationship. If « = 0 and a = 1, it reduces to the traditional

ecosystem model for monthly time scale and given by

GPP,, = BET,,. (3-4b)
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Where [ is water use efficiency. Here, we need to define the parameter's value ranges
to utilize these functions correctly. Since @ > 0 and ¢ > 0, the theoretical lower bound
of parameter P is 0. We can estimate the upper bound for § as the product of maximum
a (2,,,,=1) and maximum ¢ (c,,,,) values, which yields c,,,. The second term, aET is
the intercept and can be expressed as oFE = bcET = bGPP . The intercept can be greater
or less than zero; however, it generally corresponds to ET=0 (i.e., the dormant period).
GPP is generally less than the long-term mean during the dormant months. Hence, one

can conclude that the absolute value of the intercept is always less than the long-term

mean, and it is reasonable to state that —GPP < bGPP < GPP. Dividing all sides by GPP
we get, —1 < b < 1. Taking extreme ends of both b and ¢, we can describe the lower
and upper bounds of bc as —c,, < bc <cp,, - The ranges for both parameters are

therefore summarized as
0<pB < Chax (3-5a)

and —Cpax < A& < Cax - (3-5b)
We can determine the maximum long-term ecosystem water use efficiency from a
population of observation data. In order to avoid specific catchments with larger
magnitudes deciding the overall upper bound, the upper bounds should be computed
for each vegetation class. Based on the 380 catchments, we obtained rounded values of
3.70 for DBF, 2.80 for MF, 4.10 for EF, 3.40 for WS-SL, 1.70 for GL, and 2.30 for
CL/NVM.

In order to depict the improvement Eqn. (3-4) brings compared to the traditional
GPP-ET model where a = 0, we simulated GPP with two types of models. Without and
with o, a one-parameter and two-parameter functions, respectively. For readability,
hereafter, we refer to the one-parameter function as Model-I and the two-parameter

function as Model-II. Both functions were calibrated using two-thirds of the data (1986-
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2002) and validated over the study period's last one-third (2003-2010). We use Kling-

Gupta Efficiency (KGE)(Gupta et al., 2009) as the goodness-of-fit measure.

3.3.2 Parameters of the Linear Function

Environmental factors, such as climate, soil, topography, and vegetation, are
responsible for some of the fundamental differences in carbon and water dynamics in
different ecosystems. Parameters of the proposed function (i.e., function-I and function-
IT) contain the long-term characteristics of these environmental factors. Hence, the type
of GPP-ET linearity for a given catchment might manifest long-term catchment
characteristics, including dominant vegetation cover seasonal characteristics and
climatic factors as it exerts first-order control on water balance. One can expect the
following three cases of relationships between GPP and ET based on the dormant period
characteristics, 1) intercept <0 (GPP =0 & ET > 0), ii) intercept > 0 (GPP >0 & ET
= 0), and iii) intercept = 0 (GPP = ET = 0). The emergence of these characteristics,
however, may not be random. Therefore, we aim to identify catchment characteristics

responsible for these differences.

More importantly, we can use these environmental factors to develop a
multivariable linear regression equation for slope and intercept, which allows us to
estimate the parameters a priori and avoid calibration. However, it is also essential to
keep the input data required for the regression model minimal to apply the functions in
data-limited regions. Therefore, we rely on readily available climatic characteristics,
including precipitation, solar radiation, and vapor pressure deficit. Given that
geographic locations also manifest through vegetation types and their seasonal patterns,
we included the centroid of the catchment polygons as an additional variable. The

downside of having closely related variables such as solar radiation and geographic
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locations is that the regression equation could suffer from multicollinearity. Here, we

test for multicollinearity and apply remedial measures if necessary.

3.3.3 Statistical Methods

Seasonality Index (SI): The GPP and precipitation seasonality is computed using Walsh
& Lawler (1981). SI represents the degree of variability in monthly flux within a year.
It is described as the sum of the absolute deviations of the mean monthly value from
the monthly mean divided by the mean annual value. The SI value ranges between 0
and 1.83. A value of 0 indicates that all 12 months contribute equally to the annual total,

and 1.83 indicates that only one month contributed to the annual total.

Pearson correlation coefficient (Pearson's r): Pearson's r is a statistical measure of the
strength of a linear relationship between paired data. Its value ranges from —1 to +1,
indicating perfect positive and negative association, respectively, while 0 indicates no
association. The interpretation according to Evans, (1996) are as follows: < 0.2—Very

weak, 0.2 to 0.4 — Weak, 0.4 to 0.6 — Moderate, 0.6 to 0.8 — Strong, > 0.8—Very strong.

Kling-Gupta Efficiency (KGE): We use KGE (Gupta et al., 2009) as the goodness-of-
fit measure for calibrating and validating function-I and function-II. The KGE value
ranges between —oo to +1. KGE = 1 implies a perfect agreement between observed and

simulated data.

Spearman's correlation (Spearman's p): Spearman's correlation is a statistical measure
of the strength and direction of a monotonic relationship between paired data. Its
magnitude ranges from —1 to +1, indicating perfect negative and positive monotonic
relationships. The general rule of thumb for interpreting Spearman p is that 0 to =0.20
is negligible, + 0.21 to + 0.40 is weak, + 0.41 to + 0.60 is moderate, + 0.61 to 0.80 is

strong, and = 0.81 to £+ 1.00 is very strong.
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Principal Component Analysis (PCA): we use PCA to measure how much of the within
vegetation types variability of parameters, B, and a, can be explained by the collective

characteristics of catchment climatic and geographic variables.

Variance Inflation Factor(VIF): Multicollinearity between components of our
regression equation is tested using the VIF method (Neter et al., 1983). Generally, a
VIF > 5 indicates multicollinearity, and a remedial measure is necessary if any of the
variables used in the regression score VIF > 5. In case such issues are detected in our
regression, we apply one or both of the following two approaches to resolve it: i) a
mean centering approach, where variables mean is subtracted from each catchment's
actual values, and i1) we combine variables with high VIF, for instance, by representing

them with their arithmetic product.

3.4 Results

3.4.1 Empirical Evidence of GPP-ET Linearity at Catchment Scale

Catchment vegetation carbon uptake is linked linearly to water balance across
climatic and landscape gradients (Fig. 3-3). Evaluation over a 25-year monthly record
showed a Pearson's r of > 0.6 and > 0.8 for 97% and 89% of the 380 catchments,
respectively (Fig. 3-3a). Reasons for lower than 0.6 Pearson's r values are more likely
to indicate one or both of the following, 1) the uncertainty in ET estimation from the
SAC-SMA model, and ii) the increase in the relative importance of vaporization
components other than transpiration. For the growing period (Fig. 3-3b), Pearson's r
significantly changed (i.e., changed by + 5% compared to the result from the monthly
time series) for 78 catchments only. One would expect Pearson's r values to equal or
be higher than the time series for the growing period. Primarily because of relatively

increased vegetation-water interaction during the growing period. Here, about 67% of
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the 78 catchments showing significant deviation have higher Pearson's r for the
growing period. Most of the catchments were the growing period Pearson's r decreased
relative to that of time series belong two vegetation types: EF (11 catchments) and WS-
SL (8 catchments). These vegetation types maintain much of the leaves during the
dormancy period. The average GVF difference for these two vegetation types is less
than 0.2. Therefore, for these groups, the decrease in the growing period Pearson's r
compared to the time series could be attributed to the decreased sample size due to

dormant season months exclusion.

Overall, the results confirmed that catchment water balance is linked linearly to
vegetation carbon uptake to the highest degree, regardless of size, climate, topography,
and vegetation type. Verifying that site scale understanding of the GPP-ET relationship
can be extended to the catchment scale. On this basis, we present results from the GPP-

ET functional models developed in the following section.

3.4.2 Unified GPP-ET Functional Model

The two GPP-ET functional relationships were derived based on two basic
assumptions: 1) the GPP and ET have a solid linear relationship at the catchment scale,
and ii) the magnitudes of GPP and ET normalized by their corresponding climatological
mean are reasonably close. With the confirmation of the first assumption (see section
3.4.1), the next step is to justify the second assumption. The goodness-of-fit between
the normalized GPP and ET time series showed that less than ten percent of the 380
catchments scored KGE < 0.5. This result indicates that the normalized ET can
reasonably well estimate the normalized GPP across gradients of vegetation types at a

monthly scale, validating our second assumption.
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However, the KGE between normalized GPP and ET time series is less than 0.8
for ~60% of the catchments. This is statistically insufficient to generalize that the
normalized relationship between GPP and ET (Eqn. (3-1)) could represent any given
catchment for GPP simulation. Therefore, improvements to Eqn-1 are necessary for
using the relationship as a catchment GPP estimator. These validate the steps we took
to extend the normalized GPP and ET relationship (Eqn. (3-1)) to function-I and
Sfunction-1I. We evaluate the performances of the two functions (Eqn. (3-4)and Eqn. (3-
5)) during calibration and validation processes. Figure 3-4 presents the results at 380
catchments, with a Cumulative Distribution Function (CDF) plot describing the percent
of the 380 catchments at any given KGE value. For example, CDF at KGE = 0.5

indicates the percentage of the 380 catchments with KGE < 0.5.

Overall, function-I calibration and validation results show that the function can
reasonably well estimate catchment vegetation carbon uptake on a monthly scale (Fig.
3-4a). It performed reasonably well over the validation period with KGE > 0.5 and >
0.8 for ~96% and ~40% of the 380 catchments, respectively. Further, validation period
KGE of > 0.5 for 12 of the 14 FLUXNET sites suggests that function-I is scale-
independent (Fig. 3-4b). However, nearly 60% of our catchment's goodness-fit score
(i.e., KGE) is less than 0.8, implying that we cannot conclusively suggest that this
function can sufficiently estimate catchment GPP at the monthly scale for any given

catchment.
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Figure 3-3: Pearson correlation coefficient between GPP and ET from (a) 25 years of
monthly data and (b) for growing periods of the 25 years.

With additional components, function-II improved function-I predicaments
significantly, achieving KGE > 0.8 for 85% of our catchment population and increasing
the total number of catchments with KGE > 0.9 from just 38 for function-I to 200
catchments. The validation KGE for FLUXNET sites is also > 0.6 except for one site
(Fig. 3-4b). The performance of function-1I is temporally and spatially promising. To
understand the similarity and differences of the function's properties across different
vegetation types, we further explore the physical meaning of the function's parameters
and the factors that control the parameters of function-11. The following section explores

the parameter variability within and across different vegetation types.
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Figure 3-4: Cumulative Distribution Function (CDF) plot of function-I and function-II
performance for (a) catchments and (b) at FLUXNET sites.

3.4.3 Emerging Patterns
a) Variability of GPP-ET relationship: between vegetation types

The two functions comparison showed that introducing the intercept improved
the GPP estimates significantly, which is indicated by the increase in catchments with
KGE > 0.8 from 158 for function-I to 333 for function-II. Since Pearson's r values are
positive and generally very strong (> 0.8), based on that, we can generalize that the
function-1I intercept corresponds to the dormant period (i.e., low GPP and low ET
season). The functions slope represents the gram of carbon taken up by vegetation in
one square meter at the expense of one millimeter of water. The spatial patterns of the
two parameters agree with the total annual GPP and GPP seasonality (Fig. 3-5). To
explore catchment characteristics underlying the magnitudes of the parameters, we
group them per dominant vegetation cover type and display their distribution with a

boxplot (Fig. 3-6).

From Fig. 3-6a and b, one can notice the differences among vegetation types for
both parameters ( and o). For convenience, we classify the slope into four classes as

mild (B <1.5) (93 catchments), moderate (1.5 <3 <2.25)(122 catchments) , steep (2.25
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< B <3.0) (103 catchments) and very steep (B > 3.0) (74 catchments) using the natural
breaks in the data as a guide. Excluding the CL/NVM vegetation type (as humans may
influence the seasonal patterns of green cover for this type to a certain degree), all non-
forested catchments are in the mild to moderate slope class. In contrast, 70% of the
forested catchments have > 2.25, hence fall in the steep to very steep categories. DBF
catchments dominate the steep to very steep ranges among the forested catchments,
while the EF is mainly characterized by mild to moderate slopes. The MF catchments
are reasonably placed between the two (as they represent a mixture of EF and DBF),
dominating the moderate — steep ranges. Though CL/NVM catchments are distributed
across the four slope classes, two classes account for ~77% of the catchments: ~43% in
steep slopes and another ~34% in moderate class. The intercept coefficient varies based
on vegetation type (Fig. 3-6b). Since linear relationships intercept are generally
correlated with the slope, we analyze the intercept ranges for each slope class. For mild
and moderate slope classes, the intercept coefficient is > 0 for ~79% and ~23% of the
catchments, respectively. Similarly, ~93% of the steep slope catchments and ~96% of

the very steep ones have intercept coefficients less than zero.

GVF difference, a proxy for spatio-temporal vegetation characteristics, explains
the differences among vegetation types (Fig. 3-6¢). Catchments with a high GVF
difference (i.e., significant expansion and contraction of green catchment cover within
a year) have a very steep slope. The function-II slope is mild in catchments where the
GVF difference is low (i.e., only a slight difference between the peak time and dormant
period green cover extent). For instance, DBF types possess thick cover at the peak of
the growing period but lose their leaves during the dormant period, hence a relatively

large green cover difference between peak and dormant season (GVF difference > 0.4).
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Figure 3-5: Spatial patterns for function-II parameters estimated through calibration:
a) slope and b) intercept coefficient.
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Hence, the GPP-ET relationship in catchments dominated by DBF is characterized by
a steep to a very steep slope and intercept coefficient < 0, this is true for 88 of the 89
DBF catchments. On the other hand, EF and WS-SL retain most of their cover during
the dormant periods, hence low GVF difference (GVF difference < 0.2 for 80% of EF
and 83% of the WS-SL). These catchments are characterized by intercept coefficients
closer to zero and mild to moderate slope classes. Similarly, attributed to the harvesting
cycle, cropland-dominated catchments (CL/NVM) have higher GVF differences (> 0.4
for 79 of the 109 catchments), correspondingly moderate to a steep slope, and intercept
coefficient <0 for >75% of the catchments. GL catchments have a wide range of GVF
differences. The low GVF difference (< 0.2 for 30% of the catchments) and the high
values (> 0.4 for ~20% of the catchments) could be attributed to perennial and non-

perennial grasses respectively.

b) Variability of GPP-ET relationship: within vegetation types

The preceding section showed that vegetation phenology (i.e., GVF difference)
explains most of the variability in B and a between vegetation types. Further, one can
see the systematic similarity in patterns of GVF difference and that of the parameters 3
and o (Fig. 3-6). This suggests that common underlying factors may be responsible for
the patterns. Hence, it is essential to explore factors that control the variability of  and

o within each vegetation type.

To explain the within vegetation type variability, we explored environmental
and physical factors that affect carbon—water interactions in different ecosystems.
These include solar radiation, precipitation, VPD, and the catchment's geographic
location. These climatic factors' mean monthly values were summarized using

seasonality index, minimum, and mean values. For each parameter (i.e., B and o), we
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choose those indices that resulted in relatively higher correlation coefficients when
evaluated against the parameters of the linear function. Accordingly, we used
precipitation seasonality index (SIr), monthly mean shortwave solar radiation (SWrad),
monthly mean VPD (VPDmean), and geographic latitude in radian (Latitude) to explore
slope characteristics. The same indices are used for the intercept coefficient, except that
the monthly mean VPD is substituted with a minimum of the mean monthly VPD
(VPDmin). Pearson's r values indicate that function-Il parameters are strongly
associated with climatic factors (Fig. 3-7). The regressions are generally linear,
suggesting that the selected climatic factors could develop a multilinear regression

equation for function-II parameters prediction.

Using Spearman's correlation coefficient, we explored if long-term climatic
factors (SIp, VPDmin, VPDmean, and SWrad) and geographic location (Latitude) and
function-1I parameters (f and o) show a detectable monotonic relationship. Results
show that the importance of the climatic factors varies between vegetation types(Fig.
3-8). For instance, the slope parameter does not show a significant monotonic
association with latitude (|[Spearman p| < 0.4) for EF and WS-SL, and only slopes of
GL and WS-SL catchments showed significant relation to SIp(|Spearman p| > 0.4) (Fig.
3-8a). The slope-SWrad relationship showed |Spearman p| > 0.4 for all vegetation types
except DBF. Similarly, the intercept coefficient showed a weak to a negligible
relationship (|Spearman's p| < 0.4) with SWrad for MF, EF, and WS-SL (Fig. 3-
8b). Except for SWrad and WS-SL vegetation type, all variables vary strongly with the
intercept coefficient (|Spearman p| > 0.6). Overall, though the importance of these
variables differs between vegetation types, we can generalize that their collective
characteristics are responsible for the variability of function-1I's slopes and intercept

coefficients in each vegetation type.
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Figure 3-7: Long-term climatic characteristics and geo-location relationship with the
parameters of the unified function estimated through calibration: B left
column rows and a right column rows.
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Figure 3-8: Spearman's p computed between precipitation seasonality, vapor pressure

deficit , solar radiation and geographic latitude, and the calibrated linear
functions parameters for each vegetation group: (a) for B and (b) for a.

Further, we performed a PCA to evaluate if the variables presented in Fig. 3-7
explain function-II slope and intercept parameters variability within vegetation
types(Fig. 3-9). It showed that the first two components of PCA explain more than 80%
of both slopes and intercept variability in each vegetation type. This indicates that the
difference in slope and intercept values for catchments dominated by the same

vegetation type is due to long-term climatic characteristics and geographic location.
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Based on the above analysis, we summarize that the combined properties of these
variables (i.e., variables from Fig. 3-7) could sufficiently predict function-II parameters
(B and a). Therefore, we developed two separate multilinear regression equations for

each parameter.

a) Within Vegetation Variablity of 3
' ‘ " BN Total [1PCI [ PC2

—
@]
T
1

e
e
T

Explained Variance of 3
] )
=2

e
O
T

o M0 06 NR OAR

DBF MF EF WS-SL GL CL/NVM

b) Within Vegetation Variablity of a
' ‘ | BN Total [JPCl [0 PC2

hhll

DBF MF EF WS-SL GL CL/NVM

Figure 3-9: Percent of variance explained, a Principal Component Analysis (PCA)
between variables from Fig.6 against the calibrated parameters: (a) for the
parameter 3 and (b) for the parameter a.
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¢) Estimating slope and intercept of function-11

The multivariable regression's direct use of SIp, SWrad, VPDmean, VPDmin,
and Latitude resulted in multicollinearity. Hence, we first applied a mean centering
approach (section 3.3.4), which significantly improved the VIF scores of all variables.

However, the VIF score for some variables remained > 5. Specifically for Latitude and
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SWrad for the slope regression and Latitude and VPDmin for the intercept coefficient
regression. Thus, we merged these variables and represented them with their arithmetic
product, which reduced the VIF to < 5 for all cases. Two multilinear regressions were
developed after the two remedial measures (Fig. 3-10 a and b). Parameters (f and o)
predicted using the regression equations showed a good agreement when compared
against parameters(p and o) that are estimated through calibration (Fig. 3-10a and b).
We then used the predicted B and a to simulate monthly GPP over the entire study
period and for all catchments. Validation against Landsat GPP showed KGE > 0.5 and
> 0.80 for 92% and 60% of the catchments, respectively (Fig. 3-10c), indicating that

readily available climatic variables can reasonably predict function-II parameters.

d) Catchment transpiration to vaporization ratio

The slope coefficient comprises two components (Eqn. 3-3), the long-term
mean ecosystem water use efficiency and vaporization partitioning coefficient. The
partitioning coefficient represents the fraction of vaporization contributed through plant
transpiration. Slope and intercept coefficients are collinear, and during parameter
estimations, we only control the upper bound of the arithmetic product of a and c.
Therefore, the vaporization partitioning coefficient could not be computed effectively
from the slope, and long-term mean ecosystem water-use efficiency because there is no
guarantee that it will yield a value between 0 to 1. The upper bound of B (i.€., @max™* Cmax)
is known for each vegetation type. Hence, we can estimate the lower bound of the long-
term mean transpiration to vaporization ratio by dividing the estimated slope values by

the upper bounds of B (Fig. 3-11).
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The result shows that catchment vegetation contribution to total vaporization is
generally highest in CL/NVM and forested catchments (i.e., DBF, MF) and lower in
GL and WS-SL. The lower bound for EF showed a wide range (~0.25 — 1.0), while half
of them are in the 0.25 — 0.5 range. This could be attributed to the difference in canopy

density and understory vegetation types.
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Figure 3-11: Lower bound of catchment vaporization partitioning coefficient for six
dominant vegetation classes.

3.5 Discussions

This study provides the first-time evidence of the GPP-ET relationship at the
catchment scale with an extensive amount of data. Based on this evidence from a large
number of catchments, our work provides two generalized overviews of the connection
between catchment carbon and the water cycle on a monthly time scale. Firstly, results
from 380 catchments affirm that catchment GPP is linearly linked to ET at the
catchment scale(Fig. 3-2), and the ratio of ET to long-term mean ET is a reasonable
initial estimate for GPP to long-term mean GPP. These characteristics establish a basis

for developing a functional relationship between catchment water balance and carbon
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uptake dynamics. Secondly, this study develops and validates two GPP-ET functional
relationships, (i) a one-parameter linear function (Eqn. 3-5) and (ii) a two-parameter
linear function (Eqn. 3-4). The functions directly link catchment water balance to
photosynthetic carbon assimilation. In addition, these functions could be applied to any
catchment without calibration as the parameters can be estimated from climatic and

geographic variables and are easy to couple with catchment water balance models.

The linearity between GPP-ET is closely related to the dominant vegetation
types. For instance, the variation of the slope values and the negative—a positive shift
of intercepts is demonstrably driven by the green vegetation fraction difference (Fig. 3-
5), which implies the role of the leaf area expansion and contraction across seasons in
catchment spatial area. Catchments with substantially seasonal leaf areas expansion
demonstrate a linear function with a steeper slope (B > 2.25) and an intercept <0 (e.g.,
DBF catchments). On the other hand, a linear function for catchments with limited
seasonal leaf area variations (e.g., EF and WS-SL catchments) generally has intercept
values larger than zero and relatively mild to moderate slopes (B <2.25). These findings
demonstrate that water balance models should be informed by vegetation phenology to
represent plant contribution to ET effectively. Thus, it is meaningful for future studies
to consider the representation of ET in a lumped but semi-distributed model (e.g., the
probability distribution models) in a similar way we represent spatial variability of soil
moisture, which is supported by recent findings by Yao & Wang, (2022). In such a way,
GPP-ET interactions could be well quantified in deterministic conceptual hydrologic

models.

The two developed functions demonstrated adequate capacity in estimating

GPP at site and catchment scales. The two-parameter function performs better in most
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catchments (Fig. 3-4). Hence, the function can be used to explore the interactions
between catchment carbon uptake and water balance. It can also be rearranged to
estimate ET with certain GPP products. The simplicity of the function and the
availability of variables needed (i.e., SWrad, VPD, Slp, and latitude) for estimating the
parameters (B and o) a priori make this method an appealing tool to link with
deterministic conceptual hydrologic models. Thus, it can help provide an advanced
understanding of the GPP—ET relationships at annual, inter-annual, and intra-annual

scales.

The multilinear regression in this study predicted the parameters of the linear
function sufficiently, indicating that calibration is not a necessity (Figs. 3-8, 3-9, and 3-
10). However, this does not suggest that the variables used in the regression are
dominant controlling factors or the only factors. Here, we simply opt to develop a
regression equation based on readily available data. Therefore, it is possible that a
regression function made up of other seasonal and physical characteristics indicators
could be equivalently well. For instance, one can use the frequency of dry days
(precipitation < Imm/day), frequency of freezing days (minimum temperature < 0), and
frequency of days where VPD is less than the minimum threshold for plant transpiration

(VPD < ~650 Pascal), and topographic elevation to list a few.

Transpiration measurements are often unavailable at catchment and ecosystem
scales, and most ET products provide ET instead of its components. Data limitation
constrains the understanding of ET partitioning at varied spatial scales. Despite the
differences in parametrizations, a commonly used framework in lumped hydrologic
models is partitioning catchment precipitation at two stages. The first stage separates

precipitation into total wetting and overland flow, and the second stage partitions total
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wetting into ET, soil moisture, and subsurface flow. Such models rarely go beyond the
second stage and partition ET into its components. This study provides the lower bound
estimation for transpiration at the catchment level, which may help in improving these
drawbacks. Here, a lower bound for the transpiration contribution to ET (Fig. 3-11) is
estimated from function-II calibrated slope parameter and long-term mean ecosystem
water use efficiency. The results indicated that the contribution from transpiration is
high in DBF and MF catchments, relatively lower in EF among forested catchments,
and lower in GL and WS-SL catchments, which agrees with global findings by Zhou et
al. (2016) and Purdy et al. (2018). Given that it is a lower bound, the result is
comparable to actual stand-level ratios (Maxwell & Condon, 2016; Schlesinger &
Jasechko, 2014). Thus, this research result could benefit the terrestrial biosphere model
community, in which the estimates of GPP and transpiration are essential to the surface

carbon, water, and energy flux representations.

In summary, the developed functions and the corresponding parameters could
be used for several purposes with observational data and hydrologic process
understanding. Given that the parameters can be easily estimated from climatic inputs
and geographic locations, the functions can be applied to data gap filling of GPP and
ET products and to extend historical GPP or ET records during which observational
data are not available (especially for GPP). With regards to hydrologic process
understanding, the functions can be primarily used for two research purposes: 1) using
GPP products and the functions to estimate ET, which can be used to diagnose the
impacts of vegetation phenology on streamflow; 2) coupling these functions with
deterministic hydrologic models such as the abcd model, Budyko framework, and
probability distribution models to estimate GPP seasonality. All this research could

benefit the calibration of hydrologic models at regional and global scales.
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3.6 Conclusions

This study uses monthly GPP data from Landsat and hydrometeorological data
from the CAMELS dataset at 380 catchments distributed across CONUS to answer
three main questions: 1) Does the GPP-ET linearity hold at the catchment scale? 2)
Can we establish a functional relationship between GPP and ET? and 3)What controls
the characteristics of the linear relationship, such as the slope and intercept? The GPP—
ET linearity is confirmed. A two-parameter unified functional relationship is proposed
for estimating GPP from ET. Catchment vegetation spatial cover seasonal dynamics
drive differences in GPP-ET linearity among vegetation types. Long-term climate and
geographic location are responsible for differences in linearity type within a given
vegetation type.

Vegetation carbon uptake and water balance have a strong linear relationship
across vegetation types. The proposed two-parameter GPP-ET functional relationship
is validated and is sufficiently exact in simulating monthly GPP at any given catchment.
The function's parameters (i.e., B and o) are strongly linked to environmental factors,
geographic location, and the seasonal dynamics of catchment green vegetation cover.
Linear functions for catchments dominated by vegetations demonstrating strong
seasonal dynamics (i.e., high GVF difference) are characterized by steep (2.25 <f§ <
3.0) to very steep (B > 3.0) slopes and an intercept coefficient of less than zero (e.g.,
DBF, some of the MF, and some of the CL/NVM catchments). Whereas linear
functions with milder slopes (B < 1.5) and intercept coefficient > 0 are found in
catchments dominated by vegetation types whose green cover is maintained through
growing and dormancy periods (e.g., EF, WS-SL). Environmental factors, including
precipitation seasonality, long-term vapor pressure deficit, long-term solar radiation,

and catchment physical setting such as geographic latitude, are responsible for the
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within-vegetation type variability of the linearity type. These variables explain more
than 80% of the within vegetation type variability of GPP-ET linearity type (i.e., mild,
moderate, steep, or very steep). The importance of these variables is different across
vegetation types. For instance, vapor pressure deficit and precipitation seasonality have
a weak relationship with the slope parameters for catchments dominated by EF and
CL/NVM vegetation types. The differences in long-term climate characteristics,
precipitation seasonality strength, vapor pressure deficit, solar radiation, and physical
setting explain more than 80% of the variability in linearity form within vegetation
types. A multilinear regression equation developed based on these factors predicted the
slope and intercept parameters with sufficient accuracy. GPP simulated with the
predicted parameters compared reasonably well against Landsat GPP. The slope
parameter for the two-parameter function combined with the long-term ecosystem
water use efficiency provided a simple way to estimate the T/ET ratio at the catchment

scale. The estimates provided in this study represent the lower bound.
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4 Soil Water Storage and Atmospheric Dryness Dynamics
Effects on Seasonality of Vegetation Carbon Uptake’

4.1 Introduction

Catchment wetness (i.e., water available for vegetation use) and atmospheric
dryness (i.e., vapor pressure deficit) are critical variables in the intra-annual variability
of vegetation carbon uptake (i.e., gross primary productivity). Catchment wetness refers
to total liquid precipitation (rain + melt) subtracting the lateral surface runoft that exited
the catchment. It includes total infiltration and water stored on land surface (e.g.,
streams, lakes, swamps, and surface depressions). Vapor pressure deficit (VPD) is the
difference between saturation and actual water vapor pressure at a given temperature.
While an increase in VPD means increased atmospheric demand for water, it can also
induce stomatal closure (tiny pores at the leaf surface responsible for carbon-water
exchange), thereby constraining plant carbon uptake(Gentine et al., 2019). The Gross
Primary Production (GPP) is the total carbon uptake by plants through photosynthesis,
an ecosystem signature, and the dominant carbon flux between terrestrial ecosystems
and the atmosphere. Catchment wetness and atmospheric dryness are vital abiotic
factors controlling water and carbon fluxes. Understanding the catchment vegetation
carbon uptake intra-annual response to the intra-annual variability of catchment
wetness and atmospheric dryness is crucial for assessing the impacts of climatic and
hydrologic signals propagation toward catchment vegetation.

Soil moisture is an essential factor that optimizes and regulates both water and

carbon fluxes(Gentine et al., 2019; Green et al., 2019; Zhou et al., 2019b). Processes at

3 This work is in preparation to be submitted for publication as: Abeshu, G. W., Li, H., & Shi M.,
The effects of atmospheric dryness and catchment wetness on seasonality of vegetation carbon
uptake
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the leaf surfaces interact with hydrologic systems through Xylem, a plant hydraulic
transport system. Hence, the available soil water can determine the amount of water
lifted hydraulically by plants and escape through stomata during the carbon-water
exchange. Plant structural and physiological characteristics regulatory mechanisms,
including the stomata and the hydraulic transport, help them regulate the changes in
soil moisture (Martinez-Vilalta et al., 2014). In order to avoid damage to the hydraulic
transport system, plants partially close their stomata when they detect a decrease in
available soil water (Gentine et al., 2019; Martinez-Vilalta et al., 2014; Zhou et al.,
2019a). The nonlinear response of carbon fluxes to soil moisture is among the essential
factors on which the long-term capacity of our continents to act as a future carbon sink
critically depends(Green et al., 2019). Under drought conditions, soil moisture feedback
to the atmosphere enables extreme atmospheric aridity, influencing the plant carbon
uptake(Zhou et al., 2019a).

Vapor pressure deficit is an essential driver of plant system function and
determinant for plant-water relations as it regulates stomata(Grossiord et al., 2020). The
atmospheric demand for water increases with VPD. However, this does not directly
translate to increased transpiration, as plant regulatory mechanisms can limit response
to increased VPD(Massmann et al., 2019). While stomata are fully open under low
VPD, a high VPD or rapid increase in VPD triggers plants to close their stomata to
minimize water loss and avoid hydraulic transport system failure (Grossiord et al.,
2020; McAdam and Brodribb, 2015). Over the recent decades, the temperature has been
increasing across the globe, resulting in increased VPD(Hatfield and Prueger, 2015).
The projected increase in temperatures and decrease in relative humidity is expected to
increase future VPD (Byrne and O'Gorman, 2013). Hence, understanding the degree of

influence VPD exterts on catchment ecohydrologic system is essential.
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Vegetation water use and productivity can be limited by catchment wetness and
atmospheric dryness independently but also concurrently during periods of hydrologic
stress (Grossiord et al., 2020; Liu et al., 2020). The compound effect of a concurrent
increase in VPD and low soil water availability can be a source of extremely dry events
(Zhou et al., 2019a). Understanding the relative contribution of the two components is
complicated by the difficulty of disentangling soil moisture and VPD as they are
coupled processes connected by plant hydraulic transport systems. A recent study
shows that soil moisture is a dominant driver of ecosystem production under dryness
stress, especially in semi-arid ecosystems(Liu et al., 2020). The two components are
essential factors in understanding the intra-annual variability of catchment vegetation
uptake. However, although catchment wetness has been linked to catchment vegetation
dynamics indicators such as leaf area index at annual and intra-annual scales, it has not
been directly linked to carbon uptake dynamics. Similarly, VPD is among the
overlooked variables in understanding catchment water fluxes.

This study uses a data-based exploratory analysis to investigate vegetation
carbon uptake response to catchment wetness and atmospheric dryness. Specifically,
we ask three essential questions, 1) when is catchment vegetation under seasonal
hydrological stress? 2) how does catchment vegetation respond to atmospheric demand
and hydrological variations? 3) what are the factors underlying catchment vegetation
carbon uptake seasonal dynamics? To address these questions, we investigate the intra-
annual variability and connectedness between catchment wetness, VPD, and GPP with
data from 380 catchments distributed across gradients of climate, vegetation, and
topography of contagious US. The remainder of this paper is organized as follows:
Sections 4.2 and 4.3 introduce the data and methods. Section 4.4 presents the results.

Section 4.5 and 4.6 discuss and summarize the findings.
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4.2 Data

Providing generalized understanding following the classical comparative
hydrological approach requires having many catchments distributed across gradients of
landscape and climate. The Catchment Attributes and MEteorology for Large-sample
Studies (CAMELS) provides a dataset for 671 unimpaired catchments distributed
across the contiguous US(Addor et al., 2017; Newman et al., 2015). The dataset
comprises daily observed/observation-based hydrometeorological datasets and model
outputs, including actual evapotranspiration (ET) from the integrated Snow-17/SAC-
SMA model(Addor et al., 2017). Catchment attributes, including dominant vegetation
cover characteristics and dominant cover fraction, are also available from CAMELS.
The daily data we used in this study includes precipitation (rain + melt), maximum and
minimum temperature, actual vapor pressure, actual and potential evapotranspiration,
and stream discharge. The potential evapotranspiration (PET) is estimated with the
Priestly-Taylor method. The daily baseflow was computed from the observed discharge
using the one-parameter recursive digital filtering with three passes (Nathan and
McMahon, 1990). GPP data is obtained from the Landsat GPP dataset for the
contiguous US (Robinson et al., 2018). It has a spatial and temporal resolution of 30
meters and 16 days, respectively. The catchment polygons were used to mask the
Landsat GPP spatial maps over the study period. We then generated a time series of
catchment average GPP at 16-days intervals, which we later converted to monthly
series. We performed data quality control following two criteria: 1) no missing data in
both simulated and observation data, and ii) the relative percent error between the
simulated annual mean of model output ET and observed ET (calculated as annual mean
precipitation subtract annual mean discharge). This yielded 380 catchments distributed

across the contiguous US. These catchments can be summarized under six vegetation
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groups: Deciduous Broadleaf (DBF) (89), Evergreen Forest (Needle leaf + Broadleaf)
(EF) (25), and Mixed Forests (MF) (50), Croplands plus Croplands/Natural Vegetation
Mosaic (CL/NVM) (109), Grasslands (GL) (47), and a combination of Savannas,

Woody Savannas, and Open/Closed Shrublands, hereafter WS-SL catchments (60).

4.3 Methods

4.3.1 Catchment Wetness

Precipitation partitioning at annual or sub-annual scales is significantly
modified by storage carryover. Hence, accounting for the inputs and outputs that affect
catchment water surface and subsurface storage dynamics (Fig. 4-1), water balance at

a monthly scale is given by

P—ET—Q, — Q =AS. (4-1)

Where P is precipitation, ET is actual evapotranspiration, Q, is baseflow, Q_ is surface
runoff, and AS is the net change in water storage. AS comprises changes in water stored
at the surface (i.e., streams, lakes, swamps, and surface depressions) and subsurface
storage changes. Total wetting (W ) represents precipitation that wetted the catchment,
excluding precipitation that becomes quick runoff. It includes total infiltration and
water stored on land surface (i.e., river, lakes, swamps, surface depressions) and is

given by P - Q_. Substituting this into Eqn. (4-1) yields

W—AS=E+Q, =W, (4-2)

Where W, is catchment wetness. The AS effectively acts as either an additional source
for the second stage partitioning to evaporative and advective outputs (i.e., AS <0) or

precipitation held in the catchment storage components (i.e., AS > 0) that competes
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with the other second stage partitioning components (i.e., ET and Qb). Wc represents

total water available for plant use.
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Figure 4-1: Hydrologic partitioning conceptual diagram. In the first stage, precipitation
portions into soil wetting and surface runoff. The soil-wetting plus storage
carryover further partitions into evapotranspiration and baseflow.

4.3.2 Catchment Atmospheric Dryness

Terrestrial plants regulate water loss and maximize carbon gain primarily
through a stomatal response to atmospheric dryness. The atmospheric dryness is
characterized by VPD, the difference between actual vapor pressure (AVP) and
saturation vapor pressure (SVP). We used the mean daily AVP from the CAMELS
dataset and computed the mean daily SVP with the Magnus formula, which is given by

17.27T )

(4-3)
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Substituting air temperature (°C) yields SVP in kPa. The mean daily SVP is calculated

as SVP at daily maximum and minimum air temperatures.

4.3.3 Catchment Hydroclimatic and Vegetation Dynamics Indices

Understanding the seasonal co-evolution of climatic and hydrological demand-
supply interactions is essential to synthesize the hydrologic system's controls on
catchment vegetation carbon uptake seasonal dynamics. We characterize the seasonal
variation of climatic demand-supply interactions using the ecological aridity index, the
hydrologic demand-supply interaction using the Horton Index, and the energy demand-
supply state interaction using the evaporation fraction. We also characterized catchment
vegetation production efficiency by the actual to potential carbon uptake ratio. Below

here is the summary of these indices:

1. The ecological Aridity Index (EAI) is computed as the potential evapotranspiration
to catchment wetness ratio(Abeshu and Li, 2021). It indicates interactions between
catchment energy supply and water supply for plant water use. The seasonal EAI
magnitude for a given climatic condition can range from 0 to oo, with a wet climate

corresponding to smaller EAI It is given by

PET (4-4)
W —AS’

EAI =

2. Horton Index (HI): HI is evapotranspiration as a fraction of the precipitation
available for catchment vegetation use (Abeshu and Li, 2021). HI ranges between
0 and 1, indicating absolute hydrologic wetness and dryness conditions,

respectively. HI is expressed as

ET (4-5)
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3. Evaporative Fraction Index (EFI): We computed EFI as an actual to potential
evapotranspiration ratio. We use it as an indicator of the efficiency of catchment
energy use. EFI values range between 1 and 0, implying the most and least efficient

catchments. EFI is defined as

_ (4-6)
EFI ST

4. Carbon Uptake Efficiency (CUE): Robinson et al. (2019) parametrizes the 16-day

sum GPP from Landsat as
GPP = €max * (Tscalar * scalar) * APAR. (4'7)

Where €max is the maximum radiation conversion efficiency (kg °C MJ™') specific
to vegetation type, which is downregulated by temperature limitation(Tscalar) and
water stress (Wsealar) to yield actual radiation conversion efficiency, € = &max*
Tscalar® Wiscalar, and APAR is the absorbed photosynthetically active radiation. Both
Tscalar and Wiscalar reflect the climatic limits of carbon uptake. Hence, under no
limiting conditions (i.e., Tscalar= Wscalar =1) Eqn. 4-7 leads to estimates of potential
GPP as
GPPpotential = €max (4-8)

* APAR.

The ratio of actual to potential GPP, hereafter referred to as Carbon Uptake
Efficiency (CUE), can be expressed as

GPP (4-9)

CUE =
GPPpotential

= Tscalar * Wscalar-

89



CUE ranges between 0 and 1. Mean monthly Tscalar is estimated from the mean
monthly temperature and Biome-Property-Look-Up-Table( Robinson et al., 2019).
Whereas Wiscalar is determined using mean monthly VPD and a Biome-Property-
Look-Up-Table( Robinson et al., 2019). Under atmospheric demand < catchment
water supply condition, CFE=1 shows the peak productivity under an energy-
limited state. Conversely, CF = 1 under atmospheric demand > catchment water
supply condition represents peak productivity under a water-limited state. When
atmospheric demand approaches catchment water supply and maximum demand,

CFE = 1 implies the maximum productive use of both energy and water.

4.3.4 Statistical Analysis

Circularity statistics: Circular (directional) statistics summarize the intra-
annual variability of fluxes (Dingman, 2015; Fisher, 1993; Markham, 1970). To apply
circular statistics, first, we need to construct circular data by representing the mean
monthly data as vector quantities. The vector magnitude corresponds to the flux amount
for the month, and the vector direction is the month expressed in a unit of arc. Direction
for a given month is the median date of the month measured from January 1% in a
clockwise direction. An ordinary year has 365 days, and one day is equivalent to 6 =
360/365 = 0.986° on a circle. This factor adjusts the day of the year to give the
corresponding angular direction on a circle. For instance, the median day for February
measured from January 1% is 31 days (January) + 14.5 (median of February days) =
45.5™ day of the year. The corresponding angle on a circle (¢) is 45.5%0 = 44.9°. The
vector components of any catchment fluxes with positive magnitudes are determined

as
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C= z X €OS ¢ (4-10)

S= Zimsin 0, (4-11)

The Seasonality Index (SI), which expresses a given catchment flux's concentration in
time, is the resultant vector's magnitude normalized with the annual mean value

(Markham, 1970) and is given by

o

SI= —. “-1)

X

Where XRr is the resultant vector given by C?+S? and X is the annual mean. SI ranges

between 0 and 1, indicating an intra-annually uniformly distributed flux and a flux

concentrated in a single month, respectively. The average time of occurrence () is the

angular direction corresponding to the resultant vector, which is given by
arctan(S/C) ifS>0and C >0

¢ =1 arctan(S/C)+m if C<0 (4-13)
arctan(S/C) + 2m if S<0and C > 0.

For ¢ January 1% represents the north (0°), April 1% represents the east direction (90°),
July 1%'represents the south direction (180°), and October 1% represents the west
direction (270°). We compute the seasonality index and average time of occurrence
for GPP (denoted as Slgpp and dgpp), Wc ( denoted as Slwetness and dwetness), and VPD
(SIvpd and dvpd).

Spearman's correlation (p): Spearman's correlation is a metric for quantifying
the degree of association between paired data. Its ranges from —1 to +1. The magnitude

indicates the strength agreement between the paired data, and the sign indicates whether
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it is a direct (+) or inverse (—) association. Generally, 0 < p < £0.20 is considered
negligible, = 0.21 <p < +0.40 is weak, = 0.41 <p < + 0.60 is moderate, £ 0.61 <p <

0.80 is strong, and + 0.81 <p < + 1.00 is very strong.

Granger Causality: Granger causality characterizes the dependence relation
between paired time-series data(Stokes and Purdon, 2017). Granger's statistical
causality depends on two principles: 1) cause occurs before effect, and ii) knowledge of
a cause improves the prediction of its effect (Granger, 1969). The hypothesis is that a
given time series Xt is Granger causal of another time series Yt if the inclusion of the
history of X improves the prediction of Y over knowledge of the history of Y
alone(Stokes and Purdon, 2017). The hypothesis is rejected when the probability value

is less than the predefined significance level.

4.4 Results

Vegetation plays a vital role in the intra-annual variability of lateral (i.e., surface
and subsurface runoff) and vertical (i.e., evapotranspiration, groundwater recharge)
hydrologic releases. Conversely, catchment water storage and atmospheric demand
mediate vegetation productivity and efficiency. Hence, establishing a connection
between catchment water supply, atmospheric demand, and vegetation productivity can
help synthesize the catchment hydrologic variation's role in the seasonal dynamics of
terrestrial vegetation carbon uptake. Before all else, we performed two separate cross-
correlation analyses: 1) between catchment wetness and vegetation carbon uptake (i.e.,
Wetness-GPP) and ii) between atmospheric dryness and vegetation carbon uptake (i.e.,
VPD-GPP) at 380 catchments using 25 years of monthly data. Catchment wetness and
GPP showed their best association at zero lag for 57% of the catchments and GPP lags
by one month for another 37%. The maximum correlation coefficient at the

corresponding lags is > 0.8 for all catchments. Similarly, VPD-GPP cross-correlation
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analysis showed maximum correlation coefficients > 0.86 at zero lag and one month
lag (i.e., VPD lags behind GPP) for 14.5% and 73% of the catchments, respectively.
This suggests that catchment supply-productivity and demand-productivity cause and
effect interactions happen within a maximum span of two months (i.e., =1 month from
GPP). Furthermore, the Granger Causality test also showed that catchment wetness is
partially responsible for the patterns of vegetation primary productivity. In the
following subsections, we examine the intra-annual variability of supply-demand-

productivity interactions at the catchment level.

4.4.1. Intra-Annual Variability of Catchment Wc¢, VPD, and GPP

We used circularity statistics to summarize the intra-annual variability in
monthly catchment wetness (Wc), atmospheric demand (VPD), and vegetation
productivity (GPP). It provides two essential statistics, the degree of seasonality (SI)
and the average time of occurrence (¢). SI varies with geographic latitude (Fig. 4-2).
For a given longitudinal frame, the strength of seasonality increases from south to north
for all three variables. The Slgpp > Slwetmess for 86% of the catchments and Slgpp > Slvpd
for 92 % of the catchments, which indicates that intra-annually catchment vegetation's
productivity is more variable than both water supply and atmospheric demand. The
STwetness > Slvpd for 66 % of the catchments, indicating the atmospheric demand is the
less variable component among the three. The average time of occurrences, ¢wetness, and
dgpp When converted to month matches for 73% of the catchments and ¢gpp delays by at
least one month for another 23% of the catchments. The ¢vpd differs by at least +1 month

from ¢gpp and dwetness for 91% and 95% of the catchments, respectively.

For each vegetation type, we explored supply-productivity (i.e., Wetness-GPP)

and demand-productivity (i.e., VPD-GPP) relationships for each month separately
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using mean monthly values. For the Wetness-GPP, a strong-positive association (p >
0.6) is found in WSSL and GL catchments (Fig. 4-3a). This is reasonable given that
these vegetation types are associated with water-limited environments. The association
is also significant and positive (p > 0.4) for CL/NVM and DBF, except during the peak
carbon uptake periods (Jun-Aug). A significant relationship is detected only during
months of dormant periods for EF (4 months) and MF (5months) (Fig.4-3a). Similarly,
the VPD-GPP result showed a significant positive relationship (p > 0.4) during most
of the greening period (January — March) and most browning period (October —
December) for all vegetation types except WSSL (Fig. 4-3b). On the contrary, the
relationship is significant and negative (p <—0.4) during the peak growing season (June-
August). This is because VPD is high during these months, and higher VPD is known

to induce stomatal closure, reducing carbon uptake.

The detected significant positive association for both Wetness-GPP and VPD-
GPP for the earlier and later part of a year implies the importance of catchment water
supply and atmospheric demand during the greening and browning periods. The
insignificant Wetness-GPP association during the peak period (except for WSSL and
GL) combined with a strong negative association of VPD-GPP implies that catchment

vegetation may be in some form of optimal state.
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Figure 4-2: Seasonality strength and direction for catchment wetness (a), atmospheric
dryness (b), and GPP (c). The direction of the arrow is judged with the
north as a reference and in a clockwise direction.
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Figure 4-3: Association between intra-annual variability of GP-Wetness(a) and GPP-
VPD relationship (b)

Further, the strength of seasonality for GPP and wetness combined with the lag
in vegetation response to catchment water supply creates a hysteresis phenomenon,
GPP-Wetness hysteresis (i.e., hysteresis between catchment water supply and
vegetation productivity). Similarly, the lag between GPP and VPD creates the GPP-
VPD hysteresis (i.e., hysteresis between atmospheric demand and vegetation
productivity). Figures 4-4 and 4-5 depict the six vegetation types' GPP-Wetness and
GPP-VPD hysteresis. For convenience, all variables (i.e., GPP, VPD, and Wc) were
scaled by their corresponding monthly series maximum, excluding outliers. The green
line with the arrow marker represents the hysteresis pattern generated from a median of
mean monthly values. Overall, Fig. 4-4 and 4-5 show that hysteresis can have several
defining patterns. The two main patterns are the size and directions. Based on the size,
it can be a narrow tight (e.g., Fig. 4-4d and e) or a wide loop (Fig. 4-4a) hysteresis. The
direction can be clockwise (e.g., Fig. 4-5) or counterclockwise (i.e., Fig. 4-4). These
patterns vary when we look at catchment individually. In the following subsections, we

use catchment climatic and hydrologic characteristics indices presented in section 3.3
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to explain the factors underlying the hysteresis patterns (Fig 4-4 and 4-5) and the intra-

annual variability of GPP-Wetness and GPP-VPD relationship strength (Fig. 4-3).

GPP/GPP 0
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Figure 4-4: The GPP-Wetness hysteresis: GPP and Wc¢ were normalized by the
maximum mean monthly values. The line and the arrow represent the
median catchments hysteric curves and the direction of hysteresis.

4.4.2. Catchment Wetness-GPP and GPP-VPD Hysteresis

Hysteresis, in simple terms, is a phenomenon that arises between two causal
variables, in which the change in effect lags changes in the causing variable. We found
such a phenomenon between catchment water supply and vegetation productivity (i.e.,
Wetness and GPP) and atmospheric demand and vegetation productivity (i.e., VPD and
GPP). Visual observation of GPP-Wetness hysteresis curves for all our catchments
showed that the hysteresis loop ranges from a narrow tight loop (narrow-hysteresis) to
a wide loop (wide-hysteresis). To describe the relative size of the loop, we computed
the area within the loop for each catchment after scaling the variables (i.e., GPP, Wc,

and VPD) with their monthly mean values.
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Figure 4-5: The GPP-VPD hysteresis: GPP and VPD were normalized by the maximum
mean monthly values. The line and the arrow represent the median
catchments hysteric curves and the direction of hysteresis.

Both GPP-Wetness hysteresis loop areas have a strong positive relationship
with HI intra-annual variability and a strong negative relationship with annual mean HI
(Fig. 4-6a and b). The GPP-VPD hysteresis loop area does not significantly relate to
HI; however, it is negatively affected by long-term EAI and low precipitation duration
(average dry period duration)(Fig. 4-6¢ and d). Catchments that are characterized by
high and invariable HI at intra-annual, resulting in high annual mean HI (i.e., HI—>1)
demonstrate a narrow hysteresis (Fig. 4-7a, b, and ¢). This is a typical characteristic of
catchments in a water-limited state throughout the year. The narrowest loop develops
when the mean monthly EFI—1 (i.e., mean monthly ET — mean monthly PET) and
the mean monthly HI—1(i.e., mean monthly ET — mean monthly Wc) respectively.
These are primarily GL and WSSL vegetation types dominated catchments. Wide
hysteresis develops in catchments with strong intra-annual EF and HI variability (Fig.
4-7d, e, and f). The widest loop develops when the intra-annual patterns of HI and EF

are out of phase. A phenomenon that develops when seasonal patterns of PET and Wc
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are in phase but the PET >> Wc during the peak atmospheric demand period. The

widest hysteresis cures were seen, mainly in EF catchments.
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Figure 4-6: Horton Index versus GPP-Wetness Hysteresis: a) Horton Index seasonality
versus GPP-VPD hysteresis, b) Annual mean Horton Index versus GPP-
VPD hysteresis

The GPP-Wetness and GPP-VPD hysteresis direction is the other primary
pattern we found from visually observing individual catchments. The VPD average
time of occurrence in general lags GPP by one month. Therefore, plotting GPP =
f(VPD) creates a clockwise hysteresis (Fig. 4-7c and f). On the other hand, many of our
catchments' mean monthly wetness reaches peak value before GPP; hence GPP = {(Wc)
creates a counterclockwise hysteresis (Fig. 4-7b). In contrast, few catchments where
peak catchment wetness is attained earlier than GPP produce a clockwise pattern (Fig.
4-7e). These characteristics are primarily driven by catchment EFI, HI, and CUE intra-

annual variability. Those catchments with clear clockwise patterns characterize low
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intra-annual variability of HI and EFI, accompanied by high CUE during the dormant

season, which decreases as HI increases.

4.4.3. Hydroclimatic Controls on Vegetation Productivity

We explored the intra-annual variability of catchment water supply,
atmospheric demand, and vegetation productivity by evaluating relationships among
metrics that quantify the climatic dryness/wetness for ecosystem (i.e., EAI), hydrologic
dryness/wetness (i.e., HI), and catchment production efficiency (i.e., CUE). The first
two metrics make up the Budyko-type Horton Index framework developed by Abeshu
& Li (2021). Along with this framework, we use CUE and normalized mean monthly
GPP as a third dimension. The patterns created by catchments within the Budyko-space
(area bound by water/energy-limit lines) vary with season (Fig. 4-8), which indicates
the nonlinear temporal dynamics between EAI, HI, and carbon uptake. The critical
pattern from Fig. 4-8 is that catchments are attached to the energy-limit line and hardly
productive in carbon uptake during the dormant seasons (e.g., November-
February). However, all catchments move upwards along the energy-limit line as the
season progresses, and carbon uptake increases from January-Jun. In June-August,
most catchments are collected towards a space where HI—>1, EAI—>1 and mean
monthly GPP approaches the maximum value. Here, catchments operate at their highest

hydrologic and climatic efficiency.

Catchments spread along the water-limit line in August before they started
reversing the patterns and finally reached a state where catchments are attached to the
energy-limit line and unproductive in December. These patterns are a result of the
hysteric relationship between HI and EAI. Along the rising limb of the hysteresis curve

(mainly January-August), a contrasting pattern can be seen between Fig. 4-8 and 4-9.
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The vegetation carbon uptake increases steadily and reaches maximum vegetation
productivity from June to August. In contrast, CUE generally decreases before reaching
the minimum efficiency state from June to August. On the falling limb of the hysteresis
curve (mainly Sep. — Dec.), total carbon uptake decreases while vegetation uptake
efficiency increases. An efficient climatic and hydrologic state for catchment is also a
maximum productivity state for catchment vegetation. However, assuming that
catchments operate under no nutrient limitations, in terms of available water supply and
atmospheric demand, catchments are most efficient in carbon uptake during their

dormant periods.
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Figure 4-7: Intra-annual variability of HI, EF, and CFE (a, d), GPP-Wetness hysteresis
(b, e), and GPP-VPD hysteresis (c, d). The upper row is narrow and
clockwise(a,b,c), & the lower is wide and counterclockwise

Catchments that are not in a permanently water-limited state (i.e., HI > EF both
intra-annually and annually) (see Fig. 4-7a) switch between water-limited and energy-
limited states within a year (see Fig. 4-7d). For instance, from Fig. 4-7d, one can see

that the EFI < HI from June-October, which indicates the catchment has switched to a
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water-limited state. These catchments are under an energy-limited state during the
greening up and browning of vegetation. However, they become water-limited
catchments during the peak growing periods (mostly June to August). The CUE
generally shows a bimodal seasonal pattern in response to these switches between
states. The occurrence time of the two peaks depends on the number of months where
the catchments stay in a water-limited state. For catchments with a permanent water-
limited state, mean monthly HI and EFI have low seasonality and mean monthly HI >
mean monthly EFI during most growing months. The corresponding CUE patterns are
concave upward. Based on these seasonal patterns, we can generalize that hydrologic
variations drive catchment vegetation CUE's seasonality. This suggests that vegetation
carbon uptake may be more sensitive to VPD under a water-limited state, as indicated
by the poor association of GPP-Wetness and strong negative association of GPP-
VPD(Fig.4-3).

4.5 Discussions

We investigated the intra-annual variability and connectedness between
catchment water supply for vegetation use (Wc), atmospheric dryness (VPD), and
vegetation productivity (GPP) using a comparative analysis of 380 catchments
distributed across the contagious US.

Our primary aim here is to shed light on three points: 1) seasonal characteristics
of catchments switching between water-limited and energy-limited states, ii) the cause-
effect relationship between hydrologic variation, atmospheric demand, and vegetation
productivity, and iii) characterizing catchment vegetation carbon uptake seasonal
dynamics with underlying factors. We use mean monthly We, VPD, and GPP along

with several mean monthly indices, including the HI, EAI, EFI, CUE, and SI.
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Figure 4-8: Intra annual variability of HI, EAI, and GPP in Budyko-type framework.
Each point's scatter plots represent a catchment (380 points per panel). The
color bar represents GPP normalized by its climatological mean.
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Figure 4-9: Intra annual variability of HI, EAI, and CUE in Budyko-type framework.
The color bar is for CUE=GPP/GPPpotential. The scatter plots in each

Carbon Uptake Efficiency (CUE)

month are 380 points; each point represents a catchment.

Catchment vegetations are under hydrological stress during the peak growing
period. This is evident because CUE is generally out-of-phase with hydrologic states
(i.e., HI) during the peak carbon uptake period. However, the catchment hydrologic
state variations do not explain the periods of hydrologic stress by themselves. It must

be interpreted along with catchment energy use efficiency (i.e., EFI). This helps clarify
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that CUE is inversely related to HI and total carbon uptake for catchments in a water-
limited condition, regardless of whether it is permanent or temporary. Catchment
becomes more efficient in carbon uptake as it gets drier and drier. In other words, the
amount of carbon taken up by vegetation at the expense of one unit of water increases
with catchment hydrological stress (i.e., T HI). Seasonally, this is evidenced by the
strong association between HI and GPP. However, relative to potential GPP catchment
vegetation, carbon uptake efficiency decreases with an increase in HI. This is true for
catchments under a permanent water-limited state throughout the year. For other
catchments where hydrologic states switch between water-limited and energy-limited
within a year, this happens when the catchment is under a water-limited state.

The Wetness-GPP and VPD-GPP causality link accompanied by the lag
correlation indicates that the supply-demand-productivity cause and effect process at
the catchment scale generally happens in a span of two months. Vegetation responds to
the catchment water supply in the same month or at a maximum of one-month lag (Fig.
4-2c). The atmospheric demand lags behind GPP by one month. The time lags between
these variables resulted in Wetness-GPP and VPD-GPP hysteric curves (Fig. 4-4 and
4-5). The size of the hysteresis loop (narrow/wide) depends on both intra-annual and
long-term hydrologic characteristics. Wetter catchments have wider hysteresis, while
narrow hysteresis is typical behavior of dry catchments. Intra-annually, variability of
HI accompanied by an out-of-phase pattern with EFI implies a wider hysteresis curve.
The narrowness of the hysteresis curve is a signature of a catchment that is efficient in
energy and water use but inefficient in carbon uptake relative to the potential. The
counterclockwise GPP-Wetness hysteresis is generally expected behavior as water
availability drives vegetation growth and response is delayed. However, the clockwise

hysteresis curve is counterintuitive. These characteristics are primarily driven by
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catchment EFI, HI, and CUE. Catchments producing clockwise patterns are
characterized by low carbon uptake efficiency, high energy use efficiency, and high
water use efficiency (Fig. 7a). Catchments with counterclockwise GPP-Wetness
hysteresis show three features (Fig. 7d): 1) HI and EFI out-of-phase, i1) CUE in-phase
with HI during greening and browning, and iii) CUE in-phase with EFI during peak
growing periods.

Climatic and hydrologic factors control catchment vegetation carbon uptake. The
collective patterns observed with HI-EAI-GPP (Fig.8) and HI-EAI-CUE (Fig.9)
showed that catchment efficiency in water use and energy use does not translate to
efficiency in catchment vegetation carbon uptake; rather, it signifies the lowest carbon
uptake efficiency state. Catchment hydrologic states are the driving factor when
catchment is under an energy-limited state, and climatic factors govern the peak
growing periods. The peak period characteristics are more likely to be attributed to

increased atmospheric demand, leading to stomatal closures.

4.6 Conclusions

This study uses comparative analysis to explore vegetation carbon uptake
response to catchment wetness and atmospheric dryness using 380 catchments
distributed across the contagious US. Hysteresis patterns between vegetation carbon
uptake and catchment wetness and carbon uptake and atmospheric demand are
controlled jointly by the seasonal characteristics of the catchment energy and water use.
The narrowest hysteresis develops in catchments that operate at their highest hydrologic
and climatic efficiency throughout the year, mostly GL and WSSL dominated
catchments. Widest hysteresis develops when EFI and HI have strong intra-annual EFI
and HI variability and are out of phase. The direction is generally counterclockwise as

vegetation response lag behind water availability. However, some catchments show a
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clockwise pattern. These catchments are dominated by vegetations that respond quickly
to water availability but die under increased hydrologic stress, such as grasslands. We
also found that vegetation is under seasonal hydrologic stress when the catchment
transitions from an energy-limited to water-limited state for catchments not
permanently under energy-limited or water-limited. For these catchments, total carbon
uptake is strongly positively related to the hydrologic state under an energy-limited
condition and inversely associated with atmospheric dryness during a water-limited
state. The carbon uptake efficiency follows the patterns of the non-dominant state (i.e.,
HI during an energy-limited state and EFI during a water-limited state). Catchments
that are permanently water-limited are characterized by carbon uptake efficiency of low
magnitude and low seasonal variability. The seasonal patterns of total carbon uptake
are opposite to the season carbon uptake efficiency. Vegetation total carbon uptake

increases as catchment get drier and uptake efficiency decreases.
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S A Simple Empirical Model for Vegetation Carbon
Uptake*

5.1 Introduction

Simple conceptual hydrologic models are often used for catchment process
understanding (Berghuijs et al., 2014; Yao et al., 2020; Ye et al., 2012) and as an
emulator at a global scale(Liu et al., 2018). These models are preferred because they
incorporate essential hydrologic processes and are simple to set up while only requiring
limited inputs. Their goal is often to produce hydrologic releases (i.e., runoff and actual
evapotranspiration). The model parameters estimations are conducted using
observational or reanalysis-based data, commonly streamflow/runoff. Vegetation
characteristics are often not represented in this process; if they are, it is usually static
characteristics such as vegetation type to aid the runoff simulation. The seasonal
dynamics rarely inform the simulated hydrologic releases. Presently, vegetation
temporal dynamics data, such as the carbon uptake available through remote sensing or
reanalysis-based data for catchment or large scale applications(Jung et al., 2019;
Robinson et al., 2018). Hence, taking advantage of these data types, extending simple
hydrologic models beyond hydrologic simulation is essential to estimate model
parameters and process understanding informed by seasonal vegetation dynamics.

Hydrological models can be fully coupled or partially coupled depending on
how they represent vegetation characteristics. Most hydrologic processes models, such
as VIC (Liang et al., 1994), HBV (Lindstrom et al., 1997), Probability Distribution
Model (Bartlett et al., 2016a; Moore, 2007), abcd (Martinez and Gupta, 2010), and

THREW (Tian et al., 2008), fall under the latter category. They introduce vegetation

4 This work is in preparation to be submitted for publication to as Abeshu, G. W., & Li, H. Y. A
simple dynamic vegetation model underpinned by the generalized proportionality hypothesis.
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only to achieve a more realistic simulation of the rainfall-runoff processes, often simply
by using vegetation type to estimate potential evapotranspiration. The fully coupled
models, on the contrary, can explicitly and simultaneously solve hydrological and
vegetation dynamics over space and time. Biome-BGC (Hidy et al., 2016), BEPS-
TerrainLab (Govind et al., 2009), Tethys-Chloris (Fatichi et al., 2016), and RHESSys
(Tague and Band, 2004) are a few examples of such models. At regional and global
scales, most earth system models are capable of process-based dynamic vegetation
representations, thus simulating both water and carbon cycle; this includes earth system
models like CESM (Hurrell et al., 2013), E3SM (Golaz et al., 2019), LPJ-GUESS
(Smith et al., 2001), and ORCHIDEE (Krinner et al., 2005).

Given the spatial heterogeneity across catchments, understanding water-carbon
interactions at the seasonal scale is mainly performed using fully coupled models.
However, we frequently use lumped and semi-distributed catchment level hydrologic
models to understand catchment hydrologic processes (Burnash, 1995; Bartlett et al.,
2016b, 2016a; Martinez & Gupta, 2010; Wang, 2018). These models often introduce
vegetation types in catchments to obtain a more realistic simulation of the hydrologic
characteristics without considering vegetation phenology. Hence, they lack the
representations of seasonal vegetation dynamics. Therefore, it is substantial to enhance
the capacity of such models. Here, we aim to demonstrate a means for extending the
partially coupled model type's capacity to be informed by seasonal vegetation dynamics
or simulate seasonal vegetation dynamics.

This study couples the functions developed in Chapters 2 and 3 with a
conceptual hydrologic model for a global-scale application. We demonstrate the
capacity of the simple hydrologic models to simulate monthly gross primary

productivity with limited input variables using the abcd model as a case study. The
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remainder of this chapter is organized as follows: Section 5.2 presents the data
employed, and section 5.3 describes the method. Results and discussion are presented

in section 5.4, followed by a summary in section 5.5.

5.2 Data

This study uses global climate forcing, actual evapotranspiration, and gross
primary productivity data. The climate forcing data are from the WATCH Forcing Data
methodology applied to ERA-Interim (WFDEI), which provides daily climate data at a
half-degree spatial resolution(Weedon et al., 2014). The data is based on ERA-Interim
reanalysis data sets using the Global Precipitation Climatology Centre (GPCC) bias
correction target for monthly rainfall and snowfall sums. The WFDEI data set covers
the period from 1971 to 2012. The forcing variables employed here include minimum
and maximum temperatures, precipitation, snow, short wave solar radiation, and
relative humidity (Fig. 5-1). WFDEI data used in this study is obtained from the Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP) repository. The actual
evapotranspiration and gross primary productivity (GPP) are from FluxCom(Jung et
al., 2019). FluxCom provides GPP and ET data produced from remote sensing using
machine learning trained with and without inputs from climate forcing. We use the
RS+METEO product generated from an ensemble of three machine learning methods,
including random forest, artificial neural network, and multivariate adaptive regression
spline (Jung et al., 2019). FluxCom product is also available for different climate
forcing datasets, including CERES GPCP, CRUNCEP_v8, GSWP3, and WFDEI.
Here, for consistency, we use GPP and ET data produced with inputs from WFDEI
climate forcing variables (Fig. 5-2). Both WFDEI and FluxCom data were extracted for
the land cells. For calibrating the abcd parameters, we also use gridded runoff data

simulated by the VIC model.
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Figure 5-1: Long-term mean of WFDEI climate forcing data at 0.5-degree spatial
resolution and monthly temporal resolution: a) precipitation, b) snow flux,
c) mean temperature and d) relative humidity.
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Figure 5-2: Long-term mean ET and GPP computed from FluxCom dataset at 0.5-
degree spatial and monthly temporal resolution.

5.3 Methods

5.3.1 The abcdm Model

We couple the GPP-ET function developed in Chapter 3 with a simple water
balance model for a global-scale application, the abed model (Martinez and Gupta,
2010), adopted for global scale runoff generation in Xanthos(Liu et al., 2018). Xanthos
is a global hydrologic model which provides hydrological estimation for GCAM (see.
Chapter 5 for details ). Though the function is simple enough to be coupled with any
hydrologic models outputting ET, the abcd is preferred because it incorporates essential
hydrologic processes and is simple to set up while only requiring a few inputs, including
air temperature, precipitation, and potential evapotranspiration. The goal for these

models is to produce hydrologic releases (i.e., runoff and actual evapotranspiration).
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Here, we extend them to simulate carbon uptake. The following subsections provide a
general overview and structure of the model for completeness. We refer readers to

Martinez and Gupta (2010) and Liu et al. (2018) for a detailed understanding.
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Figure 5-3: Conceptual diagram for coupled abcd model and the two-parameter GPP
functional equation.

The abcdm is a spatially lumped model which depicts a catchment or grid as a
collection of three storage buckets arranged in series. The incoming total precipitation
first partitions into snow and rain components. The snow component joins the first
storage bucket, while rain directly joins the second bucket. The second bucket
characterizes the soil water storage, and its incoming flux is liquid precipitation (i.e.,
rain plus snowmelt from the first bucket). The outgoing fluxes are direct runoff,
recharge, and evapotranspiration. The recharge component joins the groundwater
storage (the third bucket), and baseflow is a leakage from the groundwater storage. The

total runoff is the sum of baseflow and direct runoff. The model has five parameters;
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parameters a and b describe the soil water storage bucket, ¢ and d characterize the
groundwater storage bucket, and parameter m characterizes the first bucket (Fig. 5-3).
The acronyms in Figure 5-3 are defined as follows: PR and PS are rain and snow
precipitation; SP is snowpack, M is melt, SM is soil moisture, GW is groundwater, ET
evapotranspiration, R is water available, QD is fast runoff, QB is the slow runoff, and

Q is total runoff

5.3.2 Coupling GPP-ET Function with Hydrologic Models

The abcd model is a framework for simulating hydrologic releases (i.e.,
evapotranspiration and discharge). We extend its capacity to simulate seasonal
vegetation dynamics, specifically carbon uptake (Fig. 5-3). This has two main
advantages. First, the model vertical (evapotranspiration) and horizontal (runoff)
release temporal characteristics can be informed by vegetation dynamics even for such
a simplified model structure. Secondly, it extends the capacity of simple traditional
hydrologic models beyond just simulating hydrologic processes. We use the GPP-ET
functional relationship developed in Chapter 3, which is given by GPP,,=PBE,, + oE.
Where GPP and ET are long-term mean GPP and ET, respectively. p and o are the
parameters of the GPP—ET function corresponding to slope and intercept coefficient of
the linear relationship. The upper and lower bounds for 3 and o were determined using
global GPP and ET long-term data. Unlike Chapter 3, where we determined the
parameters bound for different vegetation groups, we use single upper and lower
bounds for all grids regardless of their cover type. To obtain the bounds, we first
determined the long-term mean ecosystem water use efficiency (EWUE), a ratio of
long-term mean GPP to long-term mean ET at each grid. The 97.5% percentile of global

gridded EWUE was then taken as the maximum global value to avoid outliers, which
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yielded 3.7. We rounded this value to 4.0 and defined the bounds of the parameters as
0<pP<4.0and-4.0<a<4.0.

The abecdm model ET is estimated with a generic equation that determines ET as an
exponential function of potential evapotranspiration. The equation abcd model used to
estimate evapotranspiration opportunity has a similar functional form as conceptual
functions with generalized proportionality background (Wang and Tang, 2014). Hence,
we repace the ET equation with the Horton Index framework developed by Abeshu &
Li (2021), where for grid-scale catchment, wetness is substituted with the ET
opportunity. ET opportunity is defined as the summation of actual evapotranspiration
during month m and soil water storage at the end of month m. Substituting ET
opportunity for catchment wetness comes with an underlaying assumption that

groundwater discharge from a grid is relatively small.

5.3.3 Determination of the Coupled Models Parameters

The coupled model has seven parameters, five being abcd parameters and two
being GPP-ET function parameters. We determine these parameters in two stages using
the Shuffled Complex Evolution (SCE-UA) method(Duan et al., 1992; Houska et al.,
2015). The first stage aims to determine the two GPP-ET function parameters using
ET and GPP data from FluxCom. We use a single objective function to calibrate GPP
over 25 years (1979 to 2001). For this stage, the calibration is performed at each land
grid. The second stage calibration is a multiobjective and aimed at estimating the abcd
model parameters. One of the objective functions is for ET and the second one
corresponds to runoff. Xanthos has 235 basins globally; these basins are created for the
convenience of studies on the GCAM platform. For the abcd model parameter

calibration, we use these basins for calibration. Calibrating a model at each land grid at
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a global scale consumes computational resources and time. Therefore, we calibrate the
parameters at the basin scale. In other words, the abcd parameters are constant across
grids of a given basin. The objective function is obtained from basin total, i.e., basin
total ET and basin total runoff. Using the optimal parameter sets from both stages, we
simulated monthly GPP from 2002 to 2013 and evaluated it against FluxCom GPP. The

2002 — 2013 data is unused in the parameters estimation process.

5.3.4 GPP-ET Functional Parameter Estimation from Climate Variables

Chapter three demonstrates that the GPP-ET functional relationship parameters
at the catchment scale can be estimated a priori from catchment climate variables. We
repeated this procedure for the gridded dataset. Figure 5-3 depicts the climate variable
and the indices used in the analysis, computed as follows.

1) Vapor pressure deficit(VPD): Using Magnu's formula(Parish and Putnam, 1977),
we computed daily maximum and minimum saturation vapor pressure (e,) from
maximum and minimum temperatures, respectively. From the mean daily e, (i.e.,
mean of daily maximum and minimum e,) and relative humidity, VPD is computed
as (1 — RH) * e;. We then computed the mean monthly VPD to depict the long-
term mean seasonal characterstics. We use the mean and minimum of mean monthly
VPD for estimating the parameters (Fig. 5-4a).

2) Annual mean snow fraction (Sf): is the ratio of annual mean snow flux to the annual
mean total precipitation. It ranges between 0 and 1, indicating regions with no snow
contribution and liquid precipitation, respectively (Fig. 5-4b).

3) Precipitation seasonality index (Slp): is the sum of the absolute deviations of the
mean monthly precipitation from the monthly mean divided by the annual mean
precipitation (Walsh & Lawler, 1981). It summarizes the monthly precipitation

degree of variability within a year. The smallest value, zero, indicates that
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precipitation is uniformly distributed throughout the year, whereas the maximum
value, 1.833, indicates that only one month contributed to the annual total (Fig. 5-
4c).

4) Annual mean shortwave solar radiation (Ry): The mean monthly R, at each grid
represent the regime curve for available photosynthetic radiation. The two essential

characteristics we use are the mean and minimum of the regime curve (Fig. 5-4d).

We applied two methods in estimating the parameter values a priori: the
multivariable linear regression and machine learning, specifically the boost. The
multivariable linear regression sufficiently predicted the two parameters GPP-ET
function at the catchment level (see Chapter 3). However, the sample size was
insufficient to apply a machine learning method. Here, we apply a selected machine
learning method in addition to multivariable linear regression for two reasons. First, the
multivariable regression in Chapter 3 is based on CONUS data only; therefore, there is
no guarantee that one can obtain a similar sufficiency level at the global scale.
Secondly, more than 50000 land cells are available globally, which allows an efficient
implementation of machine learning techniques. Given the accessibility and low
computational requirements, several machine learning approaches can be easily applied
to such datasets. We use an eXtreme Gradient Boosting (XGBoost) method, a gradient
tree-boost algorithm widely used for its high efficiency and performance (Abeshu et
al., 2022; Chen and Guestrin, 2016). XGBoost is a scalable end-to-end tree boosting
system, a framework that develops strong learners by combining weak learners

sequentially(Chen and Guestrin, 2016).
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Figure 5-4: Long-term mean of WFDEI climate forcing data at 0.5-degree spatial
resolution and monthly temporal resolution: a) precipitation, b) snow flux,
¢) mean temperature and d) relative humidity.

We determine the XGBoost hyperparameters using Optuna, an optimization framework
designed specifically for machine learning objectives(Akiba et al., 2019), and the

118



Nondominated Sorting Genetic Algorithm II (NSGAII) parameter sampler(Deb et al.,
2002) is used to generate the parameters. For a detailed procedure for the XGBoost
application, we refer the readers to Abeshu et al. (2022). We use ten-fold cross-

validation, 70% of the dataset for training and 30% for testing.

5.3.5 Statistical Analysis

We use several statistical metrics to quantify the degree of agreement between
our dataset and predicted magnitudes. This includes the Kling-Gupta Efficiency
(KGE)(Gupta et al., 2009), coefficient of correlation (R), and normalized root mean
squared error (NRMSE). KGE ranges between -oo to 1.0, where 1.0 indicates perfect
agreement. For reference, if the predicted value is constant throughout the study period
and equal to the monthly mean, it yields KGE equal to -0.41. R ranges between -1 and
+1; the magnitude indicates the degree of agreement, while the sign implies whether it
is direct (+) or inverse (-). For XGBoost optimization, we use a coefficient of

determination, R?.

5.4 Results and Discussions

The first calibration stage aims to obtain 3 and a values using FluxCom GPP
and ET data. Figure 5-5 depicts the estimated 3 and a values (Fig. 5-5c and d) and the
GPP-ET functional model performance (Fig. 5-5c¢ and d). The GPP-ET function
performed reasonably well; ignoring non-vegetated lands such as the Sahara desert and
Green land, we obtained ~57200 land grids. KGE > 0.5 and > 0.8 at 98.5% and 88.4%
of the grids during the validation period, respectively. This implies that the slope (j3)
and intercept coefficients (o) are estimated at a reasonable degree of accuracy and can
be employed for future GPP estimation given ET. The slope coefficient spatial patterns

generally correspond with vegetation patterns across the globe, showing higher
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magnitudes in forested ecosystems and lower dry places. While it is mostly > 0 in lower
latitude grids, the o becomes < 0 in higher latitude grids, generally similar to snow
fraction global patterns. Given that the snows dominate the dormant vegetation period
vegetation, and the intercept of the GPP-ET function also corresponds to this period,
the pattern is reasonable.

The second stage calibration estimates the abcd model parameters at 235
Xanthos basins. These parameters are uniform across a given basin. Figure 5-6 shows
basin-level performances with the optimal parameter sets. KGE is > 0.5 for ~85% and
> 0.8 for ~ 55% of the 235 basins, indicating that the model can reliably simulate ET
for input into the GPP-ET function. These results are at the basin scale, and the number
of grids within the 235 basins ranges from 5 to 3514. Hence, the basin level calibration
does not guarantee good performance across all grids. Specifically, in some of the
largest basins like the Amazon (2002 grids), Yenisey (1723 grids), Ob (1555 grids),
and Congo (1234 grids) basins, the basin-scale performances may not translate to the
grid. Note that these are not the top four basins. Since many of the basins in Xanthos
have made-up names, after ranking them based on the number of grids within them, we
chose four widely known river basins among the top ten. This is essentially one of the
drawbacks of the basin-level calibration strategy. Overall, the second stage calibration
reasonably captured the basin's temporal characteristics with all its drawbacks and

merits.
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Figure 5-5 : Slope and intercept coefficients for the two-parameter GPP functional
equation (a, b).The two-parameter GPP function performance: c)
calibration (1979-2000) and d) validation (2001-2013) period.

121



1.0

0.8

0.6

0.4} ]

KGE

0.2} ]
0.0

—0.2

T
+  + A
H H+
|

—0.4F

Calibration _ Validation

Figure 5-6: Performance of the abcd model

We used the two parameters estimated from the first stage and the five
parameters estimated from the second stage calibrations to simulate monthly GPP
between 2002 to 2013. Figures 5-6 to 5-7 show the grid level long-term mean, R, and
NRMSE. R is used to evaluate if the simulation captures the timing of seasonal GPP
patterns, while NRMSE is used to measure the magnitude difference. More than 77 %
of the grids showed R > 0.6, and about 69% have NRMSE < 0.5, indicating substantial
agreement with the FluxCom GPP. The simulated GPP performed reasonably well with
most of the grids, while there are also areas it performed poorly. For instance, near the
equator towards the south show negative R, indicating that the simulated GPP and
FluxCom GPP are out of sync. These problems are specifically noticeable in the
Amazon basin and the Congo basin. First, the issue may result from climatic forcing as
it tends to show some systematic spatial pattern along a longitudinal direction below
the equator. Secondly, it may result from the lumped basin parameter estimation

discussed earlier.
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Figure 5-7: Evaluation of GPP simulated with coupled abcd and two-parameter GPP
function against FluxCom GPP product at a global scale.

123



4&) Global: Slope

M
o 0o '..:- s P s =
.I ..: -‘: ..’fx:. - °
3fe s P, '.'f.’:-." °.
w [T Y RS
Eﬁ . -.x‘f';-;"." ’ s
92
= .
8 * 48 3
At f:
1 | ® s -3 i
‘.‘ .. L] .
0 VeSSt N =57188 R? =(.292
0 1 2 3 4
Calibrated
40) CONUS: Slope
i o -;'."'-: “'-.’
S{ I CoUw
= . o8
'_UG) . o".r Y .
L2 5 "l e
AL °°, o0 e
DQH: c? . '.f: 2.
1 ’ S N =3328
e R2 =0.754
0 ‘ KGE =0.832
0 1 2 3 4

Calibrated 3

Figure 5-8: Slope and intercept coefficients predicted from climate variables versus
those estimated through calibration: a) and b) are global slope and intercept
coefficient, ¢) and d) are CONUS slope and intercept coefficient.

Predicted o

Predicted a

5 b) Global: Intercept Coefficient

1 L
. 1 ) .: X
O .v. L . LN N
—1
—2r o r
73 3 . e X
4 N =57188 R? =(.533
=4 —2 0 2
Calibrated o
2d) CONUS: Intercept Coefficient
1 e
0 : R ‘;;'i.c
. ® 0% o8 v,
—1 '-"\Q.:‘ .
s aeaiigh o
ol L N =3328
R?2 =0.601
_3 ‘ . KGE =0.682
-3 -2 -1 0 1 2

Calibrated o

Further, we explored if the first stage parameters can be determined from

climatic variables on a global scale. Initially, we developed multivariable regression

using the four climatic indicators described in section 5.3.4. We used monthly mean

VPD, monthly mean Rs, precipitation seasonality index, and long-term mean snow

fraction for the slope parameter. For the intercept coefficient, monthly mean values of

VPD and Rs were replaced with the minimum mean monthly values.

124



Oa) Training: /3 b) Test: /3

4. T 4.0 .
IV =140031 | saN=17157

IR —0.601 e 1 PR Z0676

3 O_KGE :075.1 ) 3 O_KGE =0.746. - i3
’ y "l’. ’ . & .'u'

Predicted 3
o
o
Predicted 3
)
o

1.5F 1.5¢
1.0k 1.0F,
0.5F 0.5
*
b | 1 L
0.0y 1 5 3 1 00 i ) 3 i
Calibrated 3 Calibrated 3
¢) Training: « d) Test: a
2 i T T 2 i T T
1t 1t
o OF, = 0Of
- ]
Q @ O
§ _1 . § _1 (gt g
T b T A
~ _of 1Y
3 LY e .
_ap N =40031 | _3 ol N =17157
R? =0.699 R? =0.695
4 KGFE =0.742 ] 4 KGFE =0.734 1
1 ;) 0 2 1 ;) 0 2
Calibrated « Calibrated «

00 01 02 03 04 05
Squared Bais

Figure 5-9: XGBoost results for 3 and a during training and testing. N is the number

of samples. The squared bais is the square of the difference between actual
and predicted results.

The global scale linear regression performance is very poor for both parameters
(Fig. 5-8a and b); therefore, it cannot be used for prediction purposes. We then extracted
grids within the continental United States (CONUS) and repeated the procedure (Fig.
5-8c and d). The result showed KGE = 0.832 and R? = 0.754 for B, and KGE=0.682
and R?=0.601 for a.. This supports the results presented in Chapter 3. Since the global

multi regression function performed poorly, we applied a machine learning technique
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(XGBoost) using the same climatic variables. The result shows that these variables can
reasonably predict the GPP-ET functional relationship parameters (Fig. 5-9). Hence,
although the multi regression method has failed to detect these parameters as factors
controlling the GPP-ET relationship across the globe, the performance of the machine
learning method shows that climatic factors determine the type of linear relationship
between GPP-ET. In other words, whether the linear relationship is steep, moderate, or

mild is determined by climatic characteristics.

5.5 Summary

This study aims to demonstrate how we can extend conceptual hydrologic
models' capacity beyond simulating the hydrologic process only. Specifically, the
objective is to couple the GPP-ET function developed in Chapter 3 with Xanthos (a
global hydrologic model developed based on abcd). Xanthos has five parameters, and
the GPP-ET function has two parameters. The calibration is performed in two stages,
where the first stage estimates the slope and intercept coefficient of the GPP-ET
function, and the second stage estimates the Xanthos parameters. The first stage
calibration is at grid level using GPP and ET data from FluxCom, while the second
stage is performed at basin level using WFDETI forcing data and FluxCom ET. We also
applied a multilinear regression model and XGBoost (a machine learning technique)
to evaluate climatic variables' capability to predict the type of GPP-ET functional
relationship.

The first stage calibration performed reasonably well globally, with high KGE
values in most grids. The slope parameters showed spatial patterns which correspond
to global vegetation patterns. On the other hand, the intercept coefficient is generally <
0 in high latitude regions. The second stage calibration also produced basin-level ET

reasonably well. The monthly GPP was simulated by combining parameters from both
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stages to be evaluated against FluxCom GPP. The results showed that the simulated
GPP and FluxCom GPP temporal patterns agree reasonably well, except for regions
just below the equator where it shows opposite patterns. This is likely attributed to the
bais in forcing data, an issue with basin level second stage calibration, which is
amplified in large basins or both. In terms of magnitude, the simulated GPP compared
reasonably well in most grids, as indicated by lower NRMSE values. The multilinear
regression between climatic variables and GPP-ET parameters (i.e., p and o) performed
poorly on a global scale but reasonably well for CONUS. However, applying the
machine learning technique to the global dataset showed that the climatic variables can
reasonably predict B and a. Like findings in Chapter 3, this indicates that at the global
scale, long-term climatic characteristics, including VPD, precipitation seasonality,
snow fraction, and solar radiation determine the type linear relationship (i.e., steep,
moderate, or mild slope) between GPP and ET. Our analysis concludes that the GPP-
ET functional relationship applies globally and can be coupled with simple hydrologic

models and simulate monthly GPP reasonably well.
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6 Implications of Soil Water Storage Variations on
Streamflow Mediated by Water Management®

6.1 Introduction
Reservoirs are pivotal in fulfilling society's water demands in multiple sectors,

including irrigation, hydropower production, flood control, industrial and domestic
water supply, navigation, and recreation. There are 6,862 large reservoirs included in
the Global Reservoir and Dam (GRanD) dataset (Lehner et al., 2011). Based on their
primary purposes, 1,789 are irrigation reservoirs with a total storage capacity of ~1,100
billion m?; 1,541 are hydropower reservoirs with a total storage capacity of ~3,880
billion m?; 542 are flood-control reservoirs with a total storage capacity of ~502 billion
m?; and the rests are water supply, navigation, or recreation reservoirs.

Following an approach initially implemented by Hanasaki et al. (2006), most
Global Hydrologic Models (GHMs) treat reservoirs as either irrigation or non-irrigation
reservoirs (Best et al., 2011; Dol et al., 2009; Hanasaki et al., 2008; Pokhrel et al.,
2012; Schaphoff et al., 2018; Voisin et al., 2013; Wisser et al., 2010). This approach
requires lumping all reservoirs where irrigation is not a primary purpose into a single
category. Several other studies have employed this approach with some modifications,
including HO8 (Hanasaki et al., 2008), MATSIRO-TRIP (Pokhrel et al., 2012),
WaterGAP2 (Doll et al., 2009), WBMPIlus (Wisser et al., 2010), and LPJmL4
(Schaphoft et al., 2018). GHMs like ORCHIDEE (Guimberteau et al., 2012) only
include representations of irrigation reservoirs. The level of difference one may observe
in the representation of irrigation reservoirs across GHMs mainly arises from a lack of

consensus on the appropriate approach for delineating the spatial extent that is

3 This work is in preparation to be submitted for publication to Journal of Hydrology as: Abeshu-
G.W., Fuqiang Tian, F., Hongchang Hu, H., Yuan Zhuang Y., Hejazi, M., Sean Turner, S., Thomas
Wild, T., Mengqi Zhao, M., Chowdhury, K., Vernon, C., and Li, H., A new water management
module for global hydrologic models
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dependent on a particular reservoir for meeting water demands (Biemans et al., 2011;
Hanasaki et al., 2006).

Non-irrigation reservoirs within most GHMs are treated like flood-control
reservoirs. The inflow, minimum pool level, and maximum static full level are the only
significant factors controlling the magnitude and timing of water release (Hanasaki et
al.,2006; Yassin et al., 2019). However, this approach poses challenges because, among
non-irrigation reservoirs, hydropower reservoirs are typically operated differently from
flood-control reservoirs. An essential difference between them is that the primary
function of a hydropower reservoir, in terms of water supply, is to reliably exceed a
pre-determined minimum storage level at all times (Loucks and van Beek, 2017). The
minimum and maximum releases corresponding to the minimum and maximum storage
levels are also pre-determined. Conversely, an essential feature of flood-control
reservoirs is to provide a reliable capacity to retain a predicted or unforeseen future
flooding event by emptying existing reservoir storage. The objective is to reduce peak
flow magnitude, and storage level is only a concern when there is an incoming flood
event (Votruba and Broza, 1989). This strategy translates to a direct loss of benefit for
hydropower reservoirs (Loucks & van Beek, 2017; Turner et al., 2017).

Whist, the understanding of the difference between flood-control and
hydropower reservoirs is evident at the individual reservoir level; it remains unclear
whether this difference still manifests noticeably or significantly at the regional or
larger scales. Most of the GHMs nevertheless focus on the water dynamics at the
regional or global scale (Best et al., 2011; Doll et al., 2009; Hanasaki et al., 2008;
Pokhrel et al., 2012; Schaphoft et al., 2018; Voisin et al., 2013; Wisser et al., 2010). It

is, therefore, worthwhile to investigate whether the aforementioned difference between
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individual flood-control and hydropower reservoirs has sufficiently significant impacts
on the water dynamics at the regional or global scales.

This study aims to incorporate the above advances in GHMs to enhance
Xanthos, a global hydrology model designed to interact with the Global Change
Analysis Model (GCAM) framework (Hejazi et al., 2013a, 2013b; Li et al., 2017).
GCAM is a leading integrated assessment model that coherently represents the
individual dynamics and connections among five systems: the economy, energy system,
climate system, water system, and agriculture and land-use system (Calvin et al., 2019).
Aided by Xanthos, GCAM allows for a consistent global water supply analysis (i.e.,
surface water, groundwater, and desalinated water) and demand across multiple sectors.
Hejazi et al. (2013b, 2013a) and Li et al. (2017) introduced Xanthos as a simple surface
water availability model consisting of a monthly water balance scheme and a cell-to-
cell river routing scheme. Liu et al. (2018) further improved Xanthos by introducing a
new monthly water balance module based on the abcd model (Martinez and Gupta,
2010). Xanthos can be run as a distributed (i.e., gridded) model, but Liu et al. (2018)
also developed a lumped version of the water balance module. In the lumped version,
each river basin was treated as a single spatial unit to avoid the high computational cost
and complex parameter calibration, allowing 100,000 simulations to be completed
within two minutes on a standard computing workstation. Nevertheless, Xanthos
focused on representing the natural global water balance without human interventions
such as reservoirs (Hejazi et al., 2013; Liu et al., 2018). However, reservoirs play a
crucial role in regulating streamflow by mediating water availability and demand (Wan
et al., 2018, 2017; Zhang et al., 2020, 2019, 2018). For convenience, we denote the

current version of Xanthos as Xanthos-original.
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Table 6-1: List of global hydrological models with reservoir representations.

S.No | Model Domain | Water Use/ | Reservoir Representations Reference Website
Name Classification
Reservoirs
1) Irrigation Reservoir release is
1 HO08 (H07) Globe Yes/Yes Irrigation/ based on demand )
2) Non-Irrigation: is treated as flood | Hanasaki et al., (2008)
Non-Irrigation control where releases are
adjustments to the mean annual Boulange et al., (2021) htto://h08.ni
inflow based on storage level . NHP- 8. NIES. 5O,
Yoshida et al., (2022) jp/h08/index.html
2 WaterGAP Globe Yes/Yes Irrigation/ Doll et al., (2009)
Non-Irrigation Modified HO7 Schmied et al., (2021) www.watergap.de
3 WBMplus Globe Yes/Yes Irrigation/
Non-Irrigation https://wsag.unh.e
Wisser et al., (2010) du/wbm.html
Modified HO7 Grogan et al., (2022)
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Table 6-1 Continued

Non-Irrigation

HO8(HO7)

Pokhrel et al., (2015)

Telteu et al., (2021)

4 PCR- Globe | Yes/Yes No Uses default strategy aimed at
GLOBWB passing the average discharge
while maintaining levels between
a minimum and maximum
storage. For irrigation, release
based on downstream water Sutanudjaja et al, (2018)
demand is possible for an www.globalhydro
elaborate release strategy. Shen et al, (2022) 1 ogy.nl
. . https://ec-
5 LISFLOOD | Europe, | Yes/Yes None It uses a simple general reservoir | o Roo et al., (2000) jrc.github.io/lisflo
Globe operation scheme, simulated as an od-

outflow function between three van der Knijff et al., model/3 03 optL
storage limits: minimum outflow, (2010) ISFLOOD reserv
non-damaging outflow, and oirs/
normal outflow Hirpa et al., (2018) T

6 MATSIRO Globe | Yes/Yes Irrigation/ Pokhrel et al., (2012) http://hydro.iis.u-

tokvyo.ac.jp/~sujan
/research/models/
matsiro.html
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https://ec-jrc.github.io/lisflood-model/3_03_optLISFLOOD_reservoirs/
https://ec-jrc.github.io/lisflood-model/3_03_optLISFLOOD_reservoirs/
https://ec-jrc.github.io/lisflood-model/3_03_optLISFLOOD_reservoirs/
http://hydro.iis.u-tokyo.ac.jp/%7Esujan/research/models/matsiro.html
http://hydro.iis.u-tokyo.ac.jp/%7Esujan/research/models/matsiro.html
http://hydro.iis.u-tokyo.ac.jp/%7Esujan/research/models/matsiro.html
http://hydro.iis.u-tokyo.ac.jp/%7Esujan/research/models/matsiro.html

Table 6-1 Continued

1) Irrigation reservoirs are assumed to
7 | LPJmL Globe | Irrigation | Irrigation/ release their water proportionally to http://www.pik-
only/Yes o gross irrigation water demand potsdam.de/resear
Non-Irrigation downstream. ch/projects/activit
2) Other purposes (hydropower, flood | Schaphoff et al, ies/biosphere-
control and others) are assumed to be | (2018) water-
designed for releasing a constant modelling/Ipjml
water volume throughout the year Telteu et al, (2021)
8 CWatM Globe | Yes/Yes None It adopts LISFLOOD generic reservoir
operation method. Reservoirs are
simulated as outflow functions
between three storage limits
(conservative, normal, flood) and three https://cwatm.iias
outflow functions (minimum, normal, | Burek et al., a.ac.at/modeldesi
non-damaging) (2020) gn.html
9 MOSART- Globe | Yes/Yes Irrigation/
WM
Flood control/ The operating rules are determined
Combination of | based on historical long-term mean https://im3.pnnl.g
monthly inflow, reservoir ov/model?model=
flood control and | characteristics, and reservoir purpose MOSART-WM
irrigation, and T. Zhou et al.,
others (2020)
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http://www.pik-potsdam.de/research/projects/activities/biosphere-water-modelling/lpjml
http://www.pik-potsdam.de/research/projects/activities/biosphere-water-modelling/lpjml
http://www.pik-potsdam.de/research/projects/activities/biosphere-water-modelling/lpjml
http://www.pik-potsdam.de/research/projects/activities/biosphere-water-modelling/lpjml
https://cwatm.iiasa.ac.at/modeldesign.html
https://cwatm.iiasa.ac.at/modeldesign.html
https://cwatm.iiasa.ac.at/modeldesign.html
https://im3.pnnl.gov/model?model=MOSART-WM
https://im3.pnnl.gov/model?model=MOSART-WM
https://im3.pnnl.gov/model?model=MOSART-WM

The main objectives of this study are thus threefold: 1) to enhance Xanthos by
adding a new water management module, where irrigation, hydropower, and flood-
control reservoirs are treated differently (this enhanced Xanthos is denoted as Xanthos-
enhanced); 2) to evaluate the performance of the enhanced Xanthos in terms of
reproducing observed streamflow variability, particularly under water scarcity
conditions; and 3) to understand the impacts of difference between individual flood-
control and hydropower reservoirs at the regional scale. The rest of this paper is
organized as follows. Section 6.2 introduces the theoretical underpinnings of the
modeling framework. Section 6.3 describes the design and execution of numerical
experiments that constitute the first global application of this new modeling framework,
an evaluation of its performance, and sensitivity analysis of key model parameters.

Section 6.4 summarizes the major conclusions and discusses potential future directions.

6.2 Methodology

Xanthos is a distributed GHM with a spatial resolution of 0.5 degrees. By
accounting for both reservoir operation and local water withdrawal, Xanthos now
consists of three modules: runoff generation, river routing, and water management, as
shown in Figure 6-1. This section focuses on the water management module and briefly
summarizes the runoff and river routing components for completeness. For more details
on the runoff and river routing components, please refer to Li et al. (2017), Liu et al.

(2018), and Vernon et al. (2019).

6.2.1 Runoff Generation Module

Simple water balance models effectively capture key hydrologic processes, and
their interactions, in diverse climatic and landscape settings (Martinez and Gupta, 2011;

Ye et al., 2012). These models often rely on partitioning incoming water mass into
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subcomponents, such as partitioning precipitation into rain and snow or partitioning
rain into infiltration and surface runoff. The abcd model is one such model, first
developed by Thomas (1981) and further improved (with respect to process
representation) by Martinez and Gupta (2010). Liu et al. (2018) introduced the abcd
model into Xanthos as its runoff module, simulating direct runoff, baseflow, and soil
moisture at the monthly time step (Fig. 6- 1a). The sum of direct runoff and baseflow
is denoted as total runoff, which feeds into the river module (Fig. 6- 1b). Table 1 lists
the five parameters in the abcd model. The parameters a and b pertain to runoff
characteristics, while ¢ and d relate to shallow soil moisture and deeper groundwater

storage. The fifth parameter is a snowmelt coefficient, denoted as m.

ﬂ) Precipitation b)
Total Runoff
Snowpack
Snowmelt
A 4
v A
[Rnuling (MRTM)H Reservoirs }
Soil Moisture
Direct Runoff
vRecharge v
Simulated
Groundwater Streamflow
Baseflow
Runeff generation River routing and water management
&

Figure 6-1: Schematic diagram of the enhanced Xanthos. a) runoff generation module,
b) river routing and water management modules.

6.2.2 River Routing Module

In Xanthos, the routing of water through river networks is simulated using a
simple cell-to-cell river routing scheme, a modified version of the River Transport

Model (Branstetter and Erickson, 2003), hereinafter denoted as MRTM. MRTM is
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essentially based on the linear reservoir routing method. The channel flow rate is
estimated as a function of channel water storage, channel velocity, and flow distance
from one grid cell to another (Zhou et al., 2015). MRTM uses spatially variable but
temporally constant channel velocities, which were derived by averaging the long-term
channel velocity simulations from Li et al. (2015). The flow distance values were
derived by tracing the natural dominant river channel between grid cells to account for
the meanders (Wu et al., 2011). Here we add a channel velocity adjustment coefficient
(Table 5-2) to account for the uncertainties in our channel velocity field. For more

details about MRTM, please refer to Zhou et al. (2015).

6.2.3 Water Management Module

To enhance Xanthos, we add a water management module on top of the river
module (Fig. 6- 1b). The water management module represents the two most common
surface water management activities: local surface water extraction and reservoir
operation. Local surface water extraction is water that is locally consumed within a
particular grid cell. For example, thermal power plants use water for cooling purposes,
and some of this water may evaporate and effectively be unavailable for use in a given
grid cell. This local consumptive water use is subtracted from the total runoff from the
abcd model (Fig. 6- 1b). The remaining runoff is then discharged into the channels and
routed downstream using MRTM. In a grid, if the consumptive water use is greater than
the total runoff, the remaining runoff is zero. This grid is considered to either have
unmet water demand or access to supply from other external sources such as
desalination or groundwater pumping, which are not represented in Xanthos. If there is
areservoir in a grid, local runoff and upstream inflow are first intercepted and stored in
the reservoir. Reservoir operation is then invoked to estimate the release from the

reservoir to the downstream grids. A reservoir operation rule is defined for each
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reservoir based on its primary purpose. Here we consider four main types of reservoirs:
irrigation, flood-control, hydropower, and others. Next, we provide more details on how

each reservoir type is treated.

6.2.3.1 Irrigation Reservoirs

Irrigation reservoirs are represented by adapting Hanasaki et al. (2006)
approach, which determines the reservoir release based on the upstream inflow and the
total water demand from the downstream areas. More specifically, for each irrigation

reservoir, the provisional release is given as

i demand
! et * i ) dmean 2 05 * imean
Riyy = 2

imean + demand,, , — dmean < 0.5 *imean - (6-1)

dmean

Where Ry, is the provisional monthly reservoir release (m*s™") in month m and year
v; demand is the total monthly demand from downstream areas that are dependent on
this reservoir; d,,.q, iS the mean annual total water demand of the reservoir (m?*s™);
mean 1S the mean annual inflow from upstream (m’s'). The subscripts m and y
represent month and year, respectively.

Though deterministic by nature, the provisional release equation for irrigation
reservoirs is demand-driven. d,,,.,, 1S calculated based on the delineated downstream
dependent grids. If d,,.4, 1s greater than or equal to 50% of the mean annual inflow
imean> 0% of i,,.qn1s considered a baseline release, and the seasonal dynamics are
accounted for by the relative contribution of monthly demand to d,,eqn- If dyyean 1S less
than 50% of the mean annual inflow i,,,.4,, the provisional release can be estimated as
the mean annual inflow modified by the seasonal variation of demand around the mean
annual demand.

The provisional release is further adjusted based on the degree of regulation (y)

determined by the ratio of reservoir storage capacity (C) to annual total inflow in cubic
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meters per year (Imean), initial storage at the beginning of y™ operational year (Srirsty)
and reservoir capacity reduction factor (k). k ranges in O~1 and is a non-dimensional
constant to reduce the total reservoir capacity magnitudes reported in GranD to account
for the dead and surcharge storage or storage reduction due to sediment accumulation.
a approaching 0 means the reservoir capacity may have been significantly reduced by

sediment accumulation. The final release is estimated as,

S .
(%) %Rl ¥y =05
my = 2 /S, 2
L first,y ' _ L ]
(0.5) *( KC )* Ry + {1 (0.5) }lm'y 0=y <05 (6-2)

Where R, ,, is the monthly release (m’s™); i, ,, is the monthly inflow (m’s™); and Leqn
is the annual inflow (m®yr!). The general logic behind the two sets of final release
conditions in equation (2) can be interpreted as the influence of reservoir degree of
regulation on release decisions. The a and y parameters are used to adjust the behavior
of irrigation reservoir operating policies.

The GranD reservoirs can be classified into relatively large and small storage
reservoirs based on the degree of regulation. Suppose a reservoir's total storage capacity
1s less than 50% of its mean annual inflow. In that case, it is considered here to be a
relatively small storage reservoir, whereas greater than 50% indicates a relatively large
storage reservoir. In relatively small reservoirs, releases are dependent on their monthly
inflows, while in relatively large reservoirs, releases are relatively independent of their
monthly inflows (Hanasaki et al., 2006).

The total water demand for each reservoir is estimated by summing up water
demand values from grids within the reservoir's downstream dependent area. The
reservoir-dependent area is determined following Hanasaki et al. (2006), Haddeland et
al. (2006), and Biemans et al. (2011). Specifically, the downstream spatial extent of
reservoir dependency along the main stem is determined based on an average stream
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velocity and the study's temporal interval (monthly). Assuming an average velocity of
0.5 m/s, total travel distance of water in one month is 0.5m/s x 30 x 24 x 3600s = 1296
km/month. Therefore, the dependent downstream grids along the main stem are roughly
20 grids (0.5x0.5 degrees) downstream. If there are other reservoirs located within this
travel distance, we assume the dependency on the current reservoir stops and is taken
over by the other reservoir. We then delineate a buffer zone within four—grid ranges
from the main stem. Finally, assuming water movement is by gravity only, those grids
with a mean elevation lower than that of the reservoir are identified as the reservoir's
dependent grids within the buffer zone.
6.2.3.2 Hydropower Reservoirs

We represent the operation of hydropower reservoirs using a stochastic dynamic
programming (SDP) approach ( Loucks et al., 1981, 2017; Turner et al., 2017). The
SDP approach was pioneered by Loucks et al. (1981), extending the dynamic
programming approach to account for the uncertain nature of reservoir inflows
explicitly (Loucks and van Beek, 2017). It executes sequential decisions for temporal
stages with nonlinear objectives while considering reservoir inflows as random
variables (Loucks and van Beek, 2017). For a known inflow i, , and hydrologic state
variables in the current period, the SDP formulation estimates the expected benefit,

fm,y» resulting from each release decision Ry, ,, as,

fm,y(sm,y' im,y) = maxg, E {Bm,y(sm.y' im,y'Rm,y) + [fm+1,y(5m+1,y' im,y)]}s
VSmyrimy mE€{1,..,T}. (6-3)
Where T is the current system period (T = 12 for a monthly operating scheme). The
reservoir state at each decision-making time step, i.e., month m in year y, is described

by the storage S, ,, and the current inflow i, ,,. For each state and time step, the release

decision R, , is selected to minimize the current benefit B, ,, (Sm,y, Im,y» Rm‘y) plus
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future benefit expectation fp, 41, (Smﬂ’y, im,y), which depends on the resultant state of
the system at time step m + 1, i.e., the succeeding month.

The method for simulating the hydropower reservoir operation is adopted from
reservoir, R package that contains several reservoir release decision-making tools,
including the SDP techniques (Turner et al., 2016). The method was later employed for
the global-scale study of hydroelectric plants' vulnerability to climate change (Turner
et al., 2017). We integrated the SDP approach from this package, presented in Turner
et al. (2016, 2017), into Xanthos for hydropower release simulation. Here the SDP
approach is first trained using the naturalized inflow of each reservoir to represent
hydrological uncertainty, which we obtain by running MRTM without the water
management option. The objective function is set to maximize hydropower production
over the long term. The SDP procedure is executed to develop an optimal release policy
for each month as a function of storage levels. We discretize storage into 1000 levels
and generate the corresponding expected release for all 12 months. If the release is
unavailable or less than 10% of the mean annual inflow, the monthly release was set to
environmental flow, 10% of the mean annual inflow. When a storage level is at the
reservoir's maximum storage capacity, release equals the maximum turbine flow
corresponding to the power plant's installed capacity.
6.2.3.3 Flood-control Reservoirs and Others

The primary purpose of flood-control reservoirs is to redistribute the floodwater
from a flood season to a non-flood season. The operation of flood-control reservoirs is

also estimated following Hanasaki et al. (2006) with

Stirst, .
<%) * lmean y =205

)4 2 Sfirst,y . Y 2 .
(ﬁ) ( aC )*lmean +{1_(ﬁ) }Lm,y' OS]/<05 (6-4)

my =
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where Ry, ,,is the monthly is release (m?s™); and im,y 18 the monthly inflow (m’s). In
this study, release for reservoirs categorized as "others" is also determined as a function
of inflow and storage characteristics only, thus similar to the flood-control reservoirs.
The logical reasoning for the set of equations employed here is in line with equation
(1). For instance, as with irrigation reservoirs, the a and y parameters are used to adjust

the behavior of flood-control reservoirs.
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Figure 6-2. Reservoir representation in Xanthos.

6.2.4 Model Parameter Determination Strategy

In total, there are seven parameters in the enhanced Xanthos. Typically, there
are two strategies for determining the parameter values in a hydrologic model:
calibration and estimation a priori. Parameter calibration is computationally expensive
and only feasible for those computationally cheap models. The Xanthos runoff module

can run separately at the monthly time step and is computationally cheap. However, the
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Xanthos river routing and water management modules have to run at a three-hour time
step for numerical stability, and thus computationally too expensive for a traditional
parameter calibration approach. Furthermore, most hydrological models are subject to
the equifinality issue since the number of parameters, in most cases, far exceeds the
number of observational variables available for calibration (Beven, 2006). Parameter
estimation a priori requires each parameter to be physically meaningful and have robust
relationships with the existing climate or landscape data. These relationships, however,
are not readily available and have to be identified via good prior knowledge (e.g., Li et
al., 2015) or machine-learning techniques (e.g., Abeshu et al., 2022; Li et al., 2022).

Table 6-2:List of model parameters.

Parameter Description Range Type

Distributed-Regulated Model

a Propensity of runoff to occur before 0-1 runoff
the soil is fully saturated

b Upper limit on the sum of 0-8000 runoff
evapotranspiration and soil
moisture storage

c Degree of recharge to groundwater 0-1 runoff

d Release rate of groundwater to 0-1 runoff
baseflow

m Snowmelt coefficient 0-1 runoff

) Velocity adjustment coefficient 0-10 routing

K Reservoir capacity reduction factor 0.85 reservoir

This study proposes a new parameter determination strategy to overcome the

limitations mentioned above. Note that the runoff and river modules in Xanthos can run
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sequentially, i.e., first running the runoff module at a monthly time step, which then
provides inputs to the river and water management modules which run at a 3-hour time
step. Correspondingly, our new parameter strategy consists of two stages. This strategy
applies each of the seven parameters listed in Table 6-2 uniformly to all the grid cells
in a river basin. For any river basin involved in the parameter determination, we also
need at least one river station where observed monthly streamflow data are available
with reasonable quality.

The 1* stage is to determine a small set of optimal parameters for the runoff
module in four steps: 1) We generate a million runoff parameter combinations using a
Latin Hypercube Sampling (LHS). The LHS method ensures a good representation of
the whole parameter space. 2) For each of these runoff parameter combinations, we run
the runoff module to produce the simulated monthly total runoff time series at each grid
cell in the study period. 3) We take the simulated annual runoff at each grid cell. We
then take the spatial average across the grid cells within the upstream drainage area of
a river station where the observed streamflow data is available, denoted as Qsim_annual
[mm/year]. 4) At the river station, we take the long-term mean of observed streamflow
and divide it by the drainage area, Qobs annual. We then select the top 100 runoff
parameter combinations that give the smallest root mean square error between
Qsim_annual and Qobs_annual. These 100 runoff parameter combinations are passed onto the

2™ stage.
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Figure 6-3. Runoff parameters selection strategy for Xanthos.

In the 2™ stage, we determine the final optimal parameter set in four steps: 1)
We set the reservoir capacity reduction factor (k) as 0.85, following Hanasaki et al.
(2006). 2) For the channel velocity adjustment coefficient (v), we sample it in a
relatively uniform manner within the range of 0.1~10.0. In total, there are 19 possible
v values to be considered. For each of 100 selected runoff parameter combinations, we
use the corresponding simulated runoff time series as the inputs and run the river and
water management modules 19 times (each time corresponds to one of the 19 v values
and k =0.85) at a 3-hour time step. 4) The simulated streamflow time series at the grid
cell where the river station is located was validated against the observed monthly
streamflow time series using the Kling—Gupta efficiency (KGE) (Gupta et al., 2009)

given by

Oc;: 2 i 2
KGE =1— (r—1)2+<5””—1> +<”5”"—1>

Oobs Hobs (6-5)
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where Ogim, Oopsr Usim» AN U,ps are the standard deviation in simulations, the standard
deviation in observations, the simulation mean, and the observation mean values.
Higher KGE indicates a better degree of agreement between the simulated and observed
variables, and a KGE value of 1.0 indicates perfect agreement. From Step (3), there are
1900 simulations for each basin, each corresponding to a combination of five runoff
and routing parameters (a, b, ¢, d, m, and v). The final optimal parameter set is the one
that gives the best KGE value.

This new strategy has several benefits: 1) It largely alleviates, if not eliminates,
the equifinality issue by exploring the whole parameter space. For each of the six
parameters, its theoretical range is fully accounted. 2) It reduces the computational load
to a reasonable level. For each river basin, we will have 1million runs for the runoff
module at the monthly time step, and another 1900 runs for the river routing and water
management modules at the three-hour time step. We suggest that this new strategy
applies to those hydrologic modeling frameworks where 1) some module(s) is
computationally much cheaper than the others and 2) these modules can run
sequentially instead of simultaneously. The demonstration of this parameter

determination strategy is provided in section 6.3.

6.2.5 Water Availability Signature

In addition to KGE, we also assess how well our model captures water
availability variations under extreme events like droughts. Hence, we examine Xanthos'
capacity to simulate hydrological droughts. A hydrologic drought is defined here as the
streamflow value at a specific month (e.g., January) lower than the long-term average
streamflow for that month. We quantify hydrologic droughts using the Standardized
Discharge Index (SDI). SDI is analogous to the Standardized Precipitation Index (SPI)

(Lloyd-Hughes and Saunders, 2002), but the SDI uses streamflow data instead of
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precipitation data. Note that we do not use SDI in our parameter calibration but rather
use it as a signature to help diagnose the model's capacity to reproduce drought
conditions when water availability from river systems faces more pressure than during
normal conditions.

The SDI is first computed with six- different distribution fitting methods
(Gumble, Lognormal, Generalized Logistic, Generalized Extreme Value, Pearson Type
III, and Generalized Pareto) to diagnose any systematic dependency on the fitting
method. From the analysis, we find no significant dependency on the model
performance in selecting the distributions in terms of the correlation coefficients
between the observed and simulated SDI time series. Therefore, following Vicente-
Serrano et al. (2012), we use the Generalized Extreme Value (GEV) distribution for
SDI calculation. We define a drought event as a period (usually several months) when
the SDI values are continuously no more than -1. We identify each drought event by

determining the starting and ending months from the calculated SDI time series.

6.3 Results

We apply the enhanced Xanthos modeling framework over the global domain
at a 0.5-degree resolution and monthly time step. The study period is 1971-1990 based
on the availability of forcing and observed streamflow data over all the basins. We
divide the study period into a calibration period, 1971-1980, and a validation period,

1981-1990.

6.3.1 Data and Numerical Experiments
For this study, gridded global monthly climatic data, including precipitation,
maximum temperature, and minimum temperature, are obtained from the WATer and

global CHange (WATCH; Weedon et al., 2011) dataset from 1971 to 2001. Global
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reservoir data are obtained from the GRanD dataset (Lehner et al., 2011) (Fig. 6-4a).
Monthly water demand and consumptive water use data for various sectors at a 0.5-
degree resolution are from Huang et al. (2018a, 2018b), which are available from 1971
to 2010 (Fig. 6-4b). Observed streamflow data for model parameter identification and
validation are obtained from the Global Runoff Data Center (GRDC)

(https://www.bafg.de/GRDC). We adjust the GRDC gauge station coordinates to

Xanthos grids and compare the corresponding MRTM upstream area in Xanthos with
the GRDC gauge contributing area. Here, only gauges within +£20% in area difference
(3097 GRDC gauges) are retained for further use in this study. Temporal filtering of
these gauges with the availability of 20 years (1971-1990) of continuous data reduced
the number of stations to 1178. These gauge stations are located within 91 of the 235
Xanthos basins. For model validation purposes, we select the GRDC gauge with the

largest upstream area within each basin, i.e., 91 GRDC gauges in total (Fig. 6- 4c).

The GRanD database we use here only considers reservoirs with storage
capacity values greater than 0.1 km®. Reservoirs with missing storage capacity and
those identified with purposes such as tide control are dropped, reducing the total
GranD reservoirs from 6862 to 6847. For any grid cell with more than one reservoir in
it, we aggregate all of the reservoirs located locally (i.e., within the grid cell) into a
single reservoir with a storage capacity equivalent to that of the local reservoirs
combined. To determine this aggregated reservoir's primary purpose, we first divide all
reservoirs into three different categories based on their primary purposes: irrigation,
hydropower, and flood-control and others. In each category, we sum up the reservoir
storage capacities. Lastly, the aggregated reservoir's primary purpose is assigned to the
category with the largest summed storage capacity. After this treatment, the 6847

GranD reservoirs are remapped into 3790 reservoirs. Among the 3790 reservoirs, 1095,
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598, and 2097 are categorized as irrigation, hydropower, and flood-control and others,

respectively.

With the data mentioned above, we carry out three global simulations to demonstrate
the enhanced Xanthos: 1) A simulation with the enhanced Xanthos, denoted as
Distributed-Regulated, where we run the runoff, river routing, and water management
modules with the parameter values determined following the new strategy as outlined
in Section 2.4; 2) A simulation with the distributed version of the original Xanthos by
Liu et al. (2018), i.e., without water management, denoted as Distributed-Natural,
where the Distributed-Natural simulated flow is obtained by routing calibrated runoff
data generated by Liu et al. (2018) with calibrated abcd model parameters; 3) A
simulation similar to Distributed-Regulated, but treating all the hydropower reservoirs
as flood-control reservoirs, denoted as Distributed-Regulated-1I. By comparing
Distributed-Regulated with Distributed-Natural, we isolate the net effects of the water
management module on the model performance. By comparing Distributed-Regulated
with Distributed-Regulated-1I, we isolate the net difference between simulating
hydropower reservoirs based on Eqn. (6-3) and the traditional way, i.e., treating

hydropower reservoirs as flood-control based on Eqn. (6-4).
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Figure 6-4. Global distribution of 6862 reservoirs from the GranD database classified
based on primary purpose (a), basin average water demand for 94 river
basins (b), and GRDC stream gauge stations in 94 basins(c).

6.3.2 Parameter Determination

Latin hypercube sampling (LHS) is a statistical method for multidimensional
parameter space sampling. This approach ensures that all portions of the sampling space

are represented through its stratified sampling strategy (McKay et al., 1979). The user

decides on the required number of parameter combinations and individual parameters'
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upper and lower bounds. Based on that, LHS simultaneously stratifies on all input
dimensions. The upper and lower bounds of all runoff parameters are 0 and 1,
respectively, except for the parameter b, which has a lower bound of zero and an upper
bound of 8m. We decided on generation lmillion parameter combinations to
sufficiently cover all parameter spaces. The generated parameters are uniformly

distributed between their corresponding bounds (Fig. 6-5).
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Figure 6-5 : Sampling runoff generation parameters using the LHS method

The runoff parameters generated by LHS were passed to the Xanthos runoff
module to generate gridded runoff at monthly time series. We spatially average runoff
at grids upstream of observed flow stations and computed NRMSE between the
simulated and observed annual series (Fig. 6-6a). We then selected the top 100
parameter combinations that resulted in the smallest NRMSE for use in the second stage
of parameter selection. The runoff generated by the top 100 parameters was further
evaluated at the mean monthly scale to confirm that the selected parameters produced
reasonable runoff relative to observed flow magnitude and timing (Fig. 6-6b). We
specifically evaluate two essential characteristics. First, the mean monthly runoff

employed here is a simple spatial average with no sense of routing; therefore, the peak
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time for mean monthly runoff is expected to be earlier than the streamflow peak time
(Fig. 6-6b). Secondly, one would also expect the peak time difference (i.e., GRDC mean
monthly peak flow time subtract runoff peak flow time) for the selected parameters to
be among the best of the 1million (Fig. 6-6¢). The distribution of the final selected

parameters for this stage is shown in Fig. (6-6d).
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Figure 6-6: Two-stage parameter selection over the Amazon River basin
6.3.3 Global Evaluation

Overall, Xanthos' performance has improved after adding the water
management module, as shown in Figure 6-7~6-9. Figure 6-7 shows the boxplots of
KGE between the GRDC monthly observed streamflow and those simulated from the
Distributed-natural and Distributed-regulated simulations for the 91 basins during the
calibration (Fig. 6-7a) and validation (Fig. 6-7b) periods, respectively. In most cases,

during both calibration and validation periods, the Distributed-regulated simulation's
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KGE values are consistently higher than those of the Distributed-natural simulation.

Moreover,
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Figure 6-7: Boxplots of the Kling-Gupta Efficiency (KGE) values for the Distributed-
natural and Distributed-regulated simulations during the calibration (1971-
1980) and validation (1981-1990) periods, respectively.

As shown in Figure 6-8, out of the 91 basins, the KGE values have been improved in

75 basins (KGE values increased no less than 0.05) and worsened in 7 basins (KGE

values decreased no less than 0.05) and not changed significantly in 9 basins. This

worsened performance is likely due to 1) the uncertainties in the climate forcing data

and GRDC streamflow observations and 2) the lack of spatial variability in the

estimated parameters.

To further examine Xanthos' performance in more detail, Figure 6-9 shows the
monthly time series of model-simulated and observed streamflow at six out of 91
GRDC stations with the highest average annual water demand (Po, Rhine, Ziya He
Interior, Ganges-Brahmaputra, Mid Atlantic and Chao Phraya). Compared to the
original version of Xanthos, the enhanced (i.e., Distributed-regulated) version better
captures the seasonal variations of streamflow, i.e., more closely matching the observed
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streamflow during the high-flow and low-flow periods. This implies the importance of
the reservoir regulation effect (e.g., reducing high-flow and enhancing low-flow) that

has not been captured by the original version of Xanthos.
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Figure 6-8: Spatial maps of KGE between the monthly GRDC observed streamflow
and simulated streamflow from (a) Distributed-natural, (b) Distributed-
regulated, and c) Difference (Regulated KGE — Natural KGE).
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Figure 6-9: Simulated and observed monthly streamflow for six basins with the highest
water demand in the validation period.

To assess how well the enhanced model captures water availability variations
under drought events, Figure 6-10 shows the time series of SDI values (for the period
1981-1990) for the same six basins in Figure 6-9. Drought events are characterized by
clusters of negative SDI values, which indicate below-normal streamflow conditions
but not necessarily low flow conditions. The model cannot reasonably capture
significant drought events in all basins except for the Po basins. Although the model
can reproduce hydrologic drought conditions in some instances, overall, it performed

poorly. Therefore, a more rigorous diagnostic evaluation is needed to identify the
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causes of the biases in basins for potential use. This presents a future area in which to

improve Xanthos further.
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Figure 6-10. Comparison of simulated and observed SDI time series for the period
1981-1990 for the six selected basins with the highest water demand.

6.3.4 Parameter Sensitivity Analysis

To identify which parameters are most critical (i.e., contribute most to variance
in key model outputs), we evaluate the model's sensitivity to the parameter changes, as
shown in Figure 6-11. Note here that we use the correlation coefficient for the
sensitivity analysis because the objective is to evaluate the correlation between the
change in parameter values and model performances. The correlation coefficient is

computed between model parameters and model performance for the runoff simulated
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with the one million parameter sets (Fig. 6-11a). The results show a significant
relationship (correlation coefficient > |+ 0.4|) only for parameters a (represent the
propensity of runoff to occur before the soil is fully saturated) and b (represent an upper
limit on the sum of evapotranspiration and soil moisture storage), which indicates that

the model performance is sensitive to these two parameters.
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Figure 6-11: Parameter sensitivity analysis for the distributed version of enhanced
Xanthos in the form of the correlation coefficient between parameter
values and KGE.

A similar analysis is made for the set of parameters generated by combining the hundred
best abcdm parameters set with the velocity adjustment parameter (v) (Fig. 6-11b).

Here, it appears that the model performance is more correlated with v than the other
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parameters. This is expected because all the difference between the 100 selected runoff

parameter combinations is supposed to be small.

6.3.5 Hydropower Reservoirs

Among the 91 basins, 75 of them have one or more hydropower reservoirs
included in GRanD and hence in our simulations. In total, there are 296 such
hydropower reservoirs in these 75 selected basins and 598 globally. At each of the 296
reservoirs, the simulated release and storage time series from Distributed-regulated-11
are compared with those from Distributed-regulated. In order to observe the difference
in the timing of the simulated reservoir behavior (between Distributed-regulated-II and
Distributed-regulated) and the difference in the magnitude separately, here we use the
coefficient of determination (R?) to measure the difference in the timing and
normalized-root-mean-square (NRMSE) to measure the difference in the magnitude,
respectively. NRMSE here is the root mean square error normalized by the long-term

mean.

Figure 6-12 shows a spatial map for the reservoirs and release comparisons
between Distributed-regulated-II and Distributed-regulated. For the release
comparison, the NRMSE is > 0.25 for ~ 45 % of the 296 reservoirs and while the R? is
< 0.5 for ~28% of the reservoirs. Similarly, the comparison between storages time series
for the two scenarios show NRMSE > 0.25 and R? < 0.5 for ~44% and ~90% of the
296 reservoirs, respectively. This indicates that the storage patterns have a very
significant disagreement across almost all of the reservoirs; at the same time, the
releases showed at least a satisfactory agreement for most of the reservoirs. The
correlation between reservoir capacity and NSE is close to zero, indicating that the

dissimilarity or lack thereof in release and storage patterns are unrelated to reservoir
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size. To the very least, the observed characteristics, in general, imply that simulating
hydropower reservoirs as a flood control is another source of uncertainty in water
management representation in global hydrological models. The approach we implement
for simulating hydropower reservoirs should be treated as a baseline for representing
hydropower reservoirs in global hydrological models. Future investigation is thus
needed to shed more light on the comparison between hydropower and flood-control

rEeSEervoirs.

We further select the Yenisey basin to look into more details. In Yenisey, the
upstream area of the GRDC station is dominated by hydropower reservoirs, i.e., four
hydropower reservoirs and two flood-control, as shown in Figure 6-13a. Note that one
of the two flood-control reservoirs is located downstream of the hydropower reservoirs
(Figure 6-13a). This spatial arrangement allows us to evaluate the effects of simulating
hydropower reservoirs as flood-control without interference from the third purpose
(i.e., in cases like an irrigation reservoir is located downstream of a hydropower
reservoir). Figure 6-13b shows the total simulated storage (sum of all six reservoirs)
from Distributed-regulated-I1l and Distributed-regulated. The difference in the
magnitude of total simulated storage between the two simulations is very significant.
In Distributed-regulated-1I, where all reservoirs are simulated as flood-control, the
storage is relatively more variable, likely because the release aims to maintain mean
annual flow, which leads to release greater than inflow during the drier seasons and
quick fill up during the wet seasons. The streamflow comparison at the GRDC site (Fig.
6- 13c¢) indicates that the difference in the simulated reservoir releases is significant as
well. The KGE values drop from 0.366 to 0.152 during the calibration period (1971-
1980) and from 0.293 to 0.008 during the validation period (1981-1990) when

simulating the hydropower reservoirs as flood-control.
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Figure 6-12: Difference between reservoir release time series between those simulated
as hydropower reservoirs and those simulated as flood control
reservoirs.
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a) Reservoirs Upstream of GRDC site
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Figure 6-13: Yenisey basin reservoirs upstream of GRDC site (a), total reservoir storage
upstream (b), streamflow at GRDC site (c). DA is the upstream drainage
area, and C is the total capacity of reservoirs upstream.
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Figure 6-14 depicts the temporal variability of simulated storage at each
individual reservoir in Yenisey. When simulated as hydropower, reservoirs generally
maintain high storage than when simulated as flood control. This can be attributed to
the release policy we employ for hydropower simulation, which targets maximum long-
term revenue where reservoir storage level is an essential component. Reservoirs
downstream of hydropower reservoirs are also influenced by the change of reservoir

purpose from hydropower to flood-control (Fig. 6-13c).
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Figure 6-14: Simulated storage characteristics for reservoirs located upstream of

Yenisey basin GRDC station for the last ten years of our simulation.
Four are hydropower (a, d, e, and f), and two are flood control (b and ¢)
IeServoirs.

Figure 6- 15 shows the difference between the simulated monthly releases in

the peak and low flow periods. On the one hand, the release from the flood control
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reservoirs is high during peak flow periods because they aim to create space for the next
flood event. On the other hand, the release from the hydropower reservoirs can only go
up to the maximum turbine flow plus spillover. The Hanasaki approach readjusts the
mean annual flow depending on the reservoir's degree of regulation (i.e., the ratio of
capacity to mean annual inflow). Therefore, in Xanthos, given that the readjusted mean
annual flow is greater than the environmental flow (10% of the mean annual flow), it
remains a constant value. For hydropower reservoirs, low flow releases are determined
by a release policy intended to maximize revenue. Because of the changes in reservoir

purpose, downstream reservoir releases are also modified.
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Figure 6-15: Similar to Figure 6-14, except for simulated releases.

Overall, hydropower and flood-control reservoirs behave very differently under

the same climate and upstream conditions. Nevertheless, we note that it is premature to
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conclude from the above analysis that treating hydropower reservoirs as flood-control
leads to poor hydrological simulations. Many reservoirs, particularly those large ones,
are multi-purposed, and multiple factors control their behavior. This study takes the
same simplification strategy adopted by all the existing GHMs, i.e., treating all the
reservoirs as single-purpose. Overcoming this simplification in a GHM setting is

beyond the scope of this study and left for the future.

6.4 Summary and Conclusions

This study adds a new water management module into Xanthos to improve its
representation of global hydrological systems. The new water management module
enhances Xanthos mainly by introducing reservoir regulation and local surface water
withdrawal. We represent three categories of reservoirs in different ways: irrigation,
hydropower and flood-control and others. We apply the enhanced Xanthos globally at
a 0.5-degree spatial resolution and monthly time step. Validation against the observed
streamflow at 91 river stations suggests the improved performance over the original
version of Xanthos. At the individual reservoir level, we show that hydropower and
flood-control reservoirs indeed behave quite differently, particularly in terms of
reservoir storage variations. At the regional level, we show that treating hydropower
reservoirs as flood-control leads to at least noticeable impacts on the simulated
streamflow. We also show that the new model can reasonably capture drought dynamics
in managed river systems. This new feature can improve the analysis of finer-scale
energy-water-land dynamics within frameworks capable of ingesting Xanthos outputs

to capture water sector supply-demand dynamics (e.g., Khan et al., 2020).

There are several opportunities to improve the river system modeling further.

First, the groundwater storage (both above and below confined aquifers) could be
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represented more explicitly, which will enable the integration of groundwater pumping
as an additional water supply. Second, natural lakes could be added in addition to
reservoirs. Second, lakes are an essential source of water supply, although they are not
as heavily managed as reservoirs. They also significantly impact the regional climate
through their water and energy exchanges with the atmosphere. Third, hydrologically
small reservoirs (i.e., those with a storage capacity less than 0.1 km?) (Lehner et al.,
2011) are currently not accounted for due to data limitations, but they potentially play
an essential role in the regional and global water supply. Last but not least, the
representation of reservoirs could be enhanced by accounting for reservoir
sedimentation, given that reservoir storage is being lost globally at a rate of 0.5% per
year (Mahmood, 1987; White, 2001). Relatively simple, empirically-based approaches
to capture these dynamics for reservoirs globally have been shown to be effective and

can be borrowed from other open-source modeling frameworks (e.g., Wild et al., 2021).

Even with the above limitations, the water management module we introduce
here offers a more realistic representation of river systems in global hydrologic models
like Xanthos. The model has the potential to provide insight into the competition
between changes in water availability (primarily affected by climate variability) and
water demand (controlled mainly by human activities) at regional or global scales and
support decision making in a complex socio-economic system setting under various

future climate change and management scenarios.
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7 Conclusions, Implications, and Future work

7.1 Conclusions

Motivated by the need for simplified and falsifiable approaches for linking
catchment water balance with vegetation dynamics, most of this dissertation chapters
aimed to develop and implement such macroscopic functional frameworks. The
inspiration was to look for patterns and functions among a population of catchments,
not to analyze a particular watershed in isolation. Hence, a Darwinian approach has
been adopted to develop simple, falsifiable, and sufficiently exact functions. For this
purpose, a population of near-natural catchments distributed across climatic and
landscape gradients of the continental United States was employed. The developed
functional frameworks and generated understanding were integrated into a global
hydrological model. The objective was to extend the hydrological model capacity
beyond simulating hydrologic releases. This was followed by developing an approach
for implementing the representation of water management infrastructure (i.e.,
reservoirs) in the same global hydrological model. The study domain for the reservoir
representation is global and limited to reservoirs with a storage capacity larger than 0.1
km?. The significant contributions of this dissertation are recited below,

1) A conceptual framework for exploring multi-scale links between catchment water
balance and vegetation dynamics was developed theoretically based on the
generalized proportionality hypothesis and successfully validated at near-pristine
catchments distributed across the continental United States. The functional
framework (i.e., Horton Index (HI)) has one parameter and two variables
representing potential supply (i.e., catchment wetness) and demand (i.e., potential
evapotranspiration). The parameter is an indicator for catchment wetting

partitioning. A space-time similarity between the regional (inter-catchment) and
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2)

3)

intra-annual variability (within catchment) was detected from observation data. The
function can explain these space-time similarity patterns in a unified way. Under
water-limited conditions, HI approaches its theoretical maximum of 1.0, and its
variability decreases; this is true for both within-catchment and inter-catchment
cases, shedding light on the HI's constancy property (Horton, 1933; Troch et al.,
2009). This study also extended the use of HI to intra-annual, which is traditionally
inter-annual.

A hypothesis was tested on the linearity of the relationship between gross primary
production (GPP) and the water balance (i.e., ET) at the catchment scale. It was
confirmed that the GPP-ET linear relationships reported at the plant or patch scale
hold at the catchment level. Motivated by this understanding, a simple two-
parameter functional relationship linking catchment water balance and vegetation
carbon uptake was developed and successfully validated at catchments distributed
across climate, vegetation type, and topographic gradients. This function was then
used to demonstrate how one can reliably simulate seasonal vegetation dynamics at
the monthly scale. The two parameters are estimated a priori as a function of climate
and landscape conditions. Furthermore, the function is valuable for estimating
transpiration at the catchment scale.

Vegetation carbon uptake response to catchment water supply and atmospheric dryness was
analyzed using indices summarizing climatic, hydrologic, and vegetation characteristics.
The lag between seasonal water supply carbon uptake and carbon uptake and atmospheric
dryness creates a hysteresis. Both hysteresis curve patterns are controlled jointly by the
seasonal characteristics of the catchment energy and water use. The narrowest hysteresis
develops in catchments that operate at their highest hydrologic and climatic efficiency
throughout the year. Widest hysteresis develops when energy and water use efficiency have

strong intra-annual variability and are out of phase. The direction is generally
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4)

5)

counterclockwise as vegetation response lag behind water availability. However, some
catchments show a clockwise pattern. These catchments are dominated by vegetation that
responds quickly to water availability but dies under increased hydrologic stress, for
instance, grasslands. For catchments oscillating between energy-limited and water-limited
states, it was found that vegetation is under seasonal hydrologic stress when catchment
transitions into water-limited. Catchments that are permanently water-limited are
characterized by carbon uptake efficiency of low magnitude and low seasonal variability.
The seasonal patterns of total carbon uptake are opposite to the season carbon uptake
efficiency. Vegetation total carbon uptake increases as catchment get drier and uptake
efficiency decreases.

The developed HI analytical framework and the functional relationship between GPP and
ET were used to extend Xanthos model capacity beyond simulating hydrologic releases.
The monthly GPP simulated by the coupled model performed reasonably well against
another global dataset. This study finding also showed that at the global scale, long-term
climatic characteristics, including vapor pressure deficit, precipitation seasonality, snow
fraction, and solar radiation determine the type of linear relationship between GPP and ET.
It also concluded that the GPP-ET functional relationship applies globally and can be
coupled with simple hydrologic models and simulate monthly GPP reasonably well.

A new water management module was developed for Xanthos. The aim was to improve the
model’s representation of global river systems. The module enhances Xanthos mainly by
introducing reservoir regulation and local surface water withdrawal. Three reservoir types
were represented: hydropower, irrigation, and flood control. The reservoir operation rules
are simulated based on purposes and storage characteristics. The inclusion of reservoirs
improved the model simulation performances significantly, as shown by comparison
against the observed streamflow. It is the first attempt to represent hydropower reservoirs
in a global hydrologic model. This work also uses a novel model parameter estimation

which helps in reducing the equifinality issues.
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7.2 Implications

The dissertation presented two groups of study. The first three chapters (2 — 4)

adopted a Darwinian approach to investigate the links between catchment vegetation

dynamics and water balance. The last two chapters (5 & 6) focus on enhancing Xanthos'

capacity, a global hydrological model. The implications of the findings presented in

each chapter were recited as follows.

1)

2)

The developed Horton index analytical framework paves the way for many
exciting opportunities to advance our understanding of water-plant interactions.
The framework can be used as a first-order constraint when simulating
ecological and hydrological responses using hydrological, land surface, and
earth system models. It can also help improve the parameterization of
hydrologic models to better estimate the runoff, for instance, according to
dominant vegetation cover. The emergent space-time similarity patterns may be
used as empirical evidence to advance our understanding of Horton's hypothesis
that vegetation practices maximization of productivity relative to available
water (Horton, 1933).

The GPP-ET functional relationship directly links catchment water balance to
terrestrial vegetation productivity; hence, it can be used as a diagnostic tool for
coupled water-carbon simulations at the catchment, regional or larger scales.
Coupled with simple hydrologic models such as the abed (Martinez and Gupta,
2010; Thomas, 1981) and the probability distribution type models (Moore,
2007; Wang, 2018), the function can enhance their capacity by linking them to
vegetation dynamics. The function can also simulate catchment, grid, or larger

scale transpiration contributions to total evapotranspiration.
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3)

4)

5)

The findings from the links between GPP and two major abiotic factors,
catchment water available for vegetation use and atmospheric dryness, establish
a need to develop a functional framework between catchment water supply,
atmospheric demand, and vegetation productivity. A framework that can help
track normal and extreme hydrologic and climatic signal's impact on catchment
vegetation and vice versa. Further understanding of the three-way connection
(i.e., water supply — vegetation — atmospheric demand) can be a starting place
for what vegetation does between and within storm periods.

The promising performance obtained evaluating GPP simulated from the
coupling abed model with the HI and GPP-ET function implies that enhanced
hydrologic models can simulate vegetation dynamics reasonably well without
too many detailed representations. Thus, this approach can be employed for

diagnosing hydrologic models with vegetation dynamics information.

The water management module introduced in Xanthos offers a more realistic
representation of river systems. The model has the potential to provide insight
into the competition between changes in water availability (primarily affected
by climate variability) and water demand (controlled mainly by human
activities) at regional or global scales and support decision making in a complex
socio-economic system setting under various future climate change and
management scenarios. It will allow for assessing future reservoir development
and management from a coupled human-natural system perspective. It also
affirms the need for representing hydropower reservoirs in global hydrologic

models.
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7.3 Future work

The was dissertation focused on the hydrological-ecological and hydrological-
human systems independently. The intersection between the three systems, the water-
vegetation-human nexus, is an exciting arena that deserves more attention, particularly
in an urban setting. In part, the sustainability of urban systems hinges on the co-
dynamics and resilience of these three systems. Exploring novel ways to achieve
sustainable, adaptable, and resilient infrastructure from an ecohydrological perspective
is an exciting arena. The future works of this dissertation will focus on the following

two areas.

1) Present-day activities to establish a sustainable urban system through building
eco-cities and green infrastructures are often guided by the functionalities of the
gray infrastructures, and plants are frequently treated as aesthetic features,
simply there to improve urban wellbeing. However, humans and vegetation are
alike in that they both demand water from the hydrologic system. The main
difference is that despite the height of our knowledge and technologies, we face
a water management crisis in many corners of the world with fast-rising
demands and depreciating freshwater resources. Plants do not have such
capacities or forecast future water supply or demand, but they are continually
aware of available resources. They cope with prolonged water shortages and
changes around them and survive severe environmental conditions. They
harmonize with their environment and maximize productivity relative to
available water. Hence, there are vital lessons humans can learn from plants,
and this could be essential for a step toward understanding the urban

ecohydrological system resilience.
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2) Urban ecohydrological systems continue to change due to the rapidly evolving
dynamic spatial expansions of urban areas to accommodate the growing urban
dwellers. Trends indicate that climate change is likely to exacerbate the odds of
natural hazards such as drought and flood in urban settings. While these hazards
are generally unavoidable for all communities, resilience to the resulting risk is
significantly lower in socially vulnerable populations. The latest ASCE
Americas Infrastructure report shows that the number of high-hazard-potential
reservoirs in the US has doubled over the last two decades, mainly due to
encroachment into the downstream areas of the previously rural reservoirs.
Similarly, about 45% of the US population is exposed to high- to very high-risk
levee systems. Historical evidence shows that communities residing or working
in such risk regions are predominantly people of color. The emerging drought
impact patterns across many US cities also echo similar phenomena. The
resilience of the vulnerable community is a baseline for urban infrastructure
resilience success. Hence, addressing the needs of the disproportionately
impacted community is essential for improving the overall resilience. The
critical step in this direction is understanding the underlying process of human-
flood and human-drought interactions in low-income communities through

theoretical analysis and modeling to inform policymakers.
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