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ABSTRACT 

 

Terrestrial evapotranspiration (ET) is an important eco-hydrologic process the couples the land 

surface water and energy budgets, links the water, carbon and nutrient cycle, and represents the largest 

water consumption from agricultural sector.  Although advances have been made in monitoring and 

simulating terrestrial ET in last decades, there are still challenges in reconciling and cross-validating ET 

observation and numerical model simulation results.  In particular, due to human interferences (such as 

agricultural irrigation), existing knowledge obtained under natural conditions is inapplicable to 

intensively managed watersheds.  Therefore, there is a pressing need to develop hydrologic theory that 

depicts watersheds as coupled nature-human systems, and to apply knowledge derived from the complex 

system to validate and diagnose existing hydrologic observations and models, and explore the inter-

connects of hydrologic dynamics across scales. 

This dissertation focuses on the ET temporal variability as a signature of watersheds as coupled 

nature-human systems, since ET variability is driven by the climatic fluctuations and modulated by 

hydrologic processes such as vegetation, snow dynamics and human water use.  Based on general 

hydrologic laws on land surface water-energy coupling, this dissertation derives an Evapotranspiration 

Temporal VARiance Decomposition (ETVARD) framework for better understanding of both the climatic 

and hydrologic controls on ET temporal variability.  Utilizing best available hydrologic observations, 

ETVARD quantifies the contributions from the variances and co-variances of climatic and terrestrial 

water storage change factors to ET variance at various temporal scale (e.g., monthly, seasonal and annual) 

for watersheds across a wide spectrum of climatic conditions (from humid to arid) under both natural and 

managed conditions. 

As such, we derive hydrologic knowledge from the congruence among theories, observations and 

models.  For multi-variable and multi-source hydroclimatic observations, ETVARD provides an 

independent diagnosis tool to detect the possible biases and uncertainties in observations and land surface 

models.  Using ETVARD as a benchmark for inter-comparison of observation and models and through 

five systematically designed experiments, this dissertation identifies the inconsistencies in ET variance 

estimates among theories, observations and models, assesses the quality of multiple ET products, and 

provides guidelines to improve land surface model structure in capturing ET variance for the contiguous 

United States. 

In particular, ETVARD identifies the temporal and spatial ET pattern changes due to extensive 

groundwater-based irrigation through a rea-world case study in the High Plains.  The relation between ET 

and crop yield signatures (i.e., mean and variability) in rain-fed and irrigated crops reflects farmers’ 

irrigation behavior heterogeneity in the formation of ET patterns, depending on farmers’ preferences 



 

iii 

 

between profit-maximization and risk-aversion.  In addition, a power-law statistical relationship between 

ET mean and variability is developed from independent ET observations.  While the differences in 

climate conditions and vegetation structures are reflected by ecosystems’ water use preferences between 

consumption and variability, these water use preferences cluster on the same a power-law statistical 

relationship. 

The comprehensive assessment on ET variance in this dissertation provides a synthesis from 

existing theories, observations and simulations towards improved understanding of ET variance at the 

watershed system level.  The knowledge discovered in the dissertation also provides guidelines for 

conjointly managing the mean and variability of watershed responses to both natural and human driving 

forces in the context of coupled nature-human systems. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Background and motivation 

Evapotranspiration (ET) is an important eco-hydrologic process the couples the land surface 

water and energy budget [H Yang et al., 2008], links carbon and nutrient cycle [Porporato et al., 2015] 

and represents water consumption in food and biomass production [Housh et al., 2014].  As one of the 

largest hydrologic fluxes, ET accounts for two thirds of precipitation and consumes a significant amount 

of surface net radiation [Brutsaert, 2005].  In terms of water consumption, FAO estimated that 

agricultural irrigation uses about 70 percent of the world's total freshwater withdrawals via ET [FAO, 

2016].  Some studies have argued that water resources management is essentially “ET management” 

[Foster and Garduño, 2004].  Therefore, a better understanding of the effects of climatic, hydrologic and 

anthropogenic factors on ET process is vitally important for hydrologic predictions and water resources 

management, especially in the context of non-stationarity [Milly et al., 2008]. 

In addition to the natural forcings, anthropogenic factors play an increasingly role in changing the 

land surface water and energy budget.  Human interferences (HI), including deforestation, irrigation, and 

urbanization have altered the terrestrial water flux distribution spatial and temporal patterns [Gordon et 

al., 2005; Vogel, 2011].  Several studies have demonstrated that intensive farming, land use conversion 

and groundwater exploitation have affected regional and global ET flux [Weiskel et al., 2007] and even 

climate systems [DeAngelis et al., 2010; Ferguson and Maxwell, 2010].  Those studies addressed HI on 

ET at large spatial scales and long temporal scales, and demonstrated that in heavily managed agricultural 

watersheds, agricultural land use and/or irrigation possibly plays an important role on the inter-annual 

variability of ET, especially in semi-arid regions [Allen et al., 2005; Qiuhong Tang et al., 2009; Cheng et 

al., 2011].  We argue that watersheds under intensive management should be considered as coupled 

nature-human systems (CNHS) [Liu et al., 2007] that are featured by strong interaction and 

interdependence among natural processes and human land and water uses.  Correspondingly, as the 

largest water consumption component, ET should be studied in the context of CNHS. 

From a system perspective, there are many signatures that characterizes ET.  For example, the 

long-term average captures the amount of ET in the water budget; the ET extreme value indicates how 

hydrologic system responses to drought events; the trend of ET shows how land surface processes evolve 

given the changing factors such as net surface radiation, wind speed and land use.  Among these 

signatures, the temporal variability provides unique information of ET processes and is closely related to 

the management of agricultural water use.  First, the temporal variability exhibits across a range of scales 
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from decadal, annual, seasonal, daily, hourly to sub-hourly.  The variability at each temporal scale shows 

specific properties of hydrologic dynamics.  For example, the different water use patterns during a 

growing season and a non-growing season is embedded in the seasonal variability.  Second, the temporal 

variability of ET reflects the intrinsic hydro-climatic variability and provides valuable information about 

ET sensitivity to changing environmental variables [Milly and Dunne, 2001; Niemann and Eltahir, 2005; 

Roderick and Farquhar, 2011; McVicar et al., 2012; Renner et al., 2012; Yang et al., 2014b].  In addition 

to climate change, interferences introduced by human activities, such as conversion from natural 

vegetation to bio-fuel crops [Le et al., 2011] and the expansion of irrigated crop land [Zeng and Cai, 

2014], also significantly affect ET pattern.  Therefore, understanding ET variability will unveil how ET 

processes change given the changing climatic and anthropogenic forcings, the key to improve weather 

and climate forecasting [Ozdogan et al., 2010] and provide better guidelines for climate change 

adaptation [Yohe et al., 2004].  Third, as the average of water consumption (i.e., irrigation) would help 

increase crop yield and farmers’ profit, the variability of ET is a good indicator of the variability of crop 

yield and farmers’ risk.  In the context of “ET management”, a robust water resources management 

practice should take the variability into account, in addition to the average profit.  Hydroclimatic factors 

shape the ET variability, at the same time, farmers’ water use behaviors modulate ET variability 

according to their preferences (e.g., risk-aversion, benefit-maximization).  Therefore, the variance of ET 

captures both the fluctuation of a hydro-climatic system and human land and water use footprints. 

1.2  Objectives 

Advances have been made in monitoring and simulating ET over several decades.  At the 

observation side, the efforts include remote-sensing signal retrieval [Zhang et al., 2010; Mu et al., 2011], 

fluxtower network development and data assimilation [Pan and Wood, 2006; Munier et al., 2015; Rodell 

et al., 2015].  Meanwhile, the land surface modelling community has developed many numerical models 

that include ET simulation, with different process representations, parameterizations, data requirements 

and model structures, such as Global Land-Atmosphere Coupling Experiment (GLACE) [Koster et al., 

2004] and Land Data Assimilation System (LDAS) [Rodell et al., 2004].  Hydrologic observations and 

numerical simulations play complementary and inter-dependent roles in advancing our knowledge about 

the various hydrological processes and systems. 

However, compared to the advances in ET observation and simulation, the ET theory 

development and application are limited in hydrology.  Developing new theories and/or making better use 

of existing theories to underpin current models and data are urgently needed [Kirchner, 2006; Beven, 

2012; Clark et al., 2016].  A hydrologic theory that represents falsifiable conceptualizations of the real 

world is needed to justify the observation and/or model evaluation and diagnose the biases or errors 
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involved in either observations or models, or both.  We argue that hydrologic theories play a critical role 

in bridging the gap between model results and observations.  Although observations, models and theories 

are not perfect, each contains complementary information about the real world.  Observations can capture 

a broad range of hydrologic dynamics driven by climatic, biophysical and anthropogenic forcings [Rodell 

et al., 2015]; models can predict the hydrologic responses to either stationary or non-stationary forcings 

and explore the feasible space of a hydrologic variable [Kumar, 2011]; theories are used to synthesize our 

understanding of hydrologic phenomena and expand hydrologic knowledge [Kirchner, 2006; Clark et al., 

2016]. 

Following current research advances, this dissertation aims to provide a theoretical framework to 

analyze ET temporal variability and apply the framework to address a number of theoretical and practical 

questions.  The theoretical framework will both be a complementary approach to existing ET data and 

models and a bridge to reconcile the ET observations and simulations.  The goal of this dissertation is to 

provide a better understanding of the climatic and hydrologic controls on ET temporal variability, 

for both natural and managed watersheds, through an evapotranspiration temporal variance 

decomposition framework. 

1.3  Tasks 

To achieve the research goal, specific tasks includes:  

1) Deriving a theoretical framework to quantify contributions of climate (e.g., precipitation and 

net radiation) and terrestrial water storage change (by either natural processes or human activities) factors 

to ET variability based on generally hydrologic principle on land surface energy-water coupling. 

2) Assessing watershed ET variability at various temporal scale (e.g., monthly, seasonal, annual) 

for watersheds across a wide spectrum of climatic conditions (from humid to arid) and with significant 

human interferences (e.g., irrigation), and identifying the dominant controlling factors on ET variability 

with the theoretical framework. 

3) Applying the theoretical framework as a bridge to reconciling existing multi-source multi-

variable hydroclimatic observations and multiple land surface models to find the congruence among the 

theory-observation-simulation triplet in term of ET variability.  

4) With the knowledge obtained from Task 2 and 3, exploring the connections between ET 

signatures (specifically mean and temporal variance) and watershed properties (e.g., land use and 

vegetation types) and identifying possible general statistical law governing both natural and managed 

watersheds.   
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Through these specific tasks, the dissertation will synthesize the understanding of ET variability 

from observations, simulations, and theories to understand and manage a watershed in the context of 

coupled natural human system. 

1.4  Hypotheses 

This dissertation starts from deriving an evapotranspiration temporal variance decomposition 

framework, which is based on an empirical or semi-analytic theory on watershed energy-water coupling, 

namely, the Budyko curve.  Budyko [1974] pioneered the estimation of long-term ET based on a coupled 

hydrologic cycle and the terrestrial energy budget.  He asserted that a region’s ET is largely controlled by 

two climatic factors: precipitation (P) and incident energy (usually represented by potential evaporation, 

PET).  In arid regions (i.e., PET/P ≫ 1), ET is mainly constrained by P; in humid regions (i.e., PET/P ≪ 

1), ET is controlled by energy supply (associated with PET); in between, ET is affected by both P and 

PET.  Based on Budyko curve, Koster and Suarez [1999] attributed ET variance to the variance of 

precipitation.  However, Koster and Suarez [1999] implicitly assumed that the watershed storage change 

is negligible in each period and their work only captured the climatic control on ET variance.  Therefore, 

the hydrologic controls, such vegetation responses to climate fluctuation, farmers’ irrigation decision, 

groundwater dynamics and snow thawing/melting, are not addressed in their study. 

With the availability of terrestrial water storage data (from satellite observations and model 

simulations), this dissertation will extend Budyko curve and the ET variance relation developed by Koster 

and Suarez [1999] by incorporating terrestrial water storage into the derivation for ET variance.  This 

study hypothesizes that terrestrial water storage (including soil moisture, groundwater and snow) provides 

a complimentary water buffer to atmospheric precipitation to sustain ET through related processes such as 

vegetation root water up-take, anthropogenic irrigation, groundwater recharge/discharge and snow 

thawing/melting.  The responses of terrestrial water storage to climate variability (precipitation and 

potential evaporation) are captured by the co-variances among these hydrologic and climatic variables.  

Therefore, it is essential to incorporate terrestrial water storage into the analysis of ET variance. 

If an intensively managed watershed is regarded as a coupled natural-human system, farmers’ 

preferences, such as risk-aversion and benefit-maximization, determines their water use behaviors to 

reduce the climatic impact on crop yield.  The goal to achieve better crop production, with higher crop 

yield and more stable crop yield, will propagate to the signatures of ET.  Therefore, though the analysis of 

ET signatures (i.e., mean and variance in this study), we can capture the spatial and temporal pattern of 

ET changes due to intensive irrigation and explore how climatic, hydrologic and anthropogenic factors 

jointly shape ET in the context of coupled nature-human system.  Farmers’ irrigation behaviors reflect 

their preferences on crop production and responses to climate fluctuation, so do various ecosystems.  
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Different vegetation covers (e.g., trees, grasses, and shrubs) exist in various ecosystems with different 

climate conditions and soil properties.  As the result of the co-evolution between vegetation and climate, 

different ecosystems will develop different water use strategies to optimize their goals.  Although the 

goals and strategies of different natural and managed systems are different, they all respond to and are 

limited by the climate fluctuations.  In the context of CNHS, we hypothesize that their water use 

strategies will be captured by the ET signatures (i.e., mean and variance).  By analyzing the 

correspondence between ET signatures and the ecosystem properties, we can unveil the underlying water 

use strategies of different ecosystems. 

1.5  Organization of the dissertation 

With the objectives and tasks stated above, the rest of this dissertation consists of four parts in six 

main chapters. 

Chapter 2 lays the foundation of this dissertation by deriving the general evapotranspiration 

temporal variance decomposition framework.  Chapter 2 is built on the first hypothesis that terrestrial 

water storage and its responses to climate fluctuations modulate the viability of ET.  By incorporating 

terrestrial storage change, Chapter 2 extends the Budyko hypothesis and the ET variance relation by 

Koster and Suarez [1999] and provide a comprehensive function for assessing ET temporal variance. 

With the analytical framework developed in Chapter 2, Chapters 3 and 4 in the second part will 

assess the quantify the ET variances at different temporal scales and spatial scales with different 

controlling factors.  Chapter 3 assesses the ET variances in 32 global basins with a wide range of climate 

conditions at both intra- and inter- annual scale (i.e., monthly, and annual ET variance).  Chapter 3 

identifies which climatic and hydrologic component dominates ET variance at intra- and inter- annual 

scale, respectively.  Since the 32 global basins cover a large spatial extension where human interferences 

are relatively small, Chapter 3 focuses on natural watersheds.  While Chapter 4 focuses on small 

watersheds using those in the High Plains of the CONUS with extensive groundwater-fed irrigation. This 

chapter therefore provides a detailed case study for ET variance under intensively managed systems, 

including the spatial and temporal change of ET pattern over 70 years at the seasonal scale (in accordance 

with the crop grow and non-growing season).  Given the similarity of climate conditions in small basins 

in the High Plain, Chapter 4 shows an example of how irrigation behavior heterogeneity affects the ET 

signature, ending with implications for better watershed management in the context of as CNHS. 

The third part addresses the methodological aspect of hydrologic knowledge discovery by 

assessing the congruence in the observation-model -theory triplet.  The theory for ET variance derived in 

Chapter 2 serves in this chapter as a complementary approach to ET monitoring and modelling approach 

and a bridge to reconcile ET observations and simulations.  In this part, Chapter 5 assess multi-variable 
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multi-source observations by identifying the possible biases and uncertainties of multiple ET products in 

terms of their capability and compatibility in capturing of ET variance under the theoretical framework 

presented in Chapter 2.  Chapter 6 focuses on the simulation side with the theoretical framework as a 

diagnosis tool and benchmark for multiple land surface model cross-evaluation, inter-comparison, and 

implication derivation for model improvement.  Being companioned together, Chapters 5 and 6 illustrate 

how a generic hydrologic theory can be effectively used to bridge the gap between hydrologic 

observations and simulations, which illustrate our philosophy that hydrologic knowledge is advanced by 

finding the congruence among observation-simulation-theory triplet. 

Being the last part of this thesis, Chapter 7 syntheses all studies in natural and managed 

watersheds in Chapters 2 to 6 and explores the connections between the signatures of ET (e.g., the 

relationship between mean and temporal variance).  Hydrologic processes are inter-connected across 

scales, so do their signatures.  The relationship between ET mean and temporal variance discovered in 

intensively managed watershed in Chapter 4 provides a clue for synthesis among different ecosystems 

with coupled nature and human components.  Chapter 7 illustrates a general statistical law between ET 

mean and temporal variance across scales and discusses the role of ecosystem water use strategies in 

affecting the ET signatures.  The identified relationship between ET mean and temporal variance will 

provide implications for understanding and possibly management of coupled nature-human system by 

trading off between system-wide water consumption and variability. 
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CHAPTER 2 

DERIVING THE EVAPOTRANSPIRATION TEMPORAL 

VARIANCE DECOMPOSITION FRAMEWORK 

 

This chapter lays the foundation of this dissertation and derives the Evapotranspiration Temporal 

VARiance Decomposition (ETVARD) framework. 

2.1  Introduction 

 Budyko [1974] pioneered the estimation of long-term ET based on a coupled hydrologic cycle and 

the terrestrial energy budget.  He asserted that a region’s ET is largely controlled by two climatic factors: 

precipitation (P) and incident energy (usually represented by potential evaporation, PET).  In arid regions 

(i.e., PET/P ≫ 1), ET is mainly constrained by P; in humid regions (i.e., PET/P ≪ 1), ET is controlled by 

energy supply (associated with PET); in between, ET is affected by both P and PET.  The Budyko 

Hypothesis has been validated by observations all over the world [Choudhury, 1999; Zhang et al., 2001].  

Based on the Budyko Hypothesis, Fu [1981] and H Yang et al. [2008] derived analytical expressions, 

known as Budyko equation, which provides a framework to quantify long-term ET. 

The Budyko equation has been used for ET sensitivity and variability analysis due to its explicit 

function form.  For example, Roderick and Farquhar [2011] evaluated the derivatives of ET with respect 

to P, PET and a catchment property parameter to predict the effect of climate condition change on 

catchment water balance.  Niemann and Eltahir [2005] studied the sensitivity of regional hydrology to 

climate change using Budyko equation and a physical model in the Illinois River basin and found that ET 

tends to dampen the signals in P and PET.  Han et al. [2011] assessed long-term and annual water 

balances in Tarim Basin in China and found that influences on ET variability became increasingly 

apparent with the increase of irrigation in the arid basin.  Especially, besides those assessments using 

models or data, Koster and Suarez [1999] proposed an analytical framework based on Budyko equation to 

quantify ET variance as below: 

𝜎𝐸𝑇
2 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2𝜎𝑃

2         Eqn.(2.1) 

where �̅� is the long-term average arid index defined as PET/P; 𝐹(�̅�) is the Budyko equation.  According 

to the results from this equation and a general circulation model, they found that water and energy 

availability appears to be critical factors controlling the inter-annual ET variance.  Later, they validated 

Eqn.(2.1) using a global observation dataset for its predictability of ET variance [Koster et al., 2006].  

Following that, Eqn.(2.1) has been applied to assessing ET variance by many studies [Arora, 2002; 

Sankarasubramanian and Vogel, 2002; Koster et al., 2006].  However, Eqn.(2.1) does not consider many 
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other factors that are also important for ET variance.  For example, based on the assessment of to 1337 

catchments in the United States, Sankarasubramanian and Vogel [2002] found that the buffer effect of 

soil storage capacity could be an important factor on ET variability.  Koster et al. [2006] pointed out that 

Eqn.(2.1) performs well in dry climate but the temporal coincidence of P and surface energy can affect 

ET variance in wetter climates, but these factors are not considered by Eqn.(2.1). 

This study addresses the limitation of Eqn.(2.1) by re-examining its assumptions.  First, Eqn.(2.1) 

is based on long-term average water balance assuming negligible storage change (i.e., P is the only water 

source for ET).  At the annual or monthly time scale, however, P is not the sole source of water 

availability, since catchment storage change plays an important role to balance the water budget.  The 

estimation of annual ET was found biased without considering subsurface water storage change [Wang et 

al., 2009; Istanbulluoglu et al., 2012].  Even at the long-term scale, successive groundwater exploitation 

provides an additional source for ET [Siebert et al., 2010; Döll et al., 2012].  Thus, incorporating 

catchment storage change caused by both natural factors and human activities will improve the 

understanding of ET temporal variance.  Second, Eqn.(2.1) assumes that ET variance is driven by the 

fluctuation of P only and does not capture the effects from PET variance and the temporal coincidence 

between P and PET.  As a result, Eqn.(2.1) is limited to arid regions where P dominates the hydrologic 

processes; however in moderate and wet climates, the effect of P on ET variance diminishes.  An analysis 

of world-wide ET during the period of 1961–1999 [Ukkola and Prentice, 2013] shows that P accounts for 

95% of the ET variance in dry basins, but only 55% in wet basins.  Particularly, in cold areas, the 

accumulation and melting of snow pack is controlled by radiative energy, which further affects vegetation 

growth and ET flux [Lute and Abatzoglou, 2014].  As a result, PET becomes an essential factor in 

understanding ET variance in basins with limited energy supply.  Furthermore in arid regions with 

intensive irrigation, P would not dominate ET as a result of irrigation application to maintain crop yield 

[Han et al., 2011].  In such case, ET variance is closely related to farmers’ response to climate 

fluctuation. 

The goal of this study is to identify climate and human factors governing ET temporal variance 

by extending the relationship analytical framework of Koster and Suarez [1999] to a more comprehensive 

one, which incorporates the response of basins and human activities to climatic variability.  The questions 

to address include: 1) how the fluctuation of climatic variables shapes ET variance in a wide spectrum of 

climate conditions; 2) how climate and human water use affect ET variance at various time scales (i.e., 

inter- and intra- annual scale).  In session 2, we develop the framework for ET variance analysis based on 

Budyko Hypothesis and water balance and discuss the dominant factors affecting ET under various 

conditions.  In session 3, we apply the framework in Murry-Darling River Basin to assess inter- and intra-
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annual ET variance.  In session 4, we discuss some implications of the proposed framework and end with 

conclusions. 

2.2 Theoretical framework for ET temporal variance 

2.2.1  Catchment water balance in the Budyko equation 

The water balance lumped over a catchment over a time interval of 𝛥𝑇𝑖 is: 

𝛥𝑆𝑖 = 𝑃𝑖 − 𝐸𝑇𝑖 − 𝑄𝑖         Eqn.(2.2) 

where ΔS is catchment storage change; P is precipitation; ET is actual evapotranspiration; Q is the runoff; 

and the subscript i represents the time interval ΔTi, which can range from a month to decades.  Over a long 

period when the catchment reaches equilibrium (i.e., flux-in balances flux-out and 𝛥𝑆 is negligible), P is 

the water source for ET and Q.  At a small temporal scale (e.g., month), the water availability for ET and 

Q is adjusted by catchment storage.  When catchment storage increases (i.e., 𝛥𝑆 is positive, such as snow 

pack accumulation and aquifer recharge), less available water is left for ET and Q.  On the other hand, when 

catchment storage releases (i.e., 𝛥𝑆 is negative, such as snow melting and aquifer discharge), it provides 

additional water for ET and Q [Wang et al., 2009].  As time scale becomes smaller, the role of catchment 

storage on water balance becomes significant in Eqn.(2.2).  To account for the complementary effect of 

storage, the total available water (𝑃’) for ET and Q is defined by rearranging Eqn.(2.2), which yields: 

𝑃𝑖
′ = 𝑃𝑖 − 𝛥𝑆𝑖 =  𝐸𝑇𝑖 + 𝑄𝑖        Eqn.(2.3) 

The total available water for ET does not only depend on the system input (i.e., atmospheric water supply), 

but also determined by catchment storage.  Vegetation, soil moisture condition, groundwater table, and 

catchment management practices all affect the total water availability.  The human impact items are not 

explicitly shown in Eqns. (1) and (2), however, the consumptive use is included in ET, and the return flow 

in Q or/and ΔS.  In catchments where trans-boundary water is provided for use such as irrigation, the inflow 

to one catchment or the outflow to another catchment be added to or subtracted from P in Eqn.(2.2).  

Moreover, the spring flow or aquifer recharge will be accounted in 𝛥𝑆.  

The original Budyko hypothesis focuses on geographical zonality (i.e., spatial comparison) and is 

validated for long-term average over many catchments.  Fu [1981] and H Yang et al. [2008] derived 

analytical solutions expressed as the long-term arid index (�̅� = 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ /�̅�) and evaporation index (𝐸𝑇̅̅̅̅ /�̅�) 

based on dimensional analysis and mathematical reasoning.  Hereinafter, variables with over-bar denote 

long-term average.  For example, the analytical solution obtained by Fu [1981] is: 

𝐸𝑇̅̅ ̅̅

�̅�
= 𝐹(�̅�) = 𝐹 (

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
) = 1 +

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
− [1 + (

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
)

𝜛

]
1/𝜛

      Eqn.(2.4) 

where 𝜛 is a parameter representing catchment characteristics.  Since Eqn.(2.4) is based on long-term 

average, it assumes negligible catchment storage change (i.e., Δ𝑆̅̅̅̅ = 0) and atmospheric water is the only 
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source for ET and Q.  Although some studies have applied Fu’s equation to smaller time scales and found 

a reasonable fit to observed data [Choudhury, 1999], the assumption that storage does not change has not 

been tested as being true at a short time scale. 

 To account for the storage change and satisfy the water balance, replacing atmospheric water 

supply (P) by total available water (𝑃’) in Eqn.(2.4), Fu’s equation becomes: 

𝐸𝑇𝑖

𝑃𝑖
′ = 𝐹(𝜙𝑖) = 𝐹 (

𝑃𝐸𝑇𝑖

𝑃𝑖
′ ) = 1 +

𝑃𝐸𝑇𝑖

𝑃𝑖
′ − [1 + (

𝑃𝐸𝑇𝑖

𝑃𝑖
′ )

𝜛

]
1/𝜛

     Eqn.(2.5) 

Or multiplying both side by 𝑃𝑖
′, which yields: 

𝐸𝑇𝑖 = 𝑃𝑖
′ + 𝑃𝐸𝑇𝑖 − (𝑃𝑖

′𝜛
+ 𝑃𝐸𝑇𝑖

𝜛)
1 𝜛⁄

       Eqn.(2.6) 

The validity has been explored at annual scale in catchment with significant storage change [Wang, 

2012].  Here, we adopt the catchment characteristics parameter 𝜛 in Eqn.(2.5) and Eqn.(2.6) same as that 

in the long-term Eqn.(2.3).  The effect of 𝜛 is discussed in later section. 

 

Figure 2.1.  The hydro-climatic system state over a time interval is represented as one point 

on the surface.  ET variability is represented by ET variance, that is, the second moment of 

the scatter points projected to ET axis. 
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Eqn.(2.5) and Eqn.(2.6) expresses the Budyko Hypothesis for time interval i by incorporating the 

water balance.  Thus, the steady-state assumption (i.e., long-term storage change 𝛥𝑆̅̅̅̅ = 0) in the long-term 

Budyko equation Eqn.(2.4) is replaced by the water balance in Eqn.(2.3) to account for the role of 

catchment storage change.  Within each time interval, the total water availability (𝑃𝑖
′) is the sum of 

atmospheric water and catchment storage change.  If the time period is large enough and the long term 

catchment storage change is negligible, Eqn.(2.4) and Eqn.(2.5) are essentially the same.  In the space of 

(𝑃𝑖
′, 𝑃𝐸𝑇𝑖 , 𝐸𝑇𝑖), Eqn.(2.6) describes a system state surface for one catchment under various hydro-

climatic conditions, as shown in Figure 2.1.  For a specific catchment, given the energy supply (𝑃𝐸𝑇𝑖) 

and total water availability (𝑃𝑖
′) over a time interval, the value of 𝐸𝑇𝑖 can be identified from the system 

state surface (𝑃𝑖
′, 𝑃𝐸𝑇𝑖, 𝐸𝑇𝑖).  Since Eqn.(2.6) does not involve the changing rate of ET (i.e., 

𝜕𝐸𝑇

𝜕𝑡
), it 

cannot describe the dynamics of catchment hydro-climatic variables.  That is, Eqn.(2.6) tells where the 

points should be located on the state surface according to various water and energy supply combinations, 

but does not depict the temporal trajectory of ET.  This limitation is beyond the scope of this paper and 

some promising approaches to handle the hydro-climatic system dynamics have been discussed in recent 

studies [Donohue et al., 2010]. 

2.2.2 Derivation for ET temporal variance 

For a specific catchment, the catchment ET over interval i is a point on the system state surface 

under total available water (P’) and energy supply (PET).  For many intervals, there are cloud of points on 

the system state surface, as shown in Figure 2.1 for one particular basin.  By projecting the sample points 

of system states to each axis, Eqn.(2.6) allows us to assess the statistics of 𝐸𝑇𝑖 given the statistics of 𝑃𝑖
′ 

and 𝑃𝐸𝑇𝑖.  For example, the first moment (i.e., expected value 𝐸𝑇̅̅̅̅ ) of 𝐸𝑇𝑖 distribution is captured by the 

long-term 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  and �̅� from the original Budyko equation in Eqn.(2.4).  ET temporal variance, represented 

by second central moment of 𝐸𝑇𝑖 samples, is derived as follows. 

The approximation of Eqn.(2.5) by the Taylor series expansion near the long-term mean climate 

condition �̅� can be obtained by neglecting the higher order terms 𝒪[(𝜙𝑖 − �̅�)2]: 

𝐹(𝜙𝑖) = 𝐹(�̅�) + 𝐹′(�̅�)(𝜙𝑖 − �̅�) + 𝒪[(𝜙𝑖 − �̅�)2] ≈ 𝐹(�̅�) + 𝐹′(�̅�)𝛥𝜙𝑖   Eqn.(2.7) 

where the deviation of the arid index with a specific time interval to its long-term mean is: 

𝛥𝜙𝑖 = 𝜙𝑖 − �̅� =
𝑃𝐸𝑇𝑖

𝑃𝑖
′ −

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
=

𝑃𝐸𝑇𝑖�̅�−𝑃𝐸𝑇̅̅ ̅̅ ̅̅ 𝑃𝑖
′

𝑃𝑖
′�̅�

      Eqn.(2.8) 

By the adding and subtracting a term �̅� ∙ 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  in the numerator, 𝛥𝜙𝑖 can be represented by the deviation 

of 𝑃𝐸𝑇 and 𝑃′.  Since the long-term storage change 𝛥𝑆̅ = 0, Δ𝑃′𝑖 = (𝑃𝑖 − Δ𝑆𝑖) − (�̅� − 𝛥𝑆̅) = 𝑃′
𝑖 − �̅�, 

then Eqn.(2.8) becomes: 

𝛥𝜙𝑖 =
𝑃𝐸𝑇𝑖�̅�−�̅�∙𝑃𝐸𝑇̅̅ ̅̅ ̅̅ +�̅�∙𝑃𝐸𝑇̅̅ ̅̅ ̅̅ −𝑃𝐸𝑇̅̅ ̅̅ ̅̅ 𝑃𝑖

′

𝑃𝑖
′�̅�

=
�̅�(𝑃𝐸𝑇𝑖−𝑃𝐸𝑇̅̅ ̅̅ ̅̅ )−𝑃𝐸𝑇̅̅ ̅̅ ̅̅ (𝑃𝑖

′−�̅�)

𝑃𝑖
′�̅�

=
�̅�∆𝑃𝐸𝑇𝑖−𝑃𝐸𝑇̅̅ ̅̅ ̅̅ 𝛥𝑃𝑖

′

𝑃𝑖
′�̅�

=
∆𝑃𝐸𝑇𝑖−�̅�𝛥𝑃𝑖

′

𝑃𝑖
′  Eqn.(2.9) 
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The ET deviation 𝛥𝐸𝑇𝑖 can be expressed as: 

𝛥𝐸𝑇𝑖 = 𝐸𝑇𝑖 − 𝐸𝑇̅̅̅̅ = 𝑃𝑖
′𝐹(𝜙𝑖) − �̅�𝐹(�̅�)       Eqn.(2.10) 

Substituting 𝐹(𝜙𝑖) from Eqn.(2.7) into Eqn.(2.10) yields: 

𝛥𝐸𝑇𝑖 = 𝑃𝑖
′[𝐹(�̅�) + 𝐹′(�̅�)𝛥𝜙𝑖] − �̅�𝐹(�̅�) = 𝐹(�̅�)𝛥𝑃𝑖

′ + 𝐹′(�̅�)𝑃𝑖
′𝛥𝜙𝑖   Eqn.(2.11) 

Substituting 𝛥𝜙𝑖 from Eqn.(2.9) into Eqn.(2.11) and cancelling 𝑃′𝑖𝛥𝜙𝑖 yields: 

𝛥𝐸𝑇𝑖 = 𝐹(�̅�)𝛥𝑃𝑖
′ + 𝐹′(�̅�)(𝛥𝑃𝐸𝑇𝑖 − 𝜙𝑖𝛥𝑃𝑖

′) = 𝛥𝑃𝑖
′[𝐹(�̅�) − �̅�𝐹′(�̅�)] + 𝛥𝑃𝐸𝑇𝑖𝐹′(�̅�)  

= 𝛥𝑃𝑖[𝐹(�̅�) − �̅�𝐹′(�̅�)] − 𝛥𝑆𝑖[𝐹(�̅�) − �̅�𝐹′(�̅�)] + 𝛥𝑃𝐸𝑇𝑖𝐹′(�̅�)   Eqn.(2.12) 

Eqn.(2.12) expresses ET deviation in terms of deviation of P, PET, ΔS and long-term arid index �̅�. 

The unbiased sample variance of ET is defined as 

𝜎𝐸𝑇
2 =

1

𝑁−1
∑ (𝐸𝑇𝑖 − 𝐸𝑇̅̅̅̅ )2 =

1

𝑁−1
∑ 𝛥𝐸𝑇𝑖

2𝑁
𝑖=1

𝑁
𝑖=1        Eqn.(2.13) 

where N is the sample size.  Taking square of Eqn.(2.12), summing over N sample and scaled by N-1, the 

sample variance of ET is: 

𝜎𝐸𝑇
2 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2𝜎𝑃

2 + [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2𝜎Δ𝑆
2 + [𝐹′(�̅�)]2𝜎𝑃𝐸𝑇

2 + 2[𝐹(�̅�) −

�̅�𝐹′(�̅�)]𝐹′(�̅�)𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇) − 2[𝐹(�̅�) − �̅�𝐹′(�̅�)]2𝑐𝑜𝑣(𝑃, 𝛥𝑆) − 2[𝐹(�̅�) −

�̅�𝐹′(�̅�)]𝐹′(�̅�)𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆)        Eqn.(2.14) 

Or: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝛥𝑆𝜎Δ𝑆
2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇

2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇) + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆) + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆)  

           Eqn.(2.15) 

where the terms in Eqn.(2.14) before the variances/covariances can be expressed as weighting functions 

related to long-term arid index �̅� and catchment characteristics parameter 𝜛: 

𝑤𝑃 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2         Eqn.(2.16.a) 

𝑤Δ𝑠 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2         Eqn.(2.16.b) 

𝑤𝑃𝐸𝑇 = [𝐹′(�̅�)]2          Eqn.(2.16.c) 

𝑤𝑃,𝑃𝐸𝑇 = 2[𝐹(�̅�) − �̅�𝐹′(�̅�)]𝐹′(�̅�)        Eqn.(2.16.d) 

𝑤𝑃,𝛥𝑆 = −2[𝐹(�̅�) − �̅�𝐹′(�̅�)]2         Eqn.(2.16.e) 

𝑤𝑃𝐸𝑇,𝛥𝑆 = −2[𝐹(�̅�) − �̅�𝐹′(�̅�)]𝐹′(�̅�)        Eqn.(2.16.f) 

Thus the total variance of ET is decomposed into the variances/covariances of P, PET and ΔS.  

The sources of ET variance include the variance of climate forcing (i.e., 𝜎𝑃 and 𝜎𝑃𝐸𝑇), the coincidence of 

water and energy supply 𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇) (e.g., seasonality) and the catchment’s response to climate forcing 

(i.e., the variance and covariance terms associated with 𝛥𝑆).  Therefore, catchment ET variance depends 

on both the mean and variance of hydro-climate variables.  The contributions from these variance/ 

covariance terms vary by climate and catchment condition, as captured by the weighting functions in 

Eqn.(2.16). 
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The ET variance also depends on the scale of interval 𝛥𝑇𝑖.  Ideally, Eqn.(2.15) can be used to 

assess ET variance across any temporal scale if the variances/covariances terms can be calculated from 

the scale.  In this study, 𝛥𝑇𝑖 is chosen at annual and monthly scales, representing inter-annual and intra-

annual variance, respectively. 

Figure 2.2 shows the weighting functions with respect to long-term atmosphere water supply (i.e., 

�̅�) and energy supply (i.e., 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ).  The weighting functions can also be plotted with respect to �̅�, as 

shown in Figure 2.4.  Since the long-term arid index �̅� of a point on the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane is the slope of the 

line across that point and origin, the derivative 𝐹′(�̅�) on the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane is the directional derivative 

along the �̅� contour line.  The following analysis on weighting functions is mainly based on (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) 

plane rather than the �̅� axis for two reasons.  First, the arid index �̅� is not symmetric for the humid 

climate condition (i.e., �̅� ∈ (0,1)) and the arid climate condition (i.e., �̅� ∈ (1,∞)).  On the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) 

plane, arid and humid conditions are symmetric and separated by the 1:1 line.  Second, the effect of 

storage change can be better assessed on the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane, which captures both the ratio and magnitude 

of �̅� and 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ , while the arid index �̅� only represents the ratio of the two variables.  For example, two 

points along the 1:1 line on the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane have the same arid index (i.e., �̅� = 1), while the absolute 

magnitude of �̅� and  𝑃𝐸𝑇̅̅ ̅̅ ̅̅  at the point located at the southwest corner is smaller than that at the northeast 

corner.  The magnitudes of �̅� and  𝑃𝐸𝑇̅̅ ̅̅ ̅̅  are important to assess the catchment’s response to climate 

forcing, since catchment has limited storage capacity. 

Before any further discussion, it is worth providing a summary of this section.  We first discussed 

how to incorporate a water balance over a short time interval into the Budyko Hypothesis.  The extended 

Budyko equation specifies the catchment system state in hydro-climatic space; each point on this plane 

represents a system state given the energy supply and water availability during a time interval.  From a 

statistical perspective, the first moment of the ET scatter points over various states (associated with 

various time points) describes the ET long-term average, and the second moment represents the variance 

of ET at a specified time scale.  Based on the Taylor series expansion of the extended Budyko equation, 

we decompose ET variance into various components from climate and catchment storage change.  In the 

following, we address the weighting functions. 

2.2.3 Climatic control on ET variance 

The weighting function of ET variance from P variance under various climate conditions is 

shown if Figure 2.2a.  Thereafter, climate condition is qualitatively expressed as “dry” or “wet” to refer 

the abundance of P, as “hot” or “cold” to denote the level of PET, and “moderate” to represent condition 

where P and PET has comparable magnitudes.  Given 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ , the value of 𝑤𝑃 decreases as the catchment 

becomes wetter (i.e., �̅� increases) and vice versa.  Given �̅�, 𝑤𝑃 increases as the catchment becomes hotter 
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(i.e., 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  increases) and vice versa.  The contribution of P variance to ET variance is significant under 

the dry-hot climate (i.e., low P and high PET) and becomes trivial under the humid and cool climate (i.e., 

high P and low PET).  𝑤𝑃 then represents the climate control on the contribution of P variance to ET 

variance.  For example, two catchments may have the same 𝜎𝑃, but the ET variance in a humid-cool 

catchment is less affected by P variance than that in a dry-hot catchment.  As shown by numerical 

experiments from Fatichi and Ivanov [2014], ET inter-annual variation is more sensitive to precipitation 

fluctuation in water-limited environments than other conditions. 

Figure 2.2b shows the contribution of PET variance to ET variance under various climate 

conditions.  𝑤𝑃𝐸𝑇 is close to one under the humid-cool climate and approaches to zero under the dry-hot 

climate.  As indicated by Eqn.(2.17) and Eqn.(2.19), P variance and PET variance controls ET variance in 

basins located in the lower-right and upper-left region of (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane, respectively.  Thus, the mean 

climate condition determines the contribution of climatic variance to ET variance. 

𝑤𝑃𝐸𝑇,𝑃, the contribution of ET variance from the covariance of PET and P, is shown in Figure 

2.2c.  The covariance of PET and P indicates the temporal coincidence between water and energy supply, 

such as the phasing between storm season and warm season or the concurrence of dry periods and heat 

waves.  Note that the covariance can be either positive or negative.  When 𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇) > 0, P changes 

in-phase with PET (i.e., a wet period comes together with a hot period) and the covariance increases ET 

variance.  When 𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇) < 0, P evolves out-of-phase with PET (e.g., a wet period coincides with a 

cool period) and the covariance reduces ET variance.  For example at the seasonal scale when the rainfall 

season is out-of-phase with a warm season, ET is then limited by energy supply although there is 

abundant water supply, or vice versa.  As a result, this “out-of-phase” seasonality pattern dampens ET 

variance.  The weight is large along the 1:1 line on the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane, which means that the contribution 

of the covariance between PET and P to ET variance is important under conditions where rainfall and 

energy supply have comparative magnitudes. 

Figure 2.2d shows the weighting function related to catchment storage change.  The contribution 

of ΔS variance to ET variance is similar to that of 𝑤𝑃, since P represents the water supply from the 

atmosphere and ΔS represents the water supply from the catchment.  The range for 𝑤𝑃,𝛥𝑆 is from -2 to 0 in 

Figure 2.2e, which indicates that the response of catchment storage change to P will significantly affect 

ET variance.  For example, in a dry year, catchment storage change decreases with reduced rainfall (since 

farmers pump groundwater for irrigation).  Thus 𝑐𝑜𝑣(𝑃, 𝛥𝑆) > 0 and 𝑤𝑃,𝛥𝑆 < 0 yield 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆) <

0.  ET variance is dampened by the interaction between natural water supply and human water use.  

Similarly, ET variance is dampened by the interaction between energy supply and catchment water 

redistribution as shown in Figure 2.2f, and the buffer effect is significant under climate conditions when P 

and PET have similar magnitudes.  
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Figure 2.2.  Weighting functions for ET variance from: a) variance of P; b) variance of 

PET; c) covariance of PET and P; d) variance of ΔS; e) covariance of P and ΔS; f) 

covariance of PET and ΔS. 

a) b)

c) d)

e) f)
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2.2.4  ET variance under various climate conditions and storage capacities 

As discussed above, the weights indicate the contribution from different components to ET 

variance.  Under some climate conditions, there exist some dominant factors on ET variance.  Thus the 

ET variance in Eqn.(2.15) can be simplified accordingly.  This section will discuss how to obtain simpler 

expressions for ET variance based on assumptions about climate conditions. 

In hot-dry regions (i.e., the upper-left part of the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane), we can find that weights 

associated with PET (i.e., 𝑤𝑃𝐸𝑇 , 𝑤𝑃𝐸𝑇,𝛥𝑆, 𝑤𝑃𝐸𝑇,𝑃) are negligible.  These negligible weights are associated 

with the conditions under which the hydrological cycle is dominated by water supply, and then the ET 

variance is not sensitive to the variance of energy supply.  Furthermore, if a catchment has a limited 

storage capacity (i.e., shallow soil profile, small aquifer porosity and thickness, or limited engineering 

storage infrastructure), the effect of storage change is also limited, which will lead to the following cases. 

Case 1: With the hot-dry climate and limited catchment storage capacity, Eqn.(2.15) can be 

simplified as: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2           Eqn.(2.17) 

which is the same as that provided by Koster and Suarez [1999], i.e., the variance of ET only comes from 

the variance of P.  Qualitatively, the condition of Eqn.(2.17) corresponds to domain ΩI in Figure 2.3, 

where �̅� is large and the magnitude of 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  and �̅� are also large (compared to catchment storage 

capacity). 

Case 2: In a hot-dry climate and the catchment storage change is large enough to redistribute 

water and affect ET flux, Eqn.(2.15) becomes: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝛥𝑆𝜎Δ𝑆
2 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆)      Eqn.(2.18) 

Compared to Case 1, Eqn.(2.18) includes the variance of 𝛥𝑆 and its interaction with 𝑃, corresponding to 

domain ΩII as shown in Figure 2.3, where �̅� is large and the magnitude of 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  and �̅� is small and the 

catchment has sufficiently large storage capacity to redistribute water.  For example, the groundwater 

table declines during a drought event to sustain vegetation growth by natural processes (e.g., deep roots 

uptake) or by human activity (e.g., groundwater pumping for irrigation). 

In cool-wet regions (i.e., lower-right part of (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane), we can find that weights associated 

with P (i.e., 𝑤𝑃 , 𝑤𝑃,𝛥𝑆, 𝑤𝑃,𝑃𝐸𝑇) are negligible.  In such a climate, the hydrological cycle is dominated by 

energy supply and the variance of water supply is not significant to ET variance.  Different from the hot-

dry regions, the weights associated with 𝛥𝑆 (i.e., 𝑤𝛥𝑆, 𝑤𝑃𝐸𝑇,𝛥𝑆) are also negligible under the cool-wet 

climate.  This implies that the catchment storage can effectively redistribute water but not surface energy.  

Accordingly, there are two cases as follows: 
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Case 3: Under the cool-wet climate, the hydrological cycle is limited in energy supply, and the 

variance of P is negligible.  In a catchment with limited storage capacity, we can further drop the terms 

associated with 𝛥𝑆 and Eqn.(2.15) can be reduced to: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇

2          Eqn.(2.19) 

i.e., the variance of ET only comes from the variance of PET under the cool-wet climate, corresponding 

to domain ΩIII shown in Figure 2.3. 

 

 

Figure 2.3.  Schematic plot for controlling factors of ET variance under different climate 

conditions and catchment storage capacity.  The variables in the curly brackets indicates the 

controlling factor for ET variance in subdomain Ωi. 
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Case 4: Under the cool-wet climate with significant storage capacity, P can be stored for ET until 

energy supply becomes large.  For example, snow pack accumulates in cold periods and melts in warm 

periods.  Thus Eqn.(2.15) is reduced to the following form: 

𝜎𝐸𝑇
2 = 𝑤𝛥𝑆𝜎Δ𝑆

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆)      Eqn.(2.20) 

Eqn.(2.20) shows that the variance of PET and 𝛥𝑆 together affects ET variance in cool-wet 

regions, corresponding to domain ΩIV shown in Figure 2.3. 

Under a moderate climate, the magnitude of �̅� and 𝑃𝐸𝑇̅̅ ̅̅ ̅̅  is approximately the same, and they both 

contribute to ET variance.  If the magnitudes of �̅� and 𝑃𝐸𝑇̅̅ ̅̅ ̅̅   are large compared to catchment storage 

capacity, the catchment storage variance is then negligible.  With such conditions, the terms associated 

with catchment storage change (i.e., 𝑤𝛥𝑠, 𝑤𝑃,𝛥𝑆, 𝑤𝑃𝐸𝑇,𝛥𝑆) can be dropped: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇)      Eqn.(2.21) 

Eqn.(2.21) shows that variance of PET and ET jointly affects ET variance in catchments with 

limited storage capacity under a moderate climate condition, corresponding to domain ΩV shown in 

Figure 2.3. 

In summary, the total ET variance is decomposed into different components, and the complete 

forms of these components are shown in Eqn.(2.15).  Simpler forms are obtained under specific climate 

conditions and catchment storage capacities, as shown in Eqn.(2.17) to Eqn.(2.21). 

2.3  Case study  

We assess the annual and monthly scale water balance in the Murray-Darling Basin as a case 

study to illustrate the analytical framework presented above.  Detailed ET variance analysis in more 

basins with different climate conditions is under work.  The monthly time series of P, ET, PET, and ΔS 

during 1984-2006 in the Murray-Darling Basin is obtained from multiple sources and the errors with each 

item are handled through a data assimilation procedure based on constrained Kalman Filter [Pan et al., 

2012].  The annual time series is aggregated from the monthly dataset, as shown in Figure 2.4a.  At the 

annual scale, catchment storage fluctuates according to the annual rainfall.  In dry years, catchment 

storage decreases to provide a complementary water source for ET.  During dry years such as 1994, 2001 

and 2002, ET, with the complementary catchment storage supply, is larger than the atmospheric water 

supply.  In wet years such as 1988, catchment storage recovers due to rainfall.  At the monthly scale, 

catchment storage change is significant, as shown in the monthly average plot in Figure 2.4b.  ET has a 

clearly opposite pattern with the catchment storage change.  Catchment storage recovers from rainfall 

during May to July when ET is low and decreases from September to November to supply ET. 

The Budyko curve for the annual and monthly dataset is plotted in Figure 2.4c and 4d, 

respectively. ET and PET are scaled by rainfall (P) and total water availability (𝑃′) for comparison.  For 
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the annual scale in Figure 2.4c, the points generally follow the Budyko curve.  The points scaled by P 

(i.e., without 𝛥𝑆) are more scattered than the points scaled by 𝑃′ (i.e., with 𝛥𝑆).  It is noted that there are 

four points violating the “water limit” if catchment storage is neglected.  At the monthly scale, without 

considering storage change, the points follow an approximately linear trend and there are many points 

violating the “water limit”.  After the monthly data are scaled by the total available water (𝑃′), all points 

follow the extended Budyko curve as expressed by Eqn.(2.5). 

 

Figure 2.4.  a) Annual and b) monthly water balance fluxes for Murray-Darling Basin from 

1984-2006.  Plots for arid index vs. evaporation index scaled by atmospheric water supply 

(neglecting ΔS) and total water availability (including ΔS) for c) annual and d) monthly 

series. 

 

ET inter annual variance calculated by Eqn.(2.15) is 2567 mm2, which is close to the observed 

one at 2682 mm2, with a relative error of 4%.  The contributions to the ET variance from different 

components are plotted in Figure 2.5a.  The climate control on ET variance mainly come from P, and the 

c) d)

a) b)
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contribution from PET variance is negligible, since the basin is under arid climate (i.e., �̅�=3.48).  

Specifically the variance contribution from P is 4960 mm2 by Eqn.(2.1), about twice large as the observed 

ET variance.  Even in this arid basin, neglecting the effect of storage and estimating ET variance from P 

alone would over-estimate the ET variance. 

At the monthly scale, the intra annual ET variance estimated from Eqn.(2.15) is 167 mm2, which 

is close to the observed one at 171 mm2.  Both P and ΔS variance contribute to ET variance; while P and 

ΔS covariance reduces the ET variance, as shown in Figure 2.5b.  Again, it shows the importance of 

incorporating storage change to estimate ET variance, since the estimation from P only is highly over-

estimated. 

 

Figure 2.5.  ET a) inter-annual variance and b) intra-annual variance from observed data, 

calculated value from Eqn.(2.15) and contribution from each components. 

 

2.4  Discussion  

2.4.1  Impact of catchment characteristics on ET variance 

The catchment characteristics are represented by parameter 𝜛 in Eqn.(2.4).  The parameter is 

introduced by obtaining an analytical solution for Budyko Hypothesis and has no specific physical 

meaning (Fu, 1981).  From Eqn.(2.4), one can see that 𝜛 balances the partition between ET and Q: a large 

𝜛 value leads to higher ET and lower Q, and vice versa.  Thus a catchment with limited storage capacity, 

less vegetation coverage, and a steep hill slope would expect to have a smaller 𝜛 value.  Moreover, some 

studies obtained empirical relationships for 𝜛 to relate 𝜛 to various catchment characteristics.  For 

example, Yang et al. [2007] related 𝜛 to infiltration capacity, soil water storage capacity and average hill 

slope.  Li et al. [2013] estimated 𝜛 assuming it has a linear relationship with the normalized difference 

vegetation index (NDVI). 

a) b)
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The effect of 𝜛 on the weights in Eqn.(2.16) is plotted with respect to the arid index (�̅�) for the 

convenience of comparison in Figure 2.6.  For the weighting function of P in Figure 2.6a, large 𝜛 results 

in more contribution from P to ET variance than small 𝜛, and the difference is especially significant in 

arid regions.  For example, grassland ET under arid climate is more sensitive to precipitation fluctuations 

than under humid climate [Y Yang et al., 2008].  Similar patterns can be found with ΔS in Figure 2.6d, 

since large 𝜛 implies that vegetation can use more catchment storage.  For the weighting function of 

PET, large ϖ results in more contribution from PET, especially in humid climates.  The contribution from 

the covariance of energy and water supply (i.e., 𝑤𝑃,𝛥𝑆 and 𝑤𝑃𝐸𝑇,𝛥𝑆) is significant under moderate climate 

(i.e., �̅� around 1) for large 𝜛, which implies that vegetation contributes to ET variance.  However, the 

effect of the vegetation type on the catchment scale ET still remains unclear.  Williams et al. [2012] 

assessed ET measurements across global fluxtower network and found that grasslands on average have 

higher ET than forest.  This contrasts the convention that forest has higher ET due to higher canopy 

interception, deeper and more extensive root system and higher leaf area than grassland.  Further work 

has been suggested to relate catchment physical properties to parameter 𝜛 in order to fully understand the 

scale-dependence role of vegetation in water and energy cycle [Brooks et al., 2011]. 

2.4.2  Stationarity and ET variance change 

The ET variance is derived based on the assumption that hydro-climatic time series are stationary.  

Here we assume stationarity in a wide sense, that is, the first moment and second moment of the hydro-

climatic sequence is irrespective to time.  The theoretical framework developed in this study can be 

applied to assessing the ET variance change between two periods.  It is acknowledged that the hydro-

climatic processes are interdependent and coevolve with each other at a long-time scale.  A practical 

question to ask is: what implications can we draw from the framework to assess the ET variance change 

under catchment management and climate adaptation? 

The nonlinear and concave form of the Budyko equation exhibits similar properties as utility 

functions or vegetation productivity functions [Hsu et al., 2012; Fatichi and Ivanov, 2014].  Due to the 

nonlinear form, the change of climate forcing (e.g., PET or P) variance has different impacts on ET 

variance under various climates.  Following Eqn.(2.15), factors affecting ET variance can be categorized 

into three situations:  First, climate conditions directly affect ET variance via the variance of P and PET 

and indirectly by the weighting functions via the mean of P and PET.  Second, natural processes (e.g., 

glacier and aquifer dynamics) and anthropogenic interferences (e.g., groundwater utilization and 

irrigation) determine the covariance of catchment storage to climatic variables.  Third, catchment 

properties such as vegetation pattern, soil property and land use, affect the weighting functions through  
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Figure 2.6.  Effect of catchment characteristics parameter on weighting functions. 

  

ϖ = 2.5 ϖ = 3.5
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e) f) 
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catchment characteristics parameter ϖ.  Thus the ET variance change can be quantified by changes of the 

three categories listed above. 

2.4.3 Catchment storage change responding to climate change and human impacts 

By incorporating the water balance to the Budyko Hypothesis, this study highlights the important 

role of catchment storage change in water and energy cycle dynamics.  As shown above, ET variance is 

affected by catchment storage change via the covariance terms in Eqn.(2.15).  The vegetation use of 

catchment storage, in the form of soil moisture, groundwater, surface reservoir , has been extensively 

studied in ecohydrology [Eagleson, 2002].  However, the process of snow accumulating and melting has 

rarely been studied in the context of the Budyko curve.  A recent study by Lute and Abatzoglou [2014] 

shows the importance of extreme snowfall events in shaping the inter-annual variability in water 

resources.  The retreat of glaciers due to climate change would result in the loss of capacity to “carry-

over” the effect of winter precipitation for summer ET.  Thus the response of snow dynamics to climate 

should be incorporated to improve the ET variance assessment in future studies.  Human impact is 

another important factor to ET variance.  The amount and timing of irrigation is closely related to climate 

fluctuation [Vico and Porporato, 2013]. The human adaptation to climate could be characterized by the 

use of catchment storage to couple with climate variables via the covariance of catchment storage change 

and climate (i.e., 𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆) and  𝑐𝑜𝑣(𝑃, 𝛥𝑆)).  In this way, this framework quantifies human impacts 

on ET variance. 

2.5 Conclusions 

This study extends the analytical framework by Koster and Suarez [1999] to assess the temporal 

variance of ET based on water balance and the Budyko Hypothesis.  The framework incorporates the 

response of basins and human activities to climatic variance so that it can be used to quantify the key 

controlling factors on catchment ET variance.  The ET variance is decomposed variances/covariances 

from P, PET and ΔS, and each component is scaled by a weighting function, which is a function of long-

term climate condition and catchment characteristics.  Thus the framework can attribute ET variance to 

both the mean and variance of climate variables.   

The sources of ET variance are identified under various climate conditions and human activities.  

ET variance is dominated by P variance under the hot-dry climate; by PET variance under the cold-wet 

climate; by both P and PET variance under moderate climate conditions.  Moreover the “in-phase” of P 

and PET under moderate climate conditions increases ET variance via the coincidence of water and 

energy supply for ET.  Besides climate conditions, a catchment’s response to climate fluctuation also 

shapes ET variance.  Vegetation, human adaptation to climate, and snow and aquifer storage dynamics 

can be represented by the covariance terms to quantify their impact on ET variance.  The framework can 

be applied for assessing ET variance over various temporal scales, which is illustrated by the inter- and 
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intra-annual variance of ET in the Murray-Darling Basin.  It is shown that catchment storage change plays 

an important role to buffer ET temporal variance in this arid basin, and overlooking storage change and 

estimating ET variance only from P variance yields over-estimated ET variance. 

The ET variance decomposition framework is derived from Budyko hypothesis with some 

extensions and assumptions.  The original Budyko curve captures ET flux for long-term average, while 

the decomposition framework is based on each time period (e.g., monthly, seasonal and annual).  

Therefore, it is essential to incorporate terrestrial water storage (or to satisfy the water balance) for the 

short time scale analysis.  Further, we assume the terrestrial water storage change is caused by vertical 

fluxes (e.g., recharge and pumping).  If lateral fluxes exist, such as inter-basin water transfer and regional 

groundwater flow, these lateral fluxes should be added or subtracted to get the terrestrial water storage 

change due to vertical fluxes.  Both Budyko curve and the ET variance decomposition framework 

quantify the watershed flux signatures over a long period of time, with the former focusing on the mean 

(the first-order statistics) and the latter focusing on the variance (the second-order statistics).  The climate 

conditions (i.e., aridity index) play a similar role in ET variance decomposition framework as that in 

Budyko curve. The long-term climate conditions determine how each variance/co-variance component 

contribute to total ET variance, as quantified by the weighting factors.  

The assessment of ET variance in catchments with various climate conditions will be conducted 

in future work.  The framework can be applied to interpreting the historical ET variance change and to 

understanding the alteration of ET variance with future climate.  The insights obtained in this study can be 

used to provide improved understanding of the stochasticity of hydro-climatic systems, more accurate 

hydrologic prediction in ungauged basins, and guidelines on adaptation to climate change. 
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CHAPTER 3 

INTER- AND INTRA-ANNUAL ET VARIANCE IN GLOBAL 

BASINS 

 

In this chapter, ETVARD derived in Chapter 2 is applied to 32 basins that are distributed globally and 

represent a wide range of climate conditions. In this way, we quantify the climate and terrestrial water 

storage controls on ET variance.  We also examine how main components vary at inter- and intra-annual 

scales. 

3.1 Introduction 

 Koster and Suarez [1999] made the first attempt to derive ET inter-annual variance from 

precipitation variance and compare the theoretical framework with climate model simulations.  Later, it 

was found that other climatic factors (e.g., net radiation) and their variation at smaller time scales (e.g., 

seasonality) also play important roles in ET variance [Koster et al., 2006].  Since ET is the output of climatic 

forcings filtered by hydrologic systems, hydrologic state variables (e.g., terrestrial storage, such as glacier, 

snow, soil moisture, groundwater and reservoirs) also contribute to ET through both natural processes and 

anthropogenic interferences such as snow thawing-melting [Lettenmaier and Milly, 2009], vegetation root 

up-take [Nepstad et al., 1994] and agricultural irrigation [Condon and Maxwell, 2014].  Our recent study 

[Zeng and Cai, 2015] extended the theoretical framework of Koster and Suarez [1999] by accounting for 

the effect of terrestrial storage and derived the climatic-hydrologic controls on ET variance.  Using the new 

theoretical framework, this paper investigates the ET temporal variance pattern in large basins with various 

climatic conditions.  Specifically, this study conducts benchmark assessment of ET variance at both inter- 

and intra- annual scales in thirty-two big river basins with the best available data. 

Issues to address in this study include: 1) From where do the sources of ET variance originate, and 

which factors dominate ET variance?  Assessment of the similarities and differences in the sources of ET 

variance over various regions may help capture the main factors governing catchment hydro-climatic 

variation.  2) What is the role of terrestrial storage change in ET variance under arid/humid climates?  It is 

assumed that the terrestrial storage control on ET variance would be different under various climates, since 

hydrologic responses to the variability in climatic forcings involve different processes, such as snow 

thawing-melting and vegetation growth, under different climate conditions.  3) How is ET variance 

controlled by climate and terrestrial storage at different temporal scales, especially at annual and monthly 

scales?  A better knowledge of these issues would help hydrologists, climate scientists, and water resources 

managers better predict the effects of climate change and adapt to a changing environment. 
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3.2 Methods and data 

3.2.1 ET variance decomposition framework 

In Chapter 3, we extended the ET variance assessment framework by Koster and Suarez [1999] 

which was based on the Budyko’s hypothesis on climatic primary control on ET.  However, terrestrial water 

storage is missing in this picture.  Since the climatic control on ET in Budyko’s hypothesis is based on a 

long-term equilibrium, in order to account for the effect of terrestrial storage change on ET we introduced 

total water availability (P’), the sum of precipitation (P) and terrestrial storage change (ΔS), to represent 

the available water source for ET.  The original Budyko hypothesis is tested with the long-term average 

hydroclimatic variables with basins around the world to capture the similarity among the basins.  However, 

the extension here applies the Budyko hypothesis to temporal analysis of a single basin.  That is, during 

each time interval i, the two items (
PET

P′ )
i
 and (

ET

P′ )
i
 fit the Budyko hypothesis (i.e., the boundary conditions 

specified for dry/wet conditions [Zhang et al., 2004; H Yang et al., 2008]).  The extension from the primary 

spatial analysis to temporal analysis follows the idea of hydrologic similarity and space-time symmetry 

[Sivapalan et al., 2011]. 

As detailed in [Zeng and Cai, 2015], ET variance is decomposed into variance/covariance of 

precipitation, energy supply (represented by potential ET, PET) and terrestrial storage change: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝛥𝑆𝜎Δ𝑆

2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣𝑃,𝛥𝑆 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆      Eqn.(3.1) 

where 𝜎 represents the standard deviation, 𝑐𝑜𝑣 represents the covariance, and 𝑤 represents the weighting 

factors, which quantify the contribution from different variance/covariance sources to ET variance and can 

be analytically calculated from the aridity index (�̅� = 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ /�̅�) [Zeng and Cai, 2015]: 

𝑤𝑃 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2         Eqn.(3.2.a) 

𝑤Δ𝑠 = [𝐹(�̅�) − 𝐹′(�̅�)�̅�]2         Eqn.(3.2.b) 

𝑤𝑃𝐸𝑇 = [𝐹′(�̅�)]2          Eqn.(3.2.c) 

𝑤𝑃,𝑃𝐸𝑇 = 2[𝐹(�̅�) − �̅�𝐹′(�̅�)]𝐹′(�̅�)        Eqn.(3.2.d) 

𝑤𝑃,𝛥𝑆 = −2[𝐹(�̅�) − �̅�𝐹′(�̅�)]2         Eqn.(3.2.e) 

𝑤𝑃𝐸𝑇,𝛥𝑆 = −2[𝐹(�̅�) − �̅�𝐹′(�̅�)]𝐹′(�̅�)        Eqn.(3.2.f) 

where 𝐹(�̅�) and 𝐹′(�̅�) denote the Budyko equation and it first order derivative, respectively.  We use Fu’s 

equation [Fu, 1981; Zhang et al., 2004] to depict the Budyko curve: 

𝐸𝑇̅̅ ̅̅

�̅�
= 𝐹(�̅�) = 𝐹 (

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
) = 1 +

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
− [1 + (

𝑃𝐸𝑇̅̅ ̅̅ ̅̅

�̅�
)

𝜛

]
1/𝜛

      Eqn.(3.3) 

The value of 𝑤𝑃, 𝑤Δ𝑠 and 𝑤𝑃𝐸𝑇 range between 0 and 1, 𝑤𝑃,𝛥𝑆 between -2 and 0; 𝑤𝑃,𝑃𝐸𝑇 between 0 

and 0.35; and 𝑤𝑃𝐸𝑇,𝛥𝑆 between -0.35 and 0 as identified in [Zeng and Cai, 2015].  The parameter 𝜛 is 

regressed for individual basins with annual data. 
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Furthermore, the effect of terrestrial storage change on ET variance can be analyzed for arid (�̅� >

1) and humid (�̅� < 1) climate, respectively.  Since in arid climates the weighting functions associated with 

PET (i.e., 𝑤𝑃𝐸𝑇, 𝑤𝑃,𝑃𝐸𝑇 and 𝑤𝑃𝐸𝑇,Δ𝑆) are negligible which means the contribution from PET fluctuation to 

ET variance would be small, we have  

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝛥𝑆𝜎Δ𝑆
2 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆).       Eqn.(3.4) 

If the terrestrial storage change is small and contributes little to ET variance in the arid climates, 

Eqn.(3.4) can be further reduced to: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2          Eqn.(3.5) 

where ET variance is explained solely by P variance.  Note that Eqn.(3.5) is the equation derived by Koster 

and Suarez [1999]. 

In humid climates where weighting functions associated with P (𝑖. 𝑒. , 𝑤𝑃, 𝑤𝑃,𝑃𝐸𝑇 and 𝑤𝑃,Δ𝑆) are 

negligible, ET variance can be simplified as:  

𝜎𝐸𝑇
2 = 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇

2 + 𝑤𝛥𝑆𝜎Δ𝑆
2 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆)      Eqn.(3.6) 

If terrestrial storage change is small and contributes little to ET variance in the humid climates, 

Eqn.(3.6) can be further reduced to: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇

2          Eqn.(3.7) 

where the ET variance is attributed to PET. 

We can assess the effect of terrestrial storage change on ET variance by comparing ET variance 

estimated from Eqn.(3.4) and (5) for arid climates and Eqn.(3.6) and (7) for humid climates. 

3.2.2 Data 

The terrestrial water storage controls on ET variance have not been comprehensively examined 

before, mainly due to the lack of accurate observations of terrestrial water storage.  The terrestrial water 

budget dataset used in this study was developed for thirty-two big river basins over the world during 

1984-2006 by Pan et al. [2011].  This dataset is based on multiple sources, including in situ observations, 

remote sensing retrievals, land surface model simulations, and global reanalysis.  Compared to ET 

estimation from a single source, this dataset has several advantages.  Bias and errors from the various 

sources are compensated in a systematic way to achieve the best possible confidence by accounting for 

the observation network density, model accuracy and other factors.  In addition, a constraint Kalman filter 

technique is applied to preserving the water budget for each month.  Readers are referred to Pan et al. 

[2011] for a full description of data sources, data assimilation procedures and uncertainty quantification.  

This dataset has been previously applied to assessing the controlling factors of water and energy cycles 

within the context of the Budyko framework [Li et al., 2013; Xu et al., 2013]. 
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The PET used in this study is calculated from the Penman equation.  The meteorological data (e.g. 

wind speed, relative humidity, air temperature, incoming short-wave and long-wave radiation) are obtained 

from the Princeton University global forcing data [Sheffield et al., 2006] and the Variable Infiltration 

Capacity land surface model simulation [Sheffield and Wood, 2007].  The daily PET is aggregated spatially 

for each of the 32 basins and temporally for the monthly and annual scale.  Due to the uncertainty involved 

in the calculation of PET, which may affect the analysis result, we calculate PET using three additional 

methods (the Priesley-Taylor equation, the FAO Penman-Monteith equation and the Penman equation with 

zero energy flux).  We find that the result from the ET decomposition framework is robust under the various 

PET calculation methods.  The four calculation equations and detailed comparison of PET mean value, 

variance and its contribution to ET inter- and intra-annual variance can be found in the Appendix A. 

Climate and storage data are available for river basins over a variety of geographic regions, as 

shown in Figure 3.4.  These basins cover a wide climatic spectrum with aridity indices �̅� ranging from 0.60 

to 8.33.  The catchment characteristics parameter of the Budyko curve is regressed from least squares error 

by fitting the Budyko curve.  The ET variance calculated from the ET time series from data assimilation by 

Pan et al. [2011] is denoted by “assessed”, and the ET variance calculated from Equation (1) is denoted as 

“ prediction”.  The intra-annual variance is evaluated by the monthly data sequence, and inter-annual 

variance is calculated from annual aggregations of the monthly data. 

3.3 Results 

3.3.1 ET inter-annual variance sources 

The ET inter-annual variances (represented by standard deviation σET in mm) for the thirty-two 

basins as predicted by Eqn.(3.1) and from the assessed dataset are plotted in Figure 3.1a.  In general, 

Eqn.(3.1) reasonably captures the ET variance at the annual scale.  The r-squared and Nash-Sutcliffe 

coefficient between the two sets of estimates are 0.67 and 0.44, respectively, with an average error of 5.08 

mm.  It is noted that σET in some basins is slightly underestimated by Eqn.(3.1) compared to the assessment, 

mainly due to the small sample size (i.e., the 23-year study period for each basin) used for the analysis. 

The percentage contributions to ET inter-annual variance σET
2  from each term in Eqn.(3.1) are 

shown in Figure 3.1b, where the basins are displayed from left to right according to the values of the long- 
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Figure 3.1.  a) ET inter-annual standard deviation from assessed data and prediction by 

Eqn.(3.1). b) Percentage contribution to ET inter-annual variance from each component in 

Eqn.(3.1).  Basins are listed from left to right with increasing aridity index, and the 

numbers in front of basin names are the aridity index. 
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term average aridity index �̅�.  Note that we use σET
2  instead of σET, since the contribution from those 

covariance terms can be negative.  Figure 3.1b shows that climate is the primary source for ET inter-annual 

variance, and the largest sources shift from PET to P with the increase of �̅� (from humid to arid basins).  

For example, PET contributes more than 50% of the ET variance in the Amazon, Northern Dvina, and 

Pechora basins, all of which have small aridity indices (i.e., �̅� = 0.60, 0.74, and 0.63, respectively).  The 

result is consistent with the finding of Karam and Bras [2008], who found that ET in the Amazon is in-

phase with the basin-averaged surface net radiation and concluded that Amazonian ET is prevalently limited 

by energy.  In arid regions, such as in the Indus, Limpopo, Murray-Darling, Niger, and Senegal basins, 

where the aridity index �̅� > 3, P contributes more than half of the ET variance. 

In addition to these climate variables, terrestrial storage change is also an important contributing 

factor to ET variance.  The negative contribution from the term 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆) in Figure 3.1b shows that 

ET variance is dampened, especially in arid and moderate climates.  By examining the annual water budget 

in these thirty-two basins, it can be seen that ΔS follows P change (i.e., ΔS decreases during a dry year and 

recovers during a wet year), leading to a positive 𝑐𝑜𝑣(𝑃, 𝛥𝑆).  The negative contribution to ET variance 

results from a negative weighting function value,  𝑤𝑃,𝛥𝑆.  As a result, the complementary sources from the 

atmosphere (i.e., P) and catchment (i.e., ΔS) act jointly in dampening the ET inter-annual variance.  This 

phenomenon is described in detail by Wang et al. [2009], who found that groundwater storage could be 

significant in buffering water balance inter-annual variance in catchments in Nebraska. 

3.3.2  Terrestrial storage control on ET inter-annual variance 

The effect of terrestrial storage change on ET inter-annual variance is assessed for arid and humid 

climates, respectively.  ET variances of 25 arid basins (with �̅�  > 1) calculated from Eqn.(3.4) (with 

considering ΔS) and Eqn.(3.5) (without considering ΔS) are compared with the assessed ET variance, as 

shown in Figure 3.3a.  Both equations reasonably capture ET variance; the r-squared are 0.90 for Eqn.(3.4) 

(with considering ΔS) and 0.82 for Eqn.(3.5) (without considering ΔS), respectively.  However, the slope 

of prediction without ΔS is much steeper than that with ΔS (i.e., 1.41 vs. 1.10, referring to the perfect slope 

1.0).  This implies that ET inter-annual variance is over-estimated in arid climates if terrestrial storage 

change is not considered. 

In humid climates where P variance can be neglected, ET variances calculated by Eqn.(3.6) (with 

considering ΔS) and Eqn.(3.7) (without considering ΔS) for basins with �̅� < 1 are compared with the 

assessed ET variance, as shown in Figure 3.3b.  Opposite to the results in arid climates, the regression slope 

between the assessed ET variance and the prediction without ΔS is much smaller than that with ΔS (i.e., 

0.40 vs. 0.54).  In other words, in humid climates, the ET variance would be under-estimated without 

considering terrestrial storage change.  Note that there are only 7 humid basins in the dataset; the regression 



31 

 

between the assessed and predicted ET variance is expected to be improved if more humid basins are 

represented. 

ET variance is usually dampened in arid climates and enhanced in humid climates by increased 

terrestrial storage change (e.g., reservoirs and glaciers) because of the different roles of terrestrial storage 

change under these different climates. The buffer effect of terrestrial storage on ET in arid climate has been 

well recognized in previous studies [Sankarasubramanian and Vogel, 2002; Potter et al., 2005; Nicholas 

J. Potter and Lu Zhang, 2009].  In humid climate, terrestrial storage carries P from an energy-limited period 

to a hot period as complementary water supply to sustain ET.  That is to say, the terrestrial storage adjusts 

the temporal distribution of water availability for ET, increases ET in periods with high energy supply and 

thus enhances ET variance.  This also results in larger contribution from PET to ET variance [Karam and 

Bras, 2008].  This contrast indicates the asymmetric role of terrestrial storage control on ET variance.  

Essentially, terrestrial storages such as aquifers and reservoirs (either natural or man-made) mitigate the 

impact of P variance on ET variance. 

However, it is interesting to note that terrestrial storages do not significantly buffer the energy 

supply fluctuation at the annual scale, as shown in the primary analysis provided by Budyko [Budyko, 

1974].  We may understand “terrestrial storage” as both terrestrial energy storage and terrestrial water 

storage.  ET links water and energy budget in general if we neglect the fluxes across the boundary.  

Terrestrial energy storage can be transferred in other ways such as heat conduction, convection and 

radiation; however, terrestrial water storage can only be consumed via ET, if neglecting leakage to deep 

aquifer and/or lateral fluxes across the boundary.  In this sense, the asymmetric role of terrestrial storage 

control on ET variance is illustrated in Figure 3.1b and Figure 3.2b for annual scale and monthly scale, 

respectively. 

3.3.3  ET intra-annual variance sources 

The ET intra-annual standard deviation σET predicted by Eqn.(3.1) for the thirty-two basins are 

plotted in Figure 3.2a.  The r-squared and Nash-Sutcliffe coefficient between assessed and predicted intra-

annual σET are 0.87 and 0.83, respectively, with an average error of 1.62 mm.  The estimation of ET intra-

annual variance is more accurate than inter-annual variance mainly due to more data in a monthly sequence 

(i.e., 276 months) in this study.  In addition, the seasonality at the intra-annual scale may also introduce 

certain ET patterns. 

The percentage contributions to ET intra-annual variance σET
2  from each source in Eqn.(3.1) are 

displayed in Figure 3.2b.  At the intra-annual scale, main climatic controls on ET variance are found in 

several basins.  In arid regions, ET variance reflects P variance; it can be seen that more than half of ET 

variance is attributed to P variance in the Amur (�̅� = 2.25), Yellow (�̅� = 2.64), and Senegal (�̅� = 8.33) 

basins.  In humid basins, ET variance is more related to PET variance, such as in the Pechora (�̅� = 0.65),   
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Figure 3.2.  a) ET intra-annual standard deviation from assessed data and prediction by 

Eqn.(3.1). b) Percentage contribution to ET intra-annual variance from each component in 

Eqn.(3.1).  Basins are listed from left to right with increasing aridity index. 
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where PET contributes more than 55% of ET variance.  On the other hand, a main climate control on ET 

intra-annual variance is not exhibited in all the basins in Figure 3.2b.  Instead, in some basins, all ET 

variance sources in Eqn.(3.1) jointly contribute to ET variance.  Furthermore, terrestrial storage change 

plays a more important role in ET variance in some basins than others at the intra-annual scale.  For 

example, the contribution from ΔS variance accounts for more than half of the ET variance in the Aral, 

Don, and Ural basins.  This indicates that terrestrial storage becomes a major control of ET variance, and it 

is more capable of accommodating climate fluctuations at a finer time scale.  The monthly ΔS time series 

in these basins show larger fluctuation than the P, since the storage is enough to accommodate the limited 

P at monthly scale.  For instance, reservoirs with a relatively small capacity can still be used for regulating 

flow fluxes within a year rather over years. 

Interestingly, catchments’ responses to climate show opposite patterns in different climates in the 

case of intra-annual ET variance (Figure 3.2b).  In catchments where 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆) enhances ET 

variance (e.g., in the Dnieper, Northern Dvina, and Volga basins), the impact from 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆) is 

trivial.  These basins are located in cold regions where snow accumulation/melting processes are significant 

features in the water budget.  This type of terrestrial storage change follows the PET cycle, retaining water 

from a cold season for ET water consumption in a warm season.  On the other hand, in catchments where 

𝑤𝑃,𝛥𝑆𝑐𝑜𝑣(𝑃, 𝛥𝑆) dampens ET variance (e.g., the Congo, Niger, and Limpopo basins), the impact from 

𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣(𝑃𝐸𝑇, 𝛥𝑆) is negligible.  These basins have arid climates, and PET is not a limiting factor on 

ET.  Here, terrestrial storage (e.g., soil moisture content and groundwater) follows P cycles and holds water 

from a wet season to sustain ET during dry seasons. 

The seasonality of PET and P (represented by 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣(𝑃, 𝑃𝐸𝑇)) is another significant source of 

ET variance in some basins such as Yangtze, where PET and P seasonality contributes to more than 40% 

of ET variance.  In the dataset, most basins have an in-phase PET and P seasonal pattern, which yields 

positive PET and P covariance; only Amazon and Columbia have slightly out-of-phase PET and P 

seasonality. 

3.3.4  Terrestrial storage control on ET intra-annual variance 

The effects of terrestrial storage on ET intra-annual variance are assessed for arid and humid 

climates, respectively.  Figure 3.3c shows the ET variance from assessed dataset and predicted by Eqn.(3.4) 

(with considering ΔS) and Eqn.(3.5) (without considering ΔS) for 25 arid basins.  As can be seen, the 

estimation without ΔS does not capture the assessed ET variance at all, with r-squared equal to 0.004.  This 

implies that, even in arid climate ET variance cannot be solely explained by P variance at the intra-annual 

scale, since basins can enlarge storage capacity to store the whole annual P.  As pointed out by Koster et 

al. [2006], some criteria should be adopted to exclude basins with significant terrestrial storage changes to 

avoid the bias in the estimate of ET intra-annual variance if storage change information is not available.  
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Figure 3.3.  Effect of terrestrial storage change on ET inter-annual variance in a) arid 

climates and b) humid climates, and effect of terrestrial storage change on ET intra-annual 

variance in c) arid climates and d) humid climates. 

 

The method developed by Zeng and Cai [2015] incorporates ΔS in the estimation of ET temporal 

variance (Eqn.(3.4) and (6)).  Using this method, the r-squared of the intra-year estimate increases to 0.65.  

Thus, terrestrial storage change shifts from being a “buffering” effect at the inter-annual scale to a main 

factor at the intra-annual scale in arid climates.  It is noted that the r-squared for ET intra-annual variance 

is smaller than the inter-annual variance due to increased contributions from other factors (e.g., seasonality) 

at a fine time scale. 
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In Figure 3.3d, Eqn.(3.7) (without considering ΔS) yields a larger regression slope (0.33 vs. 0.60) 

than Eqn.(3.6) (with considering ΔS) for the seven humid basins with �̅� < 1.  Also, the r-squared improves 

from 0.48 to 0.55, which implies that ET intra-annual variance would be under-estimated without 

considering ΔS in humid climates, and a similar situation is observed at the inter-annual scale.  

3.3.5  Geographic pattern of ET intra-annual variance 

As there are more factors for ET variance at the intra-annual scale, catchments are categorized into 

five groups by clustering based on the magnitude of each source, which results in a geographic pattern as 

shown in Figure 3.5.  PET dominates ET variance in the two most humid and cold basins (i.e., the Northern 

Dvina and the Pechora).  ΔS dominates ET variance in three arid basins in Middle Asia (i.e., the Aral, Don 

and Ural).  ΔS in these basins is driven by PET and exhibits much larger variation than P.  The value of the 

weighting function wPET,ΔS is relatively small due to the arid climate.  As a result, ΔS becomes the main 

source of ET variance.  Four basins in the Indian Monsoon region (i.e., Amur, Yellow, Pearl, and Yangtze) 

have ET intra-annual variance mainly attributed to PET and P seasonality.  Warm seasons temporally 

coincide with rainfall seasons in these basins, and they also have relatively small storage variation, since to 

a large extent the ET water supply meets the ET energy demand during the vegetation growing season.  The 

basins where ET variance is controlled by P and ΔS are located in low latitude arid regions in general.  Note 

that although the Mekong basin is in the Indian Monsoon region, it has a sub-tropical climate, and the ET 

intra-annual variance is dominated by P and ΔS given that the energy-water supply does not show 

significant seasonal phasing. 

 

Figure 3.4.  Geographic zonation based on the sources of ET intra-annual variance.  The 

main control on ET intra-annual variance in denoted in the braces. 
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Figure 3.5.  Geographic zonation based on the sources of ET inter-annual variance.  The 

main control on ET inter-annual variance in denoted in the braces. 

We also conducted the analysis of ET variance classification at the inter-annual scale as shown in 

Figure 3.6.  The ET inter-annual variance yields three patterns dominated by P, PET, and P & ΔS, 

respectively.  In addition to the idea of climatic control on ET inter-annual variance, the classification result 

shows that the catchment storage changes as additional control to ET inter-annual variance mainly in 

moderate basins (2/3<�̅�<3/2, and annual P and PET are less than 1000 mm).  Catchment storage cannot 

buffer climatic fluctuations at the annual scale under very arid or humid climate, since the storage capacity 

is limited compared to the annual P or PET at the annual scale. 

 

Figure 3.6.  Main factors controlling ET inter-annual variance in �̅� and 𝑷𝑬𝑻̅̅ ̅̅ ̅̅  plane 
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3.4  Discussion and conclusions 

This study explicitly quantifies the effect of storage change on ET variance at both inter- and intra- 

annual scale.  The impact of terrestrial storage on both the average and variance of catchment water balance 

has been recognized in many studies by introducing terrestrial storage-related factors, such as plant-

available water capacity [Zhang et al., 2001] and soil moisture storage capacity [Sankarasubramanian and 

Vogel, 2002].  Those studies consider catchments’ responses to P variance only and show the “damping” 

effect of terrestrial storage.  Our study considers catchments’ responses to both P and PET variance and 

thus represents more comprehensive factors on ET variance.  That is, ET variance would be dampened by 

terrestrial storage in arid climates, but strengthened by it in humid climates.  The different impacts highlight 

that without considering the effect of terrestrial storage, ET variance would be possibly over- and under- 

estimated in arid and humid climates, respectively.  This is also a possible reason for the systematic bias in 

the simulated ET variance from climate models that do not accurately represent terrestrial storage [Mueller 

et al., 2011]. 

For cold regions, it is found that frozen rainfall does not significantly change the long-term average 

ET since ET tends to be energy-limited throughout the time [Williams et al. [2012].  Our study confirms 

that frozen rainfall may not be significant for ET inter-annual variance, however the melting of frozen 

rainfall strengthens the intra-annual ET variance.  Even in those humid and cold basins (e.g., Pechora and 

Volga) where PET is a limiting factor at the inter-annual scale, ET is controlled by P during warm seasons 

at the intra-annual scale.  As a result, the terrestrial storage in the form of snow pack and frozen soil moisture 

would be important to sustain warm season ET in the humid and cold regions [Dunn et al., 2007; 

Lettenmaier and Milly, 2009]. 

In the Indian Monsoon regions, ET intra-annual variance is mainly controlled by the seasonal 

pattern of P and PET, which is significantly affected by the variation of monsoon systems [Fasullo and 

Webster, 2003; Hoyos and Webster, 2007].  Current in-phase P and PET pattern is suitable for vegetation 

and crop ET, and no significant storage capacity is needed to buffer the imbalance between P and PET.  

Furthermore, the phasing patterns between P and PET at inter- and intra-annual scale represent distinct 

characteristics of local climatic characteristics.  At the annual scale, P and PET are out-of-phase for all 32 

basins as shown by the negative cov(P, PET) in Figure 3.1a, which indicates that dry years come with hot 

years.  While at the monthly scale, some basins (e.g., Amazon and Columbia) have an out-of-phase P and 

PET pattern as shown in Figure 3.2a.  Both in-phase and out-of-phase P and PET represent a climatic 

pattern that drives local hydrologic processes. 

This study re-examines ET variance with an emphasis on the impact of terrestrial storage change 

and finds that ΔS damps/strengthens ET variance in arid/humid climates, respectively.  Although we can 

calculate these terms from water balance time series, the terrestrial storage change data are not always 
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available.  A more profound issue is how to derive those covariance terms.  With the advances in monitoring 

components of the hydrologic cycle, it is ready to calculate the covariance terms from independent 

observation data sources.  Moreover, recent studies have shown that terrestrial storage can be inferred from 

runoff observation by distinguishing the liquid/non-liquid form of storage change [Riegger and Tourian, 

2014]. 

Most of basins in the dataset used by this study have in-phase P and PET seasonality, yet ET 

variance under completely out-of-phase PET and P seasonality is worth studying since such catchments 

simultaneously experience water-limited and energy-limited conditions within a year [Rana and Katerji, 

2000].  For example, Ryu et al. [2008] found that ET variance is much less than the climate variance in the 

Mediterranean climate zone in California.  Williams et al. [2012] found that the storage cannot buffer the 

strong seasonality of Mediterranean climate and is insufficient to fully carry over precipitation from a wet 

season to a dry season.  Under this situation, the impact of anthropogenic-related terrestrial storage change 

(such as irrigation) will have a major contribution to ET variance [Bridget R. Scanlon et al., 2012; Wada 

and Bierkens, 2014].  Further research is needed to characterize the anthropogenic impacts, such as land 

use change irrigation, water storage and groundwater pumping [Weiskel et al., 2014; Vogel et al., 2015], on 

ET variance for regions with out-of-phase PET and P seasonality.  On the other, future research is also 

needed to understand how intra- and inter-annual ET variance change affects water resources management 

under changing climate, especially to match crop ET requirement [Cai et al., 2015]. 

ET inter- and intra-annual variances are assessed separately in this study, yet there remains a 

fundamental question about how ET variance is linked across scales [Zanardo et al., 2012].  Studies have 

reported the impact on ET long-term mean from climatic variance at the inter-annual [Li, 2014], seasonal 

[N.J. Potter and L. Zhang, 2009; Feng et al., 2012] and storm event scales [Potter and Zhang, 2007].  Those 

studies highlight the increasing significance of terrestrial storage change on ET variance at even smaller 

time scales.  Further studies should address whether there exists any underlying mechanism governing the 

variance across the scales and explore how small-scale variance propagates to large-scale variance. 
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CHAPTER 4 

ET TEMPORAL AND SPATIAL PATTERNS CHANGE IN THE 

HIGH PLAINS 

 

The global basins in Chapter 3 have a large spatial coverage where human activities are relatively small 

compared to climatic forcings.  In this chapter, we focus on basins in the High Plains where extensive 

groundwater irrigation has significantly altered the spatial and temporal patterns of ET.  Having a similar 

climate, analysis on these sub-basins illustrate how farmers’ irrigation behavior heterogeneity propagates 

to the heterogeneity of ET signatures. 

4.1 Introduction 

Crop production depends on massive groundwater-fed irrigation in many places around the 

world.  Groundwater provides relatively stable water sources, especially in arid and semi-arid regions; 

however, over-exploitation of groundwater resources has been recognized as a major concern in 

sustainable regional development [Konikow, 2011; Aeschbach-Hertig and Gleeson, 2012; Bridget R. 

Scanlon et al., 2012; Famiglietti, 2014].  The Republican River Basin, located in the Northern High 

Plains and comprising parts of Nebraska, Colorado, and Kansas, provides an outstanding example of how 

intensive groundwater irrigation effects propagate to hydrologic change, ecological deterioration and 

water rights conflicts [McGuire, 2014].  Since the 1960s, the widespread adoption of central pivot 

irrigation systems has gradually caused groundwater depletion and reduced stream flow in the Republican 

River.  In 1998, the downstream state Kansas sued upstream states Nebraska and Colorado in the 

Supreme Court for violating surface water rights due to the over pumping of groundwater.  At the global 

scale, many other regions, such as California’s Central Valley [B. R. Scanlon et al., 2012], the North 

China Plain [Liu et al., 2008], India [Rodell et al., 2009] and the Middle East [Joodaki et al., 2014], have 

experienced similar situations of irrigation development and aquifer depletion.  As seen in the above 

examples, human interferences are impacting hydrologic systems; water resource management will 

increasingly require scientific understanding of human impacts on hydrologic systems as future water 

needs change due to socioeconomic development and climate change. 

Many studies have been conducted to understand groundwater depletion [Strassberg et al., 2009; 

B. R. Scanlon et al., 2012; McGuire, 2014; Haacker et al., 2015] and streamflow changes [Szilagyi, 2001; 

Burt et al., 2002; Zeng and Cai, 2014] in the High Plains.  However, the impacts of irrigation on the 

temporal and spatial pattern of evapotranspiration (ET) change in the region are not well documented.  ET 

represents the major water consumption in the region, especially for agricultural water use, and some 
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studies have argued that water resources management is essentially “ET management” [Foster and 

Garduño, 2004].  Meanwhile, ET connects land surface energy and water budgets, driven by both 

climatic and anthropogenic forcing.  A comprehensive assessment of patterns of ET change is essential, 

not only to understand the human interferences to the hydrologic cycle retrospectively, but also to design 

sustainable water resources management for this region. 

Limitations in ET observation and simulation prevent a comprehensive understanding of human 

induced change over a large temporal span and spatial extent, such as the High Plains.  Current ET remote 

sensing products are available only after the 1980s, while irrigation has been a practice for hundreds of 

years [Mutiibwa and Irmak, 2013]; thus a complete picture of the “pre-development” condition is not 

available for a baseline comparison.  Furthermore, land surface models simulate irrigation as a result of 

soil moisture conditions [Ozdogan et al., 2010; Lawston et al., 2015], either neglecting anthropogenic 

forcings (e.g., pumping volume) or using estimates subject to significant bias and uncertainty [Rossman 

and Zlotnik, 2013; Demissie et al., 2015].   

This study provides a quantitative framework to assess ET temporal and spatial changes using 

long-term climate data and water table observations [Haacker et al., 2015] in the High Plains.  To 

understand human interferences to ET processes and diagnose the climatic and anthropogenic factors to 

ET changes, the framework is established in the context of a coupled-nature-human-system (CNHS) [Liu 

et al., 2007].  Questions to address include: 1) What are the changes of ET temporal characteristics (i.e., 

mean and seasonal variance) due to groundwater-fed irrigation in the High Plains?  2) What spatial 

changes have irrigation practices imposed upon the natural hydroclimatic gradient in the region?  3) How 

are the ET change patterns related to farmers’ behaviors in balancing crop production profit and risk 

aversion, and is there any general mechanism that governs the coupling of natural and human systems in a 

CNHS, and/or emerging phenomena at the system level that reveal the interactions of the two?  Answers 

to these questions are also expected to provide a predictive understanding to what may happen in other 

regions that have experienced similar challenges. 

4.2 Data and methods 

Monthly climate data from 1940 to 2010, including precipitation (P), maximum temperature and 

minimum temperature, were obtained from PRISM Climate Group with a spatial resolution of 30 arcsec 

(∼800 m) [Daly et al., 2008].  Potential ET (PET) is calculated from the Hargreaves temperature-based 

method [Hargreaves and Samani, 1982].  The assessment with temperature based PET is consistent with 

another PET dataset calculated from a modified Penman scheme [L. Mahrt and Michael Ek, 1984] in the 

North American Land Data Assimilation System.  With annual P ranging from 328 mm to 830 mm and 

annual PET from 995 mm to 1538 mm, the High Plains have an arid or semi-arid climate, where the 
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aridity index (i.e., PET/P) varies between 1.4 and 4.7.  The water table change is interpolated from 

groundwater well measurements over the Ogallala Aquifer by ordinary kriging at a resolution of 250 m, 

following methods detailed in Haacker et al. [2015].  On average, about 12000 measurements in each 

season are used for spatial interpolation.  In addition, elevations from 1984 stream locations are 

incorporated to filter out the interpolated water table values that are above the terrain surface.  Since most 

of the regional aquifer is unconfined, the water table change is multiplied by specific yield [Gutentag, 

1984; McGuire et al., 2012] to obtain the aquifer water storage change (ΔS), which is calculated for both 

growing season (i.e., May to October when pumping wells are active) and non-growing season in this 

study.  Furthermore, to account for the hydroclimatic and anthropogenic heterogeneity, the USGS 

hydrologic unit code (HUC) 1:250000-scale Hydrologic Units (HUC250k) map [Seaber et al., 1987] is 

used to delineate the High Plains overlaying with the Ogallala Aquifer into 120 sub-basins.  The PRISM 

climate data and USGS groundwater storage change are aggregated to the sub-basin level based on 

HUC250k boundary. 

The annual mean ET is calculated using the modified Budyko curve by incorporating the change 

of terrestrial water storage [Han et al., 2011; Zeng and Cai, 2015]: 

𝐸𝑇

𝑃−Δ𝑆
= 1 +

𝑃𝐸𝑇

𝑃−Δ𝑆
− [1 + (

𝑃𝐸𝑇

𝑃−Δ𝑆
)

𝜛
]

1/𝜛

       Eqn.(4.1) 

For sub-basins with negligible groundwater pumping (i.e., ΔS = 0), Eqn.(4.5.1) is the same as the 

original Budyko curve [Fu, 1981].  The aquifer storage depletion (i.e., ΔS < 0) increases total water 

availability (P-ΔS), which is partitioned between ET and runoff.  In this study, the empirical parameter 𝜛 

is fixed at 2.6 based on our previous study [Zeng and Cai, 2014].  

The ET variance is calculated based on the Evapotranspiration Temporal VARiance 

Decomposition (ETVARD) framework [Zeng and Cai, 2015; 2016]:  

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝛥𝑆𝜎Δ𝑆

2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣𝑃,𝛥𝑆 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆 Eqn.(4.2) 

where the ET temporal variance (𝜎𝐸𝑇
2 , at seasonal scale in this study) is decomposed into components 

from climatic fluctuations (i.e., 𝜎𝑃
2 and 𝜎𝑃𝐸𝑇

2 ), seasonality between water and energy supply (i.e., 

𝑐𝑜𝑣𝑃,𝑃𝐸𝑇), groundwater storage variation (i.e., 𝜎Δ𝑆
2 ), and the responses of groundwater storage change to 

climate (i.e., 𝑐𝑜𝑣𝑃,𝛥𝑆 and 𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆).  The weighting factors (w), quantifying the contribution from each 

source to 𝜎𝐸𝑇
2 , are derived from the sensitivity of ET to land surface moisture or energy constraints based 

on the long-term climatic condition (i.e., the aridity index, PET/P.  When farmers respond to low rainfall 

with groundwater-fed irrigation, the activity is captured via strong correlation between P and ΔS.  At the 

same time, the arid and semi-arid climate condition yields a high value of weight 𝑤𝑃,𝛥𝑆, which also 

reflects the irrigation impact via terrestrial storage change.  Therefore, Eqn.(4.2) can be used to quantify 

the contribution attributed to both climatic and storage change factors (especially via irrigation in this 
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study).  The function forms for the six weight factors and detailed discussion for 𝜎𝐸𝑇
2  under the various 

climate and storage change conditions are documented in Zeng and Cai [2015]. 

ET temporal variability exhibits different magnitudes and contains different components 

depending on the time scale (e.g., annual, seasonal and monthly) [Zeng and Cai, 2016].  This study 

focuses on ET temporal variability at the seasonal scale (i.e., growing and non-growing season) for two 

reasons.  First, in the crop grow season, aquifer water storage change is the main source of terrestrial 

water storage change; while other forms of water storage change such as soil moisture and snow cover are 

negligible.  In addition, direct observations on soil moisture are not available for any large spatial extent 

and temporal span, and soil moisture from land surface model simulations may suffer from significant 

bias and uncertainty as irrigation is not well represented in existing models.  Second, agricultural 

pumping is a seasonal event, and its impacts on ET patterns are with a seasonal scale. 

The 70-year seasonal time series of P, PET and ΔS are divided into two periods (i.e., pre-1975 and post-

1975, with the same length for both periods) to calculate ET mean by Eqn.(4.1) and temporal variance by 

Eqn.(4.2), respectively.  It is noted that large scale groundwater-fed irrigation development in this region 

occurred around 1950, especially in the South High Plains [McGuire, 2009; Bridget R. Scanlon et al., 

2012; Haacker et al., 2015].  Although the two periods (pre-1975 and post-1975) are not accurately 

referred to “pre-development” and “development” conditions, the degree of intensive and extensive 

groundwater pumping after 1975 provides a comparative case of human interferences on ET patterns. 

4.3 Results 

4.3.1 Spatial and temporal change in ET mean and variance 

Most of the sub-basins yield a greater mean ET post-1975 than pre-1975, as shown in Figure 

4.1a.  On average, ET increases by 74.1 mm from 399.6 mm pre-1975 to 473.7 mm post-1975, and the 

increase is more than 100 mm in some sub-basins.  An increase in P is observed in most sub-basins as 

shown in Figure 4.3a, but the magnitude of P increase is only 35.0 mm on average.  Therefore, irrigation 

from groundwater pumping contributes to more than half of the ET increase. 

Spatially, the average ET exhibits a clear east-to-west gradient pre-1975 as captured by the left 

map of Figure 4.1c.  ET is relatively large in sub-basins in the east and small in the west, following the P 

gradient.  Under significant irrigation practices post-1975, the east-to-west gradient in ET is no longer 

obvious in the Central High Plains (CHP) and the Southern High Plains (SHP).  The increase of mean 

annual ET is consistent with the groundwater depletion map.  As shown in the right map of Figure 4.1c, 

most areas of the CHP and the north part of the SHP show a significant ET increase.  These regions also 

experienced the most significant decline in water table [Bridget R. Scanlon et al., 2012; McGuire, 2014; 

Haacker et al., 2015].  In the Northern High Plains (NHP), ET increases are mainly located in the 

Republican River Basin and Lower Platte River Basin, while ET in the Upper Platte River Basin and 
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Sand Hills region has little change since agricultural development in these regions is not intensive due to 

the sandy soils.  Therefore, the ET east-to-west gradient still remains in the NHP without significant 

anthropogenic interferences. 

 

Figure 4.1.  Histogram of a) mean and b) variance of ET pre-1975 and post-

1975; the spatial pattern of ET c) mean and d) variance in 120 sub-basins over 

the High Plains. 

The seasonal 𝜎𝐸𝑇 decreases from 205.3 mm pre-1975 to 193.6 mm post-1975 on average, and the 

change can be attributed to climate and storage components according to ETVARD by Eqn.(4.2).  On one 

hand, some sub-basins experience damping in climatic fluctuation, which contributes to the decrease of 

𝜎𝐸𝑇 by 20.7 mm on average, as shown in Figure 4.4a.  The damping in climatic seasonal variability is 

mainly due to a more stable P in the region, since PET variability remains almost unchanged.  On the 

other hand, the storage components in 𝜎𝐸𝑇 increases by 14.2 mm on average as shown in Figure 4.4b, 

especially in sub-basins in CHP and SHP with significant amount of groundwater pumping.  Therefore, 

the decline in the total 𝜎𝐸𝑇 results from the combined effects of less variance in P and larger variance in 
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the storage components due to irrigation pumping.  In terms of absolute values, the climatic components 

and storage components account for 59% and 41% change in 𝜎𝐸𝑇, respectively. 

The ET seasonal variance also followed an east-to-west gradient pre-1975 as illustrated in the left 

map of Figure 4.1d, where the arid sub-basins in the west exhibit higher ET variability than those 

relatively humid sub-basins in the east.  However, more erratic spatial heterogeneity is seen in 𝜎𝐸𝑇 post-

1975 shown in the right map of Figure 4.1d.  Despite a common decrease in 𝜎𝐸𝑇 climatic components, the 

increase of 𝜎𝐸𝑇 storage components at some locations causes the spatial heterogeneity, especially in the 

Republican River Basin in the NHP and some sub-basins in the CHP and SHP.  The east-to-west gradient 

in 𝜎𝐸𝑇 only remains in the north part of the NHP, where groundwater pumping is negligible. 

Change in ET mean and variance can be represented by the coefficient of variation (CV), a 

dimensionless indicator for relative variability.  To be consistent in the temporal scale, ET seasonal 

variance is normalized by the seasonal average (i.e., half of the annual average).  Similar to the mean and 

variance, the CV of seasonal ET pre-1975 in the left of Figure 4.2a displays an apparent east-to-west 

gradient with lower CV in the east sub-basins and higher CV in the west sub-basins.  However, the spatial 

gradient is not preserved post-1975, except for in the north part of the NHP.  There is a consistent 

decrease in CV in most sub-basins in the south parts of the NHP, CHP, and SHP.  Although some sub-

basins have increased 𝜎𝐸𝑇 due to irrigation, the increase in mean ET is more significant.  Therefore, 

irrigation dampens ET variability in term of CV, while as shown above, irrigation increases the absolute 

value of variability (𝜎𝐸𝑇).  Some sub-basins in the CHP and east part of the NHP have CVs lower than 

0.6, which is not observed pre-1975. 

 

Figure 4.2.  a) The coefficient of variation (CV) of seasonal ET and b) the 

percentage of storage components in 𝝈𝑬𝑻. 
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As discussed above, changes in climate and groundwater-fed irrigation are the two main sources of 

σET.  Figure 4.2b illustrates the percentage of storage components (i.e., 𝑤𝛥𝑆𝜎Δ𝑆
2 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣𝑃,𝛥𝑆 +

𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆) in total 𝜎𝐸𝑇
2 .  Note that since the components from storage change can be negative, the 

percentage is calculated using the absolute values.  Before 1975, the storage components account for less 

than 10% of 𝜎𝐸𝑇 in most sub-basins of the CHP and SHP.  The east part of the NHP has a higher portion 

(about 20%) with the storage components than the west part (less than 10%).  After 1975, there is a 

significant increase in the storage components of 𝜎𝐸𝑇:  Most sub-basins have more than 10% and some 

have even more than 40%.  Sub-basins with contribution from storage components higher than 20% are 

distributed unevenly, showing some spatial heterogeneity (the left map of Figure 4.2b).  The groundwater 

fluctuation (𝜎Δ𝑆) and pumping response to rainfall deficit (𝑐𝑜𝑣𝑃,𝛥𝑆) increase the contribution of storage 

components to 𝜎𝐸𝑇.  The spatial heterogeneity caused by irrigation is also reflected by storage 

components in 𝜎𝐸𝑇 in the right map in Figure 4.2b.  Thus, compared to the climatic components, the 

anthropogenic induced storage components play a notable role in shaping the ET variability in this region. 

4.4 Discussion 

4.4.1 The overlapping of natural gradients and anthropogenic-induced heterogeneity 

The spatial characteristics in the High Plains under natural condition exhibit a clear east-to-west 

gradient.  Due to the rising terrain towards the west, P decreases from east to west [Daly et al., 2008].  

The regional water table under the “pre-development” condition (or the near natural condition) also 

follows the east-to-west gradient [McGuire, 2014; Haacker et al., 2015].  The north-to-south gradient of 

PET (following the temperature gradient) does not manifest in the hydroclimatic spatial pattern in the arid 

and semi-arid climate, since the land surface processes in this region are constrained by P.  The ET 

characteristics, including the mean, seasonal variance, seasonal CV and storage components, also show an 

apparent east-to-west gradient pre-1975.  Natural vegetation or rain-fed crops depend on soil moisture to 

buffer the climatic fluctuation and have limited accessibility to groundwater.  Therefore, the ET in the 

region pre-1975 was mainly affected by the climate, and its spatial pattern followed the east-to-west 

climatic gradient.  With substantial groundwater-fed irrigation development, localized groundwater 

depletion propagates to ET pattern changes and introduces anthropogenic spatial heterogeneity over the 

natural east-to-west gradient, as shown by the post-1975 maps of Figures 1 and 2.  As anthropogenic-

induced storage components in 𝜎𝐸𝑇 became significant, the hydrologic system in the High Plains went 

beyond a “natural” system, to be driven by both natural (climatic, geomorphic) and anthropogenic (e.g. 

land use and water withdrawals) factors.  The High Plains has been shifted from a natural system to a 

CNHS with extensive irrigation development in the region. 
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Figure 4.3.  Mean annual a) precipitation (P) and b) potential evaporation (PET) 

of the 120 sub-basins in the High Plains pre-1975 and post-1975.  Most sub-

basins have an increased P post-1975, while PET generally remains unchanged. 

 

 
Figure 4.4.  𝝈𝑬𝑻 sources from a) climatic components (i.e., 𝒘𝑷𝝈𝑷

𝟐 + 𝒘𝑷𝑬𝑻𝝈𝑷𝑬𝑻
𝟐 +

𝒘𝑷,𝑷𝑬𝑻𝒄𝒐𝒗𝑷,𝑷𝑬𝑻) and b) storage change components (i.e., 𝒘𝜟𝑺𝝈𝚫𝑺
𝟐 +

𝒘𝑷,𝜟𝑺𝒄𝒐𝒗𝑷,𝜟𝑺 + 𝒘𝑷𝑬𝑻,𝜟𝑺𝒄𝒐𝒗𝑷𝑬𝑻,𝜟𝑺) pre-1975 and post-1975. 
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The anthropogenic-induced ET heterogeneity in the High Plains highlights an indispensable issue 

in understanding hydrologic systems in the context of a CNHS, where the natural east-to-west gradient 

and anthropogenic-induced heterogeneity jointly shape the spatial pattern of ET.  Our understanding of 

natural dynamics and capability to predict hydroclimatic changes have been fundamentally improved by 

observations across different spatial scales and spatially-distributed simulation models.  The advances in 

data acquisition and model improvement enable earth scientists to explore the complexity of natural 

processes, which further supports and strengthens scientific-based decision-making on water resources 

development.  However, the spatial heterogeneity on the human dimension is less well established in 

either the data or modeling aspects [Xu et al., 2014].  Traditional water resources planning and 

management models generally adopt a simplified top-down and homogenous institution and overlook the 

heterogeneity in human behaviors [Yang et al., 2009].  As evidenced in the ET pattern change in the High 

Plains, anthropogenic-induced ET components show even stronger heterogeneity than the natural gradient 

due to spatially diversified irrigation practices resulting from human behaviors.  An individual farmer’s 

irrigation decisions are affected by spatially distributed environmental conditions [Noël and Cai, 2017] 

and the farmer’s response to weather forecasts [Hejazi et al., 2014].  Further, Foster et al. [2014] found 

that irrigation behavior in Texas High Plains region exhibits complex nonlinear responses to changes in 

groundwater availability and well yield.  Below the state level, groundwater-management authorities, 

such as Natural Resources Districts with the State of Nebraska, monitor groundwater usage and regulate 

farmers’ pumping volume by setting pumping permits.  At the state level, water right conflicts are settled 

by the Republican River Compact Administration, which allocates the water rights of the Republican 

River among Colorado, Kansas and Nebraska [Draper, 2007].  These cross-scale anthropogenic 

complexities require a new modeling paradigm to incorporate institutionally-sound and behaviorally-

realistic decision mechanisms to support the modelling of CNHS [Vogel et al., 2015].  Emerging efforts, 

such as of socio-hydrology [Sivapalan et al., 2012] and hydro-geomorphology [Vogel, 2011], and the 

“bottom-up” approach in agent-based modelling [Ng et al., 2011; Noël and Cai, 2017], provide promising 

guidelines towards strengthening the human dimension in CNHS. 

4.4.2 Correspondence between ET pattern and crop production 

ET processes occur within the context of crop production management for both irrigated and rain-

fed agriculture.  Thus, the pattern of ET change can help unveil crop production variability.  Figure 4.5a 

shows the evolution of ET pattern for the 120 sub-basins for the periods pre- and post-1975.  The pairwise 

points (pre- and post-1975) in each sub-basin generally shift from upper-left (high CV and low mean) to 

lower-right (low CV and high mean) as substantial groundwater pumping has developed over the region.  

Therefore, irrigation alters two aspects of crop water consumption by 1) increasing the mean crop water 

consumption (in order to mitigate the deficit in rainfall) and 2) damping the variation of crop water 
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consumption (in order to buffer the climatic fluctuation).  We may make an analogy between crop water 

consumption and crop yield by showing a similar pattern observed for croyield as shown in   Figure 4.5b, 

the rain-fed and irrigated corn yield in Nebraska based on data from the United States Department of 

Agriculture National Agricultural Statistics Service.  The rain-fed corn yield has high CV and low mean, 

and the irrigated corn yield exhibits low CV and high mean, corresponding to high mean and low variance 

of ET with irrigated corn and low mean and high variance of ET with rain-fed corn. 

 

Figure 4.5.  a) Annual average ET vs. CV for the 120 sub-basins in the High 

Plains, pre-1975 and post-1975; b) average vs. CV of rain-fed and irrigated corn 

yields in Nebraska. 

 

The correspondence between ET pattern (a natural process variable) and crop yield (an 

anthropogenic variable) manifests as an emerging phenomenon of CNHS in the High Plains, as the nature 

and human components are coupled closely.  Regarding the crop yield as farmers’ benefit and crop yield 

CV as the risk, the transition from high-CV-and-low-mean to low-CV-and-high-mean in Figure 4.5b 

shows that irrigation has turned the crop system into a win-win state (higher profit and lower risk than 

those from rain-fed crops).  Associated with such a state change of the human system, ET pattern change 

(Figure 4.5a) presents a hydroclimatic signal of the natural system.  However, the ET change has been 

accompanied by some environmental consequences, i.e., water table drawdown and stream depletion in 

the region [Konikow and Kendy, 2005; Bridget R. Scanlon et al., 2012; Haacker et al., 2015].  Eventually 

the CHNS faces a tradeoff between agricultural profit and environmental sustainability, and upon 

reaching a tipping point, the tradeoff will cause state shifts of both nature and human systems.  The 2002 

Supreme Court final settlement on the Republican River Basin water rights conflict between downstream 

Kansas and upstream Colorado and Nebraska ended with more limited pumping permits for farmers in the 

upstream states, especially for those who have irrigated land along the river (e.g., the pumping permit 

reduces from 20 inches in the 1980s to 13.5 inches at present [Kuwayama and Brozović, 2013]).  The 
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regulation changes have limited the groundwater pumping for irrigation, prevented water depletion, and 

restored the streamflow to some extent [Smith et al., 2011]. 

Therefore, Figure 4.5 provides a case of linkage among climatic fluctuation, engineering and 

socioeconomic measures, crop yield, and water table change in the context of CHNS.  Farmers need to 

hedge their income risk against the climatic variability if groundwater pumping permit is further 

restricted, and institutional change might be needed (e.g., on crop insurance) to protect farmers’ income.  

The relationship between crop yield or ET mean and CV provides some basic information for agricultural 

insurance policies designed to buffer against natural fluctuations [Schurle, 1996; Glauber, 2004]. 

4.5 Conclusion 

Extensive groundwater pumping for irrigation has caused groundwater storage and streamflow 

depletion in the High Plains.  To address such a concern of sustainability, this study assesses changes in 

ET spatial-temporal patterns in the High Plains region using climate and water table observations starting 

from 1940 and ETVARD, a tool to compute the inter-period ET variance.  By comparing the ET patterns 

pre-1975 and post-1975, we find that, on average, groundwater pumping contributes about 39.1 mm to the 

total 74.1 mm increase in ET, while precipitation contributes about 35.0 mm.  The decrease in seasonal 

𝜎𝐸𝑇 is mainly due to the decline in climatic components (20.7 mm) and offset by the increase from 

storage components (14.2 mm).  In terms of magnitude, groundwater-fed irrigation accounts for 41% of 

changes in 𝜎𝐸𝑇 after 1975.  The substantial magnitude of groundwater irrigation makes the anthropogenic 

components in 𝜎𝐸𝑇 comparable to the climatic factors.  Before 1975, the ET spatial pattern exhibits a 

clear east-to-west gradient following the natural (e.g., terrain and P) gradient.  After 1975, anthropogenic-

induced heterogeneity overrides the natural east-to-west gradient due to localized groundwater pumping, 

which is affected by the various hierarchical institutional factors such as regional water rights, regulation 

by local natural resources authorities, and individual farmer’s preferences.  This study does not intend to 

explicitly assess the dynamics and feedbacks between nature and human components.  This study focuses 

on the system-level signatures as the results of interactions between nature and human components.  The 

coupling between nature and human activities is captured by the groundwater table changes.  The 

groundwater table drawdown and fluctuation are driven by climate and farmers’ response to climate, with 

the latter might be further constrained by groundwater depletion and social-economic factors. 

We further show a statistical correspondence between the mean and CV of ET and that of crop 

yield, illustrating an analogy between ET change and crop water management.  Such a correspondence 

manifests the coupling of the hydroclimatic and anthropogenic components in the High Plains; the 

tradeoff of agriculture production and environmental consequences affects the stability of the CNHS, and 

appropriate policies may shift the system to a more sustainable state.  
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CHAPTER 5 

ASSESSMENT OF MULTIPLE-SOURCE AND MULTIPLE-

VARIABLE EVAPOTRANSPIRATION VARIANCE OBSERVATIONS 

 

This and the following chapter presents methods and analysis to understand ET variance by finding the 

congruence among theory, observation, and simulation.  The theoretic ETVARD framework derived in 

Chapter 2 is cross-validated using ET observations and land surface model simulations.  This chapter 

focuses on using ETVARD to constrain multi-source and multi-variable hydroclimatic observations for 

the contiguous United States. 

5.1. Introduction 

Numerous efforts have been made in hydrologic observations and simulations to advance the 

understanding of ET.  At the observation side, the efforts include remote-sensing signal retrieval [Zhang 

et al., 2010; Mu et al., 2011], fluxtower network development, and data assimilation [Pan and Wood, 

2006; Munier et al., 2015; Rodell et al., 2015].  Meanwhile, the land surface modelling community has 

developed many numerical models that include ET simulation, with different process representations, 

parameterizations, data requirements and model structures, such as the Global Land-Atmosphere 

Coupling Experiment (GLACE) [Koster et al., 2004] and Land Data Assimilation System (LDAS) 

[Rodell et al., 2004].  Hydrologic observations and numerical simulations play complementary and inter-

dependent roles in advancing our knowledge about the various hydrological processes and systems.  

Hydroclimatic observations provide inputs and validation references for numerical models; meanwhile  

models generate data with continuous space and time dimensions, which are often used for interpolating 

point-scale observation [Jung et al., 2009], observation network design, and conceptual validation [Pan et 

al., 2011].  Moreover, observations also serve as the source for hydrologic concept development and 

hypothesis testing, such as the Budyko hypothesis on long-term ET [Budyko, 1974], the complementary 

relationship between actual and potential ET [Brutsaert and Stricker, 1979], and the evaporative fraction 

between latent heat flux and available energy [Shuttleworth et al., 1989].  In turn, theoretical 

developments are used for observation network design and model configuration and improvement 

[Gulden et al., 2007; Leung et al., 2015].  This paper assesses hydrologic data, model and theory 

congruence with a particular focus on ET in the continuous US (CONUS). 

Although advances have been made in monitoring and simulating ET over several decades, there 

is a pressing need to systematically evaluate observation and model consistency and enhance their 

complementary outputs for hydrologic knowledge discovery [Shuttleworth, 2007; Sivapalan et al., 2011; 
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Montanari et al., 2013].  Hydrologists nowadays often face a paradoxical situation: large amounts of data 

exist yet data uncertainty is inadequately assessed.  Although grounded in situ measurements provide a 

high-resolution observation, it remains a challenge to up-scale the limited observation samples to capture 

the heterogeneity in a large spatial domain.  Remote-sensing based ET products provide observation in 

large regions with increasing resolution, but the data retrieval processes from images (e.g., via inverse-

modelling) inevitably add uncertainties to the final outputs.  Therefore, when the modeling community 

addresses the sensitivity of model performance to forcing data or parameters [Montanari and Di 

Baldassarre, 2013; Badgley et al., 2015; Xia et al., 2015b], conclusions made on model evaluation [Cai et 

al., 2014; Swenson and Lawrence, 2015; Xia et al., 2015a; Xia et al., 2016] are essentially conditioned on 

the quality of reference observation data.  Mistakes, such as accepting a wrong model or rejecting a good 

model, can be made due to unreliable reference data.  On the other hand, model results have been 

increasingly used for estimating some hydrologic variable values complementary to observation data.  For 

example, ET and soil moisture simulated by land surface models are used, together with observation data, 

for estimating groundwater storage depletion and assessing water budget closure [Pan et al., 2011].  Data 

scientists are concerned primarily with situations where inaccurate model results contaminate good data 

signal [Beven and Freer, 2001].  When observation, model, or both are wrong for particular studies, a 

good agreement between model results and observation data does not lead to a correct understanding of 

any hydrologic process.  Under all these cases, a hydrologic theory that represents falsifiable 

conceptualizations of the real world is needed to justify the observation and model and diagnose the 

biases or errors involved in either observation or model, or both.  In this paper, we adopt the 

Evapotranspiration Temporal VARiance Decomposition (ETVARD) framework Zeng and Cai [2015] as 

a diagnostic tool and formulate hypothetical insights about the quality of multiple ET products based on 

the various observations.  This paper will focus on the assessment of observations, and the study will be 

extended to include model assessment in Chapter 6. 

5.2  Methodology and Data Sources 

Compared with the considerable progresses in data and model development, theory development 

and its application for model and data assessment are limited in hydrology; developing new theories and 

making better use of existing theories to underpin current models and data are urgently needed [Kirchner, 

2006; Beven, 2012; Clark et al., 2016].  In the literature, statistical methods, including recent data mining 

techniques [Schnier and Cai, 2014; Xu et al., 2014], provide tools to identify the controlling factors of ET 

variance.  For example, Syed et al. [2004] applied principal component analysis (PCA) to investigating 

process controls on the hydroclimatic cycle based on hydrologic data from observations and model 

results.  However, data-driven approaches in general provide a black or grey (correlational) box without 
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explicit physical (causal) insights.  Data-driven approaches also suffer from extrapolation, since the 

resulting relationship is based on what has already occurred and may not correctly reflect what will occur 

in the future, which may lay outside the range of historical observations, especially under the situation of 

non-stationary hydroclimatic states due to climate change and human impacts [Milly et al., 2008].  In 

general, physically-based methods have the advantage over data-driven methods in terms of the 

explanatory power and extrapolation based on predictive insights. 

In addition, statistical methods, such as triple collocation [Stoffelen, 1998; Pan et al., 2015] are 

used to identify the uncertainty from hydrologic observations.  Although ET remote-sensing products are 

retrieved based on different methods, they generally share some inputs from the same satellite data, 

resulting in different degrees of correlation among these ET remote-sensing products.  Therefore, 

different ET products are not independent from each other and do not satisfy the independence required 

by statistical methods.  To avoid the correlation issue, ET observation should be validated together with 

other independently measured hydroclimatic variables (such as P, PET, Q and S) by examining their 

compatibility via a constraining hydrological principle.  For example, water balance is usually used as a 

closure constraint for multi-variable observations [Sheffield et al., 2009; Gao et al., 2010a] and the 

Budyko water-energy relationship is applied to assessing the ET average and inter-annual variability in 

the International Satellite Land Surface Climatology Project Initiative [Koster et al., 2006].  However, the 

constraining relationships used in previous studies are usually suitable for long-term averages of relevant 

hydroclimatic variables, assuming that the long-term watershed system storage remains stable.  This 

assumption is invalid for assessing variability at a relatively short time scale (annual or monthly) and for 

watersheds with systematic terrestrial storage change over a long-term period.  In the present study on the 

congruence among theory, data, and model, we adopt ETVARD as a diagnostic tool, as introduced in the 

following. 

5.2.1 ET temporal variance decomposition 

Introducing terrestrial water storage change as an variable in watershed water balance, Zeng and 

Cai [2015] extended the Budyko relationship and, based on which, an equation to decompose ET 

temporal variance into multiple contributing components as shown below: 

𝜎𝐸𝑇
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝛥𝑆𝜎Δ𝑆

2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣𝑃,𝛥𝑆 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆      Eqn.(5.1) 

where 𝜎 represents the standard deviation; 𝑐𝑜𝑣 represents the covariance; 𝑤 represents the weighting 

factors, which quantify the contribution from different variance/covariance sources to ET variance.  The 

weighting factors, as shown in Figure 5.3, can be calculated from the aridity index (�̅� = 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ /�̅�), Budyko 

equation 𝐹(�̅�) [H Yang et al., 2008] and its first-order derivative 𝐹′(�̅�), which is detailed in Zeng and 

Cai [2016] and Zeng and Cai [2015].  By Eqn.(5.1), ET variance is contributed by long-term climatic 
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condition (through the weighting factors), climatic fluctuations (𝜎𝑃
2 and 𝜎𝑃𝐸𝑇

2 ) and phasing (𝑐𝑜𝑣𝑃,𝑃𝐸𝑇), 

hydrologic storage variability (𝜎Δ𝑆
2 ) and its response to climate (𝑐𝑜𝑣𝑃,𝛥𝑆 and 𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆).  ETVARD 

provides an analytic way to decompose ET variance into climatic and hydrologic components and offers 

an independent estimate of ET variance based on meteorological and catchment storage data. 

We can further aggregate the ET variance components based on their sources into two categories: 

One represents the contribution to ET variance from the variability of climatic forcing (𝜎𝐸𝑇𝐹
2 ) and the other 

from hydrologic storage (𝜎𝐸𝑇𝑆
2 ), i.e. 

𝜎𝐸𝑇𝐹
2 = 𝑤𝑃𝜎𝑃

2 + 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 + 𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣𝑃,𝑃𝐸𝑇      Eqn.(5.2) 

𝜎𝐸𝑇𝑆
2 = 𝑤𝛥𝑆𝜎Δ𝑆

2 + 𝑤𝑃,𝛥𝑆𝑐𝑜𝑣𝑃,𝛥𝑆 + 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆     Eqn.(5.3) 

Eqn. (5.1) becomes 

𝜎𝐸𝑇
2 = 𝜎𝐸𝑇𝐹

2 + 𝜎𝐸𝑇𝑆
2          Eqn.(5.4) 

The time scale of ET variance depends on the time scale of the various variance/covariance terms.  

This study addresses ET variance at the monthly scale, while the analysis on ET variance at both annual 

and monthly scale can be found in Zeng and Cai [2016].  

ETVARD relates the ET temporal variance ( 𝜎𝐸𝑇
2 ) to the variance and covariance of climatic 

variables (e.g., P, PET) and hydrological system variables (e.g. S, which can be changed by climate, land 

use and water use).  By assessing 𝜎𝐸𝑇
2 , 𝜎𝐸𝑇𝐹

2  and 𝜎𝐸𝑇𝑆
2  by grid (1° by 1° according to the GRACE grids) in 

the CONUS, the spatial patterns of the ET temporal variance are calculated. The assessments based on 

ETVARD will be used as a reference, and those from multiple ET products are compared to the reference, 

by which the possible bias and uncertainty involved in each of the ET products and their spatial patterns 

will be discussed. 

5.2.2 Multi-source multi-variable hydroclimatic observations 

This study uses monthly meteorological forcing data (P and PET) obtained from the North 

American Land Data Assimilation System Phase 2 (NLDAS-2) [Mitchell et al., 2004; Xia et al., 2012b].  

P in NLDAS-2 is a product of gauge-only NOAA Climate Prediction Center, which conducted orographic 

adjustment of daily precipitation based on the PRISM climatology.  The non-precipitation land-surface 

forcing fields for NLDAS-2 are derived from the analysis fields of the NCEP North American Regional 

Reanalysis (NARR) and further vertically adjusted to account for the vertical difference between the 

NARR and NLDAS fields of terrain height.  PET is calculated from modified Penman scheme [L Mahrt 

and Michael Ek, 1984] from the land-surface forcing fields for NLDAS-2.  The same forcing data fields 

are also used to drive the NLDAS-2 land surface models, which will be discussed in detail in Chapter 6.  
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P and PET from NLDAS-2 forcing data sets have a spatial resolution of 0.125° by 0.125° and cover the 

period from 1979 to 2015. 

The terrestrial water storage (TWS) measured by the twin GRACE satellites is based on the 

distance change between the two satellites due to gravity field variation [Tapley et al., 2004].  GRACE 

satellites primarily capture the mass change caused by TWS since other temporal changes of mass are 

negligible.  GRACE based TWS includes the sum of storage in various media such as aquifer, soil profile, 

snow/glacier and surface reservoir/lake.  The GRACE satellites provide a unique measurement of TWS 

with a large spatial coverage [Lettenmaier and Famiglietti, 2006] and have been widely applied for 

hydrologic studies such as groundwater depletion assessment [Famiglietti et al., 2011], water budget 

closure estimation [Pan et al., 2011] and land surface model improvement [Gulden et al., 2007] and 

evaluation [Cai et al., 2014; Xia et al., 2017].  The GRACE TWS data set used in this study, with a 

spatial resolution at 1° by 1°, provides a monthly time series from January of 2003 to June of 2013.  The 

monthly terrestrial storage change (ΔS) is calculated as the difference from the monthly GRACE TWS 

time series [Landerer and Swenson, 2012] based on the CSR RL5.0 release from the Center for Space 

Research at the University of Texas at Austin. 

5.2.3 Multiple ET products based on observations 

Three ET products, two based on remote-sensing observation and one based on FLUXNET are 

used in this study.  The remote-sensing product by Qiuhong Tang et al. [2009] calculates ET as the 

combination of bare soil evaporation and vegetation transpiration based on the constant daily evaporative 

fraction assumption [Shuttleworth et al., 1989].  Bare soil evaporation is estimated from surface radiation 

budget and soil temperature, and vegetation transpiration is calculated using the complementary 

relationship to bridge the actual ET with potential evaporation calculated by Priestley-Taylor scheme.  

The data set covers the extent of the CONUS from 2001 to 2008 at a spatial resolution of 0.05° by 0.05° 

and is denoted as “𝐸𝑇𝑅𝑆−𝑈𝑊” in this study.  The data and more details about the methodology can be find 

at Evaporation Estimation Using Remote Sensing at University of Washington.  This ET product has been 

used to assess watershed water budget [Gao et al., 2010a] and ET interannual variability [Cheng et al., 

2011]. 

Another ET product by Mu et al. [2011] calculates ET from vegetation transpiration and soil 

evaporation based on the Penman-Monteith scheme presented in Mu et al. [2007].  Vegetation 

evaporation is further separated into wet canopy surface evaporation and dry canopy vegetation 

transpiration, and the rates are regulated by aerodynamics resistance and surface resistance.  Soil 

evaporation is divided into saturated soil potential evaporation and moist soil evaporation that is 

constrained by soil moisture stress.  The monthly version global ET from 2000 to 2009 at 0.5° by 0.5° 

spatial resolution is obtained from MOD16 Global Terrestrial Evapotranspiration Data Set and denoted as 
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“𝐸𝑇𝑅𝑆−𝑀𝑂𝐷16” in this study.  The ET product has been applied for many studies such as drought 

assessment [Mu et al., 2013] and land surface model evaluation [Cai et al., 2014]. 

The third ET product developed by Jung et al. [2009] is different from the remote-sensing 

products in terms of both data sources and retrieval algorithms.  It is essentially the spatial up-scaling of 

point measurements from eddy covariance flux tower.  This approach uses model tree ensemble, a 

machining learning technique, to up-scale current global network of eddy covariance towers (FLUXNET) 

and evaluates results from the “virtual reality” produced by Lund-Potsdam-Jena managed Land biosphere 

model simulation.  This ET estimate has been applied for ET trend analysis [Jung et al., 2010] and land 

surface model improvement [Bonan et al., 2011] and evaluation [Cai et al., 2014].  The global monthly 

ET estimate from 1982 to 2008 at 0.5° by 0.5° spatial resolution is denoted as “𝐸𝑇𝐹𝐿𝑈𝑋−𝑀𝑇𝐸” in this 

study. 

Table 5.1.  Data sources 

Variables Source Spatial resolution Temporal coverage 

P NLDAS-2 0.125° by 0.125° 1979-2015 

PET NLDAS-2 0.125° by 0.125° 1979-2015 

    

ET Tang et al. [2009] 0.05° by 0.05° 2001-2008 

 
Mu et al. [2011] 0.5° by 0.5° 2000-2009 

 
Jung et al. [2009] 0.5° by 0.5° 1982-2008 

    

ΔS GRACE 1° by 1° 2013.01-2013.06 

Since NLDAS-2 meteorological forcing, GRACE TWS, and the ET products have different 

spatial resolutions and temporal coverage, these datasets are processed to calculate ET variance using the 

following procedures: First, the time series from all data sets are spatially aggregated and matched at the 

1° by 1° GRACE grids to for the Contiguous United States domain of latitude between 25°N and 53°N 

and longitude 67°W and 125°W.  At the 1° by 1° spatial resolution, we assume the terrestrial water 

storage change caused by groundwater lateral flow is negligible.  Second, the weighting factors in 

Eqn.(5.1) are calculated from long-term average climate condition based on NLDAS-2 P and PET from 

1979-2015.  Third, climatic variabilities (i.e., 𝜎𝑃, 𝜎𝑃 and 𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 in Eqn.(5.2)) are calculated from 

monthly time series during 1979-2015 and the variabilities associated with storage change (i.e., 𝜎Δ𝑆, 

𝑐𝑜𝑣𝑃,Δ𝑆 and 𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 in Eqn.(5.3)) are calculated from monthly time series during the period of  January 

of 2003 to June of 2013 during which GRACE is available.  ET variance from direct observations are 
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calculated from their temporal coverages.  We assume the variance and covariance terms are statistically 

stationary during the relatively short period.  

Figure 5.1 shows the schematic diagram to calculate 𝜎𝐸𝑇
2  through multiple paths using 

observations, numerical models and ETVARD.  𝜎𝐸𝑇𝐹
2 , the climatic forcing components of 𝜎𝐸𝑇

2  (Eqn.5.2) 

is calculated using P and PET data from NLDAD-2.  𝜎𝐸𝑇𝑆
2 , the hydrologic components of 𝜎𝐸𝑇

2  (Eqn.5.3) is 

calculated using ΔS estimated from GRACE, denoted as 𝜎𝐸𝑇𝑆−𝐺𝑅𝐴𝐶𝐸
2 .  It might be noted that compared to 

existing studies by data-driven methods such as the principle component analysis [Syed et al., 2004], 

ETVARD calculates ET variance based on the climatic forcings, terrestrial storage change, and their 

correlations (Eqn.5.1) without direct ET observation inputs. 

5.2.4 Experiment design 

We design Experiment 1 by setting 𝜎𝐸𝑇𝑉𝐴𝑅𝐷
2 =𝜎𝐸𝑇𝐹

2 +𝜎𝐸𝑇𝑆−𝐺𝑅𝐴𝐶𝐸
2  using P and PET observations 

from NLDAD-2 and GRACE-based ΔS.  Through this experiment, we will investigate the climatic and 

hydrologic contributions in 𝜎𝐸𝑇
2  and their spatial patterns for the CONUS. We interpret the 𝜎𝐸𝑇

2  

components by ETVARD and assess the relative role of climatic variables and hydrologic system 

variables (including human interference).  

We design Experiment 2 by comparing 𝜎𝐸𝑇𝑉𝐴𝑅𝐷
2  calculated from Experiment 1 to 𝜎𝐸𝑇

2  from the three 

observation-based ET products (𝜎𝑅𝑆−𝑈𝑊,
2  𝜎𝑅𝑆−𝑀𝑂𝐷16 

2 and 𝜎𝐸𝑇−𝐹𝐿𝑈𝑋
2 ). Through this experiment, we 

compare the three estimates to 𝜎𝐸𝑇𝑉𝐴𝑅𝐷
2  at particular locations of interest and their spatial distribution 

across the CONUS. 
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Figure 5.1.  Schematics of hydrologic processes along with various ET variance estimates 

and its components from observation, simulation and ETVARD approaches.  Variables that 

are represented in black for true but unknown values, in blue for quantities from direct or 

indirect observation data, in red for quantities by numerical models and in green for 

“hybrid” quantities from both observation and model results.  Blue dash lines represent for 

data acquisition which is inevitably subject to observation and/or processing error.  Solid 

lines represent for information propagation indirection.  Black dash lines illustrate the pairs 

of quantities assessed in each experiment in the two companion papers.  Note that 

𝝈𝑬𝑻𝑺−𝑳𝑺𝑴
𝟐  denotes 𝝈𝑬𝑻𝑺

𝟐  that is estimated with ΔS simulated by LSMs in Chapter 6. 

5.3 Results 

5.3.1.  Spatial patterns of climatic and hydrologic variability 

The climatic and hydrologic variance/covariance at monthly scale are shown in Figure 5.2.  𝜎𝑃
2 

exhibits significant heterogeneity across CONUS, as displayed in Figure 5.2a.  𝜎𝑃
2 is very high in coastal 

regions of Washington, Oregon and California, north shore of Gulf of Mexico and the region between 

Lake Huron and Lake Ontario.  𝜎𝑃
2 is high across the High Plains and low in the Mountain States.  

Scattered locations in north Idaho and Montana also have high 𝜎𝑃
2.  𝜎𝑃𝐸𝑇

2  shows contrast pattern in the 

east and west and is roughly divided by 100°W longitude line, as shown in Figure 5.2b.  The humid east 

has relatively stable PET; while the arid west experiences large fluctuations in PET.  The coastal regions 
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of Washington and Oregon and scattered spots in the Mountain States have low 𝜎𝑃𝐸𝑇
2 .  𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 indicates 

the phasing between water and energy supply as shown in Figure 5.2c.  Positive 𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 means the 

warm months coincides with the wet months, and vice versa.  𝑐𝑜𝑣𝑃,𝑃𝐸𝑇 is high in the Midwest where the 

warm season comes together with rainfall season, providing a good climate condition for agricultural 

production.  The west coastal region has negative 𝑐𝑜𝑣𝑃,𝑃𝐸𝑇due to its Mediterranean climate.  The central 

part of the South along Louisiana, Mississippi and Alabama also have a slightly out-of-phase P~PET 

pattern due to the conjunctive effects of subtropical jet stream from the north and moisture from the gulf 

of Mexico. 

𝜎Δ𝑆
2  calculated from GRACE data shows noteworthy fluctuations in the north part of the Pacific 

Northwest, the Mississippi Embayment Aquifer and the Midwest, as shown in Figure 5.2d.  Since the  

terrestrial storage change measured by GRACE includes storage change in the aquifer, soil, snow/glacier 

and river, the 𝜎Δ𝑆
2  at monthly scale may be caused by different local processes.  Note the very large value 

of 𝜎Δ𝑆
2  along the downstream of Mississippi River is caused by flood storage, which is routed from 

upstream of Mississippi and caused by lateral flow across the cells.  𝑐𝑜𝑣𝑃,Δ𝑆 represents the storage change 

caused by catchments’ response to P fluctuation (e.g., aquifer replenishment due to excessive rainfall, 

groundwater pumping for irrigation during drought or snow/glacier accumulation).  Figure 5.2e shows 

that 𝑐𝑜𝑣𝑃,Δ𝑆 is high in the north part of the western coast and moderate in the Mississippi Valley, meaning 

that ΔS increases during rainfall season.  𝑐𝑜𝑣𝑃,Δ𝑆 is slightly negative in the High Plains, indicating that 

catchment storage decreases even during the rainfall season.  Since the PET is in-phase with P in these 

regions, the ΔS decrease during rainfall season is caused by groundwater pumping to meeting the high 

evaporative demand of crops in this region.  The high ET flux during high PET months consumes water 

from both P and ΔS, which is also evidenced by the negative 𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 in these region, as shown in 

Figure 5.2f.  In addition, 𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 also characterizes the energy-induced storage change by the snow and 

glacier thaw/melting processes, especially in the west mountainous regions.  It is noted that the cells long 

the coast reflect the blend GRACE signal of mass change caused by both terrestrial and sea water, which 

may underestimate the magnitude of ΔS in these cells. 

5.3.2.  Spatial patterns of weighting factors 

The climatic and hydrologic provides the sources for ET variance, however, they do not equally 

contribute to ET variance.  Their contribution to ET variance is further restrained by the long-term 

climate  
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Figure 5.2.  Climatic and hydrologic variability and their covariances 

 

condition represented by Eqn.(5.1).  The weighting factors essentially extend the Budyko hypothesis on 

hydroclimatic control ET from the long-term average to variability.  For example, in a very arid condition 

when the hydrologic processes are constrained by water supply, even although PET monthly variance 

may be big, its contribution to ET variance would be small.  The analytical range of the weighting factors 

are evaluated in Zeng and Cai [2015]: 𝑤𝑃, 𝑤𝑃𝐸𝑇 and 𝑤Δ𝑆 range between 0 and 1; 𝑤𝑃,𝑃𝐸𝑇 lies between 0 

and 0.35; 𝑤𝑃,Δ𝑆 ranges between -2 and 0; and 𝑤𝑃𝐸𝑇,Δ𝑆 ranges between -0.35 and 0. 
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Note that 𝑤𝑃 and 𝑤Δ𝑆 are the same and their spatial pattern is shown in Figure 5.3a and S2d.  

These two weighting factors shows apparent east-west gradient from the humid east to arid humid, 

indicating that fluctuations in atmospheric and catchment water supply would increasing contribute to ET 

variance as climate becomes drier.  The western coast and the Central Valley in California have low 𝑤𝑃 

and 𝑤Δ𝑆.  𝑤𝑃𝐸𝑇 is low for majority of CONUS except in the coastal region of Washington and Oregon 

and the Great Lakes, as show in Figure 5.3b, since 𝑤𝑃𝐸𝑇 rapidly as climate becomes dryer.  𝑤𝑃,𝑃𝐸𝑇 

determines the contribution from P~PET phasing to ET variance, as shown in Figure 5.3c.  Since 𝑤𝑃,𝑃𝐸𝑇 

is positive, the in-phase seasonality (i.e., positive 𝑐𝑜𝑣𝑃,𝑃𝐸𝑇) will enhance ET variance, and vice versa for 

out-of-phase seasonality.  The in-phase P~PET provides a favorable condition for ET, allowing both P 

and PET variability added to ET variance.  𝑤𝑃,𝑃𝐸𝑇 is large mainly in the East, western coast and the 

Central Valley in California. 

𝑤𝑃,𝛥𝑆 is negative in CONUS and its magnitude is large in the arid western regions, as shown in 

Figure 5.3e.  In these water limited regions, a negative 𝑐𝑜𝑣𝑃,Δ𝑆 (representing storage release during 

rainfall periods) will effectively enhance ET variance.  From the perspective of ecohydrology, it is critical 

for vegetation to manage ΔS (in soil profile or shallow aquifer) corresponding to P fluctuation to satisfy 

the evaporative demand; on the other hand, vegetation has limited capability to regulate ΔS, thus the ET 

variance would not exactly follow the PET fluctuation.  Furthermore, as irrigated agriculture is expanding 

in water limited region, the conjunctive management of surface-ground water for irrigation (as a way to 

change ΔS) may substantially reform the ET variance.  Similarly, a positive 𝑐𝑜𝑣𝑃,Δ𝑆 (representing storage 

recover during rainfall periods) will effectively dampen ET variance in the arid region, since the recharge 

into ΔS results in less water available for ET.  𝑤𝑃𝐸𝑇,Δ𝑆 is opposite to 𝑤𝑃,𝑃𝐸𝑇 by noticing they differ in sign 

in Eqn.(5.3), as shown in Figure 5.3f. 
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Figure 5.3.  Weight factors determining in the contribution of climatic and hydrologic 

variability to 𝜎𝐸𝑇
2 . 

 

5.3.3 Experiment 1: 𝜎𝐸𝑇
2  components in the CONUS 

Figure 5.4 (a, b and c) display the magnitudes and spatial distribution of 𝜎𝐸𝑇
2  components from 

climatic variables P, PET, and their phase, respectively. As can be seen from Figure 5.4a, the contribution 

from P (𝑤𝑃𝜎𝑃
2) is more than 2000 mm2 in California and southern Florida.  In the High Plains, 𝑤𝑃𝜎𝑃

2 is 

also overall significant (around 1500 mm2) and decreases gradually from south to north.  𝑤𝑃𝜎𝑃
2 is small 

(less than 500 mm2) in the Mountain States and negligible above the Great Lakes (which is due to the fact 

that ET is from the water surface, and the fluctuation in P does not affect the ET variance much).  The 
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contribution from PET variability (𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 ) is relatively small compared to 𝑤𝑃𝜎𝑃

2 and exhibits a sharp 

contrast along the east-west direction, as shown in Figure 5.4b.  The Mountain States (west of 97th 

Meridian West) have negligible 𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2 ; however, the coastal regions of Washington and Oregon 

states, parts of the California Central Valley, and the Great Lakes have significant amount of contribution 

from PET variability (more than 500 mm2).  In these regions, ET is limited by energy supply, and 

fluctuation in PET dominates the ET variance.  In addition, the northeastern region has a visible 

𝑤𝑃𝐸𝑇𝜎𝑃𝐸𝑇
2  component (between 200 and 400 mm2).  Figure 5.4c shows that the in-phase of P~PET 

enhances ET variance in the Corn Belt; while the out-of-phase P~PET reduces ET variance in the coastal 

regions of Washington, Oregon and California Central Valley due to the Mediterranean climate in those 

regions. 

Figure 5.4d-f display the magnitudes and spatial distribution of the contribution to 𝜎𝐸𝑇
2  from the 

variance of 𝛥𝑆, the covariance of P and ΔS, and the covariance of PET and ΔS, respectively.  𝑤𝛥𝑠𝜎𝛥𝑆
2  is 

more than 1000 mm2 in the Pacific Northwest and California and more than 500 mm2 in the south part of 

the High Plains and Mississippi Embayment region.  As can be seen from Figure 5.4e, the interaction 

between P and ΔS (𝑤𝑃,𝛥𝑠𝑐𝑜𝑣𝑃,Δ𝑆) significantly reduces 𝜎𝐸𝑇
2  in the western coast especially in California 

(2000 mm2) but slightly enhances 𝜎𝐸𝑇
2  (around 500 mm2) in the North High Plains and part of the East.  

Although 𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 is significant in the West (Figure 5.2f), its contribution to ET variance concentrates 

to a limited region in California due to a low weighting factor, as shown in Figure 5.4f.  The South and 

the Appalachian Mountains also have fairly significant 𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 component (more than 300 

mm2). 

Adding the climatic components together by Eqn.(5.2), 𝜎𝐸𝑇𝐹
2 , the overall ET variance from the 

climate variables, is shown in Figure 5.5a.  Generally, the distribution of 𝜎𝐸𝑇𝐹
2  follows that of 

precipitation in most places.  In the Corn Belt, the in-phase of P~PET provides a favorable condition for 

crop water consumption, yielding a relatively large 𝜎𝐸𝑇𝐹
2  (more than 1500 mm2).  The coastal regions in 

Washington and Oregon have relatively mild 𝜎𝐸𝑇𝐹
2 , since the out-of-phase P~PET in those regions 

dampens ET variance.  The Appalachian Mountains have low 𝜎𝐸𝑇𝐹
2  (less than 1000 mm2); the Mountain 

States have the lowest 𝜎𝐸𝑇𝐹
2  (less than 500 mm2) in magnitude. 
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Figure 5.4.  Individual components of 𝜎𝐸𝑇
2  derived from ETVARD 

 

The aggregated hydrologic system components of ET variance 𝜎𝐸𝑇𝑆
2  by Eqn.(5.3) is shown in 

Figure 5.5b.  Given that 𝜎𝐸𝑇𝑆
2  denotes the effect of catchments’ responses to climate and human 

interference, it can be negative (i.e., a dampening effect) or positive (i.e., an enhancing effect). In general, 

the magnitudes of 𝜎𝐸𝑇𝑆
2  is smaller than those of 𝜎𝐸𝑇𝐹

2 , indicating the major impact of climatic variance in 

general. However, 𝜎𝐸𝑇𝑆
2  enhances ET variance (more than 1000 mm2) over the High Plains and 

Mississippi downstream and reduces ET variance (more than 500 mm2) in California Central Valley.  

These regions with strong 𝜎𝐸𝑇𝑆
2  components overlap with major aquifers that have been depleted for 

irrigation [Konikow, 2015],   Anthropogenically induced storage change either enhances or dampens ET 
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variance depending on the local climate and has higher signals in ET variance than the natural vegetation.  

The Cascade Range and northern part of the Rocky Mountains also have positive 𝜎𝐸𝑇𝑆
2 , mainly because 

the snow accumulating and melting processes provide a temporal redistribution of water from cold to 

warm seasons. 

  

Figure 5.5.  Climatic and hydrologic components of 𝜎𝐸𝑇
2  

5.3.4 Experiment 2: Multi-source 𝜎𝐸𝑇
2  comparison 

Since the total ET variance is all positive, the following analysis on ET variance from multiple 

observations is assessed in terms of ET standard deviation.  𝜎𝐸𝑇𝑉𝐴𝑅𝐷 sums up the climaitic and hydrologic 

components from Experiment 1 (Eqn.1 or Eqn.4).  In Figure 5.6a, 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 ranges between 0 mm to 60 

mm; the maximum 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 occurs acrossing the High Plains and dereases toward west with the 

minimum located along the east of Sierra Nevada Mountains.  Florida also has noticeable 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 (above 

40 mm); the western coastal region and the Appalachian-Northeast line also have moderate 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 

(around 30 mm).  As shown in Figure 5.6b, the remote-sensing 𝜎𝑅𝑆−𝑈𝑊 exhibits similar spatial zonation 

to 𝜎𝐸𝑇𝑉𝐴𝑅𝐷, with the peak value in the Midwest and the coastal region of the North Pacific.  𝜎𝑅𝑆−𝑈𝑊 is in 

general larger than 40 mm on other parts of the East and less than 30 mm in the Mountain States, with the 

minimum located along the east of Sierra Nevada Mountains.  Remote-sensing based 𝜎𝑅𝑆−𝑀𝑂𝐷16 shows a 

contrast west-east spatial pattern (Figure 5.6c.)  The 𝜎𝑅𝑆−𝑀𝑂𝐷16 in western CONUS is mostly below 

20mm, which is smaller than that from 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 or 𝜎𝑅𝑆−𝑈𝑊 (above 20 mm in the region.) However, the 

northern pacific coast is exceptional with 𝜎𝑅𝑆−𝑀𝑂𝐷16 around 30 mm.  𝜎𝑅𝑆−𝑀𝑂𝐷16 is about 10 mm smaller 

than 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 or 𝜎𝑅𝑆−𝑈𝑊 in the western CONUS.  The peak values (larger than 50 mm) of 𝜎𝑅𝑆−𝑀𝑂𝐷16 are 

located along the downstream of the 
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Figure 5.6.  Spatial pattern of total ET variance by four observation-based estimates  

 

Mississippi River and the Southeast.  The Midwest and Northeast has moderate 𝜎𝑅𝑆−𝑀𝑂𝐷16 between 

30mm and 50mm.  The FLUXNET up-scaling estimate 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 is shown in Figure 5.6d.  Apparently, 

𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸, ranging s between 0 to 40 mm, is smaller than the other three estimations.  The spatial 

distribution of maximun 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 is similar to that of 𝜎𝐸𝑇𝑉𝐴𝑅𝐷, extending from the Midwest to the 

south part of the High Plains.  The Appalachian-Northeast line also has substential 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸;  the 

western CONUS has 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 generally below 20mm, which  shows a similar range to that of 

𝜎𝑅𝑆−𝑀𝑂𝐷16. 

It is not surprising to see the discrepency of spatil patterns of ET variance from these four 

estimates, but it is difficult to draw the conclusion on which product is more reliable than others, since the 

ture value is not known.  In general, 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 and 𝜎𝑅𝑆−𝑈𝑊, the two independent estimates yield similar 

spatial patterns and magnitudes.  𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 can be underestimated, compared to other three products. 

This is probbaly because the flux tower sites are too sparse to capture the heterogeneity of ET for a large 
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region.  Errors in 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 may exist at coastal grids where GRACE-estimated 𝛥𝑆 contains signals of sea 

water. 

Another purpose of Experiment 2 is to assess the compatiblity of a set of multi-variable (i.e., P, 

PET, ET and ΔS) observations under the theoretical ETVARD framework, by assessing the residual 

between 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 and the other three estiamtes.  The frequency histograms of the residuals between 

𝜎𝐸𝑇𝑉𝐴𝑅𝐷 and 𝜎𝑅𝑆−𝑈𝑊, 𝜎𝑅𝑆−𝑀𝑂𝐷16 or 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 are plotted in Figure 5.7.  As can be seen in Figure 5.7a, 

the residual between 𝜎𝑅𝑆−𝑈𝑊 and 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 fits a Gaussian distribution with a mean of 0.52 mm and 

standard deviation of 11 mm.  The small residual (i.e., 𝜎𝑅𝑆−𝑈𝑊 - 𝜎𝐸𝑇𝑉𝐴𝑅𝐷) indicates that this set of multi-

variable hydroclimatic observations (i.e., NLDAS-2 P and PET, GRACE-estimated ΔS, and 𝐸𝑇𝑅𝑆−𝑈𝑊) 

that are used to calculate 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 are statistically unbiased under the general laws embedded in 

ETVARD.   

The residual between 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 and 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 as shown in Figure 5.7b yields a Gaussian 

distribution with mean of -15 mm and standard deviation of 8.1 mm.  The relatively small residual 

standard deviation indicates 𝐸𝑇𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 may have relatively smaller uncertainty than the other two ET 

products, while the large residual mean indicates that 𝜎𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 is probably underestimated.  The 

residual between 𝜎𝑅𝑆−𝑀𝑂𝐷16 and 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 as plotted in Figure 5.7c yields a slightly bi-modal distribution, 

and a Gaussian fit results in a mean of -7.8 mm and standard deviation of 15 mm, the largest uncertainty 

among the three observation based ET products, when 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 is used as a reference. 

 

Figure 5.7.  Residual total ET variance from different sets of hydrologic variables under 

ETVARD 

5.4  Discussion 

5.4.1  The clustering of most important components of ET variance 

 Zeng and Cai [2015] qualitatively divided the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane into several zones with various 

controlling factors on 𝜎𝐸𝑇
2  based on the weighting factors.  Here, we take the largest absolute value of the 

six components in each grid (Figure 5.6), and identify that as the most important controlling component 
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of ET variance.  Those identifications are plotted in the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane as shown in Figure 5.8.  It 

confirms that in the CONUS P and PET are the major controls of 𝜎𝐸𝑇
2  in arid (𝜙 > 1) and humid regions 

(𝜙 < 1), respectively.  The major components associated with ΔS are located in the lower-left region, 

where the water and energy fluxes have relatively small values (approximately, �̅�<1000 mm, and �̅� +

𝑃𝐸𝑇̅̅ ̅̅ ̅̅ <2200 mm).  The empirical threshold exists since the catchment storage has relatively limited 

capacity to buffer the water and energy fluctuations. 

Exceptionally, several major components associated with storage (ΔS, and P&ΔS) are far beyond 

the thresholds as shown in Figure 5.8.  These points represent the major components of California or the 

areas along the lower reaches of the Mississippi River.  The deviation of the largest components in these 

regions is mainly due to the water storage change by agricultural water uses, which have significantly 

larger capability to use storage (e.g., pumping groundwater or surface water storage) than natural 

vegetation.  This confirms that when human water use significantly affects the ET process, and the largest 

components of 𝜎𝐸𝑇
2  are deviated from those in natural catchments.  Thus, the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane provides a 

visual diagnostic tool to detect human interferences on 𝜎𝐸𝑇
2 . 

 

Figure 5.8.  Largest 𝜎𝐸𝑇
2  component in each grid in the CONUS in the (�̅�, 𝑃𝐸𝑇̅̅ ̅̅ ̅̅ ) plane 
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5.4.2  Implication of 𝜎𝐸𝑇
2  components for model development  

The climatic components in Eqn.(5.2) and storage components in Eqn.(5.3) of 𝜎𝐸𝑇
2  provide 

valuable information for hydrologic model development in terms of increasing the accuracy of model 

inputs and the improvement of model structures.  For regions where 𝜎𝐸𝑇
2  climatic components are 

significant (as shown in Figures 5.4a-c and Figure 5.5a), more reliable model input fluxes (i.e., P and 

PET) would improve the model performance.  For example, 𝜎𝐸𝑇
2  in the western CONUS is not 

significantly affected by PET (Figure 5.4b).  Therefore, the hydroclimatic processes and models in this 

region may not need to be sensitive to the fluctuations in PET.  On the other hand, improving the model 

structure to better capture how hydrologic state variable S (e.g., snow, soil moisture and groundwater) 

responds to climate is important in regions where 𝜎𝐸𝑇
2  storage components are significant (Figures 5.4d-f 

and Figure 5.5b).  For example, 𝑤𝑃,Δ𝑆𝑐𝑜𝑣𝑃,Δ𝑆 represents catchments’ response (both natural and 

anthropogenic) to P, such as groundwater recharge and pumping.  Agricultural irrigation enhances the 

𝜎𝐸𝑇
2  in the High Plains and dampens the 𝜎𝐸𝑇

2  in California (Figure 5.4e.)  Therefore, farmers’ irrigation 

behavior should be reasonably represented in the models developed for these regions.  𝑤𝑃𝐸𝑇,Δ𝑆𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 

represents catchments’ response to PET, such as snow melting and vegetation water demand.  Figure 5.4f 

indicates that the snow dynamics in north pacific coast and vegetation dynamics in Eastern CONUS are 

important processes controlling the 𝜎𝐸𝑇
2  in these regions, respectively.  Using ETVARD as a tool for 

multiple land surface model inter-comparison and diagnosis will be discussed in Chapter 6. 

5.5 Conclusions 

This paper reconciles multi-source, multi-variable hydrologic observations along with a 

theoretical ET variance assessment framework (ETVARD).  The overall ET variance is categorized into 

one part with climatic variables (𝜎𝐸𝑇𝑆
2 ) and the other part with hydrologic system variables (𝜎𝐸𝑇𝐹

2 ).  Based 

on 𝜎𝐸𝑇
2  derived from ETVARD (Experiment 1), we characterize the spatial distribution of 𝜎𝐸𝑇

2  and its 

climatic and hydrologic components over the CONUS.  Although the contribution to 𝜎𝐸𝑇
2  from the 

climatic variables is larger than that from the hydrologic system variables in most of the regions of the 

CONUS, we identify some regions such as California and the lower reach of Mississippi River, where 

terrestrial water storage and components related to terrestrial storage change significantly change the 𝜎𝐸𝑇
2 .  

In those regions, groundwater pumping for irrigation (e.g., in California) and water withdrawal from 

surface water (e.g., lower reach of Mississippi River) have led to systematic change of the terrestrial 

storage.  Based on the comparison of three observation-based ET products using ETVARD as a reference, 

we propose diagnostic hypotheses in terms of the possible bias and uncertainty involving the various ET 

products: 𝐸𝑇𝑅𝑆−𝑈𝑊 captures the high 𝜎𝐸𝑇
2  signals in the Midwest, with negligible “bias” and moderate 

uncertainty over the CONUS;  𝐸𝑇𝐹𝐿𝑈𝑋−𝑀𝑇𝐸 systematically underestimates 𝜎𝐸𝑇
2  over the CONUS but with 
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the lowest level of uncertainty;  𝐸𝑇𝑅𝑆−𝑀𝑂𝐷16 has medium bias with highest level of uncertainty, and the 

spatial distribution of high 𝜎𝐸𝑇
2  signal from 𝐸𝑇𝑅𝑆−𝑀𝑂𝐷16is different from other estimates.  Note that these 

hypotheses each assume that the reference 𝜎𝐸𝑇
2  value derived from ETVARD is accurate, which may be 

also uncertain.  This reference value itself depends on the quality of the multiple data sources that are 

used to estimate the climatic and hydrologic variables involved in ETVARD (P and PET from NLDAS-2 

and ΔS from GRACE), including errors that can be caused by the aggregation processes of the data 

sources with different spatial and temporal resolutions.  Nevertheless, the experiments presented in this 

paper demonstrate how to use a hydrologic theory (i.e., ETVARD in this case) to compare multi-source, 

multi-variable hydroclimatic observations.  As the ET products based on observations have often been 

used for hydroloigc model development and water resources management, inter-comparison of the 

various ET products is necessary to reconcile any inconsistency or uncertainty.  Given such discrepency 

among various ET products, model calibration and validation are conditioned on the quality of the 

observation data used.  The insights on hydroclimatic observations provided in this paper will be 

extended by comparing and diagnosing ET variance simulated by multiple land surface models in Chapter 

6. 
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CHAPTER 6 

EVALUATION AND DIAGNOSIS OF ET VARIANCE FROM 

MULTIPLE LAND SURFACE MODELS 

 

Following the observation assessment in Chapter 5, this chapter focuses on using ETVARD as a 

diagnostic tool to benchmark multiple land surface models.  The insights from ETVARD and information 

embedded in observations will help to pinpoint the processes in land surface models that need 

improvement. 

6.1. Introduction 

Improved understanding of hydroclimatic processes, increasing computational power, and 

expanding data repository enable us to depict dynamic hydrologic processes and systems using physically 

more realistic numerical models, namely land surface models (LSMs).  Such models are increasingly used 

for scientific understanding and decision-making support, and there are growing needs for systematic 

approaches for model evaluation and improvement  [Clark et al., 2015b].  The modelling community 

attempts to reduce model errors from several sources, including model input [Cosgrove et al., 2003; 

Badgley et al., 2015; Herold et al., 2016], model structure [Gulden et al., 2007; Xu and Valocchi, 2015] 

and model parameter [Orth et al., 2016].  In addition, hydrologic modelers must consider the impacts of 

the quality of reference observations, which are usually not “accurate” though they are used as a 

benchmark for model outputs.  For instance, Tiedeman and Green [2013] found that omitting observation 

error could either increase or decrease the parameter variance, depending on the correlation between 

observation errors and parameter sensitivities; Montanari and Di Baldassarre [2013] explored how an 

appropriate selection of model complexity would help reduce the effect of reference observation 

uncertainty.  Observation errors not only affect the model results directly through model inputs [Cosgrove 

et al., 2003] and data assimilation procedures [Beven and Freer, 2001], but also complicate model 

validation [Hejazi et al., 2009].  Due to potential error with the reference observation, a small discrepancy 

between model output and reference observation may not necessarily mean that the model is acceptable; 

meanwhile, a poor fit to a set of noisy observation data does not provide a sufficient reason to reject a 

model.  Thus, the efforts in reducing the discrepancy between model outputs and observations in model 

calibration exercises may fail to improve the model, if the reference observations involve systematic 

errors.  As shown by previous studies, a perfectly calibrated model may convert the reference observation 

error into  error within a set of over-confident parameters [Hejazi and Cai, 2009].  
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Model evaluation can be further complicated when multiple inconsistent reference observations 

are available.  For example, Cai et al. [2014] reported a reasonably good agreement in evapotranspiration 

(ET) annual mean estimates between simulations from LSMs in Phase 2 of the North American Land 

Data Assimilation System (NLDAS-2) and two remote-sensing ET products [Jung et al., 2009; Mu et al., 

2011].  However, Xia et al. [2016] found that the same LSMs failed in generating the ET seasonal cycle 

observed from gridded FLUXNET observations [Jung et al., 2009].   

We may argue that hydrologic theories play a necessary role in bridging the gap between models 

and observations.  Although observations, models, and theories are not perfect, each contains 

complementary information about the real world.  Observations can capture the full range of hydrologic 

dynamics driven by climatic, biophysical and anthropogenic forcings [Rodell et al., 2015]; models can 

predict the hydrologic responses to either stationary or nonstationary forcings and explore the feasible 

space of a hydrologic variable [Kumar, 2011]; theories are used to synthesize our understanding of 

hydrologic phenomena and expand hydrologic knowledge [Kirchner, 2006; Clark et al., 2016].  This 

paper presents a model evaluation framework based on an observation-model-theory triplet (Figure 6.1), 

through which we examine both the congruence and discrepancy among observations, models and 

theories and provide guidelines for model improvement based on effective use of hydrologic observations 

and hydrologic theories. 

Following the assessment of multiple observations in Chapter 5, in this paper we expand the 

context of observation-model-theory triplet (Figure 6.1) for LSM assessment over the contiguous US 

(CONUS) with respect to their estimates of ET monthly variance (𝜎𝐸𝑇). In this context, the 

Evapotranspiration Temporal VARiance Decomposition (ETVARD) framework is used as a diagnostic 

tool that is based on a general theory [Zeng and Cai, 2015; 2016] and is independent from any particular 

LSM structures.  

𝜎𝐸𝑇 from the LSMs will be compared against multiple observations.  Furthermore, possible 

deficits in model structures of the LSMs will be diagnosed using the same set of inputs. As concluded in 

in Chapter 5, the inconsistency among the four observation-based ET variance (i.e., 𝜎𝐸𝑇) estimates show 

certain spatial patterns and cannot be simply treated as “white noise”. The uncertainties in observation-

based ET products, such as eddy flux tower and remote sensing products have also been identified by 

previous studies [Jung et al., 2009; Q. Tang et al., 2009; Mu et al., 2011; Landerer and Swenson, 2012]. 

However, according to our knowledge, in the literature few have systematically investigated the impacts 

of the errors of multiple ET reference observations on LSM inter-comparison.   

In the rest of this paper we will conduct the LSM assessment via three pre-designed experiments, 

which will cover: 1) the cross-evaluation of four LSMs (MOSIAC, NOAH and VIC from NLDAS-2 

project [Mitchell et al., 2004; Xia et al., 2012a; Xia et al., 2015a] and NOAH-MP [Cai et al., 2014]) 
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subject to multi-source reference observations; 2) comparison of the LSMs to ETVARD (as a benchmark) 

and the diagnosis of the possible deficits in each of the LSMs; 3) comparison of the LSMs’ simulation of 

the terrestrial water storage to GRACE-estimated storage and their effects on the hydrologic system 

components of 𝜎𝐸𝑇  through ETVARD, in which 𝜎𝐸𝑇 is split into two parts (one from climatic variables 

and the other from hydrologic variables such as especially the terrestrial water storage change.) Finally 

based on the results from the experiments, diagnostic hypotheses will be provided regarding the 

evaluations and improvements of the LSMs. 

 

Figure 6.1.  The congruence among hydrologic theories, multi-source multi-variable 

hydroclimatic observation data and multiple numerical models represent our organized 

understanding of hydrologic processes. 

6.2. Methods 

It has been argued that the model evaluation process should be “diagnostic”, i.e., to obtain 

knowledge that can be used to either validate or reject the hypotheses underlying the model 

conceptualization and structure, which will eventually lead to improved models and advanced theories 

[Gupta et al., 2008].  Hydrologic responses simulated by a model can rarely capture the full spectrum of 

hydrologic dynamics and/or hydrologic variability [Kumar, 2015], which however can be reflected by 

observations.  Especially, current data acquisition has gone beyond what some existing LSMs can take as 

inputs.  New variables, such as terrestrial water storage [Long et al., 2015], are now available at the global 

scale.  Xia et al. [2017] evaluated the monthly terrestrial water storage anomaly and the individual water 

storage components from three LSMs (i.e., CLM 4.0, Noah-MP and CLSM-F2.5, all including a 

groundwater component) against GRACE.  However, the change of terrestrial water storage, which is 

widely caused by human interferences, remains as an outstanding issue with hydrologic models in general 
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since few models have a reasonable depiction of the human dimension and its interactions with 

hydrologic processes [Vogel et al., 2015]. 

Recent research efforts have been made to develop frameworks for LSMs inter-comparison, 

diagnosis and benchmarking in land surface modelling communities, for example, the Framework for 

Understanding Structural Errors (FUSE) [Clark et al., 2008], the Joint UK Land Environment Simulator 

(JULES) [Best et al., 2011], the Structure for Unifying Multiple Modeling Alternatives (SUMMA) [Clark 

et al., 2015a; Clark et al., 2015c] and the PALS Land Surface Model Benchmarking Evaluation Project 

(PLUMBER) [Best et al., 2015].  These comprehensive frameworks examine the simulation of relevant 

hydroclimatic and land surface processes (e.g., ET, infiltration, streamflow, etc.) through inter-

comparison of the various model configurations and process representations (e.g., VIC calculates ET from 

soil evaporation, canopy evaporation and vegetation transpiration [Gao et al., 2010b]; NOAH calculates 

ET from snow sublimation, bare soil evaporation, canopy water evaporation and vegetation transpiration 

[Niu et al., 2011]).  In this paper, we do not provide a comprehensive LSM inter-comparison framework 

like those listed above.  Our assessment focuses on ET variance, which is related to other hydroclimatic 

variables and processes.  ETVARD is used as an analytical, diagnostic tool that is independent from any 

of the four LSMs.  The diagnostic framework is based on the observation-model-theory triplet, with 

ETVARD as the theoretical component. 

6.2.1 Model evaluation and diagnosis driven by hypothesis test  

Some researchers [Clark et al., 2011; Beven, 2012; Clark et al., 2016] argued that a hydrologic 

model could be reviewed as a set of connected variables and coupled hypotheses associated to physical 

processes in either empirical or theoretical forms.  For one particular process, there are usually several 

alternative hypotheses (e.g., infiltration can be described by Richard’s equation or Green-Ampt method; 

potential ET can be calculated by Penman-Monteith equation or temperature based methods).  In this 

context, a subset of hypotheses can be used for model construction and others for model evaluation and 

diagnosis.  This is similar to the model calibration/validation procedures, where a portion of data is used 

to tune model parameters and the rest for model validation. An LSM represents a set of hypotheses that 

are posed for the various hydrologic processes such as runoff generation, infiltration, ET, etc.  Since these 

processes are inter-connected, the test of these hypotheses should be conducted in a systematic 

framework.  For example, Koster and Suarez [1999] related ET variance (𝜎𝐸𝑇) to precipiation variance 

based on the Budyko theory and evaluated ET simulations from LSMs at the river basin scale. 

Inter-comparison of multiple LSMs with different model structures (or hypotheses) and even 

different data inputs will need an independent reference or benchmark that is based on general theory. 

ETVARD plays such a role in this study.  ETVARD relates 𝜎𝐸𝑇 to the variance and covariance of 

precipitation (P), potential ET (PET) and terrestrial water storage change (ΔS) at the watershed scale 
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[Zeng and Cai, 2015; 2016], all of which are available from multi-source observations or assessments.  

As elaborated by Eqn.(5.1) in Chapter 5, ETVARD decomposes 𝜎𝐸𝑇 into climatic and hydrologic 

components (𝜎𝐸𝑇𝐹  and𝜎𝐸𝑇𝑆), and by comparing these two components to those derived from the LSMs 

will allow us to identify some specific processes (climatic vs. hydrologic) simulated by a LSM that may 

involve some discrepancy, for example,  the terrestrial storage change associated with groundwater 

pumping for irrigation and/or water supply, which needs to be added or refined by existing hydrologic 

models [Vogel et al., 2015].  

In addition, the spatial patterns of 𝜎𝐸𝑇 components identified by ETVARD (from Experiment 1 in 

Chapter 5) will be compared to the patterns generated by the LSMs, which will indicate particular 

locations where possible discrepancies in simulating ET processes exist with an LSM.  

It should be noted that there are several other approaches towards reconciling models with data 

and making more effective use of data for model improvement.  Especially, data assimilation has been 

widely used for assimilating real-time observation of model state variables to adjust model outputs 

dynamically [Cosgrove et al., 2003].  Numerous efforts have also been made using machine learning 

algorithms.  For example, such algorithms have been used to construct error models to correct the 

epistemic error of spatially-distributed physically-based models [Xu et al., 2014].  However, it remains 

challenging with data driven methods on how to best utilize the ever expanding repository of hydrologic 

observation for model diagnosis, such as attributing model error to specific model processes [Xu et al., 

2017a].  The approaches based on theoretical hydrologic relationships therefore can have advantage over 

data-driven approaches for model diagnosis due to their explanatory power[Xu et al., 2017b], which is 

analogy to the issue of “white box” vs. “black or gray box”. 

6.2.2 Experiment design 

The experiments to be used in this paper follow the two experiments in Chapter 5 with three 

additional experiments designed for LSM assessment, as shown in Figure 6.2. Under the three 

experiments, the four LSMs (MOSIAC, NOAH, VIC NOAH-MP).  These models use the same climate 

forcing and land cover parameters at the same temporal and spatial scales, which allows the inter-

comparison to focus on model structure.  This study uses the monthly scale model inputs (i.e., P and PET) 

and outputs (i.e., ET and ΔS), which are available at NOAA/NCEP/EMC NLDAS ftp servers.  An LSM 

calculates terrestrial ET from soil, canopy, snow and vegetation, depending on the processes formulated 

in the LSM.  Terrestrial water storage change (ΔS) includes the changes of soil moisture, snow and 

aquifer storage.  To compare a LSM to ETVARD, the LSM results obtained at the resolution of 0.125° by 

0.125° (the common scale used by all the LSMs) to 1° by 1°, the resolution of GRACE data.  Each of the 

LSMs simulates PET with different methods but using the same meteorological foricngs; while ETVARD 

uses the PET that is also calculated using NLDAS-2 forcing data [L. Mahrt and Michael Ek, 1984]. 
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As shown in Figure 6.2, Experiment 3 compares the ET variance at the monthly scale from the 

four LSMs (denoted as 𝜎𝐸𝑇−𝐿𝑆𝑀
2 ) to that from four observation-based ET products 
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Figure 6.2.  Schematics of hydrologic processes as a simple system, along with various ET 

variance estimates and its components from observation, simulation and ETVARD 

approaches.  Variables that are represented in black for true but unknown values, in blue 

for quantities from direct or indirect observation data, in red for quantities by numerical 

models and in green for “hybrid” quantities from both observation and model results.  Blue 

dash lines represent for data acquisition which is inevitably subject to observation and/or 

processing error.  Solid lines represent for information propagation indirection.  Black dash 

lines illustrate the pairs of quantities assessed in each experiment in the two companion 

papers. 

 

(Experiment 2 in Chapter 5).  By calculating the difference of 𝜎𝐸𝑇
2  between each LSM simulation and 

each observation-based product, we will obtain a matrix showing the comparisons of four LSMs and four 

observations. This experiment is designed to show how the conclusion of model evaluation varies with 

the references. 

In Experiment 4, 𝜎𝐸𝑇
2  calculated from ETVARD takes the same climate forcings (i.e., P and PET) 

as those used in the LSMs and the terrestrial storage ΔS from each of the four LSMs.  Thus in this 

experiment,  𝜎𝐸𝑇−𝐿𝑆𝑀
2  and 𝜎𝐸𝑇𝑉𝐴𝑅𝐷

2  are based on the same climatic and hydrologic inputs.  This experiment 

isolates the effect on 𝜎𝐸𝑇 estimates associated with governing processes fromthat associated the input data. 
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Therefore, the comparison will focus on the difference caused by the model structure (i.e., physical process 

representation) of an LSM and the analytical form (Eqn.5.1 in Chapter 5) of ETVARD. 

Experiment 5 is particularly designed to assess the impact on 𝜎𝐸𝑇
2  from the terrestrial water 

storage change (ΔS) estimates based on two sources: GRACE-based observation and LSM-simulation, 

i.e., the only variable of interest in Experiment 5 is ΔS.  With the same climatic forcings (i.e., P and PET) 

for ETVARD and LSMs, we focus on the comparison of the hydrologic component 𝜎𝐸𝑇𝑆
2  (Eqn.5.3 in 

Chapter 5).  𝜎𝐸𝑇𝑆
2  includes water storage change variability, the correlation between P and ΔS (e.g., soil 

moisture replenish, aquifer recharge to rainfall excess and/or pumping and water withdrawal in dry days) 

and the correlation between PET and ΔS (e.g., snow melting and thaw).  Note that 𝜎𝐸𝑇𝑆
2  represents the 

water storage related components in 𝜎𝐸𝑇
2 , therefore can be both negative or positive.  Since GRACE 

observation includes ΔS from groundwater, which however is generally not simulated by operational 

LSMs [Xia et al., 2017].  Through Experiment 5 we expect to identify the locations for LSM 

improvement, where land surface processes actively interact with groundwater, by either natural 

processes (e.g., groundwater recharge/discharge) or human activities (e.g., groundwater pumping), or 

both. 

6.3. Results 

6.3.1  Inter-comparison of 𝜎𝐸𝑇 among multiple reference observations, ETVARD and multiple LSMs 

(Experiment 3) 

The monthly 𝜎𝐸𝑇 from the four LSMs ranges from 0 to 60 mm as shown in Figure 6.3.  The four 

LSMs commonly produce high 𝜎𝐸𝑇 (above 40 mm) in Midwest and low 𝜎𝐸𝑇 (below 20mm) in the 

western region of meridian 100°W.  Meanwhile the four LSMs produce different levels of 𝜎𝐸𝑇 in the 

northeastern region of CONUS, where 𝜎𝐸𝑇 above 30 mm by MOSAIC and NOAH-MP and around 20 

mm by NOAH and VIC.  The LSM-simulated 𝜎𝐸𝑇 values show significant differences along the West 

Coast compared to the four observation-based estimates (Figure 5.8 in Chapter 5).  Compared to four 

observation-based estimates, which all yield noticeable 𝜎𝐸𝑇 (larger than 30 mm) along the West Coast 

though varying by magnitude, the four LSMs results in low 𝜎𝐸𝑇 (20 mm) along the West Coast. 

Compared to the result of ETVARD, the four LSMs consistently generate low 𝜎𝐸𝑇 in the West Coast. A 

unique contributor to 𝜎𝐸𝑇 along the West Coast is the Mediterranean climate.  By ETVARD, the out-of-

phase between the rainfall season and the warm season results in a negative climatic component (i.e., 

𝑤𝑃,𝑃𝐸𝑇𝑐𝑜𝑣𝑃,𝑃𝐸𝑇) in 𝜎𝐸𝑇 in this region, as shown in Experiment 1 and Figure 5.4c in Chapter 5.  In 

addition, the contributions from terrestrial water storage change in this region are also significant.  In 

California, the terrestrial water storage release during the dry season leads to a significant reduction in 

𝜎𝐸𝑇 via a negative 𝑤𝑃,Δ𝑆𝑐𝑜𝑣𝑃,Δ𝑆 component; while snow melting during the warm season enhances 𝜎𝐸𝑇 
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with a positive 𝑤𝑃𝐸𝑇,Δ𝑆𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆 component in the coast region of Oregon and Washington.  Thus the 

relatively low 𝜎𝐸𝑇  from the four LSMs in the West Coast is probably due to the Mediterranean climate 

and/or the limited water storage representation in the models. More detailed results on terrestrial storage 

change effects should be referred to Experiment 5, which includes the impact of GRCACE-estimated 

terrestrial storage change in the comparison. 

 

Figure 6.3.  𝜎𝐸𝑇 (i.e., the red 𝜎𝐸𝑇𝐿𝑆𝑀 in Figure 6.2) simulated by the four LSMs (MOSAIC, 

NOAH, NOAH-MP and VIC), which are driven by the same forcing data sets and executed 

at the same temporal and spatial resolution. 

 

The average residual (𝜎𝐸𝑇𝑟𝑒𝑠) between the 𝜎𝐸𝑇 from a LSM and that from an observation based 

product is calculated as the mean absolute difference between the two over all grids in the CONUS, that 

is, 𝜎𝐸𝑇𝑟𝑒𝑠 =
1

𝑛
∑ |𝜎𝐸𝑇𝐿𝑆𝑀 − 𝜎𝐸𝑇𝑂𝑏𝑠|𝑛

𝑖=1 .  The pair-wise inter-comparisons are shown in Table 6.1.  𝜎𝐸𝑇 

calculated by ETVARD is also used as a reference together with the observations.  By each column of 

Table 1, one observation is used as the reference, and the model with the smallest residual is picked as the 

“best model”.  For example, when 𝜎𝐸𝑇 from ETVARD is treated as reference, MOSIAC model has the 

smallest residual (i.e., 8.41 mm) among the four models and is therefore chosen as the “best model”.  It is 
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surprising to find that each of the LSMs is identified once as the “best model” with the various references.  

This confirms that inter-comparison of the multiple LSMs is observation-dependent.  Recognizing the 

possible limitations of using any single model for problem solution, ensemble-based approaches have 

been widely used to handle model uncertainties, in which the results from the various models are 

combined with given a certain set of priorities (often subjective) on the models.  

 

Table 6.1.  Pairwise 𝜎𝐸𝑇 differences between land surface models and observation products.  

Column-wise comparison represents the average 𝜎𝐸𝑇 residual when an observation-based 

𝜎𝐸𝑇 is used as reference, so the smallest absolute value in the column (in italic) indicates the 

best model. 

[mm] ETVARD RS-UW MOD16 FLUXNET  

MOSIAC 8.41 7.72 10.96 12.26  

NOAH 12.03 11.96 10.52 6.21  

NOAH-MP 8.95 6.58 11.16 15.49  

VIC 9.61 8.52 10.26 9.12  

Best model MOSIAC NOAH-MP VIC NOAH  

 

6.3.2  Model structure assessment by using ETVARD as a benchmark for LSMs (Experiment 4) 

𝜎𝐸𝑇 by ETVARD with ΔS simulated by each of the four LSMs is shown in Figure 6.4.  The four 

𝜎𝐸𝑇 estimates exhibit a clear contrast along the east-west direction near the meridian 100°W line. For all 

the cases, i.e., 𝜎𝐸𝑇 from ETVARD using ΔS from all the LSMs is less than 20 mm in the west mountains 

and larger than 40 mm in the West Coast of California.  The high 𝜎𝐸𝑇 (about 50 mm) is generally located 

in some areas around the Midwest, while 𝜎𝐸𝑇 with ΔS from NOAH-MP generates high 𝜎𝐸𝑇 in the whole 

eastern part except for the areas along the Appalachian Mountains. 
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Figure 6.4.  𝜎𝐸𝑇 calculated by ETVARD (i.e., the green 𝜎𝐸𝑇𝐿𝑆𝑀 in Figure 6.2) with terrestrial 

water storage change (ΔS, including soil moisture, snow and/or groundwater) simulated by 

different LSMs. 

 

Figure 6.5 displays the differences in 𝜎𝐸𝑇 from each of the four LSM results (i.e., 𝜎𝐸𝑇𝐿𝑆𝑀 =

𝑓𝐿𝑆𝑀(𝑃, 𝑃𝐸𝑇, Δ𝑆𝐿𝑆𝑀) in Figure 6.3, where 𝑓𝐿𝑆𝑀 represents a LSM model function) and ETVARD with ΔS 

simulation from each of the four LSMs as input (i.e, i.e., 𝜎𝐸𝑇𝑉𝐴𝑅𝐷 = 𝑓𝐸𝑇𝑉𝐴𝑅𝐷(𝑃, 𝑃𝐸𝑇, Δ𝑆𝐿𝑆𝑀) in Figure 

6.4, where 𝑓𝐸𝑇𝑉𝐴𝑅𝐷 represents Eqn.(5.1) in Chapter 5.  Note that the inputs (𝑃, 𝑃𝐸𝑇, Δ𝑆𝐿𝑆𝑀) to ETVARD 

and the LSMs are the same, Figure 6.5 isolates the impact on 𝜎𝐸𝑇 from the input data and explicitly show 

the difference between an LSM and ETVARD caused by the physical process representation of 𝜎𝐸𝑇 in 

LSM (i.e., 𝑓𝐿𝑆𝑀) and the analytical ETVARD (i.e., 𝑓𝐸𝑇𝑉𝐴𝑅𝐷).  A common spatial pattern shared by the 

four LSMs is that 𝜎𝐸𝑇 along the West Coast is significantly smaller (about 20 mm) than that from 

ETVARD.  As discussed in Experiment 3, the most apparent 𝜎𝐸𝑇 difference between LSMs results and 

the observation-based estimates (from Experiment 2 in Chapter 5) is located along the West Coast.  We 

have suggested that the difference may be caused by inaccurate simulation of terrestrial water storage or 

by inadequate process representation under the Mediterranean climate.  In this experiment that compares 
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the model structures in terms of the differences in ET variance, we may further claim that the differences 

are mainly attributed to the model structures of the LSMs.  

Although the 𝜎𝐸𝑇 differences between LSMs and ETVARD are found with other regions, they are 

not consistently shared by the four LSMs.  For instance, MOSAIC, NOAH-MP and VIC generally yield 

slightly higher 𝜎𝐸𝑇 (less than 5 mm) than that from ETVARD in the Midwest and Northeast, while 

NOAH exhibits the pattern mainly in the Southeast.  NOAH and NOAH-MP predict significant lower 𝜎𝐸𝑇 

(more than 20 mm) than that by ETVARD in the region around Idaho, where the covariance between ΔS 

and PET contributes considerably to 𝜎𝐸𝑇 (in Figure 5.6f in Chapter 5).  This implies the differences might 

be mainly associated with the snow processes or vegetation’s responses to solar radiation in NOAH and 

NOAH-MP. In addition, NOAH and VIC show significantly lower 𝜎𝐸𝑇  than that by ETVARD and 

observation-based 𝜎𝐸𝑇 around the southern region along meridian 100°W, where P is the largest 

component in 𝜎𝐸𝑇 as shown in Figure 5.6a in Chapter 5. 

Although we do not claim that any of the estimates by LSMs, ETVARD or observation-based 

estimates is accurate, this experiment shows that in most of the regions in the CONUS, the estimates from 

ETVARD and observations are more similar compared to estimates from LSMs.  Following the analysis 

of the contribution sources of 𝜎𝐸𝑇 in Experiment 1, we can target some particular processes contributing 

to the disagreements for further studies.  Moreover, taking the ETVARD as a benchmark, Experiments 1 

and 4 can be used for identifying the processes controlling 𝜎𝐸𝑇 and their spatial locations in the four 

LSMs.  For example, Experiment 1 shows that the energy budget dominates 𝜎𝐸𝑇 in the coast of 

Washington and Oregon.  Therefore, the models in these regions should be examined in the energies 

related processes such as snow dynamics or vegetation water demand. 
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Figure 6.5.  The 𝜎𝐸𝑇 residual between ETVARD (𝜎𝐸𝑇 = 𝑓𝐸𝑇𝑉𝐴𝑅𝐷(𝑃, 𝑃𝐸𝑇, Δ𝑆𝐿𝑆𝑀)) and LSM 

(𝜎𝐸𝑇 = 𝑓𝐿𝑆𝑀(𝑃, 𝑃𝐸𝑇, Δ𝑆𝐿𝑆𝑀)).  With the same input data, this residual shows the pair-wise 

discrepancy between benchmarking ETVARD and aggregated processes in LSM (i.e., 

𝑓𝐸𝑇𝑉𝐴𝑅𝐷 vs. 𝑓𝐿𝑆𝑀). 

 

6.3.3 LSM diagnosis using hydrologic observations (Experiment 5) 

The terrestrial storage component, 𝜎𝐸𝑇𝑆
2 , calculated from Δ𝑆𝐺𝑅𝐴𝐶𝐸 and four LSM simulated 

Δ𝑆𝐿𝑆𝑀, respectively, ranges from -800 to 1200 mm2, as shown in Figure 6.6.6.  The estimates from the 

four LSMs and GRACE are quite consistent in the South and the West, where ΔS buffers the ET 

fluctuation.  In Idaho, all five 𝜎𝐸𝑇𝑆
2  estimates consistently indicate that ΔS enhances 𝜎𝐸𝑇, mainly due to the 

snow storage.  NOAH-MP results exhibit the pattern in a slightly larger area than other models.  

Experiment 4 shows that the snow processes (variance of the storage) or vegetation’s response to solar 

radiation (via the co-variance between ΔS and PET) in NOAH and NOAH-MP may be responsible for the 

difference between LSMs and ETVARD.   
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Figure 6.6.  𝜎𝐸𝑇𝑆
2 , the terrestrial water storage change components in 𝜎𝐸𝑇

2 , with ΔS from 

GRACE observation and the four LSMs simulations. 
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Experiment 5 further finds that the vegetation’s response to solar radiation (the covariance item, 

𝑤𝑃𝐸𝑇,𝛥𝑆𝑐𝑜𝑣𝑃𝐸𝑇,𝛥𝑆) can be the primary reason for the difference.  

The most apparent 𝜎𝐸𝑇𝑆
2  difference between GRACE observation and LSMs simulation appears in 

the Midwest and the High Plains.  𝜎𝐸𝑇𝑆−𝐺𝑅𝐴𝐶𝐸
2  shows that ΔS substantially enhances 𝜎𝐸𝑇 in the Midwest 

and the northern and middle High Plains; while the four LSMs generate large 𝜎𝐸𝑇𝑆
2  generally in the east of 

meridian 90°W and their spatial patterns are inconsistent.  The significant impacts on ET from 

agricultural land use and groundwater based irrigation in these regions have been well-recognized by both 

remote-sensing estimates [Strassberg et al., 2009; Mutiibwa and Irmak, 2013] and groundwater well 

measurements [McGuire, 2012; Haacker et al., 2015].  However, an accurate representation of heavily 

managed agricultural land use still remains a challenge in LSM formulation  LSMs generally have a 

relative shallow soil profile (e.g., 2m in VIC [Liang et al., 1994]) which can be sufficient to characterize 

natural vegetation root water up-taking but cannot catch the effect of groundwater pumping which 

decreases water storage deep in the aquifer, and in turn cannot reflect the effect of accumulative depletion 

of aquifer storage [Zeng and Cai, 2014].  Although the NOAH-MP has a simple aquifer representation, 

the transient decline in groundwater level results in a large amount of storage change which is beyond the 

storage scope in LSMs.  Thus beyond the issue of more accurate simulation of ΔS, Experiment 5 unveils 

how a better simulation of ΔS, especially in intensively managed agricultural land, would improve the 

simulation of ET and ET variance in LSMs. 

The scatter plot of 𝜎𝐸𝑇𝑆−𝐺𝑅𝐴𝐶𝐸
2  and 𝜎𝐸𝑇𝑆−𝐿𝑆𝑀

2  of the four LSMs in the CONUS is shown Figure 

6.7.  Overall, all LSMs yield a smaller 𝜎𝐸𝑇𝑆
2  components than the GRACE-based 𝜎𝐸𝑇𝑆

2  (the regression 

slopes are less than 1).  Among all the LSMs, NOAH-MP gives closest 𝜎𝐸𝑇𝑆
2  to GRACE-based estimate 

than other three LSMs, which is probably due to the aquifer module (though a simple one) in the NOAH-

MP.  It is noted that in regions where ΔS buffers 𝜎𝐸𝑇 (i.e., the 𝜎𝐸𝑇𝑆
2 <0), the buffering effect by LSMs is 

consistently less than that reflected by GRACE observation.  These regions are mainly located in the 

western mountainous regions where terrestrial water storage plays a more important role in 𝜎𝐸𝑇𝑆
2  than 

other regions.  Further study is needed to assess not only the accuracy of ΔS from GRACE but also the 

uncertainties involved in the LSMs especially in the process representations in those models associated 

with ΔS simulation. 
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Figure 6.7.  The scatter plot of 𝜎𝐸𝑇𝑆
2  from GRACE observation and the four LSM 

simulations.  The positive 𝜎𝐸𝑇𝑆
2  indicates grids where 𝜎𝐸𝑇 is enhanced by terrestrial water 

storage change, and negative 𝜎𝐸𝑇𝑆
2  indicates grids where 𝜎𝐸𝑇 is dampened by terrestrial 

water storage change. 

 

6.4.  Discussions 

6.4.1 Model evaluation as decision making with reference observation uncertainty 

According to the terminology by Best et al. [2015], “model evaluation” means that model results 

are compared to observations to measure some error indices; “model comparison” involves calculating 

the error indices from multiple models with a common reference, and a model with smaller error indices 
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is considered to be superior to other models.  This paradigm implicitly assumes that there is a single 

observation that well captures the reality.  However, for instance, Experiment 2 in Chapter 5 has shown 

that the four observation-based 𝜎𝐸𝑇
2  estimates are inconsistent and some or all of these observations are 

subject to bias and uncertainty.  Given the inconsistency among multi-source observations, Experiment 3 

shows that the selection of the “best model” among the four LSMs is observation-dependent, and a small 

discrepancy between an LSM and an observation does not necessarily imply that the model is accurate. 

Setting model evaluation in a hypothesis test framework [Vogel et al., 2013], traditional model 

evaluation is essentially based on the null hypothesis H0, by which a model with a small error index 

compared to a reference observation is a good model with a certain significance level 𝛼, as shown in 

Figure 6.8a.  The significance level 𝛼 (e.g., 5%) implies that if H0 is true, we have a probability of 𝛼 to 

mistakenly reject a good model, termed as Type I error.  H0 reflects model developers’ concern of model 

development failure.  Given the uncertainty in a reference observation, however, we may also concern 

with an alternative hypothesis HA , by which the model with small error indices compared to the 

observation is not a good model, as shown in Figure 6.8b.  If HA is positive and the observation used as 

reference is unreliable, there is another probability 𝛽 that we may mistakenly accept a wrong model due 

to unreliable data. This is referred to a Type II error, which is usually ignored in traditional model 

evaluation but can have serious consequences if the wrong model is used for any operational applications 

such as real time drought monitoring [Anderson et al., 2013]. 

In this study, the collision between models and observations shows that model evaluation should 

be regarded as “decision-making under uncertainty” to fully account for the reliability in reference data, 

as illustrated in Figure 6.8b.  Compared to traditional model evaluation which is deterministic (implicitly 

ignoring observation data uncertainty), this paradigm emphasizes how observation data reliability affects 

the conclusion in model evaluation.  Indices about data uncertainty (e.g., confidence intervals and error 

bars) in those observation-based estimates should be incorporated for model evaluation as stochastic 

decision-making, while quantifying the significance level (i.e., 𝛼 and 𝛽) in both null and the alternative 

hypothesis. 
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Do model results 

match data?

Adequate

model

Unsatisfactory

model
No

Yes

Assuming reference 

observation is accurate.

 

Do data match 

model results?

No

Yes

Is data reliable?

No

Yes

Is data reliable?

No

Yes

Correct conclusion:

Satisfactory model

Type II error:

Accepting wrong model 

due to unreliable data

Correct conclusion:

Unsatisfactory model

Type I error:

Possibly rejecting good 

model with unreliable data
 

Figure 6.8.  Decision diagram showing model evaluation a) assuming reliable reference 

observation and b) considering the effect of reference observation uncertainty. 

 

Experiment 3 assesses 𝜎𝐸𝑇 from multi-observations and multi-models, illustrating the possible 

fallacy in traditional model evaluation without carefully taking the reference observation uncertainty into 

account.  This brings up a more profound issue in model-data interface that the match between 

observation and simulation does not necessarily correctly capture the reality due to the lack of a diagnosis 

tool based on a confirmed generic theory.  Modelers continuously improve their models with more 

accurate forcing, better model structure and more realistic parameterizations to reduce the discrepancy 

between model result and observation data; meanwhile data scientists use more advanced data mining 

techniques and more physically-sound methods to retrieve target variables from raw sensor signals and 

justify the products against relevant theories, empirical relations, and/or model simulations.  In this 

iteration between model update and observation improvement, we would hopefully reach a convergence 

between model and observation.  However, this procedure may still lead to an unnoticeable fallacy that 

model and observation finally converge to a point that is far away from the reality. 



87 

 

This issue motivates the two companion papers to examine hydrologic knowledge as congruence 

among the observation, model, and theory, as shown in the triplet of Figure 6.1.  Using ET variance as an 

example, we illustrate how multi-source multi-variable hydroclimatic observations, multiple LSMs and a 

theoretical ETVARD framework can serve complementarily to cross-diagnose each other through the five 

systematically designed experiments. We particular emphasize the role of ETVARD as an independent 

diagnosis tool in the observation-model-theory triplet.  However, according to the Popperian falsification 

[Popper, 2005], we have to admit that even the congruence over the observation-model-theory triplet may 

not necessarily provide true knowledge that can be used to characterize 𝜎𝐸𝑇. In other words, although the 

congruence identified through our experiments 𝜎𝐸𝑇 withstands falsification, it is only plausible and can be 

improved with better model, observation, or theory. 

6.4.2 Limitations and future perspectives 

The purpose of this study is to bring the theoretic ETVARD framework for the reconciliation 

between LSMs and observations and focuses on ET temporal variance at the month scale.  This study 

does not aim at providing a comprehensive framework for LSM diagnosis, as did by others efforts [Best et 

al., 2015; Clark et al., 2015a].  However, we illustrate a meaningful framework in which ETVARD is 

used to disaggregate and diagnose 𝜎𝐸𝑇 in LSMs while systematically adopting hydrologic observations 

that reflect some dynamics that may not be well captured by LSMs.  We do not explicitly assess the 

impact of climatic forcings on 𝜎𝐸𝑇, given that the four LSMs underlying the three experiments use the 

same set of forcings from NLDAS-2 project). If another set of climatic forcings (P and PET) are 

available, this study can be extended to account how different climatic forcings impact 𝜎𝐸𝑇.   

With growing amount of hydroclimatic observation data, LSMs have being improved. However, 

new theories and hypothesis are still needed to synthesize hydrologic knowledge through the observation-

model-theory triplet.  Researchers has recognized that the existing and even growing gap between models 

and theories is impeding the progress of hydrologic science [Clark et al., 2016].  The ETVARD 

framework is our first attempt towards the congruence among the observation-model-theory triplet. 

Another issue is that existing hydrologic relationships are generally obtained in natural watershed 

with minimal human interferences.  Existing LSMs are essentially simulating the virgin hydrologic 

cycling without fully considering anthropogenic impacts.  As human activities play an increasing role in 

transforming hydrologic processes, such as irrigation and baseflow [Wang and Cai, 2009], hydrologic 

models would be developed or improved  to better capture the anthropogenic components at multiple 

temporal and spatial scales [Vogel et al., 2015].  
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6.5. Conclusions 

Following the multi-source, multi-variable observation assessment conducted in Chapter 5, this 

study further evaluates four LSMs (MOSAIC, NOAH, NOAH-MP and VIC) over the CONUS with 

respect to their estimates of monthly ET variance (𝜎𝐸𝑇).  In the context of an observation-model-theory 

triplet, the Evapotranspiration Temporal VARiance Decomposition framework is used as a diagnostic tool 

that is based on general theory and independent from any particular LSM structures.  The LSMs are 

compared against multiple observations, as well as ETVARD.  It is found that any of the four models 

compared can be the “best” one for a certain set of reference observations, which confirms our argument 

that inter-comparison of multi-models depends on the reference observation.  Therefore, simply 

minimizing the residual between model and observation may result in rejecting a good model with 

unreliable observation (Type I error) or accepting a wrong model with unreliable observation (Type II 

error). 

It is also found that 𝜎𝐸𝑇 derived from ETVARD is consistently closer to observation-based 

estimates than the LSM simulations, especially in regions along the West Coast, Midwest and High 

Plains.  The four LSMs might underestimate 𝜎𝐸𝑇 along the West Coast due to the Mediterranean climate 

and human water use; the four LSMs might also underestimate the terrestrial storage contribution to ET 

variance in the High Plains compared to the ETVARD estimate and GRACE observation.  This is 

probably due to the inappropriate representation of groundwater pumping and its impact on ET and other 

hydrologic processes in those LSMs.  Furthermore, compared to GRACE-based estimates, the four LSMs 

do not capture the high 𝜎𝐸𝑇𝑆
2  signal in the Midwest and High Plains.  This is likely due to the limited 

representation of the hydrologic processes in the LSMs that control the terrestrial storage changes such as 

groundwater balance in aquifers and vegetation dynamics. 

In Chapter 5 and 6, the ETVARD framework is applied toward reconciliation between hydrologic 

observations and LSM simulations with respect to monthly 𝜎𝐸𝑇 for the CONUS.  Via five systematically 

designed experiments, we diagnose the congruence in 𝜎𝐸𝑇 among multi-source and multi-variable 

hydrologic observations, multiple LSMs, and ETVARD.  Each experiment independently and 

complementarily provides information for the various assessments.  Given possible errors and 

uncertainties in multiple models and multiple observations, the observation-model-theory triplet with a 

theoretical diagnostic tool is useful for cross-validating hydrologic theories, observations, and models.  In 

particular, in this era with increasing multi-source and multi-variable hydrologic observations and 

improvement in various hydrologic models, we demonstrate the role of generic hydrologic theories (e.g., 

ETVARD in this study) as a bridge between models and observations and encourage stronger efforts 

along the line for the hydrologic community.  
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CHAPTER 7 

A POWER LAW RELATIONSHIP BETWEEN ET MEAN AND 

VARIABILITY 

 

This chapter syntheses the findings on ET variance in previous chapters and explores the linkage between 

the ET mean value and variance.  An empirical statistical power law is found between ET mean value and 

monthly variance for various ecosystems.  By incorporating the land use and vegetation structures, the ET 

power law relationship is examined for different ecosystem water use strategies, focusing on evaluating 

the trade-off between the mean and the variability of water consumption.  This relationship provides 

insights to better understand and manage watersheds as coupled nature-human systems. 

7.1. Introduction 

As populations grow and technologies advance, societies increasingly find themselves wielding, 

intentionally or not, the power to impact the natural systems in which they live and depend.  Resultant 

Coupled Human-Natural Systems [Liu et al., 2007] (CHNS) are exceedingly complex and therefore present 

great difficulties for prediction, resulting in grave mismanagement of land and water resources, as seen in 

the cases of the shrinking Aral Sea [Cai et al., 2003], hypoxia in the Gulf of Mexico [Rabalais et al., 2001], 

and global depletion of groundwater resources [Wada et al., 2010].  Anthropogenic and natural processes 

interact and feedback with one another across various scales of time and space, often producing unexpected 

emerging properties.  Predicting the response of a CNHS is further clouded by changing and uncertain 

climatic forcing and human interferences.  In particular, in a changing climatic future, governing principles 

for CNHS will be needed to reliably evaluate the sustainability and other consequences of policies and 

management practices. 

 Reliable precedence exists for the description of certain complex systems according to their 

statistical preferences.  For example, crop yield [Taylor et al., 1999; Döring et al., 2015] and streamflow 

[McMahon et al., 2007] have independently been demonstrated to obey a power law relation between 

variation and mean (in yield or flow respectively).  Beyond these statistical findings, a more profound 

challenge is to track the origination of the emerging pattern through the inter-connections of these eco-

hydrologic processes.  Furthermore, with increased coupling among human and natural systems, it is 

unclear to what degree natural organization principles continue to govern human-managed landscapes.  

Driven by this knowledge gap, in this study we discover evidence of statistical preference in coupled 

human-hydrologic systems and discuss its utility to policy makers and managers.  
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7.2 Methods and data 

We present an evapotranspiration (ET) modeling and statistics exercise adhered to by both naturally 

organized and intensively managed landscapes.  ET is a major component of both the hydrologic cycle and 

terrestrial ecological systems.  ET plays a key role in water balance, energy dispersion, and plant growth.   

Meanwhile, ET via agriculture is the largest source of anthropogenic water consumption and is heavily 

altered by humans as farmers and land owners pursue higher and more stable yields.   Therefore, ET presents 

a link through which we henceforth evaluate the coupling between human and natural systems.  In our 

previous work, we developed a ET Temporal VARiance Decomposition (ETVARD) [Zeng and Cai, 2016] 

framework incorporating both climatic variables and terrestrial water storage change.  We therefore 

decompose ET variance into its contributions from climate (precipitation and potential evapotranspiration), 

climate phasing, and catchment response to climate, based on the coupling of water-energy cycle.  The 

incorporation of watershed storage change into water balance and decomposition of ET variability provides 

means to account for the impact of human development (via the exploitation of the terrestrial water storage) 

on the ET process, thus enabling further exploration of ET statistical preference in the context of CHNS. 

The field scale ET observation is obtained from AmeriFlux Level 2B datasets.  The fine 

resolution flux-tower observation is aggregated into monthly scale, and sites with records longer than 48 

months are used to calculate ET variance.  The US 1°by1° grid scale ET mean and variance is calculated 

from climate and terrestrial storage change observations.  The climate (i.e., precipitation and potential 

evaporation) observation is from North American Land Data Assimilation System (NLDAS) monthly 

forcing [Mitchell et al., 2004] and the terrestrial storage change is from Gravity Recovery and Climate 

Experiment (GRACE) satellite based on the CSR RL5.0 release from the Center for Space Research at the 

University of Texas at Austin [Landerer and Swenson, 2012].  The ET variance from 2002-2015 is 

calculated based on ETVARD [Zeng and Cai, 2015].  The 32 regional scale basins ET from 1984–2006 is 

from multi-source hydrologic observation data assimilation [Pan et al., 2011].  The ET variance in the 

High Plain is also calculated based on ETVARD, where the terrestrial storage change is from a spatial 

interpolation USGS groundwater monitoring wells[Haacker et al., 2015] for pre-development (1940-

1975) and managed periods (1975-2015). 

The land use and land cover classification map for the US is from the Boston University's 

MODIS land cover product, which uses a 17-type IGBP (International Geosphere-Biosphere Programme) 

classification (http://www.bu.edu/lcsc/data-documentation/).  The 0.125°by0.125° is aggregated into 

1°by1° grid, and the land use type with largest counts within each grid is marked as main land use type. 

 

 

http://www.bu.edu/lcsc/data-documentation/
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7.3 Results and discussion 

Based on multi-source and multi-scale hydro-climatic observations, we find that ET variance (𝜎2) 

at monthly scale is proportional to the fractional power of the mean (𝜇) according to Taylor’s Power Law 

(TPL) [Taylor, 1961]: 

𝜎2 = 𝑎𝜇𝑏          Eqn.(7.1) 

Or equivalently as shown in Figure 7.1, the ET coefficient of variance (𝐶𝑉), defined as the standard 

deviation scaled by the mean, decreases with increasing mean ET (i.e., 𝐶𝑉 = 𝑝𝜇𝑞).  Although the three 

datasets used in Figure 7.1 are collected from independent observations, contain various land use and land 

cover types, and cover a wide spectrum of climatic and ecologic conditions, they ubiquitously converge to 

the TPL.  An important feature is that the TPL, the only scale-invariant relationship between mean and 

variance, holds for the three datasets which range spatially from field (AmeriFLUX sites), grid (US 1°by1° 

grids) to regional (32 global basins) scale. 

 
Figure 7.1.  a) The power law relationship between monthly ET mean (𝝁𝑬𝑻) and coefficient 

of variation (𝑪𝑽𝑬𝑻) from observations at b) regional (32 global river basins), c) basin 

(1°by1° grids in US[Mitchell et al., 2004]) and d) field (AmeriFlux sites ) scale. 

 

 We further find that the ET power law describes a behavior of ecosystem self-organization.  Note 

that precipitation, in contrast to ET, does not obey any sort of power law relating mean and variance, but 

rather, precipitation exhibits both ranges where variance decreases with mean and where variance increases 

with mean.  Thus the ET power law cannot be explained by the statistics of precipitation (or climatic forcing 

a)

b)

c)

d)

Global basins: CV=7.69μ-0.66, R2 = 0.81

US grids: CV=5.20μ-0.52, R2 = 0.96

AmeriFlux sites: CV=4.29μ-0.51, R2 = 0.50
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in general) alone.  We hypothesize that vegetation water use strategy may provide supplemental explanation 

for the observed power law.  For the US watersheds data set, we classify the ET data points according to 

dominant land use and land cover (LULC) type, revealing distinct clustering of ecosystems in Figure 7.2.  

At the right end of the curve exist ecosystems with high and stable biomass production (high mean and low 

variability) such as evergreen and deciduous forests; conversely, at the left extreme of the curve exist 

ecosystems of relatively low and unstable biomass production (low mean and high variability) such as 

shrublands and grasslands.  The discovered similar convergence of monthly ET variance and mean across 

scales suggests that ecosystems adhere to some common preferential ET behavior.  Thus, the observed 

ecosystem clustering pattern along with the power law curve suggests that the coevolution/coexistence of 

vegetation and abiotic conditions establishes the ET power law. 

 

Figure 7.2.  The clustering of various US LULC types along the ET mean~CV power law 

curve in Figure 7.1.  a)-c) The forests are generally located at the right end of ET mean~CV 

power law curve with high ET and small ET variability; while d) the grassland, and e) and 

f) shrubland are located at the left end of ET mean~CV power law curve with low ET and 

large ET variability. 

 

Vegetation physiology is one likely mechanism for the observed self-organization; a plant’s 

isohydric or anisohydric nature [Konings and Gentine, 2016] (i.e., tendency to vary stomatal openings to 

conserve water or tendency to keep stomata open) determines how likely the plant is to outcompete others 

b) Everngreen needle foresta) Deciduous broadleaf forest c) Mixed cover

e) Closed shrublandd) Grassland f) Open shrubland



93 

 

in a given environment and accordingly affects ET mean and variance.  The emerging convergence of 

terrestrial ecosystems along the ET power law curve amid substantial climatic, landscape, vegetative, and 

anthropogenic diversity shows a close correspondence between the ET power law and the optimality of 

vegetation production [Schymanski et al., 2009].  Given a climatic setting, an ecosystem may make trade-

offs in water use pattern between high-consumption-and-low-variability and low-consumption-and-high 

variability as indicated by the ET power law curve.  Thus the ET power law might be understood as an 

emerging property resulting from the interaction and co-evolution among plant water use strategy and 

biodiversity with climatic conditions, soil fertility, and a host of other abiotic processes.  The emerging 

property provides a statistical preference to understand how terrestrial ecosystems respond to natural and 

artificial external drivers [Huxman et al., 2004; Franklin et al., 2014; Manzoni et al., 2014] and organize 

themselves to achieve ecohydrologic optimality [Eagleson, 2002]. 

 
Figure 7.3.  Switching from rain-fed crops to irrigated agriculture from groundwater 

pumping in the sub-basins (denoted by USGS HUC ID) within Republican River Basin 

results in a) higher and more stable ET at the expense of b) groundwater storage depletion. 

 

 In the context of ETVARD, vegetations’ responses to climate (e.g., water uptake in the root zone 

and evaporative demand) is represented by the covariance terms (i.e., 𝑐𝑜𝑣𝑃,Δ𝑆 and 𝑐𝑜𝑣𝑃𝐸𝑇,Δ𝑆).  The power 
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law relationship generates a hypothesis to test if a similar pattern can be found from existing processes-

based eco-hydrologic models. 

Finally, we demonstrate that the ET power law provides insight into the consequences of 

anthropogenic land cover and land use change, as displayed in major agriculture transitions in the American 

High Plains and Midwest.  As farmers seek higher and more stable yields via irrigation, they increase the 

mean evapotranspirative water consumption of their land and decrease its variance in accordance with the 

ET power law, moving “down” the power law curve in Figures 7.3.  Such transition occurred at a wide 

scale in the American High Plains in the 1970’s when a large fraction of agriculture land was switched from 

rain-fed to irrigated land.  The shift of ET mean and variability following the power law presents an analogy 

with the power low relationship between the mean and variability of rain-fed and irrigated corn yield 

throughout the High Plains.  However, the transformation has had dramatic ramifications on the water 

balance in the region.  ET consumption is accompanied by groundwater or streamflow depletion as farmers 

must supplement water supply by withdrawing from aquifers and rivers in Figure 7.3.  Moreover, farmers 

must continually withdraw water from storage in every crop year in order to maintain the new agricultural 

ecosystem out of the preceding ecosystem’s natural position along the ET power law curve, and do so for 

the entirety of the new ecosystem’s lifetime.  As a result, water table levels in the High Plains have 

decreased significantly since the 1970 transition to irrigation [McGuire, 2014], after having been steady for 

previous decades.  The ET power law thus provides a framework for understanding, to the first order, the 

water balance ramifications of anthropogenic induced landscape change.  

 Likewise, agriculture facilitated by drainage engineering in many Midwest watersheds also 

complies with the ET power law regarding natural processes and human interferences.  Since the 1800s, 

vast amounts of land in the Midwest have been drained (via ditches and tile drainage systems) to convert 

prairies and wetlands to land more suitable for agriculture [Blann et al., 2009].  Following drainage, 

observed local streamflow and flood frequency have increased while precipitation has remained relatively 

constant [Raymond et al., 2008; Gupta et al., 2015].  According to water balance, the increase in streamflow 

requires a commensurate decrease in ET, and the ET power law dictates that such a decrease in mean ET 

is accompanied by an increase in ET variability, which manifests itself in the seasonality of crops compared 

to the prior wetlands.  Like the case of irrigation in the High Plains, human intervention transformed the 

land to a new ecosystem state in accordance with the ET power law, in this case moving “up” the power 

law curve (Figure 7.4).  Contrary to the irrigation case of the High Plains, the drainage of the Midwest is 

achieved by a single initial land transformation rather than ongoing human intervention.  However, both 

drainage and irrigation cases increase food production and meanwhile cause with environmental changes 

associated with the ET mean and variability relation.  The agriculture supported by drainage in the Midwest 
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has caused considerable consequences such as changes in flow regime and sediment and nutrient load, 

which directly contributes to the hypoxia in northern Mexico Gulf [Rabalais et al., 2001].  

Via the two cases of High Plains irrigation and Midwest drainage as described above (Figure 7.4), 

it is evident that the ET power law and clustering of ecosystems provide a framework for analyzing human 

interference in hydrologic systems.  The ET power law provides insightful information regarding the 

constraints of human actions and impacts of human interferences on the hydrologic cycle and water balance.  

Future work to distinguish whether a desirable state, changed from the natural equilibrium state, would 

require continual human forcing as with the irrigation of the High Plains or could be achieved by a sufficient 

singular disturbance as with the drainage of the Midwest would usefully complement the ET power law.  

With such additional information, the ET power law could help predict the level of resource need (e.g., 

annual, continued storage depletion) and engineering need (e.g., irrigation or drainage infrastructure) to 

sustain an anthropogenic ecosystem transformation.  Such information is of paramount importance for 

evaluating the sustainability of a wide range of coupled human-hydrologic systems, which are to be shifted 

to an alternative state with desired socioeconomic benefits.  For example, recent studies attempt to predict 

the socioeconomic and environmental changes that will be associated with land adoption for cellulosic 

biofuel crops (e.g., switchgrass and Miscanthus).  It is predicted that ET will significantly increase with 

Miscanthus in Midwest watersheds [Le et al., 2011; Housh et al., 2015], and therefore the ET variance will 

decrease as suggested by the ET power law.  Compared to the current corn and soybean dominated 

landscape, on the lower law curve, the landscape will then move “down”.  The environmental and 

socioeconomic consequences resulting from the ET change and then associated streamflow change will be 

critical for the sustainability of the biofuel-economy in region. 
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Figure 7.4.  Anthropogenic interferences, including a) irrigation in the High Plains and b) 

drainage in the Midwest, modifying the system state in different directions along the ET 

power law curve to achieve suitable condition for crop production. 

7.4. Conclusion 

In summary, the ET power law, a specific case of Taylor’s power law, identifies a preferential mean 

and variance relationship across ecosystem class and scale.  The relationship describes the self-organization 

and co-evolution of ecosystem clusters in specific regions.  Landscapes persistently follow the power law 

curve even upon human-induced transition from natural to managed (e.g., wetlands to agriculture land) 

landscape or from one managed state to an alternative state.  The ET power law then provides valuable 

insight regarding the emerging behavior of complex, coupled human-hydrologic systems.  More 

importantly, understanding which can be gleaned from the ET power law, and hopefully other 

complimentary descriptions of emerging behavior yet to be discovered, can be essential to responsible, 

sustainable management of our most valuable resources and systems.  As the demands of society rise and 

anthropogenic influence on our environment rises, the stakes of management rise, the identified ET power 

law may prove to be a valuable guide for predicting the impacts and sustainability of anthropogenic 

landscape change. 

  

Rain-fed crop

Irrigated crop

a) b)

Agricultural land

Wetland

Drainage

Irrigation
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CHAPTER 8 

CONCLUSION 

 

8.1  Conclusions 

This dissertation provides new understanding of climatic and hydrologic controls on ET temporal 

variability, for both natural and managed watersheds.  The six main chapters approach the research 

objectives from different but connected aspects by: 1) developing a theoretical ETVARD framework in 

Chapter 2; 2) quantifying the climatic and hydrologic controls on ET variance from real world case 

studies, where Chapter 3 focuses on the inter- and intra-annual scales in 32 global basins and Chapter 4 

focuses on the seasonal scale in the High Plains; 3) examining the congruences among ETVARD (a 

theory), multi-source multi-variable hydroclimatic observations (Chapter 5) and multiple land surface 

models (Chapter 6.) 

These chapters are inherently inter-connected and serve as cross-validation for each other.  In 

Chapter 2, we hypothesize that dominant controls from storage components on ET variance should be 

limited to basins with relatively small precipitation or potential evaporation flux.  Chapter 3 confirms this 

hypothesis is valid at the intra-annual scale, while not obvious at the inter-annual scale.  In addition to the 

climate and terrestrial water storage, Chapter 3 refines the knowledge from theoretical development in 

Chapter 2 and adds the temporal scale into the analysis of ET variance.  This helps us identify the proper 

time scale in the irrigation impact study in Chapter 4.  Terrestrial water storage changes are caused by 

many processes, such as groundwater recharge/discharge, soil moisture change, snow thawing/melting, 

which are associated with different time scales.  With soil moisture dominant at the monthly scale and 

climatic fluctuation dominant at the annual scale, the impact of groundwater-based irrigation is most 

significant at seasonal scale.  The seasonal scale also has an advantage for the analysis by eliminating the 

impacts of snow processes.  Although there are many studies on impact of irrigation on land surface 

processes, Chapter 4 is unique in providing a comprehensive picture of ET variance before and after 

extensive irrigation.  The groundwater monitoring wells capture the aquifer depletion signals, and 

ETVARD further carries the human interference signals embedded in groundwater to changes of ET 

temporal and spatial patterns. 

In the context of watersheds as coupled nature-human systems (CNHS), Chapter 4 starts from 

extending hydrologic knowledge (i.e, ETVARD) to managed systems with an assumption that human 

interferences are well captured by observations (groundwater table in this case).  Though conducting 

controlled experiments is difficulty in hydrology at a long-time scale and a wide spatial scale, the High 
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Plain case study provides a unique case.  Compared to natural systems where many ecologic services 

balancing each other, managed agricultural systems have relatively simple functioning or services, that is, 

providing better economic benefit at most cases.  Under the dominance of human activities, famers’ goal 

(conceptualized as tradeoff between profit maximization and risk aversion) propagates to the hydrologic 

signal, as shown by the correspondence between ET and crop mean-variance.  This inspires the author 

another way to understand CNHS: can we start the hypothesis from a managed system with a known 

signature (such as optimization or trade-off among several objectives) and find the analogy in natural 

systems?  Chapter 7 shows our effort in this approach.  Chapter 7 extends the hypothesis of tradeoff 

between mean and variability from a managed system to general ecosystems.  The single hypothesis is 

still applicable to different ecosystems. Chapter 7 further illustrates the differences as indicated by the 

clusters in the different zones of the power law relationship.  Human deals with the tradeoffs between 

profit and risk, so do natural systems.  Chapter 7 provides a possible bridge to link the optimization in 

water resources management to the idea of co-evolution in ecohydrology.  Surely, the power law 

relationship is obtained at the system level, and further studies should explore how these relationships 

emerge from the process level. 

Another perspective of the thesis is about contribution to the methodology, mainly in Chapter 5 

and Chapter 6.  Unlike streamflow, a unique feature of ET is that we do not know its accurate value at 

watershed level.  Whether the model, observation or the theory is true is challenging for validation.  Then, 

what is the criterion of hydrologic knowledge confirmation?  Hydrology is a science that should have its 

own basic laws, theories and hypotheses; on the other hand, hydrology is an earth science where logics 

cannot fully synthesize all the observations and phenomenon.  Furthermore, a large portion of hydrologic 

experiments are conducted by numerical models.  With that being said, we bring up the theory-

observation-simulation triplets as a diagnosis framework for hydrologic knowledge discovery.  The role 

of ETVARD derived in Chapter 2 connects between observations (Chapter 5) and simulations (Chapter 

6).  We believe that the congruence in the theory-observation-simulation triplets is more likely to provide 

the true knowledge than the traditional approach that is based on the agreement between observations and 

simulations. 

8.2  Future work 

The six main chapters provide a consistent and comprehensive framework in addressing the 

research objectives to understand climatic and terrestrial water storage controls on ET variability at 

different scales for both nature and managed systems.  In terms of future work, three perspectives can be 

extended from the work of this thesis. 

8.2.1 ETVARD as a constraining mechanism for hydroclimatic data assimilation 
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In Chapter 5, ETVARD serves as a theoretic constraint to check the consistency of multi-variable 

hydroclimatic observations.  As a theatrical constraint, ETVARD can also be extended for other 

approaches on hydrologic data processing, for example, data assimilation.  The data used in Chapter 3 for 

32 global watersheds is processed through a constrained Kalman Filter with water balance as a constraint 

[Pan et al., 2011].  In the constrained Kalman Filter, water balance is treated as a hard constraint in 

addition to minimizing the data uncertainty in the conventional Kalman Filter.  In adopting water balance 

as a hard constraint, water balance as a fundamental law must be satisfied at each time step.  As a 

confirmed hydrologic theory, ETVARD captures the physical dynamics of multiple hydrologic variables, 

and it can be adopted as a soft constraint in Kalman Filter.  The soft constraint means that some degree of 

violating ETVARD is allowable when some assumptions with ETVARD are not satisfied (e.g., terrestrial 

water storage change is caused by groundwater lateral flow and trans-basin water delivery).  

 

8.2.2 Incorporating ET variance into the Budyko curve to understand the long-term ET average 

The Budyko curve is plotted as a single line that relates evaporative ratio (i.e., ET/P) to the aridity 

index (i.e., PET/P).  Although it has been shown that basins around the world generally follow the 

Budyko curve, the various deviations from the Budyko curve have been assessed and error [Yang et al., 

2014a] are identified and attributed to other factors such as seasonality [Ning et al., 2017].  Chapter 7 

have identified a statistical power law relationship between the monthly ET variance and the long-term 

average.  This provides an approach to incorporate ET variability to explain the deviations from the 

Budyko curve.  Under the same aridity index, the hydroclimatic variability at a smaller temporal scale 

(e.g., seasonal, monthly or daily) will adjust ET variance through the variance/covariance terms by 

enhancing/buffering the water consumption.  As shown in the power law curve in Chapter 7, the increases 

in the coefficient of variance is associated with the decreases in ET long-term average.  Therefore, given 

the same aridity index, the power law relationship between ET variance and average can be used to 

examine e deviations in Budyko curve.  For example, in Chapter 4, although basins in the High Plain have 

experienced negligible changes in climate condition (i.e., the aridity index), their evaporative ratios (i.e., 

ET/P) increase due to irrigation associated with a decrease in ET coefficient of variance.  Therefore, the 

differences in ET variance (either by natural or anthropogenic factors) can be reflected in the long-term 

average through the power law relationship.  Higher or lower long-term average than the Budyko curve 

will be explained by differences in ET variance, rather than as errors in previous study.  For example, the 

out-of-phase P and PET pattern in Mediterranean climate damps ET variance and also decreases ET mean 

value.  If two regions have the same aridity index, the evaporative ratio in the basin with P and PET out-

of-phase will be lower than that with P and PET in-phase. 
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8.2.3 Assessing climatic and terrestrial water storage controls on runoff variability at different temporal 

scales 

The framework by Koster and Suarez [1999] is followed by researchers to study the runoff 

variability [Sankarasubramanian et al., 2001; Sankarasubramanian and Vogel, 2003].  The study in this 

thesis incorporates terrestrial water storage into the ET variance assessment framework, and it can be 

extended to runoff assessment.  The author has obtained the formulation of the runoff variability 

decomposition, which is similar to the ET variability decomposition with the same six 

variance/covariance terms.  The differences lay in the analytical expressions of the weighting factors 

quantifying the contribution of each variance/covariance term to runoff variance.  With the expression for 

runoff variance decomposition, the basin studies in Chapter 2 and 3 can be conducted in the same manner 

as ET variance assessment in this dissertation.  The cross-validation between observations and model 

simulations can also be conducted for runoff variability.  The runoff measurement is relatively more 

accurate than ET observations, while current land surface models still face challenges in stream flow 

prediction.  The theory-observation-simulation congruence will provide useful information to diagnose 

the runoff simulations in land surface models.  Since surface runoff is measured at the watershed outlet, 

the assessment should be better conducted according to the watershed boundary rather than the grids used 

for ET assessment. 

In addition, the lateral flow of groundwater may also contribute to the terrestrial storage change 

and thus runoff variability.  In addition, McMahon et al. [2007] reported a relationship between runoff 

mean value and inter-annul standard deviation, which is similar to the ET power law relationship 

discovered in Chapter 7 (although the ET power law is found at month scale).  The expression for runoff 

variance can be further used to explore the emergence to the relationship between runoff mean value and 

inter-annul standard deviation.  Some preliminary results on inter- and intra-annual runoff variance is 

shown in Appendix B with the same data set in Chapter 3. 
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APPENDIX A 

SENSITIVITY ANALYSIS WITH VARIOUS PET CALCULATION 

METHODS 

We calculate PET in additional three methods besides the method used in the text in order to test 

the robustness of the ET variance result subject to PET uncertainties.  The four PET calculation methods 

are: 

1) The PET calculated from Penman equation denoted as “Penman” is calculated as [Brutsaert, 

2005]:  

𝑃𝐸𝑇 =
𝛥

𝛥+𝛾
(𝑅𝑛 − 𝐺) +

𝛾

𝛥+𝛾
0.26(1 + 0.54�̅�2)(𝑒𝑠

∗ − 𝑒𝑎)     Eqn.(A1) 

where 𝛥 is the slope of the saturation water vapor pressure curve at air temperature (Pa K-1); 𝛾 is the 

psychrometric constant (taken as 0.67 hPa K-1); 𝑅𝑛 is the net radiation and G is ground heat flux (mm d-1); 

𝑒𝑠
∗ is the saturated vapor pressure (hPa); 𝑒𝑎 is the actural water vapor pressure (hPa); �̅�2 is the mean wind 

speed at 2m about the ground (m s-1). 

2) The Penman methods without ground energy flux, denoted as “Penman no ground flux”, is 

calculated by setting G=0 in Eqn S1 to avoid the uncertainty caused by the VIC model.   

3) PET calculated from Priesley-Taylor method, denoted as “Priesley-Taylor”, follows: 

𝑃𝐸𝑇𝑃𝑇 = α
Δ

Δ+𝛾
(𝑅𝑛 − 𝐺)        Eqn.(A2) 

where 𝛼 = 1.3.  

4) PET calculated from FAO Penman-Monteith method [Allen et al., 1998], denoted as “FAO”, is 

calculated as: 

𝑃𝐸𝑇𝐹𝐴𝑂 =
0.408𝛥(𝑅𝑛−𝐺)+𝛾

9000

𝑇+273
�̅�2(𝑒𝑠

∗−𝑒𝑎) 

𝛥+𝛾(1+0.34�̅�2)
        Eqn.(A3) 

where T is the daily mean temperature (K). 

In terms of mean annual PET as shown in Figure A1.1, the FAO method results in very close PET 

as the Penman method in most of the 32 basins.  Priesley-Taylor method gives relatively low PET among 

the four methods, especially in arid basins such as Niger, Nile and Senegal. 
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Figure A1.1.  Mean annual PET calculated from the four methods 

 

The inter-annual PET variances by these methods are quite consistent as shown in Figure A1.2, 

except that the Priesley-Taylor method yields smaller PET variance in some basins such as Dnieper, Don, 

Mississippi and Ural. 

 

Figure A1.2.  Inter-annual 𝝈𝑷𝑬𝑻 calculated from the four methods 
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The intra-annual PET variance is shown in Figure A1.3.  The Penman method without ground 

flux yields larger intra-annual PET variance in most of the basins since the buffer effect of ground energy 

is neglected with the calculation.  The other three methods yield similar results. 

 

 Figure A1.3.  Intra-annual 𝝈𝑷𝑬𝑻 calculated from the four methods 

 

Both the mean value and variability of PET affect ET variance, and the inter-annual 𝜎𝐸𝑇 with the 

four PET calculation methods are shown in Fiugre A1.4.  For inter-annual 𝜎𝐸𝑇, the various PET 

calculation methods yield quite similar results.  For example, the inter-annual 𝜎𝐸𝑇 from the Penman 

methods is within 10% of the ensemble mean for all the basins except Dnieper and Don. 

Specifically, for the three basins with PET-dominated inter-annual 𝜎𝐸𝑇 (e.g., Amazon, North 

Divan and Pechora), the four PET calculation methods give very similar results (within 5% deviation 

among the four methods). 
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 Figure A1.4.  Inter-annual 𝝈𝑬𝑻 calculated from the four methods for PET 

 

The intra-annual 𝜎𝐸𝑇 with the four PET calculation methods are shown in Figure A1.5.  For intra-annual 

𝜎𝐸𝑇, the Penman method without ground energy flux yield larger intra-annual 𝜎𝐸𝑇 than other three 

methods in basins such as Ob, Mekong, MacKenzie and Yenisei.  As discussed before, the over-

estimation is due to the over-estimation of PET fluctuation by neglecting the buffer effect of ground 

energy flux.  The over-estimation is more obvious at monthly scale than that at annual scale. 

 

 Figure A1.5.  Inter-annual 𝝈𝑬𝑻 calculated from the four methods for PET 
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In summary, the ET variance decomposition framework is robust to the four PET calculation 

methods discussed above.  Although the long-term average PET varies by the calculation methods, the 

variance is consistence among these methods. 
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APPENDIX B 

INTER- AND INTRA- ANNUAL RUNOFF VARIANCE 

1. Inter-annual runoff variance 

 

Figure A2.1.  Observed vs. simulated standard deviation of annual runoff calculated in 32 

basins. 

 

Figure A2.2. The proportional contributions from P, PET and ΔS variance and covariance to 

runoff variance.  At annual scale, P variance and P_ΔS coupling control runoff variance. 
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2. Intra-annual runoff variance 

 

Figure A2.3. The observed vs. simulated standard deviation of monthly runoff calculated in 

32 basins. 

 

Figure A2.4.  The proportional contributions from P, PET and ΔS variance and covariance to 

runoff variance. 
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At intra-annual scale, there is no uniform pattern of runoff variance like that at inter-annual scale.  

But there are some patterns we can visually get.  The most important findings is the impact of P&ΔS and 

PET&ΔS coupling on runoff variance.  In those basins with significant PET&ΔS signal (e.g., Pechora, 

North Dvina) the P&ΔS signal is negligible; in those basins with significant P&ΔS signal (e.g., Amazon, 

Congo and Senegal) the PET&ΔS signal is negligible.  This shows how storage behaves differently under 

different climate.  That is, ΔS is driven by energy in humid/cold basins (most of them are in Russia, with 

significant snow processes) and by atmospheric water supply in arid basins. 
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