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ABSTRACT 

 

IMPROVEMENTS IN GRACE-BASED TERRESTRIAL WATER STORAGE ANOMALIES  

FOR GROUNDWATER DEPLETION AND ECOHYDROLOGICAL ANALYSES 

 

Groundwater is a major source of freshwater globally and an important component of 

terrestrial ecosystems. In many regions, groundwater is being rapidly depleted, and its effective 

management requires improved monitoring across large regions. Terrestrial water storage 

anomalies (TWSA) from the Gravity Recovery And Climate Experiments (GRACE) satellite 

mission and the GRACE follow-on mission have been extensively used in hydrological studies 

related to groundwater depletion and ecohydrology at large scales. However, GRACE 

observations include significant errors, so pre-processing is normally required before the data 

can be used. In particular, the TWSA are usually filtered to reduce the effects of measurement 

errors and then rescaled to reduce the unintended impacts of the filtering. In addition, the 

coarse spatial resolution of TWSA (0.25o), limits its ability to observe small-scale spatial 

variations. The objectives of the dissertation are to improve the rescaling of GRACE 

observations for groundwater depletion estimates, develop a spatial downscaling method for 

GRACE observations, and examine the ecohydrological implications of a large-scale drought 

using GRACE observations.   

The rescaling is typically performed to maximize the Nash-Sutcliffe Efficiency (NSE) 

between the filtered TWSA and TWSA from large-scale hydrologic models that represent an 
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incomplete water budget. This study (1) evaluates the use of NSE in the current GRACE 

rescaling methodology, (2) develops an improved methodology that incorporates a complete 

regional water budget, and (3) examines the impacts of the rescaling methodology on regional 

assessments of groundwater depletion. To evaluate the use of NSE as a performance metric, 

the existing rescaling method is compared to an analytical solution that restores the relative 

variability between the rescaled filtered and original GRACE TWSA series. The relative variability 

approach produces more reliable estimates when comparing to TWSA estimates from global 

positioning systems (GPS) for the study region (the Sacramento and San Joaquin River basins in 

California). Rescaling with the complete regional water budget results in a larger scale factor 

than the scale factor from the large-scale hydrologic model outputs, and the new TWSA results 

are more consistent with those from GPS. The larger scale factor also suggests that regional 

groundwater depletion is more severe in the study region than previously estimated. This result 

is important for regional water management organizations to study the impacts of drought and 

effectiveness of any policy and management decisions.  

 Due to their coarse resolution, GRACE TWSA does not capture fine scale spatial 

variations in TWSA, and GRACE TWSA can miss the extreme TWSA values that occur in a region.  

Several procedures have been previously proposed to downscale coarse TWSA from GRACE. 

These procedures rely on information for other hydroclimatic variables or the output of 

hydrological models, and they seek to improve the local estimates of TWSA. However, they may 

not reproduce the statistical properties of fine resolution TWSA patterns.  This dissertation aims 

to develop a stochastic downscaling method that relies only on TWSA data and reproduces the 

statistical properties of fine resolution (0.0625o) TWSA patterns.  It is hypothesized that TWSA 
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are scale invariant, which allows the statistical properties of fine scale variations to be inferred 

from those of coarse scale variations. Three study regions are considered including the Central 

Amazon in Brazil, the Sindh province in Pakistan, and a region around California, U.S.A.  For 

each region, the relationships between the TWSA moments and the spatial resolution is 

examined for resolutions between 0.25o and 4o.  These relationships are used to determine the 

scaling exponent for each moment.  Nonlinear relationships between scaling exponents and the 

moment orders indicate that multifractality occurs for the three regions. The degree of 

multifractality differs between the three regions and between wet and dry conditions.  Based 

on these results, a multiplicative random cascade model is developed to downscale the TWSA.   

The model requires two parameters:  the TWSA value at 0.25o resolution within the region and 

a parameter that is related to the spatial variance.  Large numbers of realizations are produced 

from the stochastic downscaling method. The multifractal curves of the observed TWSA occur 

within the scatter of curves obtained from realizations. This suggests that the model 

approximately reproduces the observed scale invariance in the TWSA. When the model is used 

to downscale to the ultimate resolution (0.0625o), it produces much larger maximum TWSA 

values than the coarse resolution input.      

Satellite based vegetation indices are increasingly used to characterize vegetation's 

response to climate variability and change over large spatial extents. The use of a given index 

assumes that the index adequately describes the vegetation's response to hydroclimatic 

forcing. This part of the dissertation aims to compare the temporal behaviors of normalized 

difference vegetation index (NDVI) and leaf area index (LAI) and their associations with 

hydroclimatic variables. Observations of monthly precipitation, streamflow, temperature, vapor 
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pressure deficit, evapotranspiration, and TWSA from GRACE are processed for the combined 

Sacramento River and San Joaquin River basins in California for 13 water years (October 2002 to 

September 2015). Estimates of NDVI and LAI are obtained for the same period from MODerate 

resolution Imaging Spectroradiometer (MODIS). The seasonal cycle of NDVI peaks 2–3 months 

earlier than LAI. The seasonal variation in NDVI follows the seasonality of TWSA (i.e., water 

availability) whereas the seasonal cycle of LAI follows the seasonality in mean temperature and 

vapor pressure deficit (i.e., atmospheric water demand). Cross-correlation analyses of NDVI and 

LAI with the hydroclimatic variables show that LAI is more strongly correlated with most of the 

hydroclimatic variables considered. 
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Chapter 1 Introduction 

1.1 Motivation 

Approximately 70% of the Earth’s surface is covered by water, but more than 97% of 

that water is contained in the oceans and other saline water bodies (Figure 1.1). Groundwater 

makes up a significant fraction (99%) of the readily available freshwater (Cherry, 2022). Due to 

its high abundance and low variability in space and time as compared to surface sources of 

fresh water, groundwater has been a major source for domestic and agricultural water 

especially in dry regions (Rodell et al., 2009). Around 50% of the world’s population depends 

completely or partially on groundwater as a primary source for drinking water, and nearly 70% 

of global food production relies on groundwater (Cherry, 2022). Groundwater is pivotal in 

sustaining ecosystems in semi-arid and arid regions and makes up 50% of the global river flows 

(Cherry, 2022), and groundwater is especially important to sustaining food production and 

economic security during droughts (e.g., Kaur et al., 2022).  

Increasing pressure is being placed on water resources by climate change, population 

growth, and economic development (Livingston & Garrido, 2004; Famiglietti et al., 2011).  

These pressures along with pollution and mismanagement of surface waters has resulted in 

overreliance on groundwater (Rodell et al., 2009). Shah et al. (2000) and Konikow and Kendy 

(2005) reported total global groundwater withdrawal rates of 750-800 km3/year. Long-term 

groundwater abstraction from aquifers at rates much higher than recharge rates results in 

groundwater depletion (Gleeson et al., 2010). Wada et al. (2010) indicated a significant 

increase in the magnitude of groundwater depletion from 126 (+/- 32) km3/year in 1960 to 283 
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(+/- 40) km3/year in 2000. Although economic gains from groundwater use have been 

dramatic, groundwater resources in some regions have been depleted to the extent that well 

yields have decreased, pumping costs have risen, water quality has deteriorated, aquatic 

ecosystems have been damaged, and/or land has irreversibly subsided (Konikow and Kendy, 

2005).  

 

Figure 1.1. Distribution of earth’s water (Adapted from Igor Shiklomanov’s chapter “World’s 
freshwater resources” in Peter H. Gleick (editor), 1993, Water in Crisis: A Guide to the World’s 
Freshwater Resources)  

Given the groundwater’s importance, there is an essential need to observe groundwater 

systems and their interactions with the climatic, hydrologic, ecosystem, and socio-economic 

processes that influence groundwater dynamics. However, groundwater is often poorly 
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monitored, which hinders estimation of groundwater depletion rates and sustainable 

groundwater management. Around the world, water withdrawals from pumping wells are 

usually unrestricted and unmonitored, which further complicates the problem (Famiglietti et 

al., 2011). Moreover, groundwater monitoring stations are sparsely located, so spatial 

interpolation is often required to obtain water table estimates. Simple interpolation can yield 

unrealistic values due to the spatial variability of aquifer properties and aquifer response. 

Groundwater models can also be used to study variations in groundwater storage.  However, 

such models require knowledge of the different components of the water balance, which 

requires hydro-meteorological forcing at high spatial resolutions.  

The Gravity Recovery and Climate Experiments (GRACE) and the GRACE follow-on 

satellite missions provide monthly estimates of terrestrial water storage anomalies (TWSA), 

which are deviations from the long term mean terrestrial water storage (Yeh et al., 2006; 

Brunner et al., 2006; Strassberg et al., 2007; Owor, 2010; Castle et al., 2014). Terrestrial water 

storage refers to all the snow, ice, surface water, soil water, rock moisture, water in biomass, 

and groundwater per unit area of land. The TWSA are estimated by mapping the time variable 

gravity field (Tapley et al., 2004) at a spatial scale no smaller than 4o (Rodell et al., 2009). The 

gravitational field is mapped by making accurate measurements of the change in distance 

between two identical satellites flying at a separation distance of about 220 km at an altitude of 

450 km above the Earth’s surface (Scanlon et al., 2012). GRACE-observed TWSA can be 

combined with auxiliary hydrological datasets to provide estimates of groundwater storage 

anomalies (e.g., Xiong et al., 2022; Zaitchik et al., 2008). Several studies such as Yeh et al. 

(2006), Rodell et al. (2009), and Famiglietti et al. (2011) have demonstrated the potential of 
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GRACE data to estimate the groundwater storage changes on a regional scale with sufficient 

accuracy to benefit water management. Yeh et al. (2006) used in–situ measurements of soil 

moisture to extract groundwater storage anomalies from GRACE and used in-situ groundwater 

level data to validate the anomalies for the state of Illinois. Similarly, other studies such as 

Rodell et al. (2007 & 2009) and Famiglietti et al. (2011) obtained auxiliary data from 

hydrological or land surface models to remove contributions from other natural reservoirs of 

water from GRACE TWSA.  

GRACE gravity signals require pre-processing to reduce errors, but the TWSA suffer 

losses in variability during the pre-processing. TWSA from global hydrologic models are used to 

recapture the lost variability in GRACE TWSA. This process is known as rescaling of GRACE TWSA 

(e.g., Landerer and Swenson, 2012). The accuracy of the rescaled GRACE TWSA depends upon 

the rescaling algorithm and TWSA from the hydrologic model (Chen et al., 2017). The global 

hydrologic models do not simulate groundwater, rock moisture, and surface water storage (Pun 

et al., 2022), so they do not characterize the complete water budget. Therefore, rescaling 

GRACE TWSA based on such hydrologic models might result in substantial errors.  

The coarse spatial resolution of GRACE limits the applicability of the TWSA to large 

regions (~ 160,000 km2).  Studies have implemented procedures to downscale GRACE TWSA or 

derived the groundwater storage anomalies. For example, Sun (2013) predicted the 

groundwater level at the scale of pumping wells using an artificial neural network that 

combines GRACE TWSA, well observations, and climate data such as precipitation and 

temperature. Other machine learning algorithms have been recently used to downscale GRACE 

TWSA (e.g., Yin et al., 2022). However, these methods are data intensive and require 
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hydroclimatic and water storage information at fine resolutions. Furthermore, these methods 

focus on estimating local TWSA with little emphasis on reproducing statistical properties of 

TWSA at the fine resolution, so they may over or underestimate the portion of the region 

experiencing extreme TWSA values. Thus, there is a need to estimate fine resolution TWSA in a 

way that reproduces the statistical characteristics while using few data.    

1.2 Research objectives 

The overarching objective of this dissertation is to improve GRACE TWSA for estimation of 

groundwater depletion and related ecohydrological responses to hydroclimatic variability. To 

this end, the dissertation has the following specific goals: 

i. Development of an improved GRACE rescaling algorithm that uses the complete budget 

ii. Development of a stochastic downscaling model that uses only TWSA information 

iii. Application of GRACE TWSA for ecohydrological analysis for climate-water-vegetation 

interactions.  

1.3 Organization of the dissertation 

Chapter 2 describes the development, application, and evaluation of an improved algorithm to 

rescale GRACE TWSA. The chapter also documents the impacts of rescaling on estimates of 

regional groundwater depletion. Chapter 3 deals with the identification of scale-invariant 

behavior and stochastic downscaling of GRACE TWSA. Chapter 4 describes the 

agroecohydrology of a large and diverse region.  In particular, it documents the temporal 

variations of two widely used satellite-based vegetation indices and their interactions with 

hydroclimatology and TWSA. Finally, Chapter 5 concludes by summarizing the key findings of 

the dissertation and potential avenues for future research.  
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Chapter 2 An Improved Rescaling Algorithm for Estimating 

Groundwater Depletion Rates using the GRACE Satellite 

2.1 Introduction 

Monitoring and understanding groundwater storage at regional scales (such as aquifers and 

river basins larger than 10 km2 in area; Kimura et al., 2009) is an important aspect of integrated 

water resources management. Groundwater provides domestic and agricultural water to more 

than 2 billion people globally (Alley et al., 2002; Nair and Indu, 2020; Ouma et al., 2015; Seo and 

Lee, 2016) and is particularly important in dry regions (Wada et al., 2010). Groundwater also 

provides critical ecosystem services such as regulating floods and droughts (Griebler and Maria, 

2014) and sustaining rivers and wetlands during the dry season (Miguez-Macho and Fan, 2012). 

Population and economic growth, as well as mismanagement and pollution of surface 

water resources, has resulted in increased reliance on groundwater (Rodell et al., 2009). 

However, the long-term abstraction of groundwater at rates much higher than recharge rates is 

causing groundwater depletion and mining in many regions (Gleeson et al., 2010; Russo et al., 

2014). A comprehensive review of groundwater withdrawal and depletion studies by Bierkens 

and Wada (2019) reports a significant increase in global groundwater depletion from 64 (±16) 

km3/year in 1960 to 304 km3/year in 2010. Given the importance of groundwater in meeting 

water requirements and sustaining ecosystems, it is necessary to monitor regional groundwater 

storage and its interaction with climatic, hydrologic, ecosystem, and socio-economic processes.  

The GRACE (Gravity Recovery And Climate Experiments) satellite remote sensing mission 

(Deng et al., 2019) provides estimates of monthly terrestrial water storage anomalies (TWSA), 
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which are the deviations from the long-term mean water storage (Gao et al., 2010; Yang et al., 

2018). The TWSA are obtained by mapping the time variable gravity field (Krogh et al., 2010; 

Tapley et al., 2004) at a spatial scale no smaller than 400 km or approximately 4° (Rodell et al., 

2009). The TWSA represent the combined change in the snow water equivalent (SWE), ice, 

surface water storage, soil moisture storage, rock moisture, and groundwater storage per unit 

area of land. GRACE-based TWSA estimates have been combined with auxiliary hydrological 

datasets to provide estimates of groundwater storage variations in the Central Valley of 

California (e.g., Famiglietti et al., 2011; Scanlon et al., 2012a), Illinois (Yeh et al., 2006), 

Northwest India (Rodell et al., 2009), and several other regions across the globe (e.g., Ouma et 

al., 2015; Seo and Lee, 2016).  

GRACE TWSA are estimated from spherical harmonics or mass concentration blocks 

(Save et al., 2016). GRACE TWSA based on spherical harmonics have been shown to have less 

uncertainty than GRACE TWSA estimated from mass concentration blocks (Ali et al., 2022). 

Before they are available to the general scientific community, the TWSA values based on 

spherical harmonic coefficients are filtered to minimize measurement errors and noise (Scanlon 

et al., 2016). However, filtering GRACE observations also results in partial removal of the true 

geophysical signal and a reduction of the spatial signal (Pun et al., 2022; Swenson and Wahr 

2011). Therefore, scale factors based on large-scale hydrological models (i.e., having spatial 

resolution around 1°) are used to rescale the filtered TWSA values and restore some of the lost 

variability (Landerer and Swenson 2012). In particular, the rescaling factor is selected to 

maximize the Nash-Sutcliffe Efficiency (NSE; Nash and Sutcliffe 1970) between the model’s 

rescaled filtered TWSA and original TWSA (Landerer and Swenson 2012). Then, the selected 
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scale factor is applied to the GRACE TWSA. The accuracy of the restored GRACE signal depends 

on the accuracy of the scale factor (Chen et al., 2017). Large-scale hydrologic models typically 

simulate soil moisture and snow water. Surface water storage, rock moisture, and groundwater 

are not represented (Pun et al., 2022), so a complete water budget is not used. Thus, the TWSA 

signal from the large-scale hydrologic model is likely smaller than the real TWSA signal (Pun et 

al., 2022; Yi, Wang, and Sun 2016). In regions where groundwater is the dominant component 

of TWSA and/or in areas that are heavily managed, the scale factors based on large-scale 

hydrologic models might include substantial errors (Longuevergne et al., 2010; Scanlon et al., 

2012a). Alternative scaling methods have also been proposed. Velicogna and Wahr (2006) and 

Famiglietti et al., (2011) estimated the scale factor by spatially filtering 1-cm of water depth 

uniformly placed on their study regions. Scale factor was estimated by taking the ratio of 1 cm 

to the average of the filtered depths. Scanlon et al., (2012a) rescaled groundwater storage 

anomalies from GRACE using well observations.  

The process of rescaling GRACE observations is meant to restore the variability in the 

TWSA. Gupta et al., (2009) showed that the process of NSE maximization in general aims to 

capture the correlation and relative variability (i.e., the ratio of the model and observed 

standard deviations) with little emphasis on minimizing bias between two time series. Thus, the 

variability introduced by NSE maximization is controlled by the correlation between the two-

time series. Unless the filtered and original time series have a perfect correlation, the scale 

factor based on maximization of NSE can underestimate the variability. 

The objectives of this study are to (1) evaluate the use of NSE in the current GRACE 

rescaling methodology, (2) test a new rescaling methodology that incorporates a complete 
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regional water budget, and (3) examine the impacts of the rescaling methodology on a regional 

assessment of groundwater depletion. For objective 1, an analytical solution of NSE 

maximization is formulated and the results of that approach are compared to a method that 

reproduces the full variability during the GRACE rescaling. For objective 2, the complete water 

budget is included by selecting the scale factor so that the GRACE TWSA have the same 

variance as TWSA estimated from regional precipitation, evapotranspiration, and streamflow 

data. The results from both experiments (i.e., objectives 1 and 2) are evaluated by comparing to 

TWSA from Global Positioning Systems (GPS) for the combined Sacramento and San Joaquin 

River basins in California. Finally, for objective 3, new groundwater depletion estimates are 

derived from GRACE for the study region using the new rescaling method along with surface 

water storage observations and soil moisture and SWE from global hydrologic models. The 

resulting estimates are compared to prior estimates of groundwater depletion for the study 

region. 

2.2 Materials and Methods 

2.2.1 Methods 

Evaluation of use of NSE in the current rescaling method 

Landerer and Swenson (2012) estimated the scale factor using a TWSA time series derived from 

the Noah land surface model within the Global Land Data Assimilation System (GLDAS-Noah; 

Rodell et al., 2004). GLDAS-Noah TWSA time series does not represent complete budget 

because it does not explicitly model surface water, groundwater, and rock moisture. The 

method does not use GRACE TWSA, and implicitly assumes that the GLDAS-Noah-based scale 

factors also apply to GRACE. First, they filtered the GLDAS-Noah TWSA using the filter from the 
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GRACE processing. This filtering produces a time series with a non-zero mean. Then, they 

selected the scale factor  to minimize the sum of the squared errors , which is 

calculated: 

   (2.1) 

where  is the original unfiltered GLDAS-Noah TWSA time series,  is the filtered 

GLDAS-Noah TWSA time series,  is the month, and n is the number of months considered. This 

minimization is equivalent to the maximization of NSE , which can be calculated as (Nash & 

Sutcliffe, 1970):  

  (2.2) 

where  is the mean of the original unfiltered GLDAS-Noah TWSA time series, which is 

zero. The filtered GRACE TWSA are then rescaled by multiplying the scale factors from Equation 

2.2 with the filtered GRACE TWSA time series. 

NSE can also be written in terms of the bias, error in standard deviation, and correlation 

with the original unfiltered TWSA time series (Gupta et al., 2009). Specifically: 

   (2.3) 
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GLDAS-NAOH TWSA time-series, and is the standard deviation of the original unfiltered 

GRACE-Noah TWSA time series. The variable  is the normalized bias, which is the difference in 

the means of two time series divided by the standard deviation of original unfiltered TWSA time 

series . The variable  is the mean of rescaled filtered 

GLDAS-Noah TWSA time-series, which is typically nonzero. The ideal values for the Pearson 

correlation coefficient and relative variability are both one, whereas the ideal value for the 

normalized bias is zero (Gupta et al., 2009). Landerer and Swenson (2012) rescaled the filtered 

GRACE TWSA  by multiplying it with the GLDAS-Noah-based scale factor obtained 

from maximization of NSE. Because the mean of the filtered GRACE TWSA is not typically zero, 

the mean of the rescaled filtered GRACE TWSA increases to scale factor times the mean of the 

filtered GRACE TWSA. That magnification of the mean may introduce bias. 

The maximization of NSE is aims to make the first term is as large as possible while 

keeping the other two terms as small as possible. It can be shown that the correlation between 

the two-time series does not change with rescaling. Therefore, the maximization of the first 

term depends on maximizing . However, any increase in  is penalized due to the associated 

increase in the magnitude of the negative second term. By taking the first derivate of NSE 

(Equation 2.3) with respect to the , Gupta et al. (2009) showed that the maximization of NSE 

occurs when . This result indicates that the variability of the rescaled time series is a 

function of the correlation between filtered and unfiltered time series.  

An analytical solution for scale factor  can be obtained as follows. By definition: 

   (2.4) 
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The variable  can be written as:  

   (2.5) 

If the mean is removed from the filtered TWSA time series,  becomes zero, and 

Equation 2.5 can be simplified as: 

   (2.6) 

   (2.7) 

Using  from Equation 2.7 in the expression  where  : 

   (2.8) 
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To evaluate the use of NSE in rescaling the GRACE TWSA, we also perform the rescaling based 

on keeping . We denote the scale factors from  and  as  and 

, respectively.  

GRACE rescaling based on complete water budget (CWB)  

To evaluate the use of the Noah TWSA estimates in GRACE rescaling, we also implement a 

rescaling method based on a complete regional water balance. In particular, regional 

precipitation ( ), evapotranspiration ( ), and exiting streamflow  

( ) datasets are used to estimate the changes in water storage ( ) :  

   (2.10) 

Equation 2.10 assumes that there is no net groundwater flow across the boundary of the study 

region. The change in water storage is similarly calculated from the rescaled filtered GRACE 

data ( ): 

  (2.11) 

where  is the filtered GRACE TWSA. The scale factor  is then analytically estimated 

using the  and  conditions. In those conditions,  from the filtered GRACE TWSA 

times series ( ) is treated as the filtered time series (i.e., it determines the denominator 

in Equations 2.8 and 2.9), and  from the CWB ( ) is treated as the unfiltered time 

series (i.e., it determines the numerator in Equations 2.8 and 2.9). The scale factors for the two 

conditions are denoted  and .  
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Groundwater estimates 

GRACE provides estimates of the combined anomalies in the storage of water above, at, and 

below the ground surface. Groundwater storage anomalies can be estimated using datasets for 

the anomalies in the other stores of water within the region. Specifically, the groundwater 

storage anomalies can be estimated as (e.g., Famiglietti et al., 2011; Scanlon et al., 2012a): 

   (2.12) 

where  is the groundwater storage anomaly,  is rescaled filtered GRACE TWSA 

(obtained from one of the four cases described above),  is the soil moisture anomaly,  

is the SWE anomaly, and  is the surface water storage anomaly. In the mountainous 

regions, rock moisture may be one of the components of the overall water storage. However, 

because rock moisture data are unavailable, rock moisture is not included (like other studies of 

groundwater using GRACE such as Famiglietti et al., 2011; Scanlon et al., 2012a).  

2.2.2 Study region 

The study region is the combined the Sacramento and San Joaquin River basin in California, 

which includes the Central Valley (Figure 2.1). The Central valley has an area of about 52,000 

km2 while the combined basins have an area of about 153,000 km2, which is comparable to the 

GRACE footprint. Almost 85% of the precipitation within the study region occurs in the 

mountains surrounding the Central Valley. Precipitation primarily falls as snow in the Sierra 

Nevada mountains making snowpack one of the major water reservoirs in the region (Scanlon 

et al., 2012b). Spring snowmelt from these mountains provides major portion of water for the 

surface water reservoirs in the region (Li et al., 2017). The Central Valley is one of the most 

productive agricultural regions in the world (Escriva-Bou et al., 2020). Because the climate of 
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the region is Mediterranean to semiarid, the agriculture is sustained by irrigation from surface 

water and the underlying Central Valley aquifer (Bertoldi 1989; Faunt et al., 2009). The Central 

Valley accounts for 1/6th of the U.S.A.’s irrigated land (Famiglietti et al., 2011). Human activities 

have depleted the underlying aquifer since mid-1940s (Konikow 2015; Russo et al., 2014), and 

significant reduction in groundwater in the southern San Joaquin valley has occurred since 1984 

(Argus et al., 2017). Groundwater consumption within the Central Valley accounts for 60% of 

the changes in the annual terrestrial water storage of the region (Ghasemizade et al., 2019). 

Both Famiglietti et al. (2011) and Scanlon et al. (2012a) assumed that changes in the 

groundwater storage within the study region are primarily due to the Central Valley. They also 

showed that estimated changes in groundwater storage from GRACE resemble observed and 

modelled changes in groundwater storage in the Central Valley. Therefore, we also assume that 

the groundwater storage changes derived from GRACE TWSA over the combined river basins 

predominantly represent the groundwater changes in the Central Valley. 

 

 

 

 

 



 

 16 

 

Figure 2.1. a) Location of study region within the U.S.A. and b) Central Valley location within the 
Sacramento and San Joaquin River basins, California. 
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2.2.3 Datasets 

The rescaling of GRACE TWSA and corresponding groundwater depletion analysis are 

performed for January 2006-December 2010. The start of the study period is selected to match 

the availability of the GPS data, and the length of the study period is selected to avoid periods 

with missing GRACE data.  

Terrestrial water storage 

Basin-averaged (basin level) TWSA were obtained from the University of Colorado’s GRACE data 

portal (http://geoid.colorado.edu/grace/). Basin-averaged TWSA are generated by the Center 

for Space Research at the University of Texas at Austin, GeoForschungsZentrum Potsdam, and 

the Jet Propulsion Laboratory. Basin-averaged GRACE TWSA for the Sacramento and San 

Joaquin River basins, which have been pre-processed to correct for post-glacial rebound (A et 

al., 2013), filtered to remove North-South stripping (Swenson and Wahr 2006), and smoothed 

using a 300-km wide gaussian filter (Swenson and Wahr 2002) were downloaded. Sakuma et al. 

(2014) showed that taking the arithmetic average of TWSA processed by different data centres 

reduces the noise in the gravity field solutions. Therefore, the mean of the TWSA from the 

above-mentioned datasets was computed and utilized in this study. Then basin-averaged TWSA 

were averaged using weights based on the size of each basin to compute the average TWSA for 

the study area. In addition to GRACE TWSA, the GLDAS-Noah original unfiltered and filtered 

TWSA were downloaded from the University of Colorado’s GRACE data portal.  

TWSA from GPS were also obtained by inverting the vertical land surface displacement 

of 1019 GPS sites within the study region. The Earth’s crust deforms elastically under the 

application and removal of loads. During the wet season, the crust subsidies because water, 
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snow, and ice are present on its surface, and it rebounds during the dry season when those 

loads are removed (Amos et al., 2014). In a region with aquifers, the Earth’s response also 

includes porous deformations when water enters or leaves the aquifers (Argus et al., 2014; Fu 

et al., 2015). The GPS sites located within the study region capture both the elastic and porous 

response of the Earth’s surface in vertical land motion measurements. We obtained GPS-based 

total water storage estimates from sideshow.jpl.nasa.gov (Argus et al., 2017). The GPS storage 

data were spatially averaged over the region and converted into anomalies by subtracting the 

mean for the study period.  

Precipitation, evapotranspiration, and streamflow 

The PRISM (Parameter-elevation Relationships on Independent Slopes Model) climate group at 

Oregon State University (http://www.prism.oregonstate.edu/) provides monthly gridded 

precipitation estimates from 1971 to the present at a spatial resolution of 4 km x 4 km for 

entire conterminous U.S.A. (Daly et al., 2008). The gridded precipitation is estimated using 

more than 13,000 surface stations and a model that not only applies distance weighting but 

also includes the effects of topographic attributes such as elevation, aspect, and coastal 

proximity (Jeong et al., 2020). PRISM’s long-term average patterns agree with other gridded 

precipitation datasets across broad climate gradients (Henn et al., 2018). PRISM is also 

consistent with United States Climate Reference Network estimates within all seasons and 

regions (Buban et al., 2020). Daly et al. (2008) showed that the mean absolute error of PRISM 

ranges from 5 mm to 13 mm within a year for the western U.S.A. The monthly PRISM 

precipitation values were averaged over the study region and converted into anomalies by 

subtracting the mean for the study period. See Figure A1 (Appendix A) for a map of mean 
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monthly precipitation. 

The evapotranspiration data product (MOD16) from the Moderate Resolution Imaging 

Spectroradiometer (MODIS) was used. MOD16 is computed by the Numerical Terradynamic 

Simulation Group at University of Montana (Mu et al., 2011) using the Penman-Monteith 

equation and land cover type, leaf area index, and albedo from MODIS. This evapotranspiration 

product is the sum of evaporation from wet canopy surfaces, transpiration by the vegetation, 

and evaporation from the soil surface. The evapotranspiration estimates have a mean absolute 

error of 0.33 mm/day when compared to the observations from eddy flux towers (Mu et al., 

2011). Monthly evapotranspiration estimates from MOD16 (0.05o grids) were extracted, 

averaged for the study region, and converted to anomalies by subtracting the mean for the 

study period. See Figure A2 for a map of mean monthly evapotranspiration. 

The study area is drained by the Sacramento and San Joaquin River basins. Streamflow 

data for two gauges located at Verona (USGS gauge 11425500) and Vernalis (USGS gauge 

11303500) on Sacramento and San Joaquin Rivers, respectively, were obtained from the 

National Water Information System of the United States Geological Survey (USGS) 

(http://waterdata.usgs.gov/nwis/). Figure 2.1 shows that these stream gauges are located 

upstream of the outlet of their respective river basin; however, these are the most downstream 

gauges that provide continuous observations of the flows in the Sacramento and San Joaquin 

rivers for the study period. Because the two selected streamflow gauges do not represent the 

complete river basins, the exiting streamflow estimates from these gauges may be 

underestimated or overestimated. The total streamflow was computed as the sum of the 

streamflow measured at two the gauges. This total was converted into equivalent water 
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thickness by dividing it by total area of the region and then into anomalies by subtracting mean 

streamflow for the study period.  

Soil moisture, SWE, and surface water 

Soil moisture and SWE anomalies are required to estimate groundwater depletion. Given that 

the GRACE is a global hydrologic tool, soil moisture and SWE are estimated from global 

datasets. The complete soil moisture profile and SWE are largely unmonitored in most areas 

(Famiglietti et al., 2011), so numerous studies have used modelled soil moisture and SWE from 

the GLDAS framework (e.g., Feng et al., 2013; Hu et al., 2019; Rodell et al., 2007). In this study, 

we used the modelled monthly estimates of soil moisture and SWE available from the 

Catchment Land Surface Model (CLSM; 1o), Noah (0.25o and 1o), and Variable Infiltration 

Capacity model (VIC; 1o) from GLDAS (Rodell et al., 2004). Noah models soil moisture in four 

layers up to a 2 m depth. VIC models soil moisture in three layers where, for the study region, 

the surface layer is 0.30 m thick, second layer is 2.50 m thick, and third layer is 0.25 m thick. 

CLSM models the soil moisture as a profile including surface and root zone regions. Monthly soil 

moisture and SWE grids were averaged for the study area and converted to anomalies by 

subtracting the mean for the study period.  

Monthly surface water storage data for the study region were collected from the 

California Data Exchange Center. Reservoir storages for 48 lakes/reservoirs were available as 

volumes of water stored, which were converted to an equivalent water thickness by summing 

up all the storage volumes for a particular month and dividing by the area of the study region. 

Anomalies of surface water storage were then calculated by subtracting the mean for the study 

period.  
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2.3 Results 

2.3.1 Scaling of GRACE TWSA 

The scale factors obtained by maximizing NSE (i.e., ) and optimizing relative variability 

(i.e., ) between the filtered and original unfiltered GLDAS TWSA are 1.91 and 1.97, 

respectively, for the study region and period. Given that the correlation between filtered and 

original unfiltered GLDAS TWSA is very high ( 0.97), two scale factors do not differ much 

from each other. Table 2.1 shows the Pearson correlation, relative variability, bias, and NSE 

values when both the rescaling factors are applied to the GRACE data and the resulting TWSA 

are compared with the GPS TWSA. The relative variability values indicate that the two rescaled 

GRACE TWSA have slightly more than 50% of variability in the GPS TWSA. Both rescaled GRACE 

TWSA have similar NSE values because the two scale factors  and  are similar.  

Table 2.1. Pearson correlation , relative variability , bias , and NSE between GRACE 

TWSA that are rescaled using GLDAS and GPS TWSA time series. 
Scale Factor Correlation ( )  Relative Variability ( )  Bias ( ) NSE 

  0.93  0.54  0.00  0.71 

 0.93  0.56  0.00  0.72 

 

Figure 2.2 compares the two rescaled GRACE TWSA to the GPS TWSA. Figure 2.2a & b 

shows that the scatter plots of the two rescaled GRACE TWSA are not well aligned with the 1:1 

line because they underestimate the TWSA variability. Both the rescaled TWSA tend to 

overestimate the GPS TWSA in dry months (i.e., for negative anomalies) and underestimate the 

GPS TWSA in wet months (i.e., for positive anomalies). Figure 2.2c compares the time series of 

the two GRACE TWSA with GPS TWSA. Both rescaled GRACE TWSA follow the variations in the 
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GPS TWSA well (and have a high correlation as shown in Table 2.1). The rescaled GRACE TWSA 

show a decreasing trend during the study period, but the trend has a smaller magnitude than 

the GPS TWSA. Neither GRACE TWSA captures the full decreases in the GPS TWSA during 

phases when the GPS TWSA decreases.  
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Figure 2.2. Comparison of GLDAS-based rescaling of GRACE TWSA with GPS TWSA. a) scatter 
plot of GRACE TWSA rescaled with  and GPS TWSA; b) scatter plot of GRACE TWSA 
rescaled with  and GPS TWSA; and c) time series of GRACE and GPS TWSA 

The scale factors obtained by maximizing NSE (i.e., ) and optimizing relative 

variability (i.e., ) between  and  are 2.75 and 3.18, respectively. Table 2.2 

shows the Pearson correlation, relative variability, and NSE values when the rescaling factors 

are applied to the GRACE data and the resulting TWSA are compared with the GPS TWSA. The 

relative variability of the GRACE TWSA rescaled with  is substantially higher than the one 
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rescaled with  and closer to the ideal value of one. Larger differences are observed 

between the cases in Table 2.1 than Table 2.2 because the correlation between the two  

times series is lower ( 0.85) than the correlation between the filtered and original unfiltered 

GLDAS times series ( 0.97). Once again, enforcing  produces a slightly higher NSE than 

enforcing . Figure 2.3 compares the two CWB-rescaled GRACE TWSA to the GPS TWSA. 

Figure 2.3a & b shows that the  case aligns better with the 1:1 line than the  case. 

However, Figure 2.3c shows that the difference between the two cases remains small. 

Table 2.2. Pearson correlation , relative variability , bias , and NSE between GRACE 

TWSA that are rescaled using the CWB and GPS TWSA time series. 
Scale Factor Correlation ( )  Relative Variability ( )  Bias ( ) NSE 

  0.93  0.78  0.00  0.84 

 0.93  0.91  0.00  0.86 

 

The effect of using the CWB instead of GLDAS for scaling can be seen by comparing 

Table 2.2 to Table 2.1. The relative variability and NSE are all substantially improved when the 

CWB approach is used. Similarly, comparing Figure 2.3 to Figure 2.2 shows that using the CWB 

approach better reproduces the range of variation and overall trend in the GPS data. Overall, 

optimizing the relative variability ( ) and using the CWB approach together produce a 

substantial improvement in the NSE for the study region. While the rescaling factor from the 

pre-existing method ( ) produces an NSE of 0.71, the rescaling factor from the two 

proposed modifications ( ) produces an NSE of 0.86. 
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Figure 2.3. Comparison of CWB-based rescaling of GRACE TWSA with GPS TWSA. a) scatter plot 
of GRACE TWSA rescaled with and GPS TWSA; b) scatter plot of GRACE TWSA rescaled 
with  and GPS TWSA; and c) time series of GRACE and GPS TWSA 

2.3.2 Groundwater depletion estimates 

Figure 2.4 compares the time series of the groundwater storage anomalies (GWSA) estimated 

from GRACE TWSA rescaled with  (the pre-existing method) and  (the two 

proposed modifications). As discussed earlier, separate GWSA were calculated using soil 

moisture and SWE anomalies from four global hydrology models. For simplicity, the results in 

Figure 2.4 show the minimum, average, and maximum GWSA from the four models at each 
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time. The average GWSA from both rescaling methods show decreasing trends. However, the 

trend from the GRACE TWSA rescaled with and CWB is more pronounced and suggests 

more depletion than the trend from the GRACE TWSA rescaled with  and GLDAS. In 

particular, the GWSA time series from  shows a decline commencing in 2006 whereas 

the GWSA time series from  shows a decline commencing in 2009. Figure 2.4 shows 

that the seasonal cycles of GWSA from  and  are different. Precipitation is 

typically largest in December to February, and it mainly occurs as snowfall in the Sierra Nevada 

mountains (Ukasha et al., 2022). Snowmelt occurs in late spring and early summer, and the 

associated elevated streamflow recharges the aquifer of the Central Valley aquifer (Gilbert and 

Maxwell 2018). Thus, the GWSA are expected to increase in late spring and early summer.  

Irrigation in the region peaks from June to August (Yang et al., 2017), so the GWSA are 

expected to decrease in this period.  For the  case, seasonal depletion occurs around 

September.  For the  case, seasonal depletion typically begins around July. 
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Figure 2.4. Time series of groundwater storage anomalies from GRACE TWSA rescaled with 
 and   

 

Table 2.3 examines the change in groundwater storage based on GRACE TWSA rescaled 

with  and  for two different time periods. For 2006-2008, the average GWSA 

from  and  show contrasting trends. The average GWSA from  (i.e., 

pre-existing methodology) shows a positive trend and therefore results in an accumulation of 

groundwater by the end of 2008. In fact, the GWSA estimates from  show a positive 

trend for all models considered (the minimum trend is 12.2 mm/yr). Among models, VIC-based 

GWSA show the least accumulation and CLSM-based GWSA show most accumulation. In 
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contrast, the average GWSA from  (i.e., the two proposed modifications) shows a 

negative trend and overall reduction in groundwater storage during this period. Moreover, the 

GWSA from  show a decreasing trend irrespective of the model used. The VIC-based 

GWSA shows the most depletion and CLSM-based GWSA shows the least depletion. The Noah-

based and VIC-based GWSA are similar while the CLSM-based GWSA estimates differ 

substantially from the others. 

For 2009-2010, the GWSA based on GRACE TWSA rescaled with  and  

both show negative trends and thus net groundwater depletion. However, the GWSA from 

 shows substantially more depletion than the GWSA from . For a given 

rescaling method, the quantitative estimates of groundwater depletion exhibit notable 

difference depending on the model used, suggesting that the SWE and soil moisture estimates 

include considerable uncertainty.  

Table 2.3. Average rate of increase (mm/yr) and total increase (km3) in groundwater storage 
from GRACE TWSA rescaled with  and  during the study period. For each case, 

values are minimum (left), average (middle), and maximum (right). Negative values indicate 
depletion. 

 Rates of Change (mm/yr)  Total Volume (km3) 

     

Jan. 2006 – Dec. 2008 12.2, 24.2, 47.8  -42.3, -30.3, -6.5  5.6, 11.1, 22.0  -19.4, -13.9, -3.0  

Jan. 2009 – Dec. 2010 -43.9, -39.4, -35.9  -58.4, -53.8, -50.4  -13.4, -12.1, -10.9  -17.8, -16.5, -15.4  
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2.4 Discussion 

The derivation presented earlier shows that maximizing NSE produces a scale factor that 

depends on the standard deviations of the filtered and original unfiltered TWSA time series and 

the correlation between the two time series. Because the result of the maximization can be 

determined analytically (Equation 2.8), numerical optimization is not needed to determine the 

scale factor. In addition, the relative variability between the rescaled filtered TWSA and original 

unfiltered TWSA time series equals the correlation between these time series (i.e., ). 

Therefore, the variability of the rescaled TWSA time series is always less than the variability in 

original unfiltered TWSA time series. This tendency might be disadvantageous because the 

purpose of rescaling is to restore the variation that is lost due to filtering.  

An alternative method was proposed where the scale factor is selected so that standard 

deviation of the rescaled filtered TWSA matches the standard deviation of the original 

unfiltered TWSA (i.e., ). This approach always produces a higher scale factor than 

Maximizing NSE unless the filtered and original unfiltered TWSA are perfectly correlated (in 

which case the two approaches are identical). The difference between the two methods is 

greater when the filtered and original unfiltered TWSA have lower correlation. This alternative 

method for determining the scale factor (i.e., enforcing ) can also be implemented 

without using numerical optimization and can be applied to any region of interest. When the 

proposed method was applied to the study region, the resulting TWSA were slightly more 

similar than the  case to the independent TWSA estimates from GPS. Future research 

should compare these methods for other study regions where independent estimates of TWSA 

are available because it is not clear whether the  approach will typically outperform the 
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 case. This study also considered a period in which the GRACE data were complete. The 

effects of missing data on the results should also be considered. 

The scale factor from the CWB method was also larger than the scale factor from the 

GLDAS method. The two scale factors are expected to diverge more when the stores of water 

that the GLDAS models neglect are more important. Thus, larger differences are expected in 

regions with major aquifers, which are often the regions where GRACE data are used most. The 

CWB method is expected to produce a larger scale factor than the GLDAS method whenever 

the variation of the total water storage is larger than the variation in the storage represented in 

GLDAS. Thus, the CWB approach will produce larger scale factors in regions where the seasonal 

variations of SWE, soil moisture, and groundwater are aligned. The CWB method is expected to 

outperform the GLDAS method because the target that is used to determine the scale factor  

( ) is more closely related to the GRACE data to which the scale factor is applied. 

However, testing in other regions is needed. The CWB method also requires precipitation, 

evapotranspiration, and streamflow data, so it cannot be applied where such data are 

unavailable. Its performance will be worse where these data are less accurate. 

The results show that capturing the range of relative variability can have significant 

impacts on the groundwater storage anomalies. Larger scale factors are expected to increase 

trends in the TWSA. Rescaling the GRACE data with  and the CWB method for the study 

region better captured the variability in the GPS TWSA and resulted in more substantial 

estimates of groundwater depletion. The estimated groundwater volume changes resemble 

those in previous studies by Famiglietti et al. (2011) and Scanlon et al. (2012a). Public sector 

water management organizations such as California Department of Water Resources could use 
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groundwater depletion information to assess the impact of droughts on regional groundwater 

resources and estimate the water productivity of the region based on the crop yield. This could 

also indicate the effectiveness of any policy or management decision implemented for regional 

water management.  

Studies have shown that a portion of streamflow originates from groundwater stored in 

the fractured bedrock of Sierra Nevada mountains (e.g., Ciruzzi and Lowry, 2017; Somers and 

McKenzie, 2020; Uriostegui et al., 2016). Thus, the estimates of groundwater depletion may 

include changes in the rock moisture within the region. Groundwater depletion estimated from 

rescaled GRACE TWSA should be evaluated in regions where rock moisture is either known to 

be insignificant or has been accurately estimated.   

2.5 Conclusions 

This study focused on GRACE TWSA rescaling, which is used to overcome the loss of variance 

that occurs when GRACE TWSA are filtered to reduce errors. First, it compared the use of NSE 

as an objective function to an alternative method that restores the variance of the original 

unfiltered TWSA time series. Second, it compared rescaling based on GLDAS to rescaling based 

on a CWB inferred from regional precipitation, evapotranspiration, and streamflow data. Third, 

it examined the impacts of the rescaling method on estimates of groundwater repletion. Based 

on results for the combined Sacramento and San Joaquin River basins in California, USA, the 

following conclusions can be drawn. 

1. If the scale factor is selected by maximizing NSE, the relative variability between the 

rescaled filtered TWSA time series and the original unfiltered TWSA time series always 

matches the correlation between the two time series (i.e., ). Thus, the rescaled ra =
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filtered TWSA always have less variation than the original unfiltered TWSA unless the 

two time series are perfectly correlated.  

2. If the scale factor is selected so that the rescaled filtered TWSA have the same variance 

as the original unfiltered TWSA (i.e., ), the resulting TWSA are slightly more similar 

to independent estimates of TWSA from GPS for the study region. This improvement 

occurs irrespective of whether the rescaling is performed using the GLDAS or CWB 

method. Larger differences between the  and  methods are expected to 

occur for cases where the correlation between the two time series is lower.  

3. Rescaling with CWB instead of GLDAS results in a substantially larger scale factor for the 

study region and the resulting TWSA show substantially better agreement with the 

independent TWSA from GPS. The larger scale factor is expected because the CWB 

includes variations in water stores that are not included in GLDAS (especially 

groundwater). Larger differences between the CWB and GLDAS methods are expected 

to occur for regions where groundwater is an important component of the TWSA and 

where the variations in soil moisture, SWE, and groundwater storage are aligned. 

4. When the scale factor is estimated using  and CWB (rather than the pre-existing 

method using  and GLDAS), the resulting estimates of groundwater depletion in 

the Central Valley are larger and began earlier. In particular, depletion appears to have 

occurred between 2006 and 2008, which is not observed using the pre-existing 

approach. This change in behaviour occurs irrespective of whether the soil moisture and 

SWE are estimated using VIC, CLSM, or Noah in GLDAS. 
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Chapter 3 Scale-invariant behavior and stochastic downscaling of terrestrial 

water storage anomalies 

3.1 Introduction 

Gravity Recovery and Climate Experiments (GRACE) and its follow on mission (GRACE-FO) is the 

observation tool which provides an integrated picture of water storage, however, at coarse 

temporal (monthly) and spatial (4o) resolutions (Kornfeld et al., 2019; Tapley et al., 2004 a,b). 

GRACE and GRACE-FO observations are satellite based and are available as TWS anomalies 

(TWSA; i.e., deviations from long-term mean TWS) since 2002. These TWSA have significantly 

contributed to enhancing the understanding of hydrological cycle and its interactions with 

climate, ecosystems, and socio-economic processes at regional to global scales (e.g., Syed et al., 

2008; Ahi et al., 2021; Fatolazadeh et al., 2021; Hasan et al., 2021; Liu et al., 2021; 

Tangdamrongsub et al., 2021a,b; Zhu et al., 2021). In combination with auxiliary information on 

significant water storage components, GRACE and GRACE-FO observations have been used to 

estimate groundwater storage changes in large aquifers located in different eco-hydroclimatic 

zones (e.g., Bi and Rodell, 2021; Guo et al., 2022; Mohamad et al., 2020; Richey et al., 2015a,b; 

Sharifi et al., 2022; Xanke et  al., 2022). Near real time monitoring and prediction of hydrological 

extremes i.e., floods and droughts has seen significant improvements due to incorporation of 

TWSA observations (see Cui et al., 2021; Latinovic et al., 2021; Mo et al., 2022; Nigatu et al., 

2021; Reager et al., 2014; Tangdamrongsub et al., 2021b; Thomas et al., 2014; Zhong et al., 

2022). Girotto et al. (2016); Houborg et al. (2012); Kumar et al. (2016); Li et al. (2012); Zaitchik et 

al. (2008) and some others demonstrated enhanced modeling skills of land surface models after 

assimilating GRACE TWSA. Furthermore, this dataset has been used in parameter estimation and 
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calibration of hydrological and groundwater models (e.g., Qiao et al., 2013; Sun et al., 2010, 

2012). Potential of GRACE observations in ecohydrological analysis has been demonstrated by 

numerous studies including A et al. (2015); Maeda et al. (2015); Ukasha et al. (2022); and Yang 

et al. (2014).  

The coarse spatial resolution of GRACE and GRACE-FO observations limits its 

applicability at smaller scales. To enhance understanding of spatial patterns in hydroclimatic 

variability, groundwater storage and other related processes, TWSA observations at much finer 

resolutions compared to GRACE resolution are required. Therefore, numerous statistical 

methods (e.g., regression equations) and physically based dynamic procedures have been 

developed to perform deterministic spatial downscaling of GRACE and GRACE-FO TWSA. For 

example, sub-basin scale groundwater storage anomalies for California’s Central Valley aquifer 

were obtained using linear relationship between GRACE TWSA based aquifer scale groundwater 

storage and spline of groundwater storage obtained from the California Central Valley 

Groundwater-Surface Water Simulation Model (Kuss et al., 2012). A study by Ning et al. (2014) 

used satellite-based estimates of precipitation (P) and evapotranspiration (ET), and runoff (Q) 

from Global Land Data Assimilation System to construct a nonlinear regression model relating 

water budget (P-ET-Q) with 1o gridded GRACE TWSA. Ultimately, they used the model to 

downscale TWSA to 0.25o and evaluated it against groundwater well levels located in Yunnan 

province, China. Gemitzi et al. (2021) downscaled 1o GRACE-FO TWSA for Thrace and Thessaly 

regions by first regressing it against 1o precipitation obtained from upscaling of 0.1o Global 

Precipitation Mission product and then using 0.1o precipitation in the regression equation to 

estimate 0.1o TWSA. They found that the regression equation for GRACE-FO TWSA is also 
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applicable to GRACE TWSA for their study regions. Artifical Neural Network (ANN) scheme was 

employed by Yirdaw and Snelgrove (2011) and Sun (2013) to estimate groundwater level 

changes in a well for Assiniboine Delta aquifer in Canada and multiple sites in the U.S.A, 

respectively using observations on groundwater level from wells, and precipitation. ANN’s were 

found to be successful in estimating point-scale groundwater changes, however, it requires 

significant amount of training data to accurately map the relationship between large-scale and 

small-scale processes. Physically based disaggregation has been done by assimilating GRACE 

TWSAs into land surface models (see Girotto et al., 2016; Houborg et al., 2012; Kumar et al., 

2016; Li et al., 2012; Zaitchik et al., 2008). However, these models usually do not explicitly 

model groundwater and surface water storages i.e., complete TWSA is not modeled and 

therefore, may have inaccurate spatial variation of TWSA. Furthermore, given the different 

forcing and non-unique model structures, modeled TWSA are highly uncertain. More recently, 

machine learning algorithms have been used to downscale TWSA using modeled and observed 

hydroclimatic variables (e.g., Chen et al., 2021; Seyoum et al., 2019; Yin et al., 2022). These 

procedures require high resolution information on different hydro-climatological variables 

and/or water storage components, which is obtained as in-situ (not globally available) or 

remote sensing observations, model estimates or their combination. More importantly these 

downscaling methods focused on estimating local TWSA without considering the conservation 

of statistical properties of TWSA at fine resolutions. Therefore, the fine resolution TWSA from 

deterministic models may miss the extreme TWSA values that may occur within a large region.   

 Extreme TWSA values that may occur at finer resolutions in a region is important for 

estimating the probability of small scale droughts and floods, and how these extreme events 
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relate to other characteristics of the region. Estimating the probabilities at fine resolutions is 

also relevant to firms that insures crops and infrastructure to assess the various risks and 

inform policy decisions regarding premium. Therefore, the objective of this study is to capture 

the extreme TWSA values at fine resolutions by reproducing the statistical properties of coarse 

resolution TWSA. To accomplish this we hypothesized that spatial patterns of GRACE and 

GRACE-FO TWSA are scale-invariant. And consequently, fine resolution TWSA that preserves 

the statistical properties can be estimated using multiplicative random cascade models 

(MRCM). Analysis of scale-invariance of hydroclimatic variables such as precipitation, soil 

moisture and snow field depths have shown that these quantities exhibit the property of 

statistical scale-invariance (e.g., Deems et al., 2006; Ji et al., 2016; Kuchment and Gelfan, 2001; 

Molnar and Burlando, 2005; Neuhauser et al., 2019; Pons et al., 2022; Veneziano et al., 1996; 

Verrier et al., 2022). The scale invariance analysis is a statistical procedure that identifies the 

scaling structure by upscaling fine resolution hydroclimatic variable to successive coarser 

resolutions. MRCM are stochastic models that reproduce the statistical properties of the 

hydroclimatic variables that are scale-invariant across different scales (see Hosseini et al., 2013; 

Kang and Ramirez, 2010; Mascaro et al., 2010; Molnar and Burlando, 2005; Pons et al., 2022; 

Rupp et al., 2012; Verrier et al., 2022), more specifically from coarser to higher resolutions i.e., 

downscaling of the hydroclimatic variables. The parameters of the MRCMs are determined by 

the model itself and from the scaling structure of the hydroclimatic variable. In this study we 

used the gridded 0.25o monthly GRACE, GRACE-FO and global positioning system (GPS)-based 

TWSA for three regions across the globe having different climatic, geological, and physiographic 

characteristics. These characteristics exert controls on terrestrial water storage variations and 
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therefore, characterizes the spatial patterns, statistical properties and scaling structure of 

TWSA. For each region, we started with testing for the presence of log-log linear relationship 

between moments of TWSA and different resolutions (0.25o to 4o) at which those moments are 

computed to infer scale-invariance of TWSA. Then type of scale-invariance was ascertained that 

parameterized the lognormal MRCM. And finally, MRCM was applied to estimate the fine 

resolution (0.0625o) TWSA that approximately reproduced the statistical properties of coarse 

resolution (0.25o to 4o) TWSA.  

3.2 Data and Methods 

3.2.1 Study Regions 

The study was conducted for i) Amazon river basin in Brazil, ii) Sindh province in Pakistan, and 

iii) around California, U.S.A (see Figure 3.1). Three regions selected for analysis and downscaling 

represents different climatic, geologic, and physiographic characteristics.  Region selected 

within Amazon basin for this study is located within the Amazon floodplains (Paiva et al., 2013) 

characterized by flat topography. The region is seasonally flooded (Paiva et al., 2013) that 

results in high recharge (>100 mm/year) to shallow (i.e., local) and deep (uniform and large 

sedimentary) groundwater aquifers in the region (Hoekstra et al., 2010). Given its seasonally 

flooded nature, surface remains somewhat saturated throughout the year, and thus, river and 

flood waters partially dominates the terrestrial water storage variations in the region (Pokhrel 

et al., 2013). Sindh province in Pakistan is the most downstream riparian area of the Indus 

River. The province has a flat topography and is characterized by low recharge (<20 mm/year) 

deep aquifer (Hoekstra et al., 2010). The region is primarily waterlogged and is poorly drained 

(Lytton et al., 2021). The region selected around California comprises of highly productive 
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Central Valley and to the east of the Central Valley the snow-clad mountain ranges of Sierra-

Nevada. Western US is under drought for two decades, where Southern California has been 

severely impacted (Herrmann et al., 2016). The selected region is characterized by low recharge 

aquifers (Hoekstra et al., 2010) and topographic variation ranging from a flat valley to high 

mountains. Western US is under drought for two decades, where Southern California has been 

severely impacted (Herrmann et al., 2016). In response to the drought, the groundwater usage 

significantly increased within the valley. This resulted in long-term depletion of groundwater 

within the Central Valley that has been shown by decreasing trends in surface mass anomalies 

captured by GRACE (Alam et al., 2021). 

Given that the procedure to investigate the scale-invariant behavior required the study 

region to have a square boundary, within each of the above-mentioned regions we selected an 

area of having 4o degree extent in north-south and east-west direction. This equates having 

sixteen 0.25o pixels each in north-south and east-west directions (or 256 pixels).  
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Figure 3.1. a) Location of study regions in the world; b) topographic and hydrogeologic 
characteristics of study region in California; c) topographic and hydrogeologic characteristics of 
Sindh; d) topographic and hydrogeologic characteristics of study region in Amazon. 
Hydrogeologic characteristics adopted from Hoekstra et al. (2010). 
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3.2.2 Datasets 

In this study we used the gridded 0.25o monthly GRACE and GRACE-Follow On mass 

concentration (MASCON) solutions of TWSA (Save et al., 2016) from April 2002 to December 

2021 (few months are missing in the available dataset and therefore TWSA of 204 months is 

available and was used for analysis). This dataset is produced by the Center of Space Research, 

University of Texas at Austin and unlike traditional TWSA product based on spherical 

harmonics, MASCON product does not require any post-processing to correct for leakage, 

measurement and spatial correlation errors. In addition to GRACE TWSA, for California region, 

we also collected Global Positioning System (GPS) based TWSA from January 2006 to December 

2021 (total of 187 months). GPS measures vertical displacement of the earth surface in 

response to elastic loading and unloading (surface water, snow, and soil moisture), and porous 

response to depletion and recharge of underlying groundwater aquifer (Argus et al., 2014).  

3.2.3 Methods 

3.2.3.1 Transformation of TWSA 

Given that the water storage data from GRACE and GPS are anomalies, therefore, moments for 

moment orders other than 1 and even numbers cannot be estimated. The cascade generators 

also take the form of nonnegative numbers, therefore, TWSA dataset needed to be 

transformed to have only nonnegative numbers. To this end, we transformed the TWSA data 

for a particular month by adding in it 1.1 times the absolute of minimum TWSA for that month. 

This resulted in minimum value of transformed TWSA always greater than zero. Even after the 

transformation, zero does not mean complete absence of water and thus not comparable 

between months for the same region.   
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3.2.3.2 Scale-invariance of TWSA 

This section defines scale-invariance and the procedure to test the hypothesis that whether or 

not TWSA is scale-invariant. Scale-invariant behavior of hydroclimatic variables such as 

precipitation, and soil moisture is defined by (e.g., see Kang and Ramirez, 2010; Mascaro et al., 

2010):   

 S(λL)  =()*+  λ,- S(L) 3.1 

where S is transformed TWSA, L is the resolution of variable S, λ	is the scale ratio, and τ is the 

scaling exponent. The equation implies that the probability distribution of S at resolution λL is 

same as of at resolution L times the factor which is the function of scale ratio λ and scaling 

exponent τ. Equation 3.1 can be re-written in the form of moment order (q): 

 ln〈S456 〉 = −τ(q) ln(λ) + ln〈S56〉 3.2 

Where 〈S456 〉 and 〈S56〉 are the ordinary moments (i.e., moments about zero) of order q for the 

variable S at resolutions λL and L, respectively. Equation 3.2 shows that the scale-invariant 

behavior of the variable S is characterized by the log-log linear relationship between scale ratio 

λ and statistical moment of order q, having slope τ. The scale exponent τ may vary with the 

moment order q, and characterize the scale-invariant behavior of the variable S. If the 

relationship of τ and q is linear, then the variable S has simple scaling (or monofractal) 

behavior. A non-linear relationship indicates that variable S exhibits multiscaling (or 

multifractal) behavior (Schertzer & Lovejoy, 1987). 

Figure 3.2 illustrates the procedure adopted to estimate TWSA at successive coarser 

resolutions for each month. The 0.25o TWSA was upscaled step by step to the coarse resolution 
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of 4o. Upscaling was performed by combining and arithmetically averaging 2 number of pixels in 

each north-south and east-west directions. At each resolution, moments of orders q = 0, 0.5, 

1.0, 1.5, 2.0, 2.5, 3.0, 3.5, and 4.0 were estimated.  

 〈S:6〉 =
∑ (S))6<=
)>?	
N:  3.3 

where R is the resolution, 〈S:6〉 is the q+B moment of TWSA at resolution R, i is the pixel, and N: 

is the total number of TWSA pixels at resolution R. At the resolution R, ensemble moment for 

moment order q; 〈S:6〉	 was estimated by taking power q of the TWSA value of each pixel, 

summing them up and dividing by the total number of pixels (N:) at that resolution.     
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Figure 3.2. Upscaling of TWSA from 0.25o to 4o 

 Presence of log-log linear relationship of moments estimated from Equation 3.3 with 

TWSA resolutions at which these moments were calculated was tested (Figure 3.3a). R2 and 

corresponding p value of log-log linear relationship for each moment order q of a particular 

month was estimated to establish whether relationship of moments and TWSA resolutions is 

log-log linear therefore, TWSA is scale-invariant. The negative of the slope of the log-log linear 

relationship at moment order q is the scaling exponent τ for that q. The τ-q relationship (e.g., 

Figure 3.3b) obtained from the analysis determines whether TWSA is monofractal or 

multifractal and forms the basis of stochastic downscaling of TWSA for a particular month. 
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Figure 1.3. Schematics of Scale invariance analysis of TWSA  

3.2.3.3 Stochastic downscaling of TWSA using MRCM 

Number of MRCMs has been widely used to downscale scale-invariant hydroclimatic variables 

(e.g., Deidda, 2000; Kang and Ramirez, 2010; Mascaro et al., 2010, 2019; Posadas et al., 2015). 

For two dimensional datasets like GRACE, MRCM preserves the scale-invariant behavior while 

distributing the mass on successive regular subdivisions. Therefore, a pixel of length scale lD is 

distributed into 4 subpixels at each disaggregration level (termed as cascade level). Therefore, 

at n+B disaggregation level there are total of 4F subpixels each with a scaling ratio of λF =

lF/lH = 4,F/I; where lF and lH are length scales at n+B cascade level and original large-scale 

field respectively. The schematics of MRCM application to downscale TWSA is shown in Figure 

3.4. From hereafter j+B subpixel at n+B cascade level will be denoted as ΔFD , where j	is 1 to 4F. 
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Figure 3.4. Schematics of stochastic downscaling of TWSA 

Let us take sH = s(∆H)[L] be the initial single TWSA pixel at largest scale level (i.e., 

cascade level 0). Upon applying MRCM for disaggregation of sH at level 1, there will be 4 pixels 

with downscaled value of pixel s(ΔHD ); where j = 1, . . . ,4; estimated as s? = sHW?(j), where W* 

are independent and identically distributed random variables termed as cascade generators. At 

2nd cascade level, each pixel from 1st level is downscaled in a similar way i.e., s(ΔID ) =

s?WI(j) = sHW?(j)WI(j). From this MRCM can be generalized as follows: 

 s(ΔFD ) = sH∏ WU(j)FU>? ; 														j = 1, . . . . . . , 4F        3.4 
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where s(ΔFD ) is the downscaled TWSA of j+B pixel at n+B cascade level, and	k is the cascade level. 

Equation 4 shows that TWSA for the pixel j at the n+B cascade level (i.e., s(ΔFD )) is a cumulative 

product of large-scale s (i.e., sH) and so-called cascade generators (W*) for cascade levels 1 to n. 

In order to conserve the mass in equation 4 the distribution of W needs to be non-negative 

with 〈W〉 = 1. This ensures that average TWSA of 4F pixels at the n+B cascade equals to the 

initial large-scale single pixel sH. Log of the q+B ensemble moment of the random cascade of 

equation 3.4 is as follows (e.g., Over and Gupta, 1996):  

 logZ〈sF(q)〉 = d(logZ〈W6〉 − (q − 1))logZλF,? + qlogZ(sHlH()       3.5 

where 〈sF(q)〉 is the q+B ensemble moment of downscaled TWSA. Equation 5 shows that there 

is a linear relationship between the log of 〈sF(q)〉 and the log of the inverse of the scaling ratio 

λF. Therefore, the MRCM satisfies the condition of statistical scale invariance as described in 

the equation 3.1. The so-called τ function is slope of the linear relationship of equation 5 and 

have a mathematical form: 

 τ(q) = d(logZ〈W6〉 − (q − 1))    3.6 

 The parameters of the cascade generator W are based on the τ − q relationship 

developed following Equation 3.2 and the theoretical functional form describing the 

relationship. The theoretical functional form of the relationship is determined by the random 

cascade generator that reproduces statistical properties of TWSA field. To this end, number of 

random cascade generators have been used to stochastically downscale hydroclimatic variables 

including widely accepted and used i) lognormal, ii) beta-lognormal, and iii) log-Poisson cascade 

generators (e.g., see Deidda, 2000; Gupta and Waymire, 1993; Over and Gupta, 1996). Among 
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these, lognormal is the simplest and is characterized by one parameter as opposed to other two 

cascade generators where each of them is characterized by two parameters. Beta-lognormal 

cascade generator is more suited to model highly intermittent random fields such as 

precipitation which necessarily contains non-rainy or dry (i.e., zero value) areas (Over and 

Gupta, 1996). However, zeros in transformed TWSA fields does not mean zero storage areas 

i.e., no area is fully dry (or out of water). Log-Poisson cascade generator is suited to model 

intermittent precipitation and soil moisture fields (Deidda, 2000; Mascaro et al., 2010; 2019). 

For stochastic downscaling of TWSA using MRCM, lognormal cascade generator owing to its 

simple and parsimonious structure, and ability to model heterogeneous and intermittent fields, 

emerges as a suitable choice. Lognormal cascade generator takes the following mathematical 

form: 

 W = 4\] 3.7 

where 𝜎 is the standard deviation corresponding to the variance of ln(W) and is the measure 

of the non-linearity of scaling exponents and degree of multifractality (Bacry et al., 2013). And X 

is the randomly generated number sampled from standard normal distribution with zero mean 

and standard deviation of unity. Under the condition 〈W〉 = 1 the lognormal cascade generator 

takes the form (Gupta and Waymire, 1993) 

 W = 4\],\
`aF(Z)
I  3.8 

And the τ − q relationship for the lognormal generator cascade of equation 8 is (e.g., 

Tchiguirinskaia et al., 2000): 
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 τ(q) = σI
2ln(4) (q

I − q) 3.9 

 Equation 3.8 shows that the stochastic modeling of TWSA using a lognormal MRCM 

requires σI which is estimated by minimizing the sum of squared errors between Equation 3.9 

and empirical τ − q relationship.        

 The downscaling of the large-scale (4o) transformed TWSA was carried out for each 

month of the study period. For each month parameter σI was estimated by computing 

empirical moments for q = 0, 0.5, 1, 1.5, 2, 2.5, 3, 3.5, and	4 at scales 0.25o to 4o (see Figure 3.2 

and Equation 3.3), empirical scaling exponents for each q were derived as the negative of the 

slope of log-log scale and empirical moments, and then fitting a least-square regression to 

empirical scaling exponents and q to τ − q relationship for lognormal cascade generator 

(Equation 3.9) to estimate σI. Using its estimated σI, the large-scale transformed TWSA for a 

particular month was downscaled at the resolution of 0.0625o using the lognormal MRCM 

(Figure 3.4, and Equation 3.8). One thousand realizations for each month were carried to 

perform stochastic downscaling of large-scale transformed TWSA. In order to compare with 

GRACE, GRACE-FO and GPS TWSA, each realization of fine resolution transformed TWSA was 

back-transformed by subtracting the same numbers which were added during the process of 

transformation. 

3.3 Results 

Table 3.1 shows mean (i.e., large-scale), minimum and maximum GRACE, GRACE-FO and GPS 

TWSA and transformed TWSA, standard deviation of TWSA and coefficient of variation (CV) for 

dry, average, and wet months. These sample months are defined as: i) dry month: month 
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whose mean GRACE, GRACE-FO or GPS TWSA is minimum among all the months, ii) average 

month: whose mean GRACE, GRACE-FO or GPS TWSA is closest to the long-term mean of large-

scale GRACE, GRACE-FO or GPS TWSA for the study period, and iii) wet month: month whose 

mean GRACE, GRACE-FO or GPS TWSA is maximum among all the original TWSA months. For 

California region, these sample months were taken from the common period of GRACE and GPS 

i.e., January 2006 to July 2021.   

 

Table 3.1. Mean, minimum and maximum GRACE, GRACE-FO and GPS TWSA and transformed 
TWSA. Values in bracket shows mean, minimum and maximum transformed TWSA. Table also 
shows the standard deviation and coefficient of variation (CV) of transformed GRACE, GRACE-
FO, and GPS TWSA 

Region  Dry Month Average Month Wet Month 

Amazon Mean TWSA (mm) -45.6 (35.2) 6.3 (16.2) 80.3 (114.1) 
Min. TWSA (mm) -73.4 (7.4) -9.2 (0.9) 30.7(64.5) 
Max. TWSA (mm) -16.2 (64.6) 35.4 (45.5) 129.3 (163.1) 
St. Dev. (mm) 15.0 9.1 28.6 

 CV 0.43 0.56 0.25 

Sindh Mean TWSA (mm) -12.1 (10.6) -1.3 (3.8) 8.2 (12.4) 
Min. TWSA (mm) -20.5 (2.1) -4.7 (0.5) 3.8 (8.1)  
Max. TWSA (mm) -5.1 (17.6) 1.2 (6.3) 11.9 (16.2) 
St. Dev. (mm) 3.6 0.9 1.7 

 CV 0.34 0.24 0.14 

California Mean TWSA (mm) -23.7 (15.5) -6.0 (10.8) 8.5 (12.8) 
Min. TWSA (mm) -35.7 (3.6) -15.3 (1.5) 3.9 (8.3) 
Max. TWSA (mm) -10.8 (28.4) 1.6 (18.4) 16.3 (20.6) 
St. Dev. (mm) 7.2 4.8 3.8 

 CV 0.46 0.44 0.29 

California 
- GPS 

Mean TWSA (mm) -233.7 (588.3) 47.1 (246.4) 468.8 (663.6) 
Min. TWSA (mm) -747.4 (74.7) -181.2 (18.2) -177.1 (17.7) 
Max. TWSA (mm) 319.6 (1417.5) 449.8 (649.3) 1224.4 (1419.2) 
St. Dev. (mm) 245.5 171.5 393.7 

 CV 0.42 0.69 0.59 
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Table 3.1 shows that GRACE, GRACE-FO and GPS mean TWSA for sample dry months is 

negative whereas mean TWSA for sample wet months are positive. For the sample average 

months, mean may be negative or positive. GRACE and GRACE-FO minimum and maximum 

TWSA for sample dry months are all negative and for sample wet months all TWSA are positive. 

For GPS TWSA sample dry and wet months have minimum TWSA is negative and maximum 

TWSA is positive. For sample average months mean TWSA can be negative or positive, 

minimum TWSA is negative and maximum TWSA is positive. Transformed mean, minimum and 

maximum TWSA are always positive. Transformed mean TWSA for average months are always 

smaller than dry and wet months. Table 3.1 also shows that for a particular region the standard 

deviation of GRACE, GRACE-FO and GPS TWSA for the sample months are generally smallest for 

the average month. CV of transformed TWSA is largest for sample average months for Amazon 

and GPS TWSA of California, and for sample dry months for Sindh and GRACE TWSA for 

California. The CV of sample dry and average months of transformed GRACE and GRACE-FO 

TWSA for California are similar.  

Figure 3.5 shows the dry, average, and wet months transformed TWSA for three study 

regions. Transformed TWSA for Amazon region (Figure 3.5a-3.5c) shows that average month 

has smaller TWSA values as compared to dry and wet month TWSA values. Therefore, 

transformed mean TWSA for average month is lower than those of dry and wet months (see 

Table 3.1). This resulted due to the transformation of original TWSA to nonnegative numbers. 

The transformation for a particular month is based on the minimum GRACE, GRACE-FO or GPS 

TWSA of that month. Figure 3.5(a-c) also shows that for Amazon region average month 

transformed TWSA has the smallest range (hence lowest standard deviation; see Table 1) and 
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wet month has the largest range (highest standard deviation; Table 3.1). Figure 3.5(d-f) shows 

that for Sindh region, range of transformed TWSA for dry month is largest and average month 

has the smallest range. Figure 3.5(g-i) shows that, for California, dry month transformed TWSA 

has the largest range, whereas average and wet month have similar ranges. Figure 3.5(j-l) 

shows wet month transformed GPS TWSA for California has the largest range, whereas range of 

TWSA for other two months are similar.  

Figure 3.5(a-i) shows that among three regions transformed TWSA for Amazon has 

highest variability, whereas Sindh has least variability. Figure 3.5(g-l) shows that for California, 

transformed GPS TWSA has much more variability than the transformed GRACE and GRACE-FO 

TWSA. TWSA estimates from GRACE (and GRACE-FO) and GPS are based on different processes 

(i.e., gravitational changes and vertical movement of earth surface, respectively), and the time 

span for long-term mean to compute anomalies is different for GRACE and GRACE-FO TWSA 

and GPS TWSA. However, when compared on large scales for Sacramento and San Joaquin river 

basins in California, GRACE TWSA rescaled with observed water fluxes, showed similar trends 

and variability in time as of GPS TWSA (Ukasha et al., 2022b).  
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Figure 3.5. a, b, c) Gridded transformed GRACE TWSA for dry, average, and wet months of 
Amazon, respectively; d, e, f) gridded transformed GRACE TWSA for dry, average, and wet 
months of Sindh, respectively; g, h, i) gridded transformed GRACE TWSA for dry, average, and 
wet months of California, respectively; and j, k, l) gridded transformed GPS TWSA for dry, 
average, and wet months of California, respectively. 

Figure 3.6 shows the log-log relationship of TWSA resolution and empirical moments of 

transformed TWSA estimated following Equation 3.3 for the sample months. Figure 3.6 shows 
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that for a particular region, the empirical moments from wet month TWSA are generally higher 

than those for dry and average months. Wet months have high value TWSA pixels as compared 

to dry and average months (see Figure 3.5) and therefore, resulted in higher empirical 

moments. Moreover, Figure 6 also shows that generally higher empirical moments are related 

to more spatial variability (also see Table 3.1 and Figure 3.5). For example, for Amazon wet 

month transformed TWSA has the highest standard deviation and empirical moments and 

average month has the smallest standard deviation and empirical moments. Similarly, when 

empirical moments of different regions are compared, empirical moments and standard 

deviation of California from GPS TWSA are highest, followed by Amazon region, California from 

GRACE and GRACE-FO TWSA, and finally Sindh region has the lowest standard deviation and 

empirical moments.        

Figure 3.6 also shows that for the three months and across the regions, the log-log 

ensemble moments and TWSA resolution relationship is fairly linear. Table 3.2 shows the mean, 

maximum and minimum R2 across all moment orders for the three regions. Table 3.2 also 

shows the maximum p value (this is associated with minimum R2). The mean R2 for these linear 

relationships is approximately 0.8 whereas minimum R2 values are above 0.6 and maximum p 

values is slightly above 0.1. Lower R2 values are generally associated with empirical moments at 

higher moment order (not shown here). This indicates that generally log-log linear relationships 

are statistically significant (p < 0.1). This suggests that for the study regions GRACE, GRACE-FO 

and GPS TWSA exhibits property of statistical scale-invariance as hypothesized.  
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Table 3.2. Mean, minimum and maximum R2 and maximum p values of log-log linear 
relationships of empirical moments and TWSA resolutions. Maximum p value corresponds to 
minimum R2 of the region. 

Region Mean R2 Maximum R2 Minimum R2 Maximum p value 

Amazon 0.79 0.99 0.64 0.11 
Sindh 0.82 0.99 0.64 0.11 
California 0.77 0.97 0.62 0.12 
California - GPS 0.79 0.97 0.63 0.11 

 
Figure 3.7 shows the empirical scaling exponents τ (negative of the slopes of log-log 

relationships in Figure 3.6) as the function of moment orders q as well as the theoretical form 

of τ	– q relationship from lognormal MRCM (Equation 3.9). For the sample dry, average, and 

wet months; transformed TWSA have non-linear τ	– q relationships suggesting that for all cases 

TWSA has multifractal behavior. The theoretical τ	– q function of Equation 3.9 seems to capture 

the empirical multifractal behavior for all cases. This supports the use of lognormal MRCM for 

spatial downscaling of transformed TWSA.  
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Figure 3.6. Log moment - log TWSA resolution plots for a, b, c) dry, average, and wet month 
transformed TWSA of Amazon from GRACE and GRACE-FO, respectively; d, e, f) dry, average, 
and wet month transformed TWSA of Sindh from GRACE and GRACE-FO, respectively; g, h, i) 
dry, average, and wet month transformed TWSA of California from GRACE and GRACE-FO, 
respectively; and j, k, l) dry, average, and wet month transformed TWSA of California from GPS, 
respectively. 

Figure 3.7 shows that for a particular region, the parameter σI is different for each 

sample month. For Amazon region (Figure 3.7a), average month has the highest and wet month 

has the lowest σI, which can be seen from higher values of scaling exponent and more 
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curvature of τ	– q relationship during average month. This suggests that for Amazon, average 

month has higher degree of multifractality as compared to those for dry and wet months. 

Figure 3.7b shows that for Sindh, dry month has highest and wet month has lowest degree of 

multifractality. Figure 3.7c shows that for California region, dry and average months have 

somewhat similar and higher degree of multifractality than wet month. Figure 3.7d shows that 

transformed GPS TWSA for California showed highest and lowest degree of multifractality in 

average and dry months, respectively. When degree of multifractality or σI of a particular 

region is compared to the CV of that region (see Table 3.1), higher σI corresponds to higher CV 

and vice versa. However, same is not true when standard deviations are compared. This 

indicates that degree of multifractality of a particular month is function of both transformed 

mean TWSA and its standard deviation. Higher degree of multifractality results from higher rate 

of increase in scaling exponent (i.e., negative of the slope of log-log linear relationship of 

empirical moments and TWSA resolution) with respect to the moment order. Empirical 

moments at higher moment orders decreases at higher rates (i.e., large negative slope) when 

there is more variability in the transformed TWSA field (i.e., higher CV). Transformed TWSA at 

successive coarser resolutions have lower variability such that maximum transformed TWSA 

decreases and minimum transformed TWSA increases at every step of upscaling. At higher 

moment orders, empirical moments of large values of transformed TWSA decreases more 

rapidly with coarser resolution as compared to lower moment orders. And empirical moments 

of small values of transformed TWSA increases more rapidly with coarser resolution at lower 

moment orders. Therefore, in a highly variable transformed TWSA field large reductions in 

variability at successive coarser resolutions results in smaller values of scaling exponents at 
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lower moment orders and in larger values of scaling exponents at higher moment orders. This 

results in larger degree of multifractality.       

Figure 3.7 also shows that, σI is different for a particular sample month when different 

regions are compared. Region having larger CVs of transformed GRACE and GRACE-FO TWSA 

has higher degree of multifractality. For example, from Figure 3.5 and Table 3.1 Amazon which 

has largest variability, also showed highest degree of multifractality, whereas Sindh having 

smallest variability showed least degree of multifractality. Similarly, for California region, 

transformed GRACE and GRACE-FO TWSA having lower variability has lesser degree of 

multifractality than that from transformed GPS TWSA having larger variability. We argue that 

differences in degree of multifractality of regions occurs due to different climatic, geologic, and 

physiographic characteristics of the regions. Amazon region high recharge aquifer where 

surface that is seasonally flooded, the aquifer remains somewhat saturated throughout the 

year and therefore TWSA variations partially results due to flooding (Pokhrel et al., 2013). This 

results in large variations specifically during sample wet month. Sindh region is essentially semi-

arid to arid with little annual rainfall, it is poorly drained, waterlogged and saline (Lytton et al., 

2021). In addition, there is little usage of groundwater usage in the region. Therefore, large 

variations in TWSA is not expected and hence lower degree of multifractality. Region around 

California is generally semi-arid to arid, however, consists of varying climatic conditions. 

Moreover, part of the region is containing southern portion of highly pumped and depleting 

central valley aquifer (e.g., Alam et al., 2021). Therefore, GRACE and GRACE-FO transformed 

TWSA showed more variations then Sindh region. However, GRACE and GRACE-FO transformed 

TWSA showed lesser variations then wetter Amazon region.         
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Figure 3.7. Scaling exponent and moment order relationships for dry, average, and wet months 
for a) Amazon; b) Sindh; c) California; and d) California from transformed GPS TWSA 

Figure 3.8 shows the one of the realizations (out of one thousand) of fine resolution 

(0.0625o) transformed TWSA for sample months produced by lognormal MRCM. Figure shows 

those fine resolution realizations which have σI similar to those from GRACE, GRACE-FO and 

GPS transformed TWSA (at 0.25o; Figure 3.7). When compared with the GRACE, GRACE-FO and 

GPS transformed TWSA (at 0.25o; Figure 3.5), all of the sample months from all regions fine 

resolution transformed TWSA showed larger range of transformed TWSA values. This is 

expected and intended outcome of the stochastic downscaling. Furthermore, for a particular 

region, variability structure of the fine resolution transformed TWSA of sample month follows 

the standard deviation of transformed GRACE, GRACE-FO and GPS transformed TWSA. For 

example, GRACE and GRACE-FO transformed TWSA for Amazon has highest standard deviation 
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for wet month and lowest for average month (see Table 3.1 and Figure 3.5a-c). The fine 

resolution transformed TWSA for Amazon shows the same variability structure (Figure 3.8a-c).    

 Figure 3.8 also shows that some of the sample months have few pixels with significantly 

larger values of transformed TWSA when compared with the corresponding transformed 

GRACE, GRACE-FO and GPS TWSA (see Figure 3.5). For example, wet month of Amazon, dry and 

wet months of Sindh, dry month of California, and dry and wet months of California when 

considering fine resolution of transformed mean TWSA of GPS. These months have higher 

standard deviations (Table 3.1) and have produced larger range of fine resolution transformed 

TWSA values. Capturing such large transformed TWSA values may be of particular interest to 

some applications. For example, Sindh is a waterlogged region and fine resolution transformed 

TWSA have more and higher extremes in sample dry month as compared to wet month. This 

may indicate the probability of the presence of heavily waterlogged spaces in the region even 

during extreme dry months. Deterministic downscaling procedures may miss these features at 

finer resolutions. 
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Figure 3.8. MRCM realization of fine resolution transformed TWSA; a-c) Amazon; d-f) Sindh; g-i) 
California; and j-l) California from transformed GPS TWSA 
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Figure 3.9 shows the τ	– 	q relationships for fine resolution transformed TWSA produced 

by one thousand realizations of lognormal MRCM. Given the stochastic nature of downscaling 

procedure, each realization resulted in a different τ	– 	q relationship. Due to the stochastic 

nature of MRCM, τ	– 	q relationships from realizations of fine resolution transformed TWSA 

results in a large scatter. Small spatial extent of analysis and downscaling resulted in large 

scatter. Months with higher degree of multifractality (see Figure 3.7) has a wide scatter than 

those with lower degree of multifractality. This means that for highly variable (having large CV) 

TWSA fields, lognormal MRCM produces realizations with large range of spatial variabilities. 

Figure 3.9 also shows that for each sample month and all regions, the empirical τ	– 	q 

relationships from GRACE, GRACE-FO and GPS transformed TWSA fall within the scatter of τ	– 	q 

relationships from realizations of fine resolution transformed TWSA. However, in all cases, 

majority of realizations produced τ	– 	q relationships having larger degree of multifractality, 

which is typical of lognormal cascade model (e.g., Tchiguirinskaia et al., 2000).  
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Figure 3.9. Comparison of empirical τ	 − 	q	relationships of transformed GRACE, GRACE-FO and 
GPS TWSA (at 0.25o) with fine resolution (0.0625o) transformed TWSA produced by MRCM; a-c) 
Amazon; d-f) Sindh; g-i) California; and j-l) California from transformed GPS TWSA 



 

 63 

Figure 3.10 compares the empirical cumulative distribution functions of the GRACE, 

GRACE-FO and GPS TWSA (at 0.25o) with cumulative distribution functions of fine resolution 

TWSA (0.0625o) produced by MRCM. For each sample month and all regions the empirical 

cumulative distribution functions of GRACE, GRACE-FO and GPS TWSA (at 0.25o) generally falls 

within the scatter of realizations of fine resolution TWSA. However, Figure 3.10 shows that all 

realizations have much larger TWSA values at the end of the cumulative distribution functions. 

This indicates that fine resolution TWSA have larger range than those of GRACE, GRACE-FO and 

GPS TWSA at 0.25o. These results suggest that GRACE, GRACE-FO and GPS TWSA may 

adequately capture very dry conditions, however, locally they may miss very wet conditions. 

This has important implications for assessing probability of waterlogging and local flood risks. 

Figure 3.8d has shown the same for Sindh region, where very wet pixels were present during 

the sample dry month.   

Studies on the stochastic downscaling of hydroclimatic variables have shown that 

parameters of the random cascade generator depend on the large-scale (i.e., mean) value of 

hydroclimatic variable (e.g., Over, 1995). In this study, lognormal MRCM is characterized by two 

parameters; i) minimum TWSA at 0.25o, and ii) σI. The left side of Figure 11 shows the 

relationship of large-scale monthly GRACE, GRACE-FO and GPS TWSA with monthly minimum 

GRACE, GRACE-FO and GPS TWSA and monthly σI. GRACE, GRACE-FO and GPS TWSA minimum 

TWSA showed an increasing relationship with the large-scale TWSA, which is expected. For 

Amazon the relationship is non-linear, whereas Sindh and California regions have a more of a 

linear relationship. For California, minimum and large-scale GPS TWSA has a non-linear 

correlation. Figure 3.11 also shows that for Amazon, the relationship of minimum and large-
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scale TWSA in months when large-scale TWSA is around zero is somewhat parallel to 1:1 line 

and deviates from this pattern during drier and wetter months. Sindh has this pattern in 

average and wetter months. California shows this pattern almost across all months, however, 

relationship for GPS data of California has this pattern during dry months only. This implies that 

when minimum and large-scale TWSA relationships are parallel to 1:1 line, TWSA patterns 

generally remains the same and only shifted their means.   

Figure 3.11 also shows the dependence of σI for the three regions on the large-scale 

GRACE, GRACE-FO and GPS TWSA. All of the three regions have lower σI during dry and wet 

months and higher σI in the months having large-scale TWSA near the long-term mean TWSA. 

This implies that generally average months have higher degree of multifractality as compared 

to dry and wet months. For GPS data in California, σI increases with large-scale TWSA. 
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Figure 3.10. Comparison of empirical cumulative distribution functions of GRACE, GRACE-FO 
and GPS TWSA (at 0.25o) with cumulative density functions of fine resolution TWSA (at 0.0625o) 
produced by MRCM; a-c) Amazon; d-f) Sindh; g-i) California; and j-l) California from GPS TWSA 
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Figure 3.11. Dependence of MRCM parameters i) minimum TWSA (left panel), and ii) σI (right 
panel) with large-scale GRACE, GRACE-FO and GPS TWSA   
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3.4 Discussion 

Analysis of scale-invariance of GRACE, GRACE-FO and GPS TWSA for three regions shows that 

TWSA exhibit multifractal behavior in spatial domain. Hydroclimatic variables such as 

precipitation and soil moisture has also shown to be multifractal in nature. The degree of 

multifractality of TWSA is characterized by its spatial variability with respect to mean TWSA. In 

addition to spatial variability, intermittency of precipitation fields contributes to its multifractal 

behavior (e.g., Over and Gupta, 1996). Intermittency refers to the presence of simultaneous 

non-rainy and rainy pixels in a region. Therefore, stochastic downscaling of precipitation is 

generally carried out using a β-lognormal model which is a sophisticated version of lognormal 

MRCM. In this case an additional parameter β is introduced to capture intermittent behavior of 

precipitation. β-lognormal MRCM reproduces the non-rainy pixels and the scale-invariant 

statistical properties of precipitation (e.g., Kang and Ramirez, 2010; Posadas et al., 2015). 

MRCM based on two parameter log-Poisson random cascade generator have also been used to 

characterize and stochastically downscale multifractal precipitation fields (e.g., Deidda, 2000). 

Log-Poisson model is unable to produce non-rainy pixels, however, can produce pixels with 

values near zero. Therefore, log-Poisson model is better suited to characterize and downscale 

multifractal soil moisture fields (Mascaro et al., 2010). Neuhauser et al. (2019) and Verrier 

(2020) using remotely sensed and in-situ observations demonstrated the multifractal behavior 

of soil moisture. Mascaro et al. (2010; 2019) showed that the intermittent (very dry; residual 

soil moisture) and multifractal nature of soil moisture can be adequately reproduced by log-

Poisson MRCM.  
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Previous studies on downscaling TWSA primarily focused on determining small scale 

variations in TWSA without considering the statistical properties at fine resolutions (e.g., Arshad 

et al., 2022; Sun et al., 2022; Yin et al., 2022). These methods aim to estimate local TWSA with 

accuracy, however, are unable to estimate the extreme TWSA values at fine resolutions that 

may not be adequately captured by coarse resolution. Stochastic downscaling of coarse 

resolution (4o) TWSA performed in this study produced large TWSA values while approximately 

conserving the scale-invariant statistics at fine resolution (0.0625o). This model, however, is 

unable to accurately estimate local TWSA at a specific location. The stochastic downscaling is 

more suitable to estimate the likelihood of a region being very wet or very dry at fine 

resolutions. Therefore, the power of such models lies in their application for assessment of 

flood or drought risks at local scales. Furthermore, in contrast to deterministic procedures that 

require other information to downscale TWSA, the stochastic downscaling model only used 

TWSA field to infer scaling features and parameters of the model.                  

The scope of the study was limited to test the hypothesis that if TWSA exhibits scale-

invariant behavior and consequently applying a simpler MRCM to stochastically downscale 

TWSA. The findings of the study can potentially be extended to improve stochastic downscaling 

method. For example, simple transformation of TWSA was carried out in the study, more ways 

to transform TWSA may be explored. One parameter lognormal MRCM was applied to 

downscale TWSA at finer resolutions. More sophisticated MRCMs such as β -lognormal and log-

Poisson may better explain the factors controlling degree of multifractality. Lognormal MRCM 

has the tendency to overestimate the degree of multifractality, to constrain this either very 

large domain needs to be studied or the MRCM framework needs to be modified. Bounded 
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lognormal cascades (e.g., Menabde, 1998) in which the parameter σI decreases with level of 

cascade may be explored. Coupling the stochastic MRCM with deterministic models (dynamical 

or statistical) of downscaling is another potential research question to explore. This will add 

value to both deterministic and stochastic downscaling and may help in determining the 

location of extreme conditions at fine resolutions with accuracy. TWSA (both GRACE and GPS), 

in addition to low spatial resolution, also has low temporal resolution (i.e., monthly). 

Development of a framework for spatio-temporal stochastic downscaling of TWSA is also an 

avenue to consider. Figure 3.11 shows the dependency of parameters of lognormal MRCM on 

large-scale TWSA. These dependencies can be modeled as relationships by fitting appropriate 

statistical models. Therefore, provides an opportunity to directly downscale TWSA for other 

months without carrying out complete process of analyzing scale-invariance and estimating 

parameters.   

3.5 Conclusions 

This study used 0.25o GRACE, GRACE-FO and GPS data for three climatically, geologically, and 

physiographically different regions to answer if TWSA is scale-invariant and what type of scale-

invariant TWSA exhibits. Furthermore, stochastic downscaling to fine resolution (0.0625o) was 

performed where parameters of the model was derived from the scaling features of TWSA at 

coarse resolutions. Scaling analysis and downscaling of TWSA was carried out for Central 

Amazon basin in Brazil, Sindh province in Pakistan, and California, U.S.A.    

Analysis of scale-invariance was carried out for TWSA resolutions from 0.25o to 4o. Log-log 

linear relationship of empirical moments and TWSA resolution suggested that GRACE, GRACE-

FO and GPS TWSA exhibits scale-invariant behavior. Furthermore, the non-linear relationship of 
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scaling exponents (derived from the slopes of log-log linear relationships of empirical moments 

and TWSA resolutions) with moment orders showed that TWSA is multifractal. Degree of 

multifractality (or non-linearity of scaling exponents) that essentially defines the scaling 

features was found to differ with region and in dry, average and wet months in a certain region. 

In addition, degree of multifractality for a particular region during a particular month was 

shown to depend on the mean and standard deviation of that month’s TWSA field i.e., degree 

of multifractality was found to increase with the coefficient of variation.    

A lognormal multiplicative random cascade model was developed to stochastically 

downscale TWSA from coarse resolution (4o) to fine resolution (0.25o). For a particular month, 

the model was parameterized by minimum TWSA at 0.25o and a parameter related to degree of 

multifractality for that month. One thousand realizations of fine resolution TWSA were 

generated for each month. The model produced much larger TWSA values at fine resolutions 

that were not captured by the coarse resolution TWSA. These extreme values produced by 

model are beneficial for assessing risk of region being very dry or very wet at local scales.  

Future research should consider whether the downscaled TWSA patterns can be conditioned to 

reproduce fine-scale TWSA values inferred from well and other local data. 
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Chapter 4 Temporal Variations of NDVI and LAI and Interactions with 

Hydroclimatic Variables in a Large and Agro-Ecologically Diverse Region 

4.1 Introduction 

Understanding the impacts of hydroclimatic variations on regional vegetation (i.e., vegetation 

averaged over an ecosystem, state, or major watershed) is important for many applications. 

Seasonal and interannual changes in vegetation have consequences for a region’s economy and 

food security because vegetation is a major source of energy and food (Kogan, 2019; Trumbore 

et al., 2015). Changes in vegetation can also alter the partitioning of precipitation into 

interception, surface runoff, and evapotranspiration and therefore affect watershed 

management.  Reductions in vegetation cover can destabilize soil and increase soil erosion (Jiao 

et al., 2017; Kumari et al., 2021; Zhou et al., 2021). Vegetation is also a key source of CO2 

sequestration, so it mediates the effects of increasing greenhouse gas emissions (Ahlstrom et al., 

2015; Trumbore et al., 2015). The relationship between hydroclimatic variations and vegetation 

dynamics also affects the sensitivity of a region to droughts and floods (AghaKouchak et al., 2015; 

Fiorillo et al., 2018; Kogan and Sullivan, 1993; Zhang et al., 2004) and the vulnerability of an 

ecosystem to wildfires (Ehsani et al., 2020). 

At regional scales, vegetation is necessarily quantified using vegetation indices derived 

from satellite remote sensing (Barbosa et al., 2015; Fensholt et al., 2004; Lhermitte et al., 2011; 

Zhang et al., 2017; Gessner et al., 2013). Many vegetation indices have been developed, but 

normalized difference vegetation index (NDVI) is the most widely used (Glenn et al., 2008; Rouse 

et al., 1974; Tucker, 1979; Xue & Su, 2017). It is calculated using the reflectances in the near 

infrared and red bands. NDVI is a measure of the greenness of the vegetated land surface and is 
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considered an indirect measure of vegetation health and density (AghaKouchak et al., 2015; Yang 

et al., 2014). Leaf area index (LAI) is also widely used. It is defined as the ratio of projected one-

sided green leaf area to the ground area (Gitelson et al., 2003). LAI is a biophysical property and 

an essential variable for monitoring, understanding, and modeling the land surface (Baret et al., 

2013; Brown et al., 2017; Kang et al., 2016; Verger et al., 2016; Wang et al., 2017; Zoungrana et 

al., 2015). LAI can be estimated by inverting a radiative transfer model that is forced with canopy 

reflectances and land use data (Kang et al., 2016; Wang et al., 2017).  

Studies examining the connections between hydroclimatic forcing and vegetation 

dynamics have been performed primarily using NDVI or similar indices (e.g., A et al., 2015, 2017; 

Chikoore and Jury, 2010; Eklundh, 1998; Gu et al., 2008; Fan et al., 2016; Kawabata et al., 2001; 

Ichii et al., 2002; Mao et al., 2012; Martiny et al., 2005 & 2006; McGrath et al., 2012; Nicholson 

et al., 1990; Nightingale and Phinn, 2003; Richard and Poccard, 1998; Xue et al., 2021; Yang et 

al., 1997, 2009, 2014). Analyses using LAI are much more limited (Bobee et al., 2012, Zhang et 

al., 2004; Zoungrana et al., 2015).  The use of a single vegetation index implicitly assumes that 

the selected index adequately captures the vegetation’s response to hydroclimatic variability. 

However, empirical relationships between the two indices are nonlinear at low LAI values and 

saturate at high LAI values (Gitelson et al., 2003, 2007; Myneni et al., 2002; Reichenau et al., 

2016). Also, within large regions, multiple plant functional types (PFTs) can occur, and the NDVI-

LAI relationship can vary between PFTs (Huete, 2012; Zhang et al., 2017). Therefore, NDVI and 

LAI might respond differently to hydroclimatic changes at large scales (such as 0.5o degree or 

larger).   
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The objectives of this study are to compare the temporal variations of NDVI and LAI in a 

large and diverse region and to examine the hydroclimatic variables that most affect NDVI and 

LAI and the time lag at which those relationships are strongest. Understanding the differences 

between the responses of regional NDVI and LAI to hydroclimatic variability will help researchers 

select the index that best captures the vegetation’s response to the hydroclimatic variables of 

interest. To accomplish these goals, the seasonal and interannual variations in regional 

hydroclimatic indicators are compared to variations in NDVI and LAI for a study region in 

California. Then, the hydroclimatic controls on NDVI and LAI are quantified using lagged cross-

correlation analyses.  

4.2 Materials and Methods 

4.2.1 Study Region 

The analysis is performed for the combined Sacramento River and San Joaquin River basins 

(~154,000 km2). These basins are in one of the world’s most climatically and biologically diverse 

regions (Hayhoe et al., 2004; Kauffman, 2003; Lenihan et al., 2007) (Figure 4.1). The Sierra Nevada 

mountains in the east have cold winters and dry summers, and the Central Valley in the west 

ranges from a Mediterranean climate in the north to a semiarid climate in the south (Kauffman, 

2003; Mooney and Zavaleta, 2016). The climatic variation has resulted in vegetation 

diversification (Mooney and Zavaleta, 2016). The eastern side of the region is dominated by 

conifer forests with some shrublands, while the Central Valley primarily consists of cultivated 

croplands with grasslands at the periphery (Huntsinger and Oviedo, 2014; Kauffman, 2003; 

Lenihan et al., 2003). Much of the region is water-limited, and the agriculture in the Central Valley 

is maintained through intensive irrigation from a combination of surface water storage and the 
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underlying aquifer (Faunt et al., 2016). Irrigation activity peaks from June to August (Yang et al., 

2017). Based mainly on data availability, the study period was selected to be October 2002 to 

September 2015 (156 months), which spans 13 water years (water year 2003 begins October 1, 

2002 and ends September 30, 2003). 

4.2.2 Data Processing 

4.2.2.1 Precipitation, Temperature and Vapor Pressure Deficit  

The PRISM (Parameter-elevation Relationships on Independent Slopes Model) climate group at 

Oregon State University (http://www.prism.oregonstate.edu/) provides monthly precipitation, 

mean temperature, and maximum and minimum vapor pressure deficit from 1981 to the present 

at a spatial resolution of 4 km for the conterminous United States (Daly et al., 2008; Daly et al., 

2015). PRISM is a knowledge-based climate-elevation regression model. It uses gridded 

elevation data, approximately 13,000 precipitation stations, 10,000 temperature stations, 3,500 

surface weather stations and other spatial datasets to interpolate precipitation, temperature, 

and vapor pressure deficit in physiographically complex regions. For this study, the maximum 

and minimum vapor pressure deficits were averaged to estimate a mean vapor pressure deficit 

for each grid cell. Then, the monthly precipitation, mean temperature, and mean vapor pressure 

deficit data were spatially averaged over the study region. For consistency with the GRACE 

(Gravity Recovery And Climate Experiments) data, which is described later in the manuscript, the 

monthly precipitation, temperature, and vapor pressure deficit anomalies were calculated by 

subtracting the temporal averages from January 2004 to December 2009 (the exact period used 

to calculate the averages has little effect on the results). 
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Figure 4.1. a) The combined Sacramento River and San Joaquin River basins (i.e., study region) 
in California, b) climatic zones within the study region from the Koppen-Geiger climate 
classification (Kottek et al., 2006) and c) land cover for the study region derived from the 
National Land Cover Database 2016 (NLCD; Yang et al., 2018)  
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4.2.2.2 Streamflow  

Streamflow data were obtained from the National Water Information System of the United States 

Geological Survey (USGS) (http://waterdata.usgs.gov/nwis/). Streamflow from the study region 

was estimated by summing the streamflow volumes from the Sacramento River at Verona (USGS 

gauge 11425500) and the San Joaquin River at Vernalis (USGS gauge 11303500). The resulting 

streamflow volume was converted to a depth by dividing it by the combined basins’ area. 

Streamflow anomalies were produced by subtracting average streamflow from January 2004 to 

December 2009. 

4.2.2.3 Evapotranspiration  

Ma and Szilagyi (2019) produced the estimates of monthly actual evapotranspiration (ET) over 

the conterminous United States for 1979-2015 at a spatial resolution of 4 km using a form of the 

complementary relation developed by Szilagyi et al. (2017). These estimates of ET do not require 

any information on vegetation and soil parameters and are entirely based on basic atmospheric 

data. The ET estimates of Ma and Szilagyi (2019) were extracted and spatially averaged over the 

study region and converted into anomalies by subtracting the average ET from January 2004 to 

December 2009. 

4.2.2.4 Total Water Storage  

GRACE measures the temporally variable gravity field, whose variations over land areas are 

mainly caused by redistribution of total water (i.e., soil moisture, snowpack, groundwater, and 

surface waterbodies) (Rodell et al., 2004). GRACE observations are available as monthly TWSAs, 

which are deviations from the long-term (2004-2009) mean. GRACE TWSA have been linked 

with vegetation activity to understand the ecohydrology of water-limited regions (e.g., A et al., 
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2015, 2017; McGrath et al., 2012; Yang et al., 2014). We obtained TWSA data as equivalent water 

depths from the University of Colorado GRACE Data Analysis Website 

(http://geoid.colorado.edu/grace/). The web portal hosts TWSA’s from GRACE data processed 

by the Center for Space Research (CSR), the German Research Center for Geosciences (GFZ) 

and the Jet Propulsion Laboratory (JPL). Following Sakumura et al. (2014), we used the 

arithmetic average of the three TWSA datasets. Separate regional averages are available for the 

Sacramento River and San Joaquin River basins. Because we are considering the combined river 

basins, the overall TWSA values were determined using an area-weighted average. We also 

obtained TWSA estimates from global positioning system (GPS) measurements within the study 

region (Argus et al., 2014; Fu et al., 2015). The results using the GPS estimates largely agreed 

with those using GRACE, so only the GRACE values are presented in this study.  

 The rate of change of TWSA, which is denoted d(TWSA)/dt, is also considered because it 

appears in the regional water balance equation. Monthly values of d(TWSA)/dt were calculated 

using a simple backward difference approach, 

 j𝑑𝑇𝑊𝑆𝐴𝑑𝑡 q
r
=	𝑇𝑊𝑆𝐴r −	𝑇𝑊𝑆𝐴r,?

D𝑡  (4.1) 

where stuvwx
ty z

r  is the rate of change of TWSA for month k and ∆t is the time step (1 month). The 

values of 𝑑(𝑇𝑊𝑆𝐴)/𝑑𝑡 are expected to indicate the extent to which both natural hydrologic 

processes and human activities are transporting water in or out of the study region. 
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4.2.2.5 Vegetation Indices  

NDVI and LAI were obtained from the MODerate resolution Imaging Spectroradiometer (MODIS) 

satellite mission. The MODIS NDVI product (MOD13A3) is calculated using reflectances (MOD09 

products) in the near infrared (ρNIR) and red (ρR) bands that are corrected for molecular 

scattering, ozone absorption and aerosols. NDVI is calculated as (ρNIR – ρR) / (ρNIR + ρR) which 

standardizes the NDVI range from -1 to 1 (Huete et al., 1999). MOD13A3 is available at 

http://e4ftl01.cr.usgs.gov/MOLT/. It is a monthly product at a resolution of 1 km (Huete et al., 

2002). 

 The MODIS LAI product (MOD15) is estimated using the MOD09 products, the land cover 

type product (MOD12) and ancillary information that describes six biomes and soil patterns 

(Myneni et al., 2002). An inverse radiative transfer model in the form of a look-up table 

produces the LAI as an 8-day composite at a resolution of 1 km (Myneni et al., 2002). The look-

up table contains information on pre-modeled surface reflectances, vegetation structure 

characteristics, and land use/cover (Fang and Liang, 2014). An inversion process solves for the 

vegetation structural characteristics that match the MODIS surface reflectances. If the inversion 

procedure fails, a pre-determined relationship between NDVI and LAI is used (Knyazikhin et al., 

1999; Myneni et al., 2002). For this study, the 8-day LAI composites were averaged to obtain 

monthly LAI values (Zhao et al., 2016). NDVI and LAI were extracted and spatially averaged over 

the region and their anomalies were calculated by subtracting the average from January 2004 to 

December 2009. The rate of change in LAI, which is denoted d(LAI)/dt, is also considered. Because 

LAI is associated with the cumulative growth of leaves, d(LAI)/dt is an indication of growth rate. 
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4.2.3  Analysis Methods 

4.2.3.1 Seasonality and Interannual Variability 

Vegetation is characterized by seasonal and interannual variations. Seasonal variations in 

vegetation can occur due to temperature seasonality, precipitation seasonality in water-limited 

ecosystems and cropping patterns in agricultural areas (Bobee et al., 2012; Davenport and 

Nicholson, 1993; Kramer, 1999; Liu et al., 2017; Xu et al., 2013; Zhang et al., 2005, 2006). 

Interannual variations in vegetation often correspond to climatic variations (Fisher and Mustard, 

2007).  

The seasonal variations in each variable were examined using the mean anomaly for each 

calendar month (Yang et al., 2014; Zhang et al., 2004). The mean anomaly for calendar month i 

is denoted 𝑥|  and calculated as, 

 𝑥| =	 1𝑁	~𝑥|,�
�

�>?
 (4.2) 

where x is the anomaly of interest, j is the year and N is the total number of years in the dataset. 

Interannual variations were examined using the mean value for each variable during each 

water year.  

4.2.3.2 Cross-Correlation Analysis  

Hydroclimatic variation is expected to precede the variation of the vegetation indices (Yang et 

al., 2014; Gessner et al., 2013; Gu et al., 2018). Cross-correlation has been used by numerous 

researchers to investigate the time-lagged hydroclimatic controls on vegetation in different 

hydroclimatic and ecological settings (e.g., Andrew et al., 2017; Capodici et al., 2008; Lin et al., 

2017).  
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Seasonality in hydroclimatic and vegetation indicators produces serially correlated or 

autocorrelated time series, and autocorrelation can produce misleading estimates of cross-

correlation (Eklundh, 1998; Lhermitte et al., 2011; Lin et al., 2015; Olden and Ne, 2001). In such 

cases, Dean and Dunsmuir (2016) indicated that the time series must be prewhitened to ensure 

that at least one of the series is free of autocorrelation. Following Andrew et al. (2017) and Yang 

et al. (2014), the hydroclimatic and vegetation indicators were prewhitened by removing their 

seasonal cycles. Specifically,  

 𝑥�����|y���t�,� =	𝑥|,� −	𝑥|  (4.3) 

where 𝑥�����|y���t�,�  is the prewhitened value of variable x for month i and year j. 

Furthermore, shared long-term trends in the time series can inflate cross-correlations, 

and a long-term trend in one time series can obscure the cross-correlation (Probst et al., 2012). 

To avoid these issues, we detrended the prewhitened hydroclimatic and vegetation time series 

by removing any observed linear trends.  

The cross-correlation analysis was performed at lags from 0 to 6 months by shifting the 

prewhitened-detrended vegetation time series backwards one month at a time and computing 

Pearson’s correlation coefficient r between the prewhitened-detrended hydroclimatic and 

vegetation time series. The significance of each correlation was tested using the t-test, and the 

associated p values are reported (Edgell and Noon, 1984).  

4.3 Results 

4.3.1 Seasonality and Interannual Variability 

Figure 4.2 shows the seasonal and interannual variability of the hydroclimatic and vegetation 

anomalies. We focus first on the seasonal cycles of the variables. The precipitation anomalies 
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reach their peak in December, and they reach their minimum during the summer months (Figure 

4.2a&b). Among the hydroclimatic variables, precipitation reaches it seasonal peak earliest in the 

water year, which is expected because precipitation provides water to the other variables. The 

seasonal cycle of the streamflow anomalies resembles the seasonal cycle of precipitation but is 

lagged roughly 1 month (Figure 4.2d&e). This behavior is expected because streamflow is 

supplied in part by precipitation and responds relatively quickly to precipitation events. The total 

streamflow is 38% of the total precipitation of this region (for the study period, the average water 

year precipitation is 650 mm, and the average water year streamflow is 250 mm). The seasonal 

cycle of ET reaches its maximum in May and June when precipitation is approaching its minimum. 

Conversely, ET reaches its minimum in December when precipitation is at its maximum (Figure 

4.2g&h). The seasonal cycle for ET is partly expected because the temperature and vapor 

pressure deficit both reach their maximums in summer (see Figure B1 in the Appendix B). Thus, 

the ET is large when the atmospheric demand for ET is also large. However, the large lag 

compared to precipitation suggests either that precipitated water remains in the region for a 

prolonged period before a portion exits as ET or that ET is derived from long-term stores of water 

such as groundwater rather than precipitated water. The seasonal cycle of the d(TWSA)/dt 

(Figure 4.2j&k) largely resembles the seasonal cycle of precipitation. It also resembles the inverse 

of the ET cycle. During winter, almost all the precipitation occurs, and d(TWSA)/dt increases in 

response to that precipitation. In summer, precipitation is very low, so d(TWSA)/dt decreases in 

response to the high ET rates. The seasonal cycle of TWSA (Figure 4.2m&n) has high values 

between about February and May and reaches a peak in March. These high values roughly 

connect the period when precipitation adds water to the region and the period when ET removes 
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water from the region. The seasonal cycle of TWSA is also delayed by about two months relative 

to d(TWSA)/dt. This delay is expected because d(TWSA)/dt represents the rate of change of 

TWSA. Positive values of d(TWSA)/dt are needed before TWSA can increase to large values. 

 Figure 4.2p&q shows the seasonal cycle of NDVI. The rate of increase in NDVI is 

somewhat slower than the rate of increase in precipitation or d(TWSA)/dt. Precipitation reaches 

its peak in about December, while NDVI peaks during February through April (the mean NDVI 

peaks in April, but in years with above average NDVI, NDVI tends to peak earlier). The seasonal 

cycle of NDVI more closely resembles the seasonal cycle of TWSA, but it lags TWSA by about 1 

month. This resemblance is expected because the vegetation greenness and photosynthetic 

capacity depend on water availability (Kogan, 2019). Figure 4.2s&t shows the seasonal cycle of 

d(LAI)/dt. The seasonality of d(LAI)/dt resembles the seasonality of TWSA. Both variables reach 

their maximums in March. Thus, the seasonal peak d(LAI)/dt also occurs near the peak in NDVI. 

This result suggests that the highest rate of growth in leaf area roughly coincides with the highest 

water availability and with the highest vegetation greenness. This result is consistent with plant 

physiology because the most abundant growth is expected when the vegetation is not water 

stressed (Kogan, 2019).  It also suggests monthly variations in NDVI and d(LAI)/dt are associated 

with the current availability of water. Finally, the seasonal cycle of LAI is shown in Figure 4.2v&w. 

The LAI reaches its peak from June through August. This peak occurs later than the peak for 

TWSA, NDVI, and d(LAI)/dt. However, the seasonal cycle for LAI roughly resembles the seasonal 

cycle of ET (see Figure 4.2g&h). The asynchronicity of NDVI and LAI is novel and confirms the 

central hypothesis of this study. When water becomes available, the vegetation becomes greener 

(which implies that NDVI increases) and begins growing (which increases d(LAI)/dt) (Kogan, 
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2019). The result of the growth is increased biomass, which eventually results in greater LAI and 

ET. The early additions of biomass are visible in the NDVI while later additions are less visible due 

to increasing NDVI saturation (Reichenau et al., 2016). The similarity of NDVI with TWSA and 

d(LAI)/dt in this region suggests that NDVI emphasizes vegetation growth rate. In contrast, LAI 

better reflects the cumulative growth of leaf area and ET. 
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Figure 4.2. a) Hovmoller diagram of precipitation anomalies; b) seasonality of precipitation 
anomalies (in all plots, shaded region shows +/- one standard deviation); c) annual precipitation 
anomalies; d) Hovmoller diagram of streamflow anomalies; e) seasonality of streamflow 
anomalies; f) annual streamflow anomalies; g) Hovmoller diagram of ET anomalies; h) 
seasonality of ET anomalies; i) annual ET anomalies; j) Hovmoller diagram of d(TWSA)/dt 
anomalies; k) seasonality of d(TWSA)/dt anomalies; l) annual d(TWSA)/dt anomalies; m) 
Hovmoller diagram TWSA; n) seasonality of TWSA; o) annual TWSA; p) Hovmoller diagram of 
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NDVI anomalies; q) seasonality of NDVI anomalies; r) annual NDVI anomalies; s) Hovmoller 
diagram of d(LAI)/dt anomalies; t) seasonality of d(LAI)/dt anomalies; u) annual d(LAI)/dt 
anomalies; v) Hovmoller diagram of LAI anomalies; w) seasonality of LAI anomalies; x) annual 
LAI anomalies. 
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 To better understand why the seasonal cycles of NDVI and LAI differ, the region was 

divided into its major PFTs according to the 2016 National Land Cover Database (Yang et al., 

2018). The region includes four PFTs:  crops, evergreen forests, grasslands, and shrublands 

(Figure 4.1). For each PFT, the monthly NDVI and LAI values were spatially averaged and then 

converted into anomalies. The anomalies of each month were then used to determine the 

average seasonal cycle and the standard deviation in each month (Figure 4.3).  For crops, the 

NDVI increases late in the summer because much of the water supply is obtained from irrigation 

rather than precipitation, and the seasonal cycles for NDVI and LAI are aligned.  For evergreen 

forests, the NDVI remains relatively stable while the LAI has a clear seasonal cycle.  The stability 

of NDVI means that the evergreen forests have little impact on the seasonal cycle of the regional-

wide NDVI.  The NDVI and LAI seasonal cycles are somewhat asynchronous for grasslands and 

clearly asynchronous for shrublands. Thus, the regional asynchronicity arises from these two 

PFTs. Figure 4.4 plots the monthly mean LAI against the monthly mean NDVI.  The results show 

that a strong relationship exists between the two indices for croplands, a weak relationship exists 

for grasslands, and no relationship exists for evergreen forests or shrublands. For crops, the LAI 

is typically below 2 m2/m2, which is commonly cited as the LAI at which NDVI saturates (i.e., any 

additional leaves do not increase NDVI) (Haboudane et al., 2004; Gamon et al., 1995; Tesfaye 

and Awoke, 2021). Thus, a relationship is expected for crops. On the other hand, evergreen 

forests have large LAI values, so those LAI values are not expected to show a relationship with 

NDVI (see Figure 4.4b). Grasslands and shrublands tend to have intermediate LAIs between crops 

and evergreen forests. Based on examination of individual pixels, the asynchronous NDVI and LAI 

values for these PFTs primarily arise from grid cells with larger LAI values. 
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Figure 4.3. Seasonal variation in monthly mean NDVI and LAI anomalies for a) crops, b) 
evergreen forests, c) grasslands, and d) shrublands  
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Figure 4.4. Relationship between monthly mean NDVI and LAI anomalies for a) crops, b) 
evergreen forests, c) grasslands, and d) shrublands  
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 Figure 4.2 also shows the interannual variability of the hydroclimatic variables and 

vegetation indices. The annual d(TWSA)/dt anomalies resemble the annual precipitation 

anomalies except for some differences in 2005 and 2006. Recall that the seasonal cycles for these 

two variables were also similar. The interannual variability of NDVI resembles that of TWSA (these 

variables also had similar seasonal cycles) and to a lesser extent precipitation and ET. NDVI tends 

to decrease during the study period likely due to less abundant natural vegetation due to 

drought-induced die off during this period (Dong et al., 2019; Herrmann et al., 2016).  McGrath 

et al. (2012) made a similar argument for the response of NDVI to droughts in Australia. 

Interannual variability of d(LAI)/dt resembles that of precipitation and d(TWSA)/dt. No clear 

pattern is observed in the interannual variability of LAI. Generally, LAI is lower during the 

drought period 2007-2009 compared to the drought period 2012-2015.  

4.3.2 Cross-Correlation Analysis 

Table 4.1 reports the lag at which the prewhitened-detrended hydroclimatic indicators are most 

strongly correlated to the prewhitened-detrended NDVI and LAI. It should be noted that the 

prewhitened-detrended time series of TWSA still has significant autocorrelation, so its cross-

correlations might be misleading (Eklundh, 1998; Lin et al., 2015; Olden and Ne, 2001).  

Table 4.1 shows that NDVI anomalies are positively correlated with precipitation 

anomalies at a lag of one month. The positive correlation of 0.27 indicates that the variation 

of precipitation during a given month explains 7% of the variation in NDVI during the following 

month. The positive correlation between the precipitation and NDVI is similar to the 

relationship between these variables that was observed at the seasonal and interannual time 
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scales. This result is expected because an increase in precipitation provides more water to the 

vegetation. Thus, vegetation greenness is expected to increase with precipitation increases. In 

contrast, LAI is negatively correlated with precipitation at a lag of zero months, and the 

variation of precipitation during a given month explains 26% of the variation in LAI. The 

negative correlation indicates that lower precipitation is associated with higher LAI. This result 

is unexpected and likely occurs due to negative correlations between precipitation and other 

variables more directly associated vegetation abundance (Herrmann et al., 2016). The dry 

season corresponds to the warmest part of the year when vegetation growth is enhanced by 

abundant solar radiation (due to clear skies).  Also, some crops within the region are irrigated 

from groundwater during this time of the year.  Furthermore, LAI represents the cumulative 

growth of the leaf area, which is expected to depend on the cumulative precipitation of past 

few months (Tesemma et al., 2014) rather than the precipitation in a single month as 

considered in this analysis. 

 Table 4.1 shows that both NDVI and LAI are positively correlated with mean temperature 

at a lag of zero months. However, variation in mean temperature only explains 3% of the 

variation in NDVI compared to 22% of the variation in LAI. Positive correlation of mean 

temperature with the vegetation indicators at zero lag implies a greater mean temperature is 

associated with greater vegetation activity in the same month. Warm temperatures can make 

the environment more favorable for vegetation activity and thus promote higher NDVI and LAI, 

provided adequate water is available. NDVI is negatively correlated with mean vapor pressure 

deficit at a lag of one month, but LAI is positively correlated at a lag of zero months. The negative 

lagged correlation for NDVI is expected because anomalously high vapor pressure deficits can 
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introduce water stress and reduce vegetation greenness in the following month. The positive 

correlation for LAI at zero months is more difficult to interpret given the more cumulative nature 

of LAI. NDVI and LAI are both positively correlated with the ET at a lag of one month. Thus, larger 

ET values in a given month are associated with greater NDVI and LAI in the subsequent month.  

The result is expected because transpiration provides access to nutrients and drives vegetation 

growth (Djaman et al., 2013). d(TWSA)/dt has a much stronger correlation with LAI than NDVI. 

Variation in d(TWSA)/dt explains less than 3% of the variation in NDVI, but variation in 

d(TWSA)/dt explains 12% of the variation in LAI. The negative correlation between LAI and 

d(TWSA)/dt at zero lag indicates that a negative d(TWSA)/dt anomaly in a month is associated 

with in a positive LAI anomaly during the same month. d(TWSA)/dt tends to be negative when 

ET is large, and greater ET is expected when LAI is large. 

Table 4.1. Summary of the cross-correlation analysis between prewhitened-detrended 
hydroclimatic and vegetation indices. Lags are in months. 

 NDVI LAI 

 r p Lag r p Lag 

Precipitation 0.27 <0.01 1 -0.51 <0.01 0 

Temperature 0.18 0.02 0 0.46 <0.01 0 

Vapor Pressure Deficit -0.26 <0.01 1 0.25 <0.01 0 

ET 0.36 <0.01 1 0.28 <0.01 1 

𝑑(𝑇𝑊𝑆𝐴)/𝑑𝑡 0.15 0.07 6 -0.36 <0.01 0 

TWSA 0.20 0.02 1 0.31 <0.01 2 
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Overall, Table 4.1 shows that most hydroclimatic forcing variables (i.e., precipitation, 

mean temperature, d(TWSA)/dt, and TWSA) are more strongly and significantly correlated 

with LAI than NDVI. The notable exception to this tendency is ET, which is more strongly 

correlated with NDVI than LAI. Also, the strongest correlations of hydroclimatic variables with LAI 

tend to occur at zero lag. For NDVI, the lag with the strongest correlation differs more between 

the hydroclimatic indicators. Although not shown in Table 1, we also examined whether the 

lags with the strongest correlations exhibit seasonality. Specifically, the cross-correlation 

analysis was also performed separately for each month of the year. Overall, the results show 

that the correlations are strongest during the summer months, but clear seasonal variations in 

the lags were not observed. 

4.4 Discussion 

The results of this study show that NDVI and LAI exhibit asynchronous mean seasonal cycles. 

Specifically, the mean seasonal cycle of LAI lags the mean seasonal cycle of NDVI. One might 

expect NDVI and LAI to have similar seasonal cycles because NDVI and LAI have a well-

documented association at a given time, and NDVI is often used to estimate LAI (e.g., Reichenau 

et al., 2016). However, Wang et al. (2005) showed that the NDVI-LAI relationship can vary 

seasonally (and interannually) in response to temporal variations in environmental conditions 

including hydroclimatology and phenology. The NDVI-LAI relationship also depends on 

vegetation type and can vary in time depending on the phenological development of different 

vegetation types within a given PFT (Gitelson et al., 2003). Furthermore, as LAI becomes large, 

the additional layers of green leaves are not captured by NDVI, which characterizes only the 

horizontal projection of the vegetation cover (Gitelson 2004; Zhao et al., 2016).  Finally, 
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differences could arise from errors associated with the estimation of NDVI and LAI. 

 Some differences in the observed behaviors of NDVI and LAI can be interpreted as 

differences between the true projected green vegetation (which is associated with NDVI) and the 

true LAI.  Others either result from errors in the NDVI and LAI estimates or from unrecognized 

phenomena.  The asynchronous seasonal cycles of NDVI and LAI are partially explainable from 

plant physiology.  In the study region, NDVI is high in months when TWSA is high.  This result is 

expected because leaf chlorophyll content increases with lower water stress (Kogan, 2019). 

d(LAI)/dt is also high in months when TWSA is high. This result is also expected because plants 

grow when they are well watered (Kogan, 2019). For grasslands and shrublands, LAI reaches its 

seasonal peak after NDVI. Because LAI better represents multiple layers of leaves, it captures the 

cumulative growth of vegetation better than NDVI. The observation that NDVI decreases months 

before LAI might occur because NDVI emphasizes vegetation greenness (which might diminish 

with time) more than the leaf abundance (which remains high).  In addition to leaf area, NDVI is 

affected by the presence of non-photosynthetic vegetation (Huete et al., 1999; Xu et al., 2020) 

and by leaf optical properties, which change with leaf age (Samanta et al., 2012). The earlier 

decrease of NDVI could also occur if the species composition or spatial pattern of vegetation 

varies seasonally in response to environmental, hydroclimatic, and resource controls (Wang et 

al., 2005).  

 At the interannual time scale, the results indicate that NDVI had a clear decreasing trend 

in its anomalies (Figure 4.2r). The trend in NDVI is consistent with a decrease in the annual TWSA 

values. This consistency is expected as NDVI assesses moisture-based vegetation health (Kogan, 

2019). During the study period, NDVI decreased for all PFTs except evergreen forests, which tend 
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to be located at higher elevations (Figure B2a). Dong et al. (2019) and Herrmann et al. (2016) 

showed that NDVI decreased for low-elevation, water-limited locations and increased for high-

elevation, temperature-limited locations during recent droughts in California and the Southwest 

U.S. At the interannual time scale, LAI did not exhibit a clear decreasing trend during the study 

period (Figure 4.2x). The LAI for grasslands decreased, while evergreen forests and crops 

increased (Figure B2b). The interannual variation of crop LAI is somewhat counter intuitive. Crops 

in the region are intensively irrigated from groundwater during summers (Yang et al., 2017). 

Heavy groundwater usage in the Central Valley and shifts from alfalfa, cereals, and cotton to nuts 

and fruits resulted in increased agricultural revenue during the 2014-2016 California drought, 

which might support higher crop LAIs during that period (Gebremichael et al., 2021; Xiao et al., 

2017). The increasing LAI of evergreen forests might have resulted from warmer temperatures 

at higher elevations and associated increases in vegetation amount (Herrmann et al., 2016). The 

LAI of grasslands and shrublands likely declined due to stress induced by decreasing water 

availability (Dong et al., 2019; Herrmann et al., 2016).    

 The cross-correlation analysis indicates that the hydroclimatic variables typically have 

stronger correlations with LAI than NDVI. While NDVI is correlated with photosynthetic capacity 

and vegetation density, it also depends on the soil color, leaf morphology, leaf angle distribution, 

and the overall canopy structure (Huete et al., 1999; Samanta et al., 2012). These characteristics 

may be insensitive to monthly variations in the hydroclimatic variables. In contrast, the 

processed-based algorithm used to estimate MODIS LAI removes such extraneous factors to 

focus on the leaf area (Samanta et al., 2012). As a result, MODIS LAI has larger variability and 

more information on the seasonal evolution and structure of vegetation than MODIS NDVI, 
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particularly for densely vegetated regions (Zhang et al., 2004). Overall, our findings suggest that 

MODIS LAI is a more sensitive indicator of hydroclimatic variability than MODIS NDVI at regional 

scales. Zhang et al. (2004) developed a climate impact index based on MODIS NDVI and LAI 

climatology and concluded that NDVI variations underestimate climate related vegetation 

dynamics. Our study similarly demonstrates that hydroclimatic variations are better captured by 

LAI than NDVI. 

4.5 Conclusions 

This study examined whether NDVI and LAI can exhibit different temporal variations in a region due to 

different relationships with hydroclimatic variables. For the combined Sacramento River and San 

Joaquin River basins in California, seasonal and interannual variations of hydroclimatic variables and 

vegetation indices (MODIS NDVI and LAI) were examined. Furthermore, cross-correlations were 

calculated between the prewhitened-detrended hydroclimatic variables and vegetation indices. 

The results demonstrate that the regional NDVI and LAI have different mean seasonal cycles. In 

particular, the mean seasonal cycle for NDVI peaks in April, while the mean seasonal cycle of LAI 

peaks in July. To a certain extent, NDVI and LAI also exhibit different interannual variations. At 

the annual scale, NDVI exhibits a noteworthy decline during the study period, while LAI initially 

declines and then remains more constant. Such differences would be missed in studies that 

estimate LAI as a direct function of NDVI. The differences in regional NDVI and LAI tend to arise 

due to different behaviors for the PFTs within the region (evergreen forests, crops, grasslands, 

and shrublands) and different qualities of the two vegetation indices. Grasslands and shrublands 

were found to cause the different seasonal cycles of regional NDVI and LAI. Evergreen forests had 

no or little contribution to the seasonality of regional NDVI due to saturation of NDVI where LAI 
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is high. The mean seasonal cycle of regional NDVI is similar to the mean seasonal cycles of TWSA 

and d(LAI)/dt. Because TWSA indicates the regional water availability and d(LAI)/dt indicates the 

regional leaf growth rate, NDVI is emphasizing the greenness and photosynthetic capacity of the 

vegetation. In contrast, the mean seasonal cycle of regional LAI is similar to the cycle of 

temperature, vapor pressure deficit, and ET. Because greater transpiration is expected from 

more abundant leaves, this similarity suggests that the LAI estimates are better describing the 

cumulative abundance of leaf area. Overall, the prewhitened-detrended NDVI and LAI exhibit 

distinct cross-correlations with the prewhitened-detrended hydroclimatic indicators. For 

example, precipitation and d(TWSA)/dt are both positively correlated with NDVI but negatively 

correlated with LAI. In contrast, vapor pressure deficit is negatively correlated with NDVI and 

positively correlated with LAI. These results suggest that NDVI and LAI have distinct relationships 

with the hydroclimatic indicators and that using a single vegetation index to describe the 

vegetation’s response to hydroclimatic variations may be inadequate in some situations. 

 Several limitations of this study should be recognized. The observation that NDVI and LAI 

have different temporal variations and different relationships to the hydroclimatic variables is 

empirical and thus could be region specific. Because the difference in behavior is associated with 

presence of grasslands and shrublands, the result is more likely to occur in other regions 

containing these PFTs. The study region also has seasonal cycles of precipitation and ET that are 

out of phase, and TWSA remains high for a prolonged period between when precipitation occurs 

and when ET occurs. The seasonal variation in NDVI is aligned with the seasonal variation of TWSA 

while the seasonal variation in LAI is aligned with the seasonal variation of ET. If those alignments 

hold in general, regions with more similar precipitation and ET cycles likely would have more 
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similar NDVI and LAI behaviors. Another limitation of this study arises from the prewhitening and 

detrending of the data. Such processing is needed to avoid misleading cross-correlations. 

However, it is also possible that some real relationships between the variables are discarded in 

this processing. 

 Two key implications of this study are as follows. First, studies that aim to consider the 

impacts of climate variations on regional vegetation should consider both NDVI and LAI because 

two indices may have different responses. If only one index is used, our results support using LAI 

because, at least for our study region, it contains more information about hydroclimatic 

variations than NDVI.  Using LAI instead of NDVI might provide a clearer indication of vegetation’s 

response to droughts and climate variations.  It therefore might improve monitoring of droughts 

and climate changes, which could also be used to improve models of regional vegetation 

dynamics.  It would be interesting to further the studies of Ichii et al. (2002) and Kawabata et al. 

(2001) and perform a global correlation analysis of NDVI and LAI with hydroclimatic variables at 

different spatial scales. Such a study would indicate regions and scales at which LAI should be used 

in addition to NDVI to better observe the impacts of hydroclimatic variations. Second, the similarity 

of d(LAI)/dt and NDVI in this study prompts the hypothesis that LAI depends on the integral of 

NDVI through time. If confirmed, such a relationship might allow estimation of LAI based on the 

history of NDVI when a direct relationship between NDVI and LAI does not occur.  
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Chapter 5 Conclusions and Recommendations 

5.1 Conclusions 

This dissertation focused on improving GRACE-based TWSA for estimating groundwater 

depletion and performing ecohydrological analyses. Two improvements to GRACE TWSA were 

carried out: i) rescaling to capture the lost variability in filtered GRACE TWSA using a complete 

water budget based on regional precipitation, evapotranspiration, and streamflow and ii) 

stochastic downscaling of GRACE TWSA from 4o to 0.625o using MRCM. Also, large scale 

climate-water-vegetation interactions involving GRACE TWSA were investigated to understand 

the ecohydrological implications of a large-scale drought on a diverse agroecological region.   

A new algorithm was developed to recapture the variability in GRACE TWSA that is lost 

during the pre-processing of gravity signals. The new algorithm improves the rescaling process 

by a) replacing the NSE maximization in the original algorithm with optimization of the relative 

variability, b) using a complete water budget instead of GLDAS TWSA, and c) unlike the original 

rescaling process which relies entirely on GLDAS TWSA, the new algorithm uses filtered GRACE 

TWSA. Optimizing the relative variability between the filtered GRACE TWSA and TWSA from the 

complete water budget resulted in a larger scale factor and more reliable estimates of rescaled 

GRACE TWSA when compared with the GPS TWSA for Sacramento and San Joaquin river basins. 

Furthermore, more severe estimates of groundwater depletion resulted from the rescaled 

GRACE TWSA based on the new algorithm for the study region.   

For three regions with different climatology, geology, and physiography from different 

parts of the world, GRACE, GRACE-FO, and GPS-based TWSA were shown to exhibit multifractal 

behavior from spatial resolutions between 0.25o and 4o. The multifractal behavior is 
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characterized by two parameters that are related to the minimum TWSA value at 0.25o and the 

spatial variance of TWSA. Stochastic downscaling of TWSA approximately reproduced the 

multifractal behavior between 0.25o to 4o and produced wider ranges in TWSA at the fine 

resolution (0.0625o) than are observed at the original 0.25o resolution.  

NDVI and LAI represent different aspects of large-scale vegetation and have different 

seasonal cycles. In the large and agroecologically diverse Sacramento and San Joaquin river 

basins, NDVI is more related to the rate of growth of vegetation while LAI is more related to the 

total amount of vegetation. For the same study region, the seasonal cycle of NDVI resembles 

the seasonal cycle of TWSA, whereas seasonal cycle of LAI resembles the seasonal cycle of 

temperature and evapotranspiration. Generally, LAI was found to be more strongly correlated 

with hydroclimatic variables including TWSA as compared to NDVI.  

5.2 Recommendations 

The findings of this dissertation can be furthered as follows: 

i) The new rescaling algorithm can be evaluated for longer study duration and other 

regions. 

ii) A CWB approach similar to the improved rescaling algorithm can be used to downscale 

TWSA. In this case, fine resolution CWB and coarse resolution TWSA can be linked 

together to determine the downscaling factor for each CWB grid individually using the 

rescaling algorithm.  

iii) The stochastic downscaling using MRCM reproduces the approximate statistics of TWSA 

at the 0.25o resolution. Combining deterministic estimates of local TWSA (downscaled 

TWSA using deterministic modeling) with fine resolution stochastically downscaled 
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TWSA can also be considered. For example, a CWB-based method coupled with 

stochastic model can be developed to produce statistically conserved local TWSA 

patterns.   

iv) Downscaled TWSA (either stochastically or deterministic or their combination) may 

contribute to the estimation of streamflow discharges of small ungauged basins. TWSA, 

climatic, geologic, and physiographic factors can be linked with streamflow of a large 

region using statistical relationships at the large scale. These statistical relationships 

might then be applied to smaller ungauged basins having similar climatology, geology, 

and physiography as the larger basins.  

v) Storage-discharge relationships for a large region have been investigated using GRACE 

TWSA (Sharma et al., 2020). Similarly, downscaled TWSA may contribute to improved 

understanding of storage-discharge relationships for smaller regions.  

vi) As TWSA indicates the degree of wetness of a region, TWSA have been used to assess 

the flood and drought risks of large regions. Fine resolution TWSA that conserves the 

statistical properties of coarse resolution TWSA may thus help identify smaller regions 

prone to flood or drought and can also enhance our understanding on propagation of 

floods and droughts from small to large regions. 

vii) GRACE TWSA also has a coarse temporal resolution (i.e., monthly). Scale-invariance in 

temporal domain can be hypothesized and tested. Following this spatio-temporal 

downscaling of TWSA can be performed using MRCM, that can approximately reproduce 

statistics at fine temporal and spatial resolutions.  
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Appendix A 

 

Figure A1. Mean monthly precipitation (2004-2010) of Sacramento and San Joaquin river basins  



 

 141 

 
Figure A2. Mean monthly evapotranspiration (2004-2010) of Sacramento and San Joaquin river 
basins   
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Appendix B 

Introduction 

This appendix information contains figures to supplement the findings of the chapter 4. Figure 

B1 illustrates the seasonal and interannual variation of mean temperature and vapor pressure 

deficit. Figure B2 illustrates the interannual variations of normalized difference vegetation 

index (NDVI) and leaf area index (LAI) anomalies for crops, evergreen forests, grasslands, and 

shrublands.  

 

 

Figure B1. a) Rasterized time series of mean temperature anomalies; b) seasonality of mean 
temperature anomalies (in all plots, shaded region shows +/- one standard deviation); c) annual 
mean temperature anomalies; d) rasterized time series of vapor pressure deficit anomalies; e) 
seasonality of vapor pressure deficit anomalies; f) annual vapor pressure deficit anomalies. 
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Figure B2. Interannual variations of a) NDVI anomalies and b) LAI anomalies for different plant 
function types. 
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