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ABSTRACT 

Drought is a complex, natural hazard that can cause widespread socioeconomic and 

environmental impacts. Drought can be defined as a water deficit that arises compared to normal 

conditions and lasts long enough to cause a lasting hydrological imbalance; however, what 

constitutes normal conditions varies based on the local climate regime and water source being 

studied. It is therefore that drought can be subjective to the observer and accounting for the 

correct environmental drivers is important to accurately assess drought impacts. In water-limited 

ecosystems like the Southwestern United States, hereby referred to as the Southwest, monitoring 

drought conditions presents unique challenges as annual potential evapotranspiration is 

significantly greater than precipitation. Primary production of Southwestern vegetation is 

adapted to the timing and magnitude of soil water recharge from seasonal precipitation. 

Variations in precipitation timing and magnitude can thus lead to lasting drought impacts and 

therefore tracking soil water at different depths is key for understanding overall ecosystem 

health. 

Studies have monitored soil water availability by placing Time Domain Reflectometry 

(TDR) probes at different depths within a soil profile. However, varying measurements between 

TDR probes due to differences in soil properties, calibration complications, and maintenance 

issues have led to the lack of long-term, reliable soil water datasets. This has restricted drought 

analysis using soil water data to a more local scale. As an alternative approach, land managers 

and decisions makers use meteorological drought indices as proxies for soil water availability. 

Meteorological drought indices are numerical timeseries that convey the frequency and 

magnitude of meteorological indicators, such as precipitation and temperature. Examples of 

meteorological drought indices are the Standardized Precipitation Index (SPI) and Standardized 
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Precipitation-Evapotranspiration Index (SPEI), which use monthly total precipitation and water 

balance values, respectively, to communicate drought conditions. A key feature of the SPI and 

SPEI is the ability to be calculated at any monthly timescale length (‘multiscalar’), allowing for 

drought conditions of different water sources, such as shallow soil water, to be evaluated. 

Furthermore, the SPI and SPEI require minimal data inputs and are simple to calculate. It is 

therefore that the SPI and SPEI are commonly used by land managers for drought monitoring 

and decision making.  

Using SPI and SPEI timescales to estimate soil water in the semi-arid Southwest can be 

complicated as not all falling precipitation can be assumed to infiltrate into a soil profile. This is 

due to low intensity precipitation events being captured by tree canopy interception or 

evaporation and increased runoff during high intensity events. These issues complicate 

objectively identifying the index and timescale length that best represents soil water availability 

at different depths, leaving a significant gap between applying meteorological drought index 

information to land management action for the Southwest. Furthermore, the lack on in-situ soil 

water datasets prevents characterizing the full relationship between index timescale and soil 

water. Moreover, the lack of soil water datasets limit the study of links between Southwestern 

climate, intra-annual soil water variability, and soil drought dynamics on a regional scale. This 

dissertation address these gaps by creating a regional soil water dataset for the Southwestern 

United States for the purpose of improving drought monitoring and our understanding of drought 

development in soils.  

By coupling sophisticated computer modeling, site-specific soils information, and 

spatially continuous, high resolution meteorological datasets, this dissertation simulated daily 

matric potential values from 0-200cm at 240 locations across the Southwest. Through a series of 
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investigative studies central to the Southwest, this dissertation quantified historical drought 

events in soils (appendix A), defined the relationship between meteorological drought index 

timescale and soil water depth (Appendix B), and developed a time-varying approach designed 

to improve multiscalar index approximation of soil water in climates with seasonal precipitation 

distributions (Appendix C).  

The first study (Appendix A) quantified how changes in the timing or magnitude of 

seasonal precipitation translated to soil drought onset and cessation patterns. Results showed that 

annual matric potential values followed a location’s seasonal precipitation distribution. Short-

term droughts (60 – 270 days) were frequent, and typically resulted from delayed or slowed 

starts to a locations major rainy season. Long-term droughts (>270 days) were infrequent and 

occurred only during specific years, requiring anomalous below average precipitation in one or 

more consecutive rainy seasons to develop. Long-term droughts were more likely to occur in 

locations with unimodal precipitation distributions (a majority of rain occurring once annually), 

due to soil water anomalies likely remaining unresolved until the following rainy season. 

Locations with bimodal precipitation distributions (rainy seasons occurring twice annually) made 

long-term drought development difficult as consecutive below average rainy seasons were 

needed. 

The second study (Appendix B) defined the relationship between multiscalar index 

timescale and soil water availability for the Southwest. For all 240 locations, a new matric 

potential index (MPI) was created at 5cm intervals between 0-200cm and correlated with 

timescales from 1-24 months for the SPI and SPEI. Results showed the relationship between the 

highest correlating index timescale at each MPI depth operates roughly on a 1:1 step progression 

at shallow depths. Further analysis showed that soil type impacts the timescale-depth 
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relationship, with clay loam soils correlating at longer timescales than sandy soils when 

correlating with the same depth MPI. Additionally, the SPI produced higher correlations and 

with the MPI compared to the SPEI. Therefore, this studied recommended SPI usage for shallow 

(<80cm) soil water monitoring on Southwestern drylands, with a general rule that the 

relationship between timescale and depth scales linearly in a 1:1 progression. However, if land 

managers have access to local soils information, it should be consulted given the impacts of soil 

type on the timescale-depth relationship. 

Given the importance of seasonal precipitation timing and magnitude for vegetation 

productivity, the use of a single multiscalar index timescale is unlikely to fully represent intra-

annual variability of soil water. The third study (Appendix C) used a novel approach that created 

a time-varying multiscalar composite index for the SPI and SPEI (‘composites indices’) designed 

to better approximate seasonal soil water variability in the Southwest. The composite indices 

were compared with the SPI and SPEI using a traditional single timescale to evaluate 

improvement in soil water approximation at different depths. Results showed that the timescale-

varying approach significantly improved the ability of the SPI and SPEI to approximate soil 

water over the use of a single timescale. Improvements varied by multiscalar index, depth, and 

soil type. Land managers can benefit from this approach by understanding general seasonal 

relationships between timescale length and soil water availability.  

Together, this dissertation links Southwestern climatology, intra-annual soil water 

availability, and drought development in soils by creating a regional soil water dataset with high 

spatial and temporal resolution. This dissertation’s findings will aid further research efforts into 

soil drought dynamics and improve drought monitoring in the semi-arid Southwest. As climate 

change exacerbates stress on water limited ecosystems, fully utilizing available drought 
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monitoring strategies is key for forming strong mitigation and adaptation plans. The author of 

this dissertation hopes these results will benefit land managers and policymakers during the 

decision-making process and increase usage of multiscalar meteorological indices, such as the 

SPI and SPEI, as a viable drought monitoring tool of soil water availability in the Southwestern 

United States.  
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INTRODUCTION 

Drought is a complex, natural hazard that can cause widespread socioeconomic impacts 

such as decreased agricultural yields, food shortages, reduced hydroelectric power, water quality 

issues, and human health difficulties (Wilhite and Glantz 1985; Van Loon 2015; Svoboda and 

Fuchs 2016; Sugg et al. 2020). Droughts naturally occurs in any climate regime, including 

deserts and rainforests (Svoboda and Fuchs 2016), which can lead to environmental impacts such 

as transitions from native to non-native grass species (Bodner and Robles 2017), increased 

wildfire risk (Littell et al. 2016), or, in extreme cases, widescale vegetation die off, such as 

mortality of pinon pine and juniper trees (Neilson et al. 1992; Breshears et al. 2008; Restaino et 

al. 2016). With population growth, urban expansion, water security issues, and climate change 

expected to exacerbate drought impacts over the coming decades (Sugg et al. 2020; Romero-

Lankao et al. 2014), it is important to form strong mitigation and adaptation plans by actively 

monitoring drought conditions.  

 In general, drought is as a water deficit that arises compared to normal conditions and 

lasts long enough to cause a lasting hydrological imbalance (Dracup et al. 1980; Wilhite and 

Glantz 1985; Van Lanen and Peters 2000; Mishra and Singh 2010). However, what constitutes 

normal conditions varies based on the local climate regime and water source being studied 

(Wilhite and Glantz 1985). Thus, defining drought can be subjective to the observer and it is 

important to account for different types of droughts to fully understand drought impacts. 

Traditionally, four major drought types exist – meteorological, hydrological, agricultural, and 

socioeconomic (Wilhite and Glantz 1985) – each having its own dedicated fields of literature 

examining drought drivers and impacts. Over recent decades, there has been increased attention 

to the interplay between fields, specifically meteorological and hydrological, and the role of soil 
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moisture on climate-soil-vegetation dynamics (Rodriguez-Iturbe 2000). This is particularly 

important in water-limited dryland ecosystems like the Southwestern United States, hereby 

referred to as the ‘Southwest’, where soil water recharge is the primary control of vegetation 

dynamics (Noy-Meir 1973; Hadley and Szarek 1981; Neilson et al. 1992; Wilcox et al. 2003).  

Dryland ecosystems comprise about 40% of the Earth’s land area and contain about 38% 

of global population (Reynolds et al. 2007; Prăvălie 2016). Monitoring drought in dryland 

environments poses unique challenges, as distinguishing water deficits from background aridity 

can be problematic due to potential evapotranspiration being significantly greater than 

precipitation (Wilcox et al. 2003). In the Southwest, semi-arid climatic variability can influence 

drought development, as higher summer temperatures can increase atmospheric 

evapotranspirational demand (Weiss et al. 2009), delayed timing in seasonal precipitation can 

lead to drought onset (Hadley and Szarek 1981; St. George et al. 2010), and below or above 

average seasonal precipitation can strongly influence future soil water availability (Koehn et al. 

2021). Seasonal precipitation timing and magnitude are important for soil water recharge, which 

is the primary control on vegetation dynamics in dryland ecosystems (Noy-Meir 1973; Hadley 

and Szarek 1981; Neilson et al. 1992; Wilcox et al. 2003). Tracking soil water availability at 

different depths is thus key for understanding overall ecosystem health (Lauenroth and Bradford, 

2006; Schlaepfer et al. 2012; Biederman et al. 2018; Barnard et al. 2021). Climate change is 

projected to increase temperatures and change precipitation patterns for the Southwest over the 

coming decades, leaving southwestern vegetation vulnerable to increased heatwave frequency 

and drought duration (Romero-Lankao et al. 2014; Bunting et al. 2016). Thus, monitoring soil 

water availability at different depths is a key area of drought research for the Southwest over the 

coming decades.  
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 Attempts to characterize soil water impacts on drought development have been ongoing 

since the mid to late 20th century (Karl and Koscielny 1982; Oglesby and Erickson 1989). Many 

studies have utilized Time Domain Reflectometry (TDR) probes, which use wave propagation 

through a soil medium to indirectly measure soil water content (Topp et al. 1980; Emus et al. 

2006). Placing TDR probes at different depths within a soil profile can be critical for evaluating 

plant water availability of different rooting zones. However, many issues exist that limit TDR 

probe usefulness for analyzing drought on a regional scale. For example, measurements can vary 

widely (on the order of meters) due to differences in soil bulk density, compaction, hydraulic 

conductivity, and vegetation (Bradford 1986; Ayers and Bowen 1987; Vaz and Hopmans 2001; 

Vaz et al. 2001). Additionally, maintaining TDR probes can be expensive and labor intensive 

(Dobriyal et al., 2012). Furthermore, the lack of long-term, reliable soil moisture datasets 

continues to be an obstacle, with the need for an online global database being well documented 

(Robock et al. 2000; Robock et al. 2005; Dorigo et al. 2011; Dorigo et al. 2012).  

While using TDR probes would prove to be an ideal drought monitoring approach, the 

aforementioned issues have restricted drought analysis using in-situ soil moisture to a local scale. 

As an alternative approach, recent studies have utilized remote sensing products to conduct 

widescale drought analyses (Prigent et al. 2005; Entekhabi et al. 2010; Chan et al. 2016). 

Advancements in remote sensing technologies have offered the promise of soil moisture 

estimation from satellite platforms over large areas, however the microwave instrumentation 

used for soil moisture measurements is limited to the top few centimeters of soil (Dorigo et al. 

2011; Reichle et al. 2016; Berg and Sheffield 2018). This has restricted studies utilizing remote 

sensing technologies to short temporal analysis, low spatial resolution, and shallow depths 
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(Sheffield et al. 2004; Mo 2008; Notaro et al. 2010; AghaKouchak 2014; Otkin et al. 2016; 

Martínez-Fernández et al. 2016). 

Land managers have thus turned to using drought indices as proxies for soil water 

availability to conduct regional drought analysis. Drought indices are numerical timeseries that 

convey the severity of drought indicators, which are variables used to describe drought 

conditions (Svoboda and Fuchs, 2016). Examples of drought indicators are precipitation, 

temperature, groundwater, streamflow, snowpack, and soil moisture. Drought indices vary based 

on ease of use, amount of required input data, and calculation complexity (Svoboda and Fuchs, 

2016). Over 70 different drought indices exist and are subdivided into five main categories – 

meteorology, soil moisture, hydrology, remote sensing, and composite (Svoboda and Fuchs, 

2016). No single index measures conditions for every type of drought, and thus dryland 

managers use a suite of drought indices to evaluate drought conditions. 

The Standardized Precipitation Index (SPI) and Standardized Precipitation-

Evapotranspiration Index (SPEI) are meteorological drought indices that communicate drought 

conditions using monthly total precipitation and water balance values, respectively (McKee et al. 

1993, Vicente-Serrano et al. 2010). These indices are commonly used by dryland managers for 

drought monitoring due to minimal input requirements, ease of data availability, and simple 

calculations (Svoboda and Fuchs 2016). By standardizing index values, the SPI and SPEI 

communicate statistical severity, frequency, and duration of drought events (McKee et al. 1993, 

Vicente-Serrano et al. 2010). This is important for dryland managers, as anticipating, preparing, 

and comparing drought events between locations can aid in fully realizing regional drought 

impacts (Slette et al. 2019).  



18 
 

A key feature of the SPI and SPEI is that they are multiscalar, meaning they can be 

calculated at any monthly timescale length (McKee et al. 1993; Vicente-Serrano et al. 2010). 

This allows for drought conditions of different water sources to be evaluated depending on 

timescale length (McKee et al. 1993; Vicente-Serrano et al. 2010). However, using multiscalar 

meteorological drought indices to estimate soil water availability in a semi-arid dryland 

environment presents complex challenges as not all falling precipitation can be assumed to 

infiltrate into a soil profile. For example, low intensity precipitation events can be captured by 

tree canopy interception (Owens et al. 2006); soil burn from fire can result in large scale runoff 

events, especially during high intensity precipitation from the North American Monsoon (Moody 

and Martin 2001; Adams and Comrie 1997; Grover 2021); soil infiltration and evaporation rates 

can be limited by texture and compaction (Wythers et al. 1999; Newman et al. 1997); ground 

litter can reduce infiltration rates (Madsen et al. 2008); and high temperatures can increase 

evapotranspiration, limiting infiltration of low intensity precipitation events (Weiss et al. 2009). 

These issues complicate objectively identifying the index and timescale length that best 

represents soil water availability at different depths, leaving a significant gap between applying 

meteorological drought index information to land management action for the Southwest.  

Studies examining the relationship between the multiscalar indices and soil moisture on a 

global scale have used satellite derived soil moisture, which is limited to shallow depths and low 

spatial resolution (Scaini et al. 2015; Pablos et al. 2017; Kwon et al. 2019; Afshar et al. 2022). 

However, these studies have established that short multiscalar index timescales closely align 

with shallow soil moisture, and the SPI and SPEI align with shallow soil moisture differently 

based on climate region (Scaini et al. 2015; Afshar et al. 2022). Studies using in-situ soil 

moisture measurements have established that the multiscalar aspect of the SPI and SPEI can be 
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good indicators of soil water availability at deeper depths (<10cm); however, these studies have 

been restricted to examining discrete depths, specific soil types, and locations outside the 

Southwest (Sims et al. 2002; Wang et al. 2015; Wang et al. 2016). 

 Recent advancements in computer modeling have allowed for sophisticated simulation of 

water movement through a soil profile (Simunek et al. 1998). Studies have begun to couple these 

hydrological models with satellite-based spatially continuous, high resolution meteorological 

datasets to drive daily model outputs of soil water availability, allowing for a more complete 

regional drought analysis of soil water (Abatzoglou 2013; Bradford et al. 2019; Bradford et al. 

2020). Studies utilizing this framework have begun to explore the relationship between 

meteorological drought index timescale and soil water availability at different depths (McKellar 

2017; Halwatura et al 2017; Barnard et al. 2021). Thus far, these studies have demonstrated 

promise in fully characterizing the soil water depth – multiscalar index timescale continuum; 

however, these studies have been limited in scale, examined discrete depths, or have been 

conducted outside the Southwest (McKellar 2017; Halwatura et al 2017; Barnard et al. 2021). 

Furthermore, the impacts of soil type and annual precipitation variability on the relationship 

between timescale and soil water depth have yet to be characterized, which are important for 

drought monitoring in dryland environments (Shepard et al. 2015; Hadley and Szarek 1981). 

Thus, characterizing the relationship between index timescale and soil water availability warrants 

further investigation for the Southwest.  

 This dissertation focuses on quantifying drought events in soils and improving drought 

monitoring techniques for the semi-arid Southwestern United States. The research presented here 

explores the links between Southwestern precipitation seasonality and drought onset and 

cessation patterns of different soil types. It further investigates the relationship between water 
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availability at different depths throughout a soil profile and the multiscalar aspect of 

meteorological drought indices. The impacts of soil type and annual precipitation variability on 

the relationship between soil water and timescale are also investigated given their importance on 

dryland vegetation productivity. The research presented here aims to advance the usage of 

meteorological drought indices, specifically the SPI and SPEI, as a drought monitoring technique 

of soil water availability in semi-arid dryland environments. By understanding drought 

propagation in soils and fully utilizing multiscalar drought indices, Southwestern land and 

resource managers can form better drought mitigation and adaptation plans for the future. 
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REVIEW OF DROUGHT INDICES 

The purpose of this section is to provide an overview of the history, methodology, 

strengths, and weakness of drought indices referred to throughout this dissertation. Specifically, 

the Palmer Indices, Standardized Precipitation Index (SPI), Standardized Precipitation 

Evapotranspiration Index (SPEI) are covered. While the Palmer indices are not used for research 

purposes during this dissertation, their historical significance toward the development of the SPI 

and SPEI make them a topic worth discussing. Examples of soil moisture, hydrological, and 

composite indices are not covered in this review. Additional details about these indices can be 

found in the World Meteorological Organization handbook on drought indices (Svoboda and 

Fuchs 2016). 

Palmer Drought Severity Index (PDSI) 

The Palmer Drought Severity Index (PDSI) was developed to measure drought severity 

beyond using just monthly precipitation totals for agricultural lands of the interior United States 

(Palmer 1965). The PDSI calculates monthly water balance values by accounting for 

precipitation, temperature, and soil water holding capacity information, allowing for drought 

intensity, onset, and cessation to be investigated (Palmer 1965). Importantly, the inclusion of a 

two-layer soil model allows the PDSI to approximate soil moisture storage, which is important 

for Southwestern vegetation primary production (Palmer 1965; Noy-Meir 1973). Being one of 

the first indices produced to measure drought severity, the PDSI has become popular tool used 

by the drought monitoring community to evaluate drought conditions (Heddinghaus and Sabol 

1991; Svoboda and Fuchs 2016). However, a complex methodology and arbitrary ruleset for 

defining dry and wet periods complicates useability for regional drought analysis (Alley 1984). 

Furthermore, several issues limit interpretation of PDSI values in a semi-arid environment (Alley 
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1984; Heddinghaus and Sabol 1991; Guttman 1998; Heim Jr 2002; Hayes 2006; Liu et al. 2017). 

For example:  

• Simplification of the soil component limits usage for monitoring drought conditions 

to longer timescales (Alley 1984; Guttman 1998; Liu et al. 2017). Numerous studies 

have demonstrated that the PDSI is a good indicator of soil water variability, but is 

limited by its inherent timescale to observing long-term drought (Sims et al. 2002; 

Mika et al. 2005; Szép et al. 2005). 

• The use of the Thornthwaite method to estimate evapotranspiration can cause errors 

in regions with energy extremes (Hobbins et al. 2008; Dai 2011).  

• Reliability of PDSI values to evaluate current drought conditions is limited due to a 

retrospective ‘backstepping’ approach used to determine the end of dry and wet 

periods (Karl 1986; Guttman 1999). 

• Data from Central Iowa and Western Kansas used to during PDSI development leads 

to classification of severe and extreme drought to vary between locations, requiring 

expertise judgment when using PDSI values for decision making (Guttman et al. 

1992; Guttman 1998; Alley 1984; Hayes 2006).  

• The PDSI was developed for US agricultural regions, limiting its usability in 

mountains regions, areas with extreme climate regimes, and international locations 

(Hayes 2006; Keyantash and Dracup 2002).  

• The PDSI deals poorly with snow, treating all precipitation as rain and potentially 

creating inaccurate values for snow dominated climates (Keyantash and Dracup 2002; 

Hayes 2006).  
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• No runoff is allowed until the surface soil layer is filled to capacity, causing 

underestimation of runoff (Alley 1984).   

Multiple PDSI variants have been developed that correct for these issues. During the 

PDSI calculation, a moisture anomaly value, Z, is obtained, which portrays the weather deviation 

of a particular month from average (Palmer 1965; Karl 1986; Heim Jr 2002). These values have 

become known as the Palmer Z Index, which can be used to evaluate drought on shorter 

timescales (Karl 1985). The most widely used variant is the self-calibrated PDSI (sc-PDSI), 

which adjusts empirical constants in the PDSI calculation to allow for more direct comparisons 

between locations (Wells et al. 2004). However, as the Palmer Z Index and the sc-PDSI are 

derivatives of the PDSI, both contain many of the same weaknesses, such as issues with 

identifying rapid drought development or ignoring frozen precipitation (Svoboda and Fuchs, 

2016). The PDSI, and its variations, are commonly referred to as the ‘Palmer Drought Indices’ or 

‘Palmer Indices’ given that much of the original derivation for the indices are the same. Despite 

issues, the Palmer Indices remain widely used today for drought monitoring due to their 

inclusion of a soil component and historical significance.  

Standardized Precipitation Index (SPI) 

Issues with the Palmer Indices have led the development of other drought indices 

(Svoboda and Fuchs 2016). The Standardized Precipitation Index (SPI) uses monthly 

precipitation totals to convey the frequency of wet and dry periods as a timeseries of z-score 

values, where positive values represent water surplus and negative values represent water deficits 

(McKee et al. 1993). Looking to find a more functional definition of drought, McKee et al. 

proposed using standardized precipitation to evaluate water storage of five major sources – soil 

moisture, ground water, snowpack, streamflow, and reservoir storage. Water storage in these 
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sources moves at different rates, requiring the SPI to be flexible enough to evaluate water 

movement at a variety of temporal resolutions. This ‘multiscalar’ aspect allows the SPI to be 

calculated at timescales from 1-48 months (Figure 1). Shorter SPI timescales represent faster 

rates of water movement (i.e. shallow soil moisture), while longer timescales represent slower 

rates of water movement (i.e. ground water). Thus, selecting the appropriate timescale length 

allows for drought conditions of different water sources to be evaluated (McKee et al. 1993; 

Svoboda and Fuchs 2016).  

Southwestern climate is characterized by short pulses of moisture followed by extended 

periods of dryness, leading to monthly precipitation totals often not being normally distributed 

(Sheppard et al. 2002; Gudmundsson and Stagge 2016). Thus, data must undergo a 

transformation process to better approximate a standard normal distribution before an index 

timeseries is produced. This dissertation uses the ‘fitSCI’ R-package for data standardization, 

which forces timeseries of environmental data to take the shape of a standard normal distribution 

by estimating fit parameters of different probability distributions (Gudmundsson and Stagge 

2016). Numerous studies have examined the impacts of different probability distributions on SPI 

values (Guttman 1999; Kumar et al. 2009; Alam et al. 2012; Stagge et al. 2015; Blain and 

Meschiatti 2015; Shiau 2020). These studies have noted that drought intensity can be 

misinterpreted depending on distribution choice and thus different probability distributions 

should be evaluated before SPI calculation (Kumar et al. 2009; Stagge et al. 2015; Angelidis et 

al. 2012). Shapiro-Wilk normality tests were conducted on different probability distributions 

available through the ‘fitSCI’ R package (Gudmundsson and Stagge 2016) (Figure 2). For this 

dissertation, it was determined that transforming precipitation data using a gamma distribution 

resulted in the best normal fit.  
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The SPI standardization process results in a z-score timeseries that communicates the 

number of standard deviation units an occurrence of precipitation falls from the historical mean. 

SPI users can interpret monthly z-score values of various timescales to assess drought conditions 

of different water sources. Larger negative SPI values represent increasingly dry conditions and 

larger positive values represent increasingly wet conditions. Unlike the PDSI, standardizing 

precipitation data allows for direct comparison of SPI values from different locations (Guttman 

1999). This is important for land managers and decisions makers, as SPI values from two 

locations indicate the same information about drought frequency, duration, and magnitude 

(McKee et al. 1993).  

The use of monthly data and simple calculation makes the SPI an attractive option for 

land managers looking to approximate drought conditions but are limited by data availability 

(Svoboda and Fuchs 2016). Furthermore, the standardization process and multiscalar aspect 

provide the flexibility for SPI users to evaluate drought conditions of different water sources on a 

regional scale (McKee et al. 1993). However, the SPI does have some notable weaknesses. For 

example, as previously mentioned, the choice of probability distribution can impact 

interpretation of drought magnitude (Kumar et al. 2009). The exclusion of temperature, which is 

important for PET and monthly water balance, can limit comparison between SPI values from 

separate locations that occurred under different temperature scenarios (Svoboda and Fuchs, 

2016). Uncertainty when estimating transformation parameters during the standardization 

process can occur when a high number of no-rain months are included in the SPI timescale, 

resulting in an unrealistic SPI value being portrayed (Gudmundsson and Stagge 2016; Stagg et 

al. 2015; Wu et al. 2006). While these issues should be noted, the SPI is a powerful tool that is 
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easy to use and has the multiscalar flexibility to evaluate drought of different hydrological 

sources. 

The Standardized Precipitation Evapotranspiration Index (SPEI) 

 The Standardized Precipitation Evapotranspiration Index (SPEI) adds a temperature 

component to the index calculation, allowing for the impacts of PET on drought conditions to be 

evaluated (Vicente-Serrano et al. 2010). By subtracting PET from precipitation, the SPEI uses a 

monthly water balance as the basis for the index input (Vicente-Serrano et al. 2010). The SPEI is 

multiscalar, allowing for drought conditions of different water sources to be evaluated (Vicente-

Serrano et al. 2010). Furthermore, the SPEI is standardized, communicating information about 

drought duration, frequency, and magnitude to index users. 

The SPEI is calculated using a similar methodology as the SPI. Monthly water balance 

values are often not normally distributed and must undergo a standardization process (Vicente-

Serrano et al. 2010). This dissertation uses the ‘fitSCI’ R-package to transform climate data to fit 

a normal distribution (Gudmundsson and Stagge 2016). It is important choose the correct 

probability distribution when transforming monthly data, as different distributions can lead to 

discrepancies in SPEI values (Beguería et al. 2014; Stagge et al. 2015). There has been some 

debate over which probability distribution to use when transforming monthly water balance 

values, with log-logistic, gamma, and generalized extreme value (gev) being noted (Stagge et al. 

2015; Vicente‐Serrano and Beguería 2016; Stagge et al. 2016). Shapiro-Wilk normality tests 

were conducted for different probability distributions available through the ‘fitSCI’ R package 

on monthly water balance values (Gudmundsson and Stagge 2016). For this dissertation, it was 

determined that the ‘gev’ distribution transformed the data to best fit a normal distribution.  
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The inclusion of PET in the SPEI is a key strength compared to the SPI, allowing for 

impacts of temperature on drought conditions to be evaluated (Vicente-Serrano et al. 2010). 

However this comes at the expense of needing additional data and the choice of method used to 

estimate PET. The original SPEI derivation used the Thornthwaite method to estimate potential 

evapotranspiration (Vicente-Serrano et al. 2010), which only accounts for monthly mean 

temperature (Thornthwaite 1948). However, studies have noted inconsistencies between SPEI 

values calculated using different PET estimation methods (Stagge et al. 2014, Beguería et al. 

2014). This study uses the Penman-Monteith method to estimate PET, which is more accurate 

than the Thornthwaite method due to its incorporation of wind, relative humidity, temperature, 

and solar radiation (Allen 1998; Majumder and Kumar 2019). Additionally, the choice of 

probability distribution during the standardizing process is an important consideration, as 

discrepancies between SPEI values have been noted (Beguería et al. 2014; Stagge et al. 2015). 

Despite these issues, increased SPEI popularity has been observed since its introduction, with 

many studies still categorizing differences between SPI values in semi-arid environments 

(McClaran and Wei 2014; Hernandez and Uddameri 2014; Wable et al. 2018; Afshar et al. 

2022). Thus, both the SPI and SPEI are used for the basis this dissertation research. 

Indices Comparison 

The Palmer Indices, SPI, and SPEI were developed during different times of scientific 

understanding about how drought operates. Issues with the Palmer indices led to development of 

the SPI, which sought to better represent abnormal wet and dry periods, be more comparable 

between locations, and allow for evaluation of drought at different time scales (McKee et al. 

1993). The SPI’s exclusion of temperature led to the development of the SPEI, which included 

PET through a simple water balance calculation and allowed the impacts of temperature to be 
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evaluated on drought conditions (Vicente-Serrano et al. 2010). Each index is commonly used by 

land managers and decision makers for drought mitigation and adaptation planning and therefore 

it is important to understand operational differences between these indices.  

 Comparison between the PDSI, sc-PDSI, SPI, and SPEI are shown in figure 3. Both the 

PDSI and sc-PDSI respond slower to changes in precipitation due to the built in 9-month time 

scale of the PDSI derivation (Alley 1984). This causes longer durations of wet and dry phases 

and reiterates the PDSI’s usage for long-term drought evaluation. Due to the SPI and SPEI being 

multiscalar, any desired timescale can be chosen to represent drought conditions of different 

water sources (McKee et al. 1993; Vicente-Serrano et al. 2010) (example of 3-month SPI and 

SPEI, respectively, shown in figure 3). When compared to the Palmer indices, both the SPI and 

SPEI frequently move above and below zero, demonstrating their faster response to changes in 

precipitation and usability to evaluate short-term drought. Plotting the SPI and SPEI at larger 

time scales would show longer durations of wet and dry phases, allowing for long-term drought 

monitoring (Figure 1).  

 The SPI and SPEI are used for research purposes throughout this dissertation due to their 

multiscalar ability. Conceptually, the multiscalar aspect of the SPI and SPEI timescales will align 

with different depths of soil water availability. However, as previously mentioned, numerous 

Southwestern climatological and soil physical aspects limit direct translation of precipitation into 

plant available water in the root zone. Furthermore, the lack of in-situ soil water datasets has 

prevented the timescale-depth continuum from being fully explored. This dissertation 

investigates this topic by creating a high resolution spatial and temporal dataset of soil water 

estimates for the Southwest. Important aspects of this approach are discussed in the next two 

sections.  
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HYDRAULIC PROPERTIES OF UNSATURATED SOILS 

This section provides a review of hydraulic properties of unsaturated soils important to 

this dissertation. This dissertation focuses on water movement in the vadose zone, which is the 

variably saturated subsurface soil that extends from the surface to the groundwater table (figure 

4). Soil water availability in this zone is commonly measured by using volumetric water content 

or matric potential. Volumetric water content (VWC) is the percentage of water in a soil medium 

compared to soil and air. However, VWC does not directly indicate the amount of water 

available for root water uptake, which is important for dryland vegetation dynamics (Noy-Meir 

1973). 

Potential energy is needed to transfer a unit volume of water from one elevation in the 

soil to another. Darcy’s law dictates that water flows from areas of high potential energy to low 

potential energy (Darcy 1856). Within a soil matrix, capillary, adsorptive, and gravitational 

forces act on a unit volume of water. Capillary and adsorptive forces tightly hold water to the 

surface of soil particles, creating a negative pressure, or suction. The measure of this pressure is 

referred to as matric potential (commonly referred to as pressure head when defined per unit 

weight of water) (Bonan 2019). Matric potential is always negative in the vadose zone and 

values vary depending on soil type. Plant roots are a main mechanism applying suction in a soil 

medium, and thus matric potential can be conceptually thought of as how much pressure plant 

roots must apply to extract water molecules from a soil matrix. In the semi-arid southwest, plants 

want to remove more water from the soil than is supplied by precipitation, with soils acting as a 

buffer during times of dryness. Studying the amount of plant available water via matric potential 

is thus critical for monitoring ecosystem health. This dissertation uses matric potential values 

rather than VWC for research purposes due to this reasoning.  
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The relationship between matric potential and VWC is defined by the water retention 

curve (WRC) (Brooks and Corey 1966; van Genuchten 1980; Russo 1988) (Figure 5). When a 

soil is near saturation, water is mainly held in a soil matrix by capillary forces. As the soil dries, 

plant roots extract water from large pores first before extracting water from smaller pores. As a 

soil becomes drier, strong adsorption forces hold water molecules to the surface of soil particles. 

Thus, plants must exert increasing amounts of force to extract water molecules from a soil matrix 

during the drying phase. This relates to increasingly negative matric potential values as soil dries, 

and values approach zero when a soil nears saturation. Additionally, the relationship between 

matric potential and VWC varies by soil type. Figure 5 shows the WRC for different textured 

soils (figure adapted from van Genuchten and Pachepsky 2011). Larger pore size distribution of 

coarse textured soils causes water to be held more loosely, leading to less suction (i.e. small 

matric potentials) needed to extract water molecules and thus faster drying rates. The opposite is 

true in fine textured soils, were increased connections between pores results in more suction 

needed to extract water molecules and slower drying rates (van Genuchten and Pachepsky 2011). 

Another important soil property is hydraulic conductivity, which describes the ease of 

flow that water can move through a soil matrix. Hydraulic conductivity is a product of a 

materials porosity characteristics, pore distribution, and saturation level. The relationship 

between hydraulic conductivity and VWC or matric potential is given by the hydraulic 

conductivity function (HCF). Figure 6 shows the HCF for coarse, medium, and fine textured 

soils (figure adapted from van Genuchten and Pachepsky 2011). Near saturation, larger pores 

within coarse textured soils allow for higher hydraulic conductivity rates compared to fine 

textured soils (figure 6). Hydraulic conductivity decreases nonlinearly as a soil dries due to flow 

paths between pores becoming disconnected. Large pores within coarse textured soils become 
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more easily disconnected during the drying process than fine textured soils, contributing to more 

dramatic decreases in hydraulic conductivity rates (van Genuchten and Pachepsky 2011). Thus, 

hydraulic conductivity can be higher in fine textured soils at moderate to low matric potential 

values (figure 6). 

This dissertation evaluates the impacts of soil type on the relationship between simulated 

matric potential and multiscalar index timescales. Previous research has found that the major soil 

types throughout the Southwest are sand, loamy sand, sandy loam, loam, sandy clay loam, and 

clay loam (Shepard et al. 2015). The principles outlined by the WRC and HCF dictate that 

infiltration and drying rates will vary between these soil types. Furthermore, plant roots will need 

to apply different amounts of matric potential to extract available water from the soil. Relating 

this concept back to multiscalar index timescales, it can be theorized that timescale length will 

vary with modeled matric potential based on soil type. This would translate to sandy soils 

aligning with shorter index timescales and clay soils aligning with longer timescales. 
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HYDRUS-1D MODELING 

This dissertation is a first attempt at understanding the relationship between seasonal 

precipitation, multiscalar drought indices, and soil water availability at different profile depths 

for the Southwestern United States. As such, some decisions were made that simplified the 

modeling process to allow for more straightforward interpretation of model output. Therefore, it 

should be noted that this dissertation does not attempt to exactly model daily matric potential at 

each study location. Rather, this dissertation seeks to use location-based climate and soils 

information to help quantify general relationships between soil drought index timescales and 

matric potential on a regional scale.  

This section covers the HYDRUS-1D model, important input files, and decisions made 

during the modeling process. Using the HYDRUS-1D model, this dissertation created a dataset 

of matric potential values at 5cm intervals from 0-200cm for 240 study locations throughout the 

Southwest. For a detailed review on how each study uses this dataset, see appendices 1-3. 

HYDRSUD-1D OVERVIEW 

HYDRUS-1D is a deterministic computer modeling software designed for simulating 

water movement through a one-dimensional variably-saturated porous media (Simunek et al. 

2005). HYDRUS-1D, hereby referred to as ‘HYDRUS’, solves a modified version of the 

Richards equation (Richards 1931) for water movement through unsaturated soils through time 

by including a sink term that accounts for root water uptake (Simunek et al. 2005). The modified 

Richards equation is described as: 

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

 =  
𝜕𝜕
𝜕𝜕𝜕𝜕

�𝐾𝐾 �
𝜕𝜕ℎ
𝜕𝜕𝜕𝜕

+ cos𝛼𝛼�� − 𝑆𝑆 

where 𝜕𝜕 is the volumetric water content, 𝜕𝜕 is time, 𝜕𝜕 is the spatial coordinate, 𝐾𝐾 is hydraulic 

conductivity, ℎ is the water pressure head (matric potential), 𝛼𝛼 is angle between flow direction 
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and the vertical axis, and 𝑆𝑆 is the sink term. HYDRUS solves the modified Richards equation at 

a defined timestep. This dissertation uses daily timesteps to drive model simulations.  

Feddes et al. 1978 defined the sink term,  𝑆𝑆, as the volume of water removed from the 

soil during each timestep due to root water uptake. The sink term, 𝑆𝑆, is defined as:  

𝑆𝑆(ℎ) =  𝛼𝛼(ℎ)𝑆𝑆𝑝𝑝 

where 𝑆𝑆𝑝𝑝 is the potential root water uptake rate and 𝛼𝛼(ℎ) is a dimensionless parameter. Feddes et 

al. 1978 purposed a root water uptake function with four prescribed pressure heads that varied 

root water uptake linearly between pressure values depending on soil saturation. This model 

allowed for water uptake to be zero near saturation and below a prescribed wilting point (Feddes 

et al. 1978; Simunek et al. 2005). A simpler S-shaped function was purposed by van Genuchten 

1987, given by:  

𝛼𝛼(ℎ) =  
1

1 +  � ℎℎ50
�
𝑝𝑝 

where 𝑝𝑝 is a dimensionless coefficient and ℎ50 is the pressure head at which root water uptake is 

reduced by 50% (Feddes et al. 1978; van Genuchten 1987; Simunek et al. 2005). This model 

ignores reductions in uptake near saturation and uses a non-linear S-shaped function to describe 

root water uptake (van Genuchten 1987). This dissertation uses the van Genuchten S-shaped 

model due to its simplification and less data requirements (van Genuchten 1987).  

HYDRUS offers the use of different analytical models to govern water movement 

through unsaturated soils via the water retention curve (Simunek et al. 2005). This dissertation 

uses the van Genuchten model for describing the relationship between hydraulic conductivity 

and water content in unsaturated soils (van Genuchten 1980). In unsaturated soils, the soil water 

retention, 𝜕𝜕(ℎ), is defined by:  



34 
 

𝜕𝜕(ℎ) =  𝜕𝜕𝑟𝑟 +  
𝜕𝜕𝑠𝑠 − 𝜕𝜕𝑟𝑟

[1 + |𝛼𝛼ℎ|𝑛𝑛]𝑚𝑚 

where 𝜕𝜕𝑟𝑟 is the residual water content, 𝜕𝜕𝑠𝑠 is the saturated water content, 𝛼𝛼 is the inverse of the 

air-entry value, and n is the pore size distribution. The parameter, 𝑚𝑚, is defined as:  

𝑚𝑚 = 1 −
1
𝑛𝑛

, 𝑛𝑛 > 1 

The unsaturated hydraulic conductivity, 𝐾𝐾(ℎ), is defined as:  

𝐾𝐾(ℎ) =  𝐾𝐾𝑠𝑠𝑆𝑆𝑒𝑒𝑙𝑙 �1 − �1 − 𝑆𝑆𝑒𝑒
1/𝑚𝑚�

𝑚𝑚
�
2
 

Where 𝐾𝐾𝑠𝑠 is the saturated hydraulic conductivity and 𝑙𝑙 is the pore connectivity parameter. The 

effective saturation, 𝑆𝑆𝑒𝑒, is given by:  

𝑆𝑆𝑒𝑒 =
𝜕𝜕 −  𝜕𝜕𝑠𝑠
𝜕𝜕𝑠𝑠 − 𝜕𝜕𝑟𝑟

 

Together, these equations govern water movement in unsaturated soils. The parameters 

𝜕𝜕𝑟𝑟, 𝜕𝜕𝑠𝑠, 𝛼𝛼, 𝑛𝑛, 𝐾𝐾𝑠𝑠, and 𝑙𝑙 are soil-specific, and therefore change the relationship between soil water 

retention and hydraulic conductivity depending on soil type. During the modeling process, values 

for these parameters were acquired to improve the accuracy of matric potential estimation. For 

more detailed information about the derivation of these equations, further definitions of terms, or 

generalized units, see the HYDRUS-1D Version 4.17 manual (Simunek et al. 2005).  

Modeling Process 

Five main input files are needed to compile HYDRUS during each modeling simulation – 

ATMOSPH.IN, METEO.IN, SELECTOR.IN, PROFILE.DAT, and HYDRUS1D.DAT. Daily 

records of meteorological information are contained in the ATMOSPH.IN and METEO.IN input 

files. Model basic, water flow, timestep, root water uptake, and soil physical parameter 

information are contained in the SELECTOR.IN file. The PROFILE.DAT file contains nodal 
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and root distribution information of the soil profile. Lastly, HYDRUS1D.DAT is an information 

file that communicates between different modules of the HYDRUS executable code (Simunek et 

al. 2005). Notable variable descriptions and values for each file are summarized in tables 1-5.  

For this dissertation, three HYDRUS files - ATMOSPH.IN, METEO.IN, and 

SELECTOR.IN – change during each modeling simulation due to varying meteorological and 

soil information specific to each study location. Each of these files were populated with the 

necessary information for each unique model simulation. Soils information – including percent 

sand, silt, and clay, soil physical parameters, and latitude and longitude coordinates – were 

downloaded from the ‘soilDB’ R-package, which extracts information from publicly available 

online soil databases (Beaudette et al. 2021). Daily meteorological records – including solar 

radiation, minimum and maximum temperature, relative humidity, and wind – were acquired 

from gridMET (Abatzoglou 2013) using the latitude and longitude coordinates for each location 

obtained from ‘soilDB’. Notably, gridMET contains all the necessary information to estimate 

PET using the Penman-Monteith method (Allen 1998). A total of 15539 daily meteorological 

records were acquired from 1-1-1979 through 7-17-2020.  

While HYDRUS offers an interactive graphics-based user interface for the Microsoft 

Windows environment, data entry is limited to 9999 rows of input. Thus, HYDRUS source code 

was compiled outside the user interface to accommodate for the increased amount of data. A 

series of R-scripts were developed that populated the ATMOSPH.IN, METEO.IN, and 

SELECTOR.IN files with the necessary information and executed the source code. As previously 

mentioned, some decisions made during the modeling process were designed for more 

straightforward interpretation of model output. These decisions did not vary between model 

simulations. Notable decisions made during the modeling process were:  
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• Each modeling simulation consisted of a single, homogeneous soil material extending 

from 0-200cm.  

• Model soil type was based on the subsurface ‘B-horizon’ due to its regulation of 

vegetation production in dryland soils (Shepard et al. 2015).  

• Jackson et al. defined cumulative root profiles for different biomes in their landmark 

1996 global study of root distributions (Jackson et al. 1996). A cumulative root 

distribution profile based on the ‘desert’ biome to simulate transpiration from 0-200cm, 

with root concentration declining in an exponential pattern with depth (see Fig.1 in 

Jackson et al. 1996).  

• Root profiles between model simulations are static, and therefore the PROFILE.DAT file 

does not change. Furthermore, crop height, albedo, LAI, and maximum root depth does 

not vary between model simulations.  

• No root growth was considered.  

• Potential evapotranspiration was estimated using the Penman-Monteith method due to its 

higher accuracy with pan evaporation (Allen 1998; Majumder and Kumar 2019).  

• To account for impacts of initial conditions on model output, a 10 year ‘spin up’ period 

was added to the beginning of the model simulation using meteorological data from 

1/1/1979 through 12/31/1988. This made the total length of simulation 19,191 days, or 

approximately 52.5 years. The ‘spin up’ years were removed post simulation.  

• Snow melt was not considered. However, most sites included in this dissertation are low 

elevation, with snow events being rare to non-existent in each sites respective period of 

record.   

• Precipitation was allowed to accumulate at the surface with no runoff. 
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• Free drainage was allowed at the bottom of the soil profile.  

• The S-shaped van Genuchten model was used for root water uptake (van Genuchten 

1987). The h50 value, at which root water uptake is reduced by 50%, was set to -1500, 

and the P3 coefficient was set to 2. These values were based on findings from Skaggs et 

al. 2006, and cross validated with in-situ soil moisture from the Climate Reference 

Network (CRN).  

A generalized conceptual diagram of a model simulation is shown in figure 7. Daily inputs 

consist of precipitation at the top boundary. Daily outputs consist of PET (evaporation and 

transpiration) and water leaving the profile via free drainage at the bottom boundary. Root water 

uptake is restricted to the top 200cm of the profile. Timeseries of daily matric potential values 

were printed into the OBS_NODE.OUT output file. An R script compiled these values into a 

single dataset. This dataset contained daily matric potential values at 5cm intervals from 0-

200cm for all 240 study locations. This dataset is the basis for studies conducted in appendices 1-

3. 

 This dissertation seeks to link Southwestern climatology, intra-annual soil water 

availability, and drought development in soils by creating a regional soil water dataset with high 

spatial and temporal resolution. Southwestern climatology presents unique challenges when 

studying drought development and monitoring techniques due to complex interactions between 

seasonal precipitation timing, event size, soil properties, and soil water recharge. By simulating 

daily matric potential values at 5cm intervals from 0-200cm at 240 locations throughout the 

Southwestern United States, this dissertation investigates drought dynamics in soils and the 

usefulness of current drought metrics as viable options for soil water approximation.  
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Update on Standalone Version of HYDRUS-1D 

Recently, the standalone version of HYDRUS-1D used throughout this dissertation, version 

4.17, was discontinued by the publisher. HYDRUS-1D is now available in the new ‘HYDRUS 5’ 

release, which combines standalone versions of HYDRUS-1D, HYDRUS-2D, and HYDRUS-3D 

into a single package (Šimůnek et al. 2022). However, the version of HYDRUS-1D included in 

HYDRUS 5 is version 4.17 (as of June 2022). 
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Ferré.  
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PRESENT STUDY 

Major findings of this dissertation are presented here. For more detailed information on 

methods, results, discussion, and conclusions of each study, see appendix A, B, and C. 

The complex interactions between seasonal climatology, soil hydraulic properties, and 

soil water recharge presents unique challenges for drought monitoring in the Southwestern 

United States. Variations in the seasonal timing and magnitude of precipitation can result in 

lasting drought impacts on vegetation productivity. Studying soil water availability is thus 

crucial for drought monitoring in the Southwest; however, the lack of long-term, reliable in-situ 

soil water datasets has restricted studies of regional drought dynamics in soils. This dissertation 

seeks to bridge the gap between drought monitoring, variations in seasonal climate, and soil 

water availability by coupling sophisticated soil modeling, site-specific soils information, and 

spatially continuous, high resolution meteorological datasets to simulate daily matric potential 

values at 5cm intervals from 0-200cm at 240 sites across the Southwest. Through a series of 

investigative studies, this dissertation quantified historical drought events in soils and improved 

methods for monitoring soil water availability using popular drought metrics. The first study 

(Appendix A) quantified drought onset and cessation seasons using a unique approach that 

defined drought events using daily matric potential values. The second study (Appendix B) 

evaluated the relationship between multiscalar drought index timescales and different depths of 

soil water availability. The third study (Appendix C) developed an innovative approach for 

multiscalar indices that varied timescale length monthly to better approximate precipitation 

seasonality in the Southwest. 

Due to the lack of in-situ soil water measurements, the first study (Appendix A) sought to 

quantify drought events in soils across the Southwest. Historical matric potential anomaly time 
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series from 1979-2020 were created at 10cm and 30cm for 240 study sites. Anomaly time series 

were percent ranked from 0-100%, with a unique approach used that define ‘drought events’ as 

consecutive days below the 15th percentile. Drought events were categorized by duration and 

analyzed by onset and cessation seasons. Results show that short-term droughts (60 – 270 days) 

were frequent, and typically resulted from delayed or slowed starts to the locations major rainy 

season. Long-term droughts (>270 days) were infrequent and occurred only during specific 

years, requiring below average anomalies in one or more consecutive rainy seasons to develop. 

Long-term droughts are more likely to occur in locations with unimodal precipitation 

distributions (a majority of rain occurring once annually), due to soil water anomalies likely 

remaining unresolved until the following rainy season. Locations with bimodal precipitation 

distributions (rainy seasons occurring twice annually) make long-term drought development 

difficult as consecutive below average rainy seasons are needed. 

Further consequences of the lack of in-situ soil water datasets have led land managers 

toward using multiscalar meteorological drought indices as proxies for soil water availability. 

However, objectively identifying the index and timescale that best represents soil water 

availability in semi-arid environments remains a significant gap for fully applying index 

information to land management action. The second study (Appendix B) defined the regional 

relationship between multiscalar index timescale and soil water availability of different depths. A 

new matric potential index (MPI) was created from 0-200cm and correlated with timescales from 

1-24 months for the Standardized Precipitation Index (SPI) and Standardized Precipitation-

Evapotranspiration Index (SPEI). This process was repeated at 240 study sites for the purpose of 

defining the timescale-depth continuum regionally and by soil type. Results indicate the regional 

relationship between the highest correlating index timescale and MPI depth operates roughly on 
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a 1:1 step progression from 0-80cm. Below 80cm, the timescale-depth relationship becomes less 

linear with a shallower slope. Further analysis showed that soil type impacts the timescale-depth 

relationship, with clay loam soils correlating at longer timescales than sandy soils when 

comparing the same depth MPI. Additionally, the SPI produced higher correlations and lower 

RMSE values with the MPI compared to the SPEI. Therefore, this studied recommended SPI 

usage for shallow (<80cm) soil water monitoring on Southwestern drylands, with a general rule 

that the relationship between timescale and depth scales linearly in a 1:1 progression. However, 

if land managers have access to local soils information, it should be consulted given the impacts 

of soil type on the timescale-depth relationship.  

Given the importance of seasonal precipitation timing and magnitude for vegetation 

productivity, the use of a single multiscalar index timescale is unlikely to fully represent intra-

annual variability of soil water. The third study (Appendix C) used a novel approach that created 

a time-varying multiscalar index designed to better approximate seasonal soil water variability in 

the Southwest. Similar to the second study, the MPI at 5cm, 30cm, and 60cm was correlated with 

SPI and SPEI timescales from 1-24 months. A time-varying composite index for the SPI and 

SPEI (‘composite indices’) was created that varied index timescale length during each calendar 

month based on the highest correlating timescale with the MPI during that same month. 

Correlation values between the composite indices and MPI were compared with correlation 

values between the SPI and SPEI using a traditional single timescale and MPI (i.e. like the 

second study). Results were analyzed regionally, by depth, and by soil type. Results showed that 

both the composite-SPI and composite-SPEI significantly (p<0.05) improved correlation values 

with the MPI compared to when using a single timescale for all depths and soil types. Higher 

correlation values were observed between the MPI and composite-SPI compared to the 
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composite-SPEI. Significant differences (p<0.05) were observed between soil types for shallow 

and deep depths, with greater improvement observed for clay loam composite indices at shallow 

depths and greater improvement for sand composite indices at deeper depths.  

Together, the three studies of this dissertation link Southwestern climatology with intra-

annual soil water availability, increasing our understanding of drought development in 

Southwestern soils and improving drought monitoring in semi-arid environments. As climate 

change exacerbates stress on water limited ecosystems, fully utilizing available drought 

monitoring strategies is key for forming strong mitigation and adaptation plans. The author of 

this dissertation hopes these results will benefit land managers and policymakers during the 

decision-making process and increase usage of multiscalar meteorological indices as a viable 

drought monitoring tool of soil water availability in the Southwestern United States.  
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FIGURES AND TABLES 

 

 
 

 

  

Figure 1: The Standardized Precipitation Index (SPI) at 3, 6 and 12 months.  
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Figure 2: Histograms of monthly precipitation data transformed using different distributions 

available in the fitSCI R-package: log-Logistic, Gamma and Pearson-III. The far-left plot 

shows untransformed precipitation data. 
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Figure 3: (From top to bottom) comparison of the PDSI, sc-PDSI, 3-month SPI, and 3-month 

SPEI. 
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Figure 4: The vadose zone from Holden and Fierer 2005 
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Figure 5: Water Retention Curve (WRC) for sand, silt loam, and clay soil 

types. From Tuller and Or 2004 
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Figure 6: Hydraulic conductivity curves as a function of VWC (left) or matric potential 

(right) for coarse (solid), medium (dashed), and fine (dotted) textured soil types. Figure from 

van Genuchten and Pachepsky 2011 
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Table 1: ATMOSPH.IN 
Variable  Description/Unit Value 
MaxAL Number of atmospheric data-records [day] 19191 
hCritS Max allowed pressure head at the soil surface [cm] 0 
tAtm Timestep [day] 1 
Prec[cm/d] Daily Precipitation [cm] - 
hCritA Absolute value of the minimum allowed pressure head at the soil 

surface [cm] 
100000 
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Table 2: HYDRUS1D.DAT 
Group Variable  Description/Unit Information 
Main HYDRUS_Version HYDRUS-1D Version 4.17 

WaterFlow Specifies whether or not transient water flow is 
calculated 

Yes 

HeatTransport Specifies whether or not heat transport is 
calculated 

No 

RootWaterUptake Specifies whether or not root water uptake is 
calculated 

Yes 

RootGrowth Specifies whether or not root growth is calculated  No 
MaterialNumebers Number of materials considered 1 
SpaceUnit Space unites cm 
TimeUNit Time unites day 

Profile NumberofNodes Number of nodes used to discretize the soil 
profile 

101 

ProfileDepth Depth of soil profile 200 
ObservationNodes Number of observation nodes 41 
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Table 3: METEO.IN 
Variable  Description  Information/Value 
Penman-
Hargreaves  

False if PET is to be estimated using the Penman-
Monteith method; True if PET is to be estimated using 
the Hargreaves method 

False 

iCrop Value specifying if crop height, albedo, LAI, and root 
depth are to be 0) not considered, 1) constant with time, 
2) provided by a table, 3) specified daily 

1 

iLAI Should leaf area index be 0) specified, 1) calculated from 
grass, 2) calculated from alfalfa, 3) calculated from 
surface fraction 

0 

Interception Should interception be considered No 
CropHeight Crop Height [cm] 30 
Albedo Albedo 0.15 
LAI Leaf Area Index value 1.0 
rRoot Rooting Depth [cm] 200 
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Table 4: PROFILE.DAT 
Variable Description Information/Value 
NFix Number of fixed nodes 41 
MatNum(n) Number of materials  1 
LayNum(n) Number of layers 1 
x(n) x-coordinate of node x(1) = 0cm  

x(41) = -200cm 
hNew(n) Initial pressure head value at node hNew(1) = -200cm 

hNew(41) = 0cm 
Beta(n) Value of water uptake distribution in the root zone Beta(1) = 59.7 

Beta(41) = 1 
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Table 5: SELECTOR.IN 
Variable Description Information/Value 
LUnit Length Unit cm 
TUnit Time Unit days 
lWat Ture if transient flow occurs True 
lChem True if solute transport occurs False 
lTemp True if heat transport occurs  False 
lSink True if water extraction in the root zone occurs True 
lRoot True if root growth occurs False 
lWDep True if hydraulic properties are temperature dependent False 
lVariableBC True if variable boundary conditions are supplied via the 

ATMOSPH.IN file 
True 

lSnow True if snow accumulation of the soil surface is allowed False 
lMeteo True if meteorological information is supplied via the 

METEO.IN file 
True 

lVapor True if vapor transport occurs  False 
NMat Number of soil profile materials 1 
Nlay Number of subregions in the soil profile 1 
CosAlfa Angle between flow direction and vertical axis (α=1 for 

vertical flow, α=0 for horizontal flow) 
1 

TopInf True if time dependent boundary condition is imposed at 
the at the top of the profile. Data are supplied by the 
ATMOSPH.IN file 

True 

WLayer True if water can accumulate at the surface with zero 
runoff 

True 

KodTop Code specifying type of boundary condition at the 
surface. In the case of 'Atmospheric BC' set KodTop=-1 

-1 

lUnitW True if initial condition is given in water content. False if 
initial condition given in pressure head 

False 

BotInf True if time dependent boundary condition is imposed at 
the bottom of the profile.  
False if time independent boundary condition 

False 

FreeD True if free drainage is considered as the bottom 
boundary condition 

True 

KodBot Code specifying type of boundary condition for water 
flow at the bottom of the profile. In case of free drainage, 
set KodBot=-1 

-1 

iModel Soil hydraulic properties model van Genuchten 
(code 0) 

iHyst Hysteresis in the soil properties  No 
ϴr Residual water content of the soil  Model Dependent 
ϴs Saturated water content of the soil Model Dependent 
Alfa α parameter in soil retention function  Model Dependent 
n n parameter in the soil water retention function  Model Dependent 
Ks Saturated hydraulic conductivity of soil material  Model Dependent 



55 
 

l Tortuosity parameter in the conductivity function (also 
referred to as the pore connectivity parameter) 

Model Dependent 

Model Root water uptake model S Shape (code 1) 
h50 Value of the pressure head at which the root water uptake 

is reduced by 50%. For more information about value 
selection see Skaggs et al. 2006 

-1500 

P3 Exponent, p, in the S-shaped root water uptake stress 
response function. For more information about value 
selection see Skaggs et al. 2006 

2 
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Figure 7: Conceptual diagram of HYDRUS-1D model profile showing 

major inputs (precipitation) and outputs (evaporation, transpiration, bottom 

drainage). The generalized root density profile based on Jackson et al. 1996 

is shown (right).  
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ABSTRACT 

The semi-arid climate of the Southwestern United States (‘Southwest’) presents unique 

challenges for quantifying drought conditions due to annual potential evapotranspiration being 

significantly greater than annual precipitation. Southwestern vegetation is dependent on seasonal 

soil water recharge for primary productivity, with recharge delays potentially resulting in 

drought impacts. Understanding how delays in seasonal precipitation timing and magnitude can 

create soil water anomalies is thus key for characterizing drought dynamics in Southwestern 

soils; however, the lack of long-term, reliable soil water datasets have restricted this effort to a 

local scale. Here, we couple sophisticated soil modeling, site-specific soils information, and 

spatially continuous, high resolution meteorological data to create a soil water dataset for the 

purpose of characterizing drought onset and cessation patterns for the Southwest. Daily matric 

potential at 10cm and 30cm was simulated from 1979-2020 at 240 locations throughout 4 Major 

Land Resource Areas (MLRA). Historical matric potential anomaly time series were percent 

ranked from 0-100%, with consecutive days below the 15th percentile quantified as drought 

events. Drought events were categorized by duration and analyzed by onset and cessation season. 

Results showed that short-term droughts (60 – 270 days) were frequent, and typically resulted 

from delayed or slowed starts to the MLRAs major modal precipitation season. Long-term 

droughts (>270 days) were infrequent and occurred only during specific years, requiring below 

average anomalies in one or more consecutive rainy seasons. Long-term droughts were more 

likely to occur in MLRAs with unimodal precipitation distributions, due to soil water anomalies 

likely remaining unresolved until the following rainy season. MLRAs with bimodal precipitation 

distributions made long-term drought development difficult as consecutive below average rainy 

seasons were needed. Climate change is expected to impact precipitation patterns across the 
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Southwest over the coming decades. Understanding how changes in precipitation patterns will 

impact drought development is key for future drought impact assessment and mitigation.  
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INTRODUCTION 

Drought is a complex phenomenon that can cause widespread socioeconomic and 

environmental impacts that vary both spatially and temporally (Wilhite and Glantz 1985; Van 

Loon 2015). In general, drought can be defined as a water deficit that arises when compared to 

normal conditions and lasts long enough to cause a lasting hydrological imbalance (Dracup et al. 

1980; Wilhite and Glantz 1985; Van Lanen and Peters 2000; Mishra and Singh 2010). However, 

what constitutes normal conditions varies based on the local climate regime and water source 

being studied (Wilhite and Glantz 1985). In the arid and semi-arid Southwestern United States 

(‘Southwest’), defining drought is challenging due to potential evapotranspiration being 

significantly greater than precipitation (Wilcox et al. 2003). Alterations in seasonal precipitation 

timing and magnitude can delay soil water recharge, which is the primary control on vegetation 

dynamics in dryland ecosystems (Noy-Meir 1973; Hadley and Szarek 1981; Neilson et al. 1992; 

Wilcox et al. 2003). However, the lack of long-term, reliable soil water datasets (Dorigo et al. 

2011) limits the understanding of how seasonal climate variations link to drought development in 

soils on a regional scale. This study investigates this link by coupling sophisticated soil 

modeling, site-specific soils information, and high-resolution meteorological datasets to create a 

soil water dataset for the Southwestern United States. Climate change is expected to exacerbate 

drought impacts on dryland ecosystems over the coming decades (Sugg et al. 2020; Romero-

Lankao et al. 2014) and thus understanding the relationship between seasonal precipitation, soil 

water recharge, and drought development is key for informing future impact analysis (Garfin et 

al. 2013; Bradford et al. 2020). 

Southwestern climatology is characterized by high evapotranspiration, limited annual 

rainfall, and long durations between precipitation seasons (Shepard et al. 2002; Wilcox et al. 
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2003; Loik et al. 2004). Precipitation is the main source of moisture in the Southwest and 

primary control on vegetation dynamics in dryland ecosystems (Noy-Meir 1973; Hadley and 

Szarek 1981; Neilson et al. 1992; Wilcox et al. 2003). Southwestern vegetation is dependent on 

stored precipitation in the soil profile for aboveground productivity (Janerette et al. 2010; 

Williamson et al. 2012; Shepard et al. 2015; Koehn et al. 2021). However, precipitation timing 

and amount vary seasonally, impacting water availability (Shepard et al. 2002; Loik et al. 2004).  

Drought conditions alter the timing and magnitude of seasonal soil water recharge and lead to 

landscape vegetation changes, such as transitions from native to non-native grass species 

(Bodner and Robles 2017), shifts in species composition (Báez et al. 2013), or, in extreme cases, 

widescale vegetation die off, such as mortality of pinon pine and juniper trees (Neilson et al. 

1992; Breshears et al. 2008; Restaino et al. 2016). Additionally, these changes can lead to 

increased risk of wildfire (Littell et al. 2016). Therefore, quantifying variability in the timing and 

magnitude of seasonal precipitation, and how that influences soil water recharge, is important for 

understanding regional drought onset and cessation patterns.   

The relationship between seasonal precipitation and soil water recharge in the Southwest 

is complex, as not all surface precipitation infiltrates into the soil profile. Most precipitation 

events at Southwestern locations are small (<5mm) and occur within short intervals of one 

another (<10 days) (Loik et al. 2004). Small precipitation events can be captured by tree canopy 

interception (Reynolds et al. 2000; Wilcox et al. 2003; Owens et al. 2006) or lost to soil 

evaporation (Wythers et al. 1999; Newman et al. 1997). It is therefore larger precipitation events 

that will impact soil water recharge (Cable 1980). However, soil infiltration rates can be limited 

by texture and compaction (Wythers et al. 1999; Newman et al. 1997); ground litter can reduce 

infiltration rates (Madsen et al. 2008); and soil burn from fire can result in large scale runoff 
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events, especially during high intensity precipitation from the North American Monsoon (Moody 

and Martin 2001; Adams and Comrie 1997; Grover 2021). Only studying precipitation totals thus 

offers an incomplete view of water that will become available for root water uptake. 

While using in-situ soil moisture measurements would be ideal to directly gauge soil 

water availability, the lack of long-term reliable datasets and the need for an online global 

database is well documented (Robock et al. 2000; Robock et al. 2005; Dorigo et al. 2011; Dorigo 

et al. 2012). Recent advances in remote sensing technology have offered the promise of soil 

moisture estimation from satellite platforms over large areas, however the microwave 

instrumentation used for soil moisture measurements is limited to the top few centimeters of soil 

(Dorigo et al. 2011; Reichle et al. 2016; Berg and Sheffield 2018). Additionally, studies utilizing 

remote sensing products to investigate soil moisture drought impacts on drylands have been 

limited to macro-scale resolution, short temporal analysis, and low spatial resolution (Karl and 

Koscielny 1982; Oglesby and Erikson III 1989; Sheffield et al. 2004; Mo 2008; Notaro et al. 

2010; AghaKouchak 2014; Otkin et al. 2016).  

A recent study using the U.S. Drought Monitor (USDM) to examine seasonal drought 

onset and cessation patterns found that seasonal drought onset was highly variable across the 

Southwest, while seasonal drought cessation had lower variability (Leeper et al. 2022). The 

USDM combines drought indicators, indices, and information from local experts to portray 

drought conditions (Svoboda et al. 2002). These inputs are limited to surface analysis and 

therefore its interpolation with soil water recharge remains unknown. Other studies have used 

multiscalar drought indices as proxies for soil water availability; however, these studies are only 

beginning to establish the links between multiscalar index timescale and soil water availability at 
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different depths (McKellar 2016; Barnard et al. 2021; McKellar et al. 2022b; McKellar et al. 

2022c). 

Issues with the lack of in-situ soil moisture measurements and other proxies have led 

studies in recent decades to use sophisticated computer models to simulate water movement 

through a soil profile (Simunek et al. 2005). Additionally, advancements in estimating spatially 

continuous climate variables have led to the creation of high-resolution meteorological time 

series at site-specific locations (Abatzaglou 2013). Coupling soil modeling with high-resolution 

climate datasets has established a framework enabling largescale analysis of soil water 

availability across the Southwest – including the exploration of ecological responses to soil 

moisture changes, the relationships between seasonal precipitation and soil moisture, and future 

soil moisture regimes shifts related to climate change (Gremer et al. 2015; Koehn et al. 2021; 

Bradford et al. 2019). However, propagation of drought in soils has yet to quantified on a 

regional scale for the Southwest.  

Here, we conduct a regional analysis of seasonal drought onset and cessation patterns in 

soils for the Southwestern United States. We hypothesize that seasonal variability of 

Southwestern climate drives unique drought onset and cessation patterns in soil water 

availability. By coupling sophisticated computer modeling with spatially continuous 

meteorological datasets, daily matric potential values are simulated at two depths (10cm and 

30cm) for 240 locations across the Southwest from 1979 through 2020. Utilizing methods often 

employed in climatological analyses with long-term datasets, we establish baseline conditions 

and develop time series of daily matric potential anomalies for all study sites. Fine-scale 

assessment of daily matric potential anomalies allows for the quantification of consecutive days 

of below average soil water to be categorized as “drought events”. Drought events are analyzed 



74 
 

by duration for spatial and temporal patterns based on location and depth. Finally, we evaluate 

prominent drought years amongst our study sites for causes of drought onset and cessation with 

relation to daily precipitation and PET anomalies.    

MATERIAL AND METHODS 

Study Region Background 

This study defines the semi-arid lower elevation Southwestern United States, hereby 

referred to as the ‘Southwest’ or ‘study region’, as areas comprised of the Mojave, Sonoran, and 

Chihuahuan Deserts. The United States Department of Agriculture (USDA) classifies land area 

into a hierarchical system for the purpose of land management, agricultural planning, drought 

monitoring, conservation of natural resources, and environmental preservation (Salley et al. 

2016). This hierarchy allows planning and management strategies to be specified across board 

landscapes or down to the local ecosystems. The primary organization unit is the Major Land 

Resource Area (MLRA), which are geographically associated areas that share similar 

physiography, geology, climatology, hydrology, soils, biology, and land usage (Austin 1965; 

Salley et al. 2016). In total, the United States is divided into 278 MLRAs – four of which are 

within the study region. This study focuses on MLRA 30 (Mojave Desert), MLRA 40 (Western 

Sonoran Desert), MLRA 41 (Eastern Sonoran Desert), and MLRA 42 (Chihuahuan Desert) 

(Figure 1).  

The study region has a gradient of major modal precipitation season from west to east, 

with MLRAs in the west receiving unimodal precipitation during the fall-winter months and 

MLRAs in the east receiving unimodal precipitation during the summer months (Figure 1). This 

study defines the fall-winter months as the ‘cool’ season and the spring-summer months as the 

‘warm’ season. MLRAs in the middle of the study region receive precipitation during both the 
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cool and warm seasons, producing a bimodal precipitation distribution (figure 2). Study locations 

in western MLRAs receive approximately 70% of precipitation during the cool season during 

low intensity, long duration events when evapotranspiration is low. In contrast, study locations in 

eastern MLRAs receive 50-70% of precipitation during the warm season from the North 

American Monsoon (NAM), which is a series of high intensity, short duration thunderstorms 

occurring when evapotranspiration is high (Carleton et al. 1990; Douglas et al. 1993; Mitchell et 

al. 2002). Onset of the NAM is highly consistent, typically starting in early July (Ellis et al. 

2004, Higgins et al. 1997).  

Data and Site Selection 

Study sites were selected using publicly available soil sampling data from sites across the 

Southwest. Soils information was downloaded for all available profiles in the study region using 

the R package ‘soilDB’, which extracts information from PedonPC and AK Site databases, local 

NASIS databases, and the SDA web service (Beaudette et al. 2022). Previous research has found 

that six main subsurface soil types are common throughout the study region – sand, loamy sand, 

sandy loam, loam, sandy clay loam, and clay loam (Shepard et al. 2015). In each MLRA, 10 sites 

were selected from each of the main soil types, for a total of 60 sites in each MLRA. Across the 

4 MLRAs, 240 sites were selected in total. A spatial algorithm was used to maximize the 

distance between selected sites to increase coverage of the study region. Soil hydraulic 

parameters, lab texture percentages of sand-silt-clay, soil horizon depths, altitude, and latitude 

and longitude coordinates were downloaded for these study sites. 

Latitude and longitude coordinates of each study site obtained through ‘soilDB’ were 

used to download 4km gridded surface meteorological (gridMET) data from January 1st, 1979, 

through October 31st, 2020 (Abatzaglou 2013). Daily meteorological data from GridMET 
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consisted of precipitation [mm], minimum and maximum temperature [K], minimum and 

maximum relative humidity [%], wind [km/day], and mean shortwave radiation at surface 

[W/m^2] (Abatzaglou 2013).  

Modeling 

Daily matric potential was simulated at each study site using HYDRUS-1D, a 

deterministic modeling software designed for simulating water movement in a one-dimensional 

variably saturated porous media (Simunek et al. 2005). Each study site had a unique modeling 

simulation parameterized by the acquired soils information and driven by the daily 

meteorological time series extracted for that site. Profile simplifications were made to allow for 

more straightforward interpretation of model output. A single, homogeneous, 200cm soil layer 

consisting of study sites subsurface ‘B horizon’ was used due to its regulation on aboveground 

vegetation productivity (Shepard et al. 2015). A generalized root profile typical of dryland 

vegetation was used to simulate root water uptake in the top 200cm of the soil profile, with root 

concentration decreasing exponentially from top to bottom (Jackson et al. 1996). The majority of 

roots in this profile are concentration in the top 50cm. Potential evapotranspiration was estimated 

using the Penman-Monteith equation and required gridMET data (Allen 1998). To account for 

initial conditions influencing model output, a ‘spin-up’ was included at the beginning of each 

model simulation that consisted of the first 10 years of gridMET data specific to each site (i.e. 1-

1-1979 through 12-31-1988). These 10 years were removed from model output post simulation. 

For this study, model output at 10cm and 30cm was analyzed to focus on relatively shallow soil 

water status variability and high frequency drought events that impact shallow rooted vegetation. 
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Analyzing output and drought definitions 

 At each study site, a daily anomaly was calculated using the output time series of matric 

potential values at 10cm and 30cm. The long-term median matric potential value was calculated 

for each day of year (DOY) and subtracted from the daily time series [Daily MP value – long-

term median DOY MP value]. This created a historical anomaly time series for each study site. 

Each anomaly time series was percent ranked from 0-100%. Consecutive days below the 15th 

percentile, which is a common threshold due to its approximation of moderate drought using 

other drought metrics (Kam et al. 2013; Herrera‐Estrada et al. 2017; Ukkola et al. 2020), were 

quantified as ‘drought events’. Drought events were categorized by duration into short-term 

(lasting longer than 60 days but less than 270 days) and long-term (lasting longer than 270 days). 

Drought events were analyzed by seasonal onset and cessation period using the cool and warm 

season classification. 

RESULTS AND DISCUSSION 

Climatology and Soil Water Regimes 

The unimodal and bimodal distributions of seasonal precipitation across the study area 

control soil water regimes and, ultimately, the emergence of unique drought patterns (Figure 2). 

In general, monthly mean matric potential (MMP) values in each MLRA (n=60) follow seasonal 

precipitation distributions specific to that MLRA (Figure 2a-d and 2e-h, respectively). Across all 

MLRAs, MMP values are lower (more negative) at 10cm compared to 30cm. The study region 

observes more dry than wet days, with most precipitation events being small (Loik et al. 2004; 

Lauenroth and Bradford 2006). Small precipitation events are likely captured by interception 

(Reynolds et al. 2000; Wilcox et al. 2003; Owens et al. 2006) or soil evaporation (Wythers et al. 

1999; Newman et al. 1997), leading to fast wetting and drying of the upper soil profile layers. 
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Water loss to plant interception and evaporation for large precipitation events is much lower, 

allowing for increased infiltration into the root zone. Thus, MMP values at 10cm will be dryer, 

on average, then 30cm. A seasonal lag is observed in peak MMP values between 10cm and 

30cm, which can be attributed to the time delay in water movement to deeper soil depths 

associated with soil hydraulic parameters.  

Unimodal MLRAs 

Mean annual precipitation (MAP) in MLRA 30 is 19.8 cm (n=60), with 70% of 

precipitation occurring during the cool season and 30% occurring during the warm season 

(Figure 1a). MMP values in MLRA 30 are highest in the late winter and lowest in the summer, 

corresponding with PET seasonality (Figure 1e). Precipitation during the warm season has 

minimal effect on MMP values due to 1) the low frequency and inconsistency of NAM storms 

reaching MLRA 30 and 2) small events being lost to interception and soil evaporation. At 10cm, 

the percentage of study sites registering drought during each DOY increases gradually with 

monthly precipitation during the early cool season; however, at the 30cm, this increase is more 

abrupt (figure 2i). These patterns indicate that the greatest risk for low matric potential anomalies 

and drought onset emerges during the cool season, which corresponds with the major 

precipitation season in MLRA 30. 

MAP in MLRA 42 is 28.8 cm (n=60), with 32% of precipitation occurring during the 

cool season and 68% occurring during the warm season (Figure 1d). MMP values are highest 

after the NAM and lowest in the late spring before the start of the following NAM when PET is 

seasonally increasing (Figure 1h). The percentage of study sites registering drought during each 

DOY increases during the start of the NAM (Figure 2l). NAM onset is highly consistent (Ellis et 
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al. 2004, Higgins et al. 1997) and deviations in expected soil water can lead to negative matric 

potential anomalies and greater risk of drought onset.  

Annual precipitation distributions in both MLRA 30 and MLRA 42 are unimodal, with 

most precipitation occurring during either the cool or warm seasons, respectively. This explains 

the distribution of MMP values peaking near the major precipitation season and declining until 

the occurrence of next year’s major precipitation season. Drought onset patterns indicate that the 

greatest risk of low matric potential also corresponds with the unimodal distribution of each 

MLRA. 

Bimodal MLRAs 

The unimodal seasonal precipitation of MLRA 30 and MLRA 42 contrasts with that of 

MLRA 40 and MLRA 41, which receive bimodal precipitation during both cool and warm 

seasons. MLRA 41 is the wettest MLRA in the study region, with a MAP of 37 cm, 58% of 

which occurs during the warm season (Figure 1c). High MMP values are observed during the 

cool (February) and warm (August) seasons, corresponding with the bimodal precipitation 

distribution of the MLRA (Figure 1g). Lowest MMP values are observed before that start of the 

NAM, when precipitation is lowest and seasonal PET rates are rising. Increases in the percentage 

of study sites registering drought during each DOY are observed during the cool and warm 

seasons, indicating that the risk of low matric potential values and drought onset in MLRA 41 is 

also bimodal (figure 2k).  

The MAP of MLRA 40 is 20.8 cm, with 55% of precipitation occurring during the cool 

season (Figure 1b). While MLRA 40 receives bimodal precipitation, both seasons are notably 

muted compared to other MLRAs. Additionally, MLRA 40 has the highest PET values of the 

study region. These factors result in MMP values at 10cm drying to a study region minimum 
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during June (Figure 2f). Highest MMP values are observed during the cool season. The 

percentage of study sites registering drought during each DOY increases during the early cool 

season. Notably, no increase is observed during the warm season, which is associated with 

inconsistency of the NAM reaching this MLRA (Figure 2j). Thus, despite MPP values being 

lowest during the warm season, the risk of drought onset is associated with delayed or missed 

precipitation during the cool season.  

Drought Seasonal Occurrence 

Drought events were categorized by duration into short-term (lasting longer than 60 days 

but less than 270 days) and long-term (lasting longer than 270 days).  These events were further 

subdivided by 1) MLRA, 2) depth, and 3) start and end season (cool and warm) (Figure 3). This 

study designates the fall and winter months (October – March) as the ‘cool’ season and spring 

and summer months (April – September) as the ‘warm’ season.  

Short-term 

In MLRA 30, a total of 532 short-term drought events occurred across all study sites 

(n=240) at 10cm between 1979 and 2020, with 46% starting and ending during the ‘cool-cool’ 

seasons (figure 3a). A total of 516 events occurred across all study sites at 30cm, with 45% 

starting and ending during the ‘cool-warm’ seasons (figure 3a). MLRA 30 has a unimodal 

precipitation distribution, with a majority of precipitation occurring during the cool season 

(figure 2a). Below average precipitation during the early cool season will lead to matric potential 

anomalies and drought onset. Further into the cool season, the likelihood of precipitation 

increases, leading to drought cessation. The difference in drought end season between 10cm and 

30cm is due to 1) the time lag in water movement to deeper depths causing these droughts to end 

in the early warm season (i.e. Spring) or 2) NAM precipitation.   
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In MLRA 40, a total of 594 short-term drought events occurred at 10cm with 40% 

starting and ending during the ‘cool-cool’ months, 28% during the ‘cool-warm’ months, and 

30% during the ‘warm-cool’ months (figure 3b). At 30cm, a total of 631 events occurred with 

38% occurring during both the ‘cool-cool’ and ‘cool-warm’ months (figure 3b). The more evenly 

distributed occurrences of short-term drought events reflect the bimodal precipitation distribution 

of MLRA 40. Like MLRA 30, below average precipitation during the more reliable cool season 

increases the chance of matric potential anomalies developing at both 10cm and 30cm. While 

some of these anomalies will recover later in the cool season, others will be solved by NAM 

storms during warm months, explaining the high occurrence of ‘cool-cool’ and ‘cool-warm’ 

drought events, respectively. Increased frequency of drought occurrence during the ‘warm-cool’ 

months can be attributed to years when less NAM storms reach MLRA 40, creating soil water 

anomalies that are not ameliorated until the following cool season. The minimal occurrence of 

‘warm-warm’ droughts reflects low frequency of NAM precipitation in this MLRA.  

In MLRA 41, a total of 391 short-term drought events occurred at 10cm with 49% 

starting and ending during the ‘cool-warm’ months (figure 3c). At 30cm, a total of 634 events 

occurred with 48% occurring during to ‘cool-warm’ months (figure 3c). Although MLRA 41 has 

a bimodal precipitation distribution, these results indicate that below average precipitation during 

the cool season is the primary cause of short-term drought onset at both 10cm and 30cm. The 

resulting soil water anomalies are ended by NAM storms during the warm season. High 

frequency (~25%) of ‘cool-cool’ and ‘cool-warm’ categories at 10cm and 30cm, respectively, 

follow the same explanations as MLRA 30 and MLRA 40. More dependable NAM precipitation 

during warm months causes reduced occurrences of ‘warm-warm’ droughts.  
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In MLRA 42, a total of 460 short-term drought events occurred at 10cm with 37% 

starting and ending during the ‘cool-warm’ seasons (figure 3d). At 30cm, a total of 529 events 

occurred with 40% starting and ending during the ‘warm-cool’ seasons (figure 3d). The 

unimodal precipitation of MLRA 42 occurs mainly during the warm season from the NAM. 

Below average NAM precipitation can result in soil water anomalies at 10cm that develop during 

the following cool season (see cool season, figure 2h). These 10cm anomalies will recover 

during the following NAM season, explaining the high frequency of the ‘cool-warm’ start and 

end season category. Given the consistency of NAM onset, delayed starts can result in fast 

developing soil water anomalies. This, combined with the beforementioned time lag of soil water 

to deeper depths, can result in matric potential anomalies at 30cm. These anomalies will not be 

ameliorated until the early cool months (i.e. Fall), explaining the high percentage of ‘warm-cool’ 

short-term drought events at this depth.  

Across the study region, start and end seasons of short-term drought events are the result 

of complex interactions between modal precipitation timing, infiltration time lags, and NAM 

variability. A west to east gradient in start and end season of short-term drought events is 

observed from ‘cool’ to ‘warm’. Short-term droughts in western MLRAs often begin with below 

average precipitation during the early cool season and end later into the same cool season when 

the chance of precipitation climatologically increases. In eastern MLRAs, short-term drought 

events typically begin due to delayed onset or below average NAM precipitation and end further 

into the NAM season. Overall, more short-term droughts occur at 30cm compared to 10cm – 

except in MLRA 30 where precipitation occurs more regularly during the cool season when ET 

is low, allowing for more infiltration. More rapid drought development can occur at 30cm in 
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eastern MLRAs where some or most precipitation occurs during warm months when ET is high, 

especially if NAM events are small or infrequent. 

Long-term Drought Seasonal Occurrence 

Long-term drought events lasting longer than 270 days are shown in Figure 3e-h. A total 

of 45 and 221 long-term drought events occurred at 10cm and 30cm, respectively, across all 

MLRAs and all study sites (n=240) between 1979 and 2020. It is important to note that when 

reporting start and end season occurrence percentages that those percentages are made up of only 

one or a few years (figure 3).  

In MLRA 30, a total of 28 long-term drought events occurred at 10cm, with 79% starting 

and ending during the ‘cool-cool’ months. A total of 91 events occurred at 30cm, with 91% 

starting and ending during the ‘cool-cool’ months. Most of these events occurred during the early 

2000s. Given the unimodal precipitation distribution of MLRA 30, these long-term drought 

events were predominantly caused by large below average cool season precipitation anomalies 

resulting in longer than average dry spells that are unlikely to be resolved until the following 

rainy season.  

In MLRA 40, a total of 11 long-term drought events occurred at 10cm, with 82% starting 

and ending during the ‘cool-cool’ months. A total of 58 events occurred at 30cm, with 52% 

starting and ending during ‘cool-cool’ months and 45% during ‘cool-warm’ months. Like in 

MLRA 30, most of these events occurred in the early 2000s. Although MLRA 30 has a bimodal 

precipitation distribution, its lower elevation results in higher interannual precipitation 

variability, especially during the warm season. This can lead to increased risk of a below average 

rainy season and thus higher potential for long-term drought.  
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In MLRA 41, no long-term drought events occurred at 10cm based on our definition. At 

30cm, a total of 7 long-term drought events occurred, with 6 occurring in the early 2000s. The 

bimodal precipitation distribution and more consistent nature of cool and NAM rains in MLRA 

41 make it difficult for long-term droughts to occur at 10cm, given that these two seasons are 

within 270 days of each other. Long-term droughts that do occur require unusually long dry 

spells that emerge and span through the two wetter times of the year in the cool and warm 

seasons.    

In MLRA 42, a total of 6 long-term drought events occurred at 10cm, with 2 (33%) 

starting and ending during the ‘cool-cool’ months and 2 (33%) during the ‘cool-warm’ months. 

A total of 65 events occurred at 30cm, with 48% starting and ending during the ‘warm-warm’ 

months. Most events occurred between 2011 and 2013. Given the unimodal precipitation 

distribution of MLRA 42, it is likely that most long-term drought events are the result of below 

average NAM precipitation that produce soil water anomalies which typically not resolved until 

the following NAM.    

The climatological reliability of seasonal precipitation totals in bimodal MLRAs needs to 

be considered when analyzing long-term drought development. Average cool and warm season 

precipitation totals in MLRA 41 are larger and more consistent over time than those in MLRA 40 

due to more reliable warm season precipitation from the NAM. This leads to long-term drought 

events being more common in MLRA 40, albeit not as common as unimodal MLRAs, despite 

having a bimodal precipitation distribution. In years when monsoon precipitation fails to reach 

MLRA 40, long-term drought development can operate more like an MLRA with unimodal 

precipitation. This explains the difference in frequency of long-term droughts between MLRA 40 

and 41.  
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Based on our definition, long-term matric potential drought events across the study 

region are infrequent and occur only during specific years due to unusual deviations from 

seasonal precipitation patterns (Figure 3e-h). Long-term drought events that do occur are more 

frequent in MLRAs with unimodal precipitation distributions, likely caused by below average 

rainy seasons resulting in especially long dry spells. Long-term drought events in MLRAs with 

bimodal precipitation distributions require multiple below average rainy seasons to occur, which 

is abnormal of these MLRAs climatology. Across all MLRAs, it is difficult to get long-term 

drought events at 10cm due to matric potential values being closely coupled with small 

precipitation events. Long-term drought events that do occur at 10cm are often linked with 

deeper drought events at 30cm, such as the prominent early 2000s drought (yellow-colored 

years, Figure 3e-h).  

Longest 30cm Drought at Each Location 

The maximum 30cm long-term drought (>270 days) that occurred at each study site 

between 1979 and 2020 is shown in Figure 4. The event year is represented by color and the 

event duration is represented by symbol size. Most long-term droughts occurred during a few 

specific years, were similar in duration, and are specific to each MLRA. In MLRA 30, the 2002 

drought was most prominent, especially in the northeastern portion of the MLRA. Study sites in 

MLRA 40 experienced long-term drought events during 1997, 2002, 2010, and 2018. As 

previously discussed, although MLRA 40 has a bimodal precipitation distribution, the MLRAs 

lower elevation and generally more arid climate leads to high variability in season-to-season 

precipitation during the cool and warm months. This leads to increased risk of long-term 

drought. In contrast, the bimodal precipitation distribution and lower interannual variability of 

MLRA 41 make long-term drought development difficult, explaining why the MLRA 
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experienced only one localized long-term drought in 2003. Major long-term droughts in MLRA 

42 are specific to 1993-1994 and 2011-2013. Case studies of the 2002 drought in MLRA 30, 

2003 drought in MLRA 41, and 2011-2013 drought in MLRA 42 are conducted given their 

prominence throughout their respective MLRAs to analyze drought development.  

Analysis of 2001-2003 Drought in MLRA 30 

Causes and mechanisms behind the 2002 drought in the Southwest are well-studied, with 

above average warm season temperatures and anomalous atmospheric ridging being associated 

with drought development (Quiring and Goodrich 2008; Weiss et al. 2009). Our results offer a 

matric potential perspective to these findings. Daily precipitation, PET, and matric potential 

values were analyzed to evaluate soil water anomaly development during the 2002 drought in 

MLRA 30 (Figure 5). Percent rank values of daily matric potential anomalies (henceforth 

referred to as MPAs) at 10cm and 30cm dropped below 15% in late fall 2001 and early winter 

2001, respectively, indicating drought onset (Figure 5c). MPAs climbed above 15% at 10cm and 

30cm in fall of 2002 and winter of 2003, respectively, indicating drought cessation. Drought 

duration totaled 368 days at 10cm and 420 days at 30cm.  

MLRA 30 has a unimodal precipitation distribution, with 70% of precipitation occurring 

during the cool season (Figure 2a). Matric potential values in MLRA 30 rely on cool season 

precipitation for recharge, and normally decline through the remainder of the water year (Figure 

2e). Above average PET and below average precipitation during the 2001 warm months lead to 

the emergence of rapid developing matric potential anomalies and drought onset during early 

2002. These anomalies would have been typically resolved by average levels of precipitation 

during the following cool season. However, anomalous atmospheric ridging (Quiring and 

Goodrich 2008) caused well below average 2002 cool season precipitation, ultimately changing a 
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would-be short-term drought into a long-term drought. Drought cessation would not occur until 

the following 2003 cool season. Therefore, the 2002 long-term drought in MLRA 30 was caused 

above average PET during the 2001 warm season, exacerbated by below average precipitation 

during the 2002 cool seasons, and ended by above average precipitation during the 2003 cool 

season. 

Analysis of 2002-2003 Drought in MLRA 41 

In MLRA 41, a long-term drought occurred at 30cm from 2002-2003 with a duration of 

411 days (Figure 6). Drought onset occurred in October of 2002 and cessation occurred in 

November 2003. Below average precipitation during the 2002 cool season and 2002 monsoon 

(blue, figure 6b), coupled with above average PET (green, figure 6b), created compounding 

anomalies which led to drought onset at 30cm in August 2002 (green, figure 6c). Drought 

conditions continued through the following year due to below average precipitation and above 

average PET during the 2003 winter and 2003 monsoon seasons. It is worth noting that 10cm 

MPAs did not experience long-term drought during this period, and multiple precipitation events 

led to substantial increases in MPAs (orange, figure 6c). Precipitation during the 2004 winter and 

early spring months would eventually cause drought cessation at 30cm.  

MLRA 41 receives precipitation during the winter and summer (monsoon) months. When 

compared to other MLRAs which are dominated by a single precipitation season, long droughts 

in MLRA 41 require the combination of multiple consecutive underperforming precipitation 

seasons. The 2003 drought is an example of this scenario, as interactions between La Nina from 

the Pacific Decadal Oscillation, warm phase of the Atlantic Multidecadal Oscillation, and 

positive phase of the Eastern Pacific Oscillation caused below average cool and warm season 

precipitation during 2002 and 2003 (Quiring and Goodrich 2008). These conditions were 
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exacerbated by above average PET during period. Seasonal precipitation during the 2004 cool 

season would eventually cause drought cessation at 30cm. 

Analysis of 2010-2011 and 2012-2013 Droughts in MLRA 42 

In MLRA 42, two consecutive long-term droughts occurred at 30cm from 2010-2011 and 

2012-2013 following below average monsoon precipitation during the previous season (Figure 

7). Onset of the 2010-2011 drought occurred in December of 2010 and cessation occurred during 

December of 2011, lasting 366 days. Onset of the 2013 drought occurred in October of 2012 and 

cessation occurred in July of 2013, lasting 280 days.  

Onset of the 2010-2011 and 2012-2013 droughts occurred due to below average 

precipitation coupled with above average PET during the previous monsoon seasons. Pulses of 

precipitation were able to increase 10cm matric potential during both the 2010-2011 and 2012-

2013 droughts (orange, figure 7c), but were not able to propagate to deeper depths like 30cm 

(green, figure 7c) due to the combination of precipitation event size and high levels of PET. 

Cessation of the 2010-2011 drought at 30cm would occur following the anomalous above 

average precipitation during the 2012 winter season. Cessation of the 2012-2013 drought at 

30cm would occur during the following 2013 monsoon season. 

In MLRA 42, monsoon precipitation is the dominate control on matric potential values 

(figure 2d). Underperforming monsoon seasons can lead to drought onset by the late fall or early 

winter months. While small precipitation events in average or even below average winter seasons 

can lead to drought cessation at 10cm, drought is likely to continue at 30cm. The importance of 

the 2012 winter rainy season should be noted. Without the above average precipitation and 

below average PET, it is likely that the 2011 and 2013 droughts would have become connected. 
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CONCLUSION 

The arid and semi-arid climate of the Southwestern United States presents unique 

challenges for quantifying drought conditions as limited annual precipitation availability and 

high potential evapotranspiration make distinguishing dry conditions from background aridity 

difficult (Wilcox et al. 2003). Due to the tight coupling between Southwestern vegetation 

productivity and soil water availability (Neilson et al. 1992), understanding how delays in the 

seasonal timing and magnitude of precipitation can lead to drought onset required further 

investigation. We conducted a widescale drought event analysis of the Southwestern United 

States to better understand the relationship between drought occurrence and seasonal 

precipitation timing and magnitude. By coupling soil modeling, site-specific soils information, 

and high resolution, spatially continuous datasets, we simulated daily matric potential values at 

10cm and 30cm from 1979-2020 for 240 study sites across the Southwest. A historical anomaly 

time series was created at each study site and percent ranked from 0-100%. Consecutive days 

below the 15th percentile were quantified as drought events. Drought events were categorized by 

duration (short-term vs long-term) and analyzed by seasonal onset and cessation period using 

cool and warm season classifications. 

The study region’s precipitation gradient from west to east creates unique matric potential 

patterns within each MLRA. In general, annual matric potential values follow the modal 

precipitation distribution of their respective MLRA. Annual matric potential values in unimodal 

MLRAs peak once pre year during rainy months and decline until the following years rainy 

season. Annual matric potential values in bimodal MLRAs peak twice per year and decline 

through the next rainy season. Analysis of drought emergence patterns indicated delayed or 
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slowed starts to modal precipitation seasons can bring on rapidly developing soil water 

anomalies. 

Evaluation of drought event occurrence intervals showed that short-term droughts across 

the study region are frequent. At 10cm, short-term drought events typically start and end during a 

MLRAs major modal precipitation season. At 30cm, short-term drought events typically start 

during a MLRAs major modal precipitation season, but end in the following season. This shift is 

attributed to delayed infiltration to deeper depths.  

Long-term droughts are infrequent and occur only during specific years. Long-term 

droughts are more common at 30cm compared to 10cm, typically starting and ending during a 

MLRAs major modal precipitation season. Long-term droughts are more frequent in MLRAs 

with unimodal precipitation distributions compared to MLRAs with bimodal precipitation 

distributions.  

Analysis of the most common drought years in each MLRA showed that tight coupling 

between surface precipitation inputs and 10cm matric potential make long-term drought 

development difficult compared to 30cm. While above average PET can lead to rapidly 

developing matric potential anomalies, it is ultimately below average rainy seasons that lead to 

long-term drought development at 30cm. In unimodal MLRAs, soil water anomalies at 30cm 

produced by below average rainy seasons will likely go unresolved until the following rainy 

season. In MLRAs with bimodal precipitation distributions, long-term drought development is 

difficult due to consecutive below average rainy seasons being needed.  

Comparing our results with Leeper et al. 2022 reveals that the variability they noted in 

seasonal drought onset and cessation can be linked with the modal precipitation distribution of 

each MLRA. In western MLRAs, drought onset mostly occurs due to delayed or slowed starts to 
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cool season precipitation, which can lead to drought onset in the winter or spring at 10cm and 

30cm, respectively. However, our results differ in eastern MLRAs, where drought onset is 

mainly the product of delayed starts to the NAM. Most droughts end during each MLRAs 

respective rainy season, which is confirmatory with Leeper et al. 2022.       

As climate change is expected to increase heat wave frequency and duration over the 

coming decades (Romero-Lankao et al. 2014), the timing and magnitude of seasonal soil water 

recharge will become more important for vegetation productivity. Understanding how delays in 

precipitation can lead to soil water anomalies is thus key for evaluating future drought impacts. 

This study illustrated the importance of seasonal precipitation and how that translates to short- 

and long-term drought development. By categorizing these relationships, this study hopes to 

advance discussions on drought propagation in Southwestern soils, which is key for future 

drought impact assessment and mitigation plans.  
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FIGURES 

 

 

 

 

 

 

 

 

 

 

Figure 1: Map of study region with outlines of MLRAs 30 (Mojave Desert), 40 (Western 

Sonoran Desert), 41 (Eastern Sonoran Desert), 42 (Chihuahuan Desert). Color of each 

study location (n=240) represents the location’s major modal precipitation season.  
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Figure 2: Climatology of each MLRA, including seasonal rainfall percentages (a-d). Monthly 

mean matric potential values at 10cm and 30cm of each MLRA (e-h). Percentage of study 

sites within each MLRA (n=60) that register drought conditions during each DOY (i-l).    
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Figure 3: Percent frequency of onset and cessation season for short-term (a-d) 

and long-term (e-h) droughts at 10cm and 30cm. Drought onset year is color 

coded.     



95 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Longest long-term (>270 days) drought at each study location between 1979 - 

2020. Dot color represents drought onset year and dot size represents drought duration.  
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Figure 5: Case study of the 2001-2003 drought in MLRA 30 (model #129). Daily 

precipitation (a), the percent rank of daily precipitation and PET anomalies (b), and the 

percent rank of daily matric potential anomalies at 10cm and 30cm (c) are shown from 2001 

through 2003. Drought onset at 10cm and cessation at 30cm is highlighted in red.   
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Figure 6: Case study of the 2002-2003 drought in MLRA 41 (model #228). Daily 

precipitation (a), the percent rank of daily precipitation and PET anomalies (b), and the 

percent rank of daily matric potential anomalies at 10cm and 30cm (c) are shown from 2000 

through 2004. Drought onset at 10cm and cessation at 30cm is highlighted in red.  
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Figure 7: Case study of the 2010-2011 and 2012-2013 drought in MLRA 42 (model #77). 

Daily precipitation (a), the percent rank of daily precipitation and PET anomalies (b), and the 

percent rank of daily matric potential anomalies at 10cm and 30cm (c) are shown from 2010 

through 2013. Drought onset at 10cm and cessation at 30cm is highlighted in red.  
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ABSTRACT 

Drought monitoring in the semi-arid Southwestern United States poses unique 

challenges, as distinguishing water deficits from background aridity can be difficult due to 

potential evapotranspiration being significantly greater than precipitation. Southwestern 

vegetation has become adapted to the seasonal timing and magnitude of precipitation for soil 

water recharge, which is the primary control on vegetation productivity. The lack of long-term 

reliable in-situ soil moisture datasets have led land managers to use multiscalar meteorological 

drought indices, like the Standardized Precipitation Index (SPI) and Standardized Precipitation-

Evapotranspiration Index (SPEI), as proxies for soil water availability. However, objectively 

identifying the index and timescale that best represents soil water availability in semi-arid 

environments remains a significant gap for applying available climate information to land 

management action. In this study, we conduct a regional analysis of the Southwest to define the 

relationship between multiscalar index timescale and soil water availability of different depths. 

By coupling soil modeling with site-specific soils information and high resolution, spatially 

continuous datasets, we simulate daily matric potential values at 5cm intervals for 0-200cm from 

1979-2020 for the purpose of creating a new matric potential index (MPI). Time series of MPI 

values at each depth are correlated with SPI and SPEI timescales from 1-24 months. Results 

indicate the relationship between the highest correlating index timescale and MPI depth operates 

roughly on a 1:1 step progression at shallow depths (<80cm). Below 80cm, the timescale-depth 

relationship becomes less linear with a shallower slope. Analysis of the timescale-depth 

continuum by soil type shows that clay loam soils produce shallower sloped relationships than 

sandy soils. Furthermore, higher correlation and lower RMSE values are observed when using 

the SPI or SPEI in clay loam soils then sandy soils. However, the SPI produces higher 
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correlations and lower RMSE with the MPI overall compared to the SPEI due to the SPEI’s use 

of potential evapotranspiration, which is often much greater than actual evapotranspiration in the 

Southwest. Therefore, this study recommends SPI usage for shallow (<80cm) soil water 

monitoring on Southwestern drylands, with a general rule that the relationship between timescale 

and depth scales linearly in a 1:1 progression. However, if land managers have access to local 

soils information, it should be consulted given the impacts of soil type on the timescale-depth 

relationship.  
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INTRODUCTION 

Drylands of the Southwestern United States are an important ecosystem, managed for 

multiple uses, including forage for livestock, habitat conservation, and open space (Salley et al. 

2016). Southwestern climate is arid to semi-arid and characterized by short pulses of moisture 

and extend periods of dryness (Lauenroth and Bradford 2006), which can create complex 

drought impacts and monitoring challenges. Dryland managers can benefit from drought 

monitoring strategies that help them anticipate and respond to changing drought conditions 

(Gremer et al. 2015, Bodner and Robles 2017). Numerous multiscalar drought indices based on 

temperature and precipitation data are readily available and commonly used by dryland managers 

to monitor drought conditions (McKee et al. 1993, Vicente-Serrano et al. 2010; Svoboda and 

Fuchs 2016). While the multiscalar aspect of these indices can be used to represent different 

water sources (McKee et al. 1993), objectively identifying the index and timescale that best 

represent drought conditions of dryland ecosystems remains a significant gap for applying 

available climate information to land management action. As increased heat wave frequency and 

drought duration from climate change create extreme stress on areas with water scarcity issues, 

the need for improved drought monitoring techniques over the coming decades is an important 

area of future research (Romero-Lankao et al. 2014).  

Dryland vegetation productivity is dependent on the timing and magnitude of seasonal 

precipitation for soil water recharge, which can be used as an indication of overall ecosystem 

health (Hadley and Szarek 1981; Neilson et al. 1992; Wilcox et al. 2003; Shepard et al. 2015). 

While monitoring soil water recharge via in-situ methods would be ideal, soil moisture probe 

calibration, maintenance, and expense issues, and the lack of long-term reliable datasets turn 

many dryland managers toward using meteorological drought indices to approximate soil water 
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availability (Robock et al. 2000; Robock et al. 2005; Dorigo et al. 2011; Dorigo et al. 2012). 

Meteorological drought indices are numerical time series of drought severity that convey the 

probability of occurrence of meteorological drought indicators – such as changes in precipitation, 

temperature, snowpack, or reservoir levels – compared to the historical record (Svoboda and 

Fuchs 2016). Two commonly used meteorological drought indices are the Standardized 

Precipitation Index (SPI) and Standardized Precipitation-Evapotranspiration Index (SPEI), which 

communicate frequency and magnitude of precipitation and water balance, respectively (McKee 

et al. 1993, Vicente-Serrano et al. 2010). The SPI and SPEI are multiscalar, allowing for drought 

conditions of various water sources to be evaluated by calculating index values at different 

monthly timescale lengths. Choosing the appropriate timescale length is important for 

monitoring drought conditions as water movement rates vary between water sources (McKee et 

al. 1993). For example, shorter timescales can be used to approximate shallow soil moisture 

(Sims et al. 2002) and longer timescales can be used to approximate streamflow, surface 

reservoirs, or groundwater (Svoboda and Fuchs 2016). However, the complex relationship 

between Southwestern precipitation and soil water recharge presents unique challenges that 

prevent fully utilizing multiscalar drought indices as an effective drought monitoring strategy. 

Aspects of Southwestern climatology prevent all falling precipitation at the surface from 

infiltrating into the soil profile. Most Southwestern precipitation is received as small events 

(<5mm), with short intervals in between (<10 days)( Loik et al. 2004). Many soil and climate 

factors influence the timing and amount of precipitation that will become available as plant 

accessible water. For example, low intensity precipitation events can be captured by tree canopy 

interception (Owens et al. 2006); soil infiltration rates can be limited by texture, compaction, and 

ground litter (Wythers et al. 1999; Newman et al. 1997; Madsen et al. 2008); soil burn from fire 
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can result in large scale runoff events, especially during high intensity precipitation from the 

North American Monsoon (Moody and Martin 2001; Adams and Comrie 1997; Grover 2021); 

and high temperatures can increase soil evaporation rates (Wythers et al. 1999; Newman et al. 

1997; Weiss et al. 2009). Therefore, it is unclear how to apply multiscalar index information to 

land management action in the Southwest as not all precipitation can be assumed to impact soil 

water recharge.  

Previous studies have established that multiscalar indices can be good indicators of soil 

water availability; however, these studies are often restricted to examining discrete depths, few 

locations, and few soil types due to limited data availability – rendering them unable to 

characterize the entire relationship between index timescale and depth (Sims et al. 2002; Wang et 

al. 2015). Recent advancements in hydrologic computer modeling have allowed for sophisticated 

simulation of water movement through a soil profile (Simunek et al. 2005). Studies have begun 

to couple hydrological models with spatially continuous, high resolution meteorological datasets 

to drive daily model outputs of soil water availability, allowing for the relationship between 

index timescale and soil depth to be explored at greater resolution and on more regional scales 

(Bradford et al. 2019; Koehn et al. 2021). Although located outside the Southwest, these studies 

have highlighted some potential issues of using multiscalar indices to monitor soil water 

availability in dryland environments – such as the SPEI being less successful monitoring spring 

soil water availability and longer index timescales in general struggling to quantify severe 

drought events (Sohrabi et al. 2015; Barnard et al. 2021). Furthermore, these studies have yet to 

quantify the impacts of subsurface soil type on the depth-timescale relationship, which is 

important for aboveground dryland vegetation productivity (Shepard et al. 2015). Thus, the 

relationship between index timescale and soil water availability at different depths warrants 
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further investigation for the Southwest. Understanding the relationship between multiscalar 

drought indices and soil water recharge affords the opportunity to utilize drought indices more 

effectively for land management purposes on Southwestern drylands.  

 Here, we investigate the relationship between multiscalar index timescale and different 

depths of soil water availability for six major soil types of the Southwestern United States. By 

combining 41 years (1979-2020) of meteorological data and site-specific soils information, daily 

matric potential estimates are simulated at 5cm intervals from 0-200cm at 240 locations using 

HYDRUS-1D (Simunek et al. 2005). A new matric potential index (MPI) is created and 

compared with two common multiscalar meteorological drought indices, the SPI and SPEI 

(hereby referred to as ‘multiscalar indices’ when discussed together). By evaluating the best 

correlating multiscalar index timescale at each MPI depth, we characterize a series of general 

depth-timescale relationships for the Southwest as a whole, and then further based on soil type. 

Case studies are used to evaluate differences between multiscalar indices and the MPI at various 

depths to understand how, when, and where misalignment between indices exists. This study 

aims to improve drought monitoring on Southwestern drylands by providing approximate ‘rule 

of thumb’ relationships for using multiscalar indices as effective drought monitoring practices of 

soil water availability.    

MATERIALS AND METHODS 

Study Region 

This study defines the Southwestern United States, hereby referred to as “Southwest”, as 

the Mojave, Sonoran, and Chihuahuan deserts. Specifically, this study focuses on the desert 

regions spanning from Southern California through West Texas that are north of the United 

States-Mexico border. The United States Department of Agriculture (USDA) divides land into a 
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hierarchy system based on land usage, resource management, environmental conservation, and 

agricultural planning (Salley et al. 2016). The primary organization unit of this hierarchy is the 

Major Land Resource Area (MLRA), which are geographically associated land units that share 

similar physiography, geology, climatology, hydrology, soils, biology, and land use (Austin 

1965; Salley et al. 2016). MLRAs comprise large areas and are important for state and local level 

agricultural planning, resource conservation, and management decisions (Bestelmeyer et al. 

2009). The United States is subdivided into 278 MLRAs, of which four cover the defined study 

region. Specifically, this study focuses on MLRA 30 (Sonoran Basin and Range), MLRA 40 

(Central Arizona Basin and Range), MLRA 41 (Southeastern Arizona Basin and Range), and 

MLRA 42 (Southern Desertic Basins, Plains, and Mountains), which are part of the larger 

‘Western Range and Irrigated Region’. 

The climatology of the study region can be characterized as having potential 

evapotranspiration often being significantly greater than precipitation, with each MLRA having a 

different modal precipitation distribution (Wilcox et al. 2003; McKellar et al. 2022a). The study 

region has a precipitation gradient from west to east, with western MLRAs (Mojave Desert, 

MLRA 30) mainly receiving unimodal precipitation during the cool season (fall and winter 

months) and eastern MLRAs (Chihuahuan Desert, MLRA 42) mainly receiving unimodal 

precipitation during the warm season (spring and summer months) via the North American 

Monsoon (NAM). Central areas of the study region (MLRA 40 and MLRA 41, Sonoran Desert) 

receive precipitation during both the cool and warm season, albeit in varying seasonal amounts, 

creating a bimodal precipitation distribution (McKellar et al. 2022a). This precipitation gradient 

gives the study region a good variety of soil water distributions, allowing for a more complete 

analysis of the relationship between multiscalar indices and modeled soil water availability 
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throughout the year. The study region contains six dominant soil types – sand, loamy sand, sandy 

loam, loam, sandy clay loam, and clay loam (Shepard et al. 2015) (figure 1). Given its control on 

dryland vegetation productivity, the subsurface soil texture was used as the basis for examining 

the impacts of soil type on the depth-timescale relationship (see section: Modeling).  

Standardized Precipitation Index (SPI) 

The Standardized Precipitation Index (SPI) is a time series of z-score values that 

represent the frequency and magnitude of t-month total precipitation compared to the historical 

distribution of those same t-months (McKee et al. 1993). Due to monthly precipitation data often 

not being normally distributed, values are transformed using a gamma function to take the shape 

of a standard normal distribution. This allows the relationship of precipitation probability during 

a certain time interval to be established. To accomplish this, the ‘fitSCI’ R-package was used, 

which removes seasonality from a time series of environmental data and forces it to take the 

shape of a standard normal distribution (Gudmundsson and Stagge 2016). The resulting time 

series of z-score values represents the number of standard deviation units an occurrence of total 

precipitation during a particular monthly interval lies from the historical mean. Furthermore, the 

SPI can be calculated at a variety of timescales of period t-months, summing precipitation values 

from the period (McKee et al. 1993).  

SPI users can interpret monthly z-score values at various timescales to assess how 

surpluses or deficits in accumulated precipitation may impact the development or amelioration of 

drought conditions. Larger negative SPI values represent increasingly dry conditions and larger 

positive values represent increasingly wet conditions. Importantly, the standardized process 

allows for direct comparisons of SPI values from different locations. Thus, an SPI value of -2 
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from two locations indicates the same information about the frequency and magnitude of drought 

conditions.  

Key strengths of the SPI lie with its simple calculation and use of monthly data (McKee 

et al. 1993; Svoboda and Fuchs 2016). Additionally, the flexibility of varying timescales allows 

the SPI to approximate water surpluses or deficits of different water sources, like shallow soil 

moisture or groundwater storage, in which water moves at different rates. However, SPI is 

limited by its exclusion of temperature, which impacts evapotranspiration rates, and inability to 

account for surface runoff. Despite these shortcomings, the SPI is an incredibly power tool for 

quantifying monthly drought occurrence (Svoboda and Fuchs 2016).    

The Standardized Precipitation-Evapotranspiration Index (SPEI) 

 Building on the methodology of the SPI, the Standardized Precipitation-

Evapotranspiration Index (SPEI) adds a temperature component to calculate potential 

evapotranspiration (PET) (Vicente-Serrano et al. 2010). By subtracting PET from precipitation, 

the SPEI uses a monthly water balance as the basis for it index values. The resulting time series 

of z-score values convey the frequency and magnitude of monthly water balance surpluses and 

deficits compared to the historical mean. Like the SPI, the SPEI is also multiscalar, giving more 

flexibility for approximating water storage of different reservoirs. 

Monthly water balance values are often not normally distributed and must undergo a 

transformation process (Vicente-Serrano et al. 2010). This study uses the R-package ‘fitSCI’ for 

the transformation process, which removes seasonality from a time series of environmental data 

and forces it to take the shape of a standard normal distribution (Gudmundsson and Stagge 

2016). Choosing the correct probability distribution is important when transforming monthly 

water balance data, as different distributions can lead to discrepancies between SPEI values 
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(Beguería et al. 2014; Stagge et al. 2015). The original authors of the SPEI recommended the use 

of a log-logistic probability distribution (Vicente-Serrano et al. 2010). However, there is debate 

about the correct probability distribution function to use (Stagge et al. 2015; Vicente‐Serrano and 

Beguería 2016; Stagge et al. 2016). Shapiro-Wilk normality tests were conducted for different 

probability distributions available through the ‘fitSCI’ R package (Gudmundsson and Stagge 

2016), with a generalized extreme value (gev) function found to best transform the data to fit a 

normal distribution.  

An advantage of the SPEI compared to the SPI is the inclusion of PET, which allows it to 

evaluate the impacts of temperature on drought conditions (Vicente-Serrano et al. 2010); 

however, this comes at the expense of needing additional data and the choice of method used to 

estimate PET. The use of Thornthwaite, which only accounts for monthly mean temperature 

(Thornthwaite 1948), to estimate PET can be problematic, as inconsistencies between SPEI 

values calculated using different PET estimation methods has been observed (Beguería et al. 

2014; Stagge et al. 2015). This study uses the Penman-Monteith method to estimate PET, which 

is more accurate than Thornthwaite due to its inclusion of wind, relative humidity, temperature, 

and solar radiation (Allen 1998; Majumder and Kumar, 2019).    

Data 

Soil physical parameters, latitude and longitude coordinates, and elevation data were 

downloaded using the ‘soilDB’ R-package, which extracts information from publicly available 

online soil databases (Beaudette et al. 2021). Data was acquired for all available soil profiles in 

MLRA 30, 40, 41, 42, which returned a total of 317 profiles. Previous research has found that six 

main subsurface soil types are common throughout the study region – sand, loamy sand, sandy 

loam, loam, sandy clay loam, and clay loam (Shepard et al. 2015). Given the importance of 
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subsurface soil texture on above ground vegetation production (Shepard et al. 2015), the 

acquired data was filtered to contain complete records of the necessary information needed for 

modeling (i.e. % sand, % silt, % clay, and soil physical parameters) for only these subsurface soil 

types. To ensure a representative sampling distribution of the study region and to maximize 

computational efficiency for the scope of this study, the remaining dataset was filtered so that an 

equal amount (n=10) of each subsurface soil type (n=6) were selected within each MLRA (n=4). 

Therefore, a total of 240 study sites were selected across the study region (i.e. 10 of each soil 

type x 6 soil types x 4 MLRAs = 240 study sites). 

Using study-site-specific latitude and longitude coordinates acquired during the previous 

step, daily meteorological records were retrieved using the Gridded Surface Meteorological 

(gridMET) dataset (Abatzaglou 2013). GridMET combines gridded data from PRISM (Daly et 

al. 2008) with coarse regional reanalysis satellite data from the Land Data Assimilation System 

(LDAS) to produce a spatially and temporally continuous meteorological dataset for the United 

States at a 4x4km resolution. Notably, GridMET provides wind, relative humidity, and 

shortwave radiation at a daily scale, which are needed to estimate daily PET using the Penman-

Monteith method in the HYDRUS model (Allen 1998). At each study site, daily records were 

downloaded from 1/1/1979 – 7/17/2021. The acquired GridMET variables are shown in Table 1.       

Modeling 

Daily matric potential data was simulated for all 240 locations using HYDRUS-1D, a 

deterministic modeling software designed for simulating water movement in a one-dimensional 

variably saturated porous media (Simunek et al. 2005). A unique modeling simulation was 

conducted at each study location using the acquired meteorological and soil profile information. 

Simulation profile simplifications were made to allow for more straightforward interpretation of 
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model output. A single, homogeneous soil layer extending from 0-200cm was used, with the soil 

type being based on the subsurface ‘B-horizon’ due to its regulation of vegetation production in 

dryland soils (Shepard et al. 2015). A generalized root profile based on typical dryland 

vegetation was used to simulate transpiration in the top 200cm of the soil, with root 

concentration declining in an exponential pattern with depth (Jackson et al. 1996). PET was 

estimated using the Penman-Monteith equation (Allen 1998). To account for initial conditions 

influencing model output, a ‘spin-up’ was included at the beginning of each model simulation 

that consisted of the first 10 years of gridMET data specific to each site (i.e. 1-1-1079 through 

12-31-1988). These 10 years were removed from model output post simulation. For more 

information on model setup, see McKellar 2022.  

Matric Potential Index (MPI) 

Model output consisted of daily matric potential values at 5cm intervals (‘depth node’) 

from 0-200cm. A matric potential index (MPI) was created at each depth node using a similar 

methodology to the SPI and SPEI. Daily matric potential values were aggregated into monthly 

median values. To force these values to fit a standard normal distribution, a transformation was 

applied using a Pearson-III function from the ‘fitSCI’ R-package (Gudmundsson and Stagge 

2016). The resulting time series of z-score values convey the monthly frequency and magnitude 

of matric potential surpluses and deficits at each depth node. Unlike the SPI and SPEI, the MPI 

is not multiscalar as it already contains the soil water memory inherent to soils at increasing 

depth. In other words, the MPI is always being calculated at a 1-month timescale.  

Drought index – MPI Correlations 

To study the relationship between multiscalar index timescale and soil water availability 

at different depths, each timescale of the SPI and SPEI were aligned with each depth of the MPI. 
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Conceptually, the depth-timescale relationship should be linear to some degree at shallow depths 

and become more non-linear at deeper depths (figure 2). At shallow depths, soil water 

availability will more closely match precipitation inputs. However, soil factors such as texture, 

root water uptake, and soil evaporation will impact infiltration and water movement through the 

profile. Thus, the linear timescales of the multiscalar indices will become more misaligned with 

the non-linear movement of soil water through the soil profile at deeper depths (figure 2).  

Using the ‘corr.test’ function in R, Pearson correlation values were calculated between 

time series of the multiscalar indices at timescales of 1-24 months and time series of the MPI at 

5cm intervals from 0-200cm for all study sites. The average (n=240) correlation between each 

multiscalar index timescale and MPI depth node was evaluated so a general relationship between 

timescale and depth could be defined. Furthermore, a linear model was fit between each time 

series of the multiscalar indices at timescales of 1-24 months and each time series of the MPI at 

5cm intervals from 0-200cm for all study sites. For this, the SPI or SPEI were treated as the 

independent variable and the MPI as the dependent variable. The root mean squared error 

(RMSE) was computed from each study site’s linear regression model was used to evaluate bias 

of the multiscalar indices. The average (n=240) RMSE and MBE for all study sites was used to 

characterize the role of error and bias when using different multiscalar index timescale to 

approximate different MPI depths. The role of soil type was characterized using the same 

correlation and linear model methodology described. However, study sites were subsetted and 

averaged by soil type (n=60) instead of as all sites.  

RESULTS AND DISCUSSION 

Average Pearson correlation values between the multiscalar indices and MPI for all study 

locations (n=240) are shown in Figure 3. Each box of the gridded layout is color coded to 
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represent the average correlation value between the y-depth MPI and x-timescale SPI (figure 3a) 

or SPEI (figure 3b) at all 240 study sites. The black-dashed line is plotted through the highest 

correlating timescale at each depth, hereby referred to as the Highest Correlation Line (HCL). 

Boxes are only plotted for correlations where p-values <0.05. Grey boxes toward the bottom of 

figure 3a and 3b indicate that no strong relationship between the MPI-SPI and MPI-SPEI exists 

at these depths.   

Observing the HCL between the SPI and MPI reveals a negatively sloped relationship, 

where the highest correlating SPI timescale increases with MPI depth (figure 3a). At shallow 

depths and short timescales, this relationship is highly linear (i.e. 1:1). At depths below 80cm 

and timescales longer than 14 months, the HCL is still linear but with a shallower slope. The 

highest average (n=240) correlating value with p<0.05 along the HCL is 0.73 and occurs 

between the 5cm MPI and 2mo SPI. The lowest average correlating value with p<0.05 along the 

HCL is 0.68 and occurs between the 95cm MPI and 24mo SPI. Therefore, a 0.05 decline in 

correlation values is observed between the best and worst correlating timescales along the HCL. 

A negatively sloped relationship is also observed for the HCL between the MPI and SPEI 

(figure 3b). However compared to the SPI, the HCL slope is steeper and less linear at shallow 

depths (i.e. not 1:1). At depths below 80cm and timescales longer than 13 months, the HCL is 

still linear but has shallower slope. The highest average (n=240) correlating value with p<0.05 

occurs between the 5cm MPI and 2mo SPEI with a value of 0.73. The lowest average correlating 

value with p<0.05 occurs between the 105cm MPI and 24mo SPEI with a value of 0.62. 

Therefore, a 0.11 decline in correlation values is observed along the HCL between the highest 

and lowest correlating timescale-depth pairing. 
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Along the HCL, correlation differences between the SPI-MPI and SPEI-MPI are small. 

When comparing differences between figure 3a and 3b (i.e. [MPI-SPI] – [MPI-SPEI]), the SPI 

produces equal to slightly higher correlation values (0 ~ 0.06) with the MPI at all timescale-

depth pairings along the respective HCL compared to the SPEI. Notably, SPEI-MPI correlation 

values are slightly weaker than those of the SPI-MPI. However, when comparing the SPI-HCL 

and SPEI-HCL across the same depth, the SPEI tends to correlate at slightly shorter timescales 

than the SPI (figure 3a and 3b). 

For both the SPI and SPEI, the timescale-depth relationship is fairly linear from the 

surface to about 80cm. Maximum correlation values between multiscalar index timescales and 

MPI depths occur at almost a 1:1 step progression. Thus, at shallow depths, timescales of the 

drought indices scale linearly with each additional month to a deeper depth of soil water. These 

scaling results are consistent with previous studies that have attempted to align multiscalar 

indices with soil water of different depths (McEvoy et al. 2012; Sohrabi et al. 2015; Barnard et 

al. 2021).  

Error analysis between the multiscalar indices and MPI showed that average RMSE 

values along the HCL were lower (0.05~0.1) for the SPI than the SPEI, indicating that the SPI 

does a slightly better job fitting the MPI. Average (n=240) values of mean bias difference 

(MBD), which is the time series sum of the difference between daily multiscalar index and MPI 

values (sum[daily SPI – daily MPI]), showed that both the SPI and SPEI tend to slightly 

overestimate the MPI, and that differences increase with depth along the HCL. However, the 

SPEI produces near-zero bias (MBD = 0 ~ 0.01) at shallow depths and short timescales, while 

the SPI shows slight positive bias (MBD = ~ 0.07). While these differences are small, the fact 

that residual RMSE values for the SPEI are high indicate that bias differences between monthly 
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SPEI and MPI values are more random at shallow depths and short timescales. Conversely, 

lower residual RMSE values for the SPI indicate that the SPI more closely matches the MPI time 

series, but with slight positive bias between monthly SPI and MPI values.  

 It is interesting to note that the inclusion of temperature through the PET term in the 

SPEI calculation should in theory produce a more closely related monthly value to the MPI, 

which also includes evapotranspiration through the HYDRUS-1D model. However, it is clear 

from the correlation results that the inclusion of temperature does not improve the relationship 

with soil water availability compared to the SPI in the semi-arid Southwest. This is likely due to 

the SPEI using potential instead of actual evapotranspiration (AET). Average annual PET in the 

Southwest is about 2000 mm/year, while AET is closer to MAP (about 200 ~ 400 mm/year 

depending on MLRA). The MPI incorporates AET through the HYDRUS modeling by the use of 

a sink term, which is a function of the ratio of PET. The SPI effectively operates as if PET is 

equal to 0, which is closer to AET in the Southwest compared to PET. Thus, the SPI produces 

higher correlation values with the MPI compared to the SPEI in the semi-arid Southwest. This 

result is confirmatory with Afshar et al. 2022, who compared the SPI and SPEI with a satellite 

derived soil moisture index. However, it may be that the SPEI correlates higher with the MPI 

during specific seasons, as was noted by Barnard et al. 2021, but this was not examined during 

this study. Therefore, the higher correlation values between the SPI and MPI overall lead this 

study to recommend SPI usage for soil water monitoring on Southwestern drylands. 

Results by Soil Type 

Pearson correlation values between the multiscalar indices and MPI were analyzed by 

soil type to evaluate the impacts of clay percentage on timescale-depth relationships. The HCL 

between the SPI-MPI (figure 4a) and SPEI-MPI (figure 4b) for a sand (dotted) and clay loam 
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(solid) soil are shown. The HCL for loamy sand, sandy loam, loam, and sandy clay loam soil 

types are not shown for simplification reasons, as they plot between the sand and clay loam 

HCLs. Each timescale-depth pairing along the HCL is colored to represent the average 

correlation value between the soil-type-specific MPI (n=40) and multiscalar index.  

Results show that soils with less clay content produce steeper sloped and less linear (i.e. 

not 1:1) timescale-depth relationships then soils with higher clay content (figure 4). At deeper 

depths (below 80cm), the timescale-depth relationship is less linear for both soil types. However, 

clay loam HCLs have shallower slopes below 80cm compared to sand HCLs. Correlation values 

for both SPI-MPI and SPEI-MPI weaken with depth for both soil types. Comparing across the 

same depth shows soils with more clay content correlate higher and at longer timescales with the 

MPI than soils with less clay content. Additionally, comparing between the same soil type, the 

SPI produces equal to higher correlation values than the SPEI.  

Analyzing mean RMSE values by soil type shows at shallow depths (<10cm), both the 

SPI and SPEI produces approximate equal residual errors when fitting sand and clay loam MPIs 

(~0.7 RMSE). However, below 10cm, both the SPI and SPEI produces less error (lower RMSE 

values) with clay loam MPIs then sand MPIs. For the SPI, a 0.24 and 0.04 increase in RMSE 

value is observed along the HCL for sand and clay loam, respectively. For the SPEI, a 0.26 and 

0.1 increase in RMSE value is observed along the HCL for sand and clay loam, respectively. 

Thus, when comparing the same soil type, the SPI produces less error with the soil-type-MPI 

than the SPEI. However, both the SPI and SPEI produce less error with clay loam MPIs then 

sand MPIs. Evaluating MBD values shows that both the SPI and SPEI produce larger positive 

bias for sand MPIs compared to clay loam MPIs and these biases increase with depth.  
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 Correlation results by soil type demonstrate that soil type impacts the relationship 

between timescale and depth. Furthermore, error analysis indicates that soil type plays a role in 

controlling RMSE and bias. Differences in soil properties, such as hydraulic conductivity, 

between sands and clay loams are the likeliest explanation for timescale-depth relationship 

differences. Larger pore size, distribution, and interconnectivity allows for faster infiltration rates 

of sandy soils. Faster infiltrations rates will lead to shorter multiscalar index timescales 

correlating with sand MPIs then clay loam MPIs when comparing across the same depth (figure 

4). Additionally, faster infiltration rates in sandy soils will produce steeper sloped HCL 

relationships compared to clay loams (figure 4). However, faster infiltration rates create 

misalignment with the linearity of multiscalar index timescales, resulting in increased error and 

lower correlation values with deeper depth MPIs.   

Examining Differences Between Multiscalar Indices and MPI Time Series 

Case studies were conducted to better understand the differences between the drought 

indices and MPI time series produced after aligning the highest correlating multiscalar index 

timescale with the appropriate MPI depth. Monthly precipitation was aligned with time series of 

the SPI, SPEI, and MPI. An example case study for a clay loam in MLRA 40 (model #213) is 

shown in figure 5, where the 30cm MPI is aligned with the respective highest correlating 

multiscalar index timescales, 7-month SPI (corr=0.77) and 5-month SPEI (corr=0.66), based on 

the results from figure 4. Three examples of differences between the multiscalar indices and MPI 

are discussed (figure 5a – 5c).  

The documented uncertainty of estimating transformation parameters for a 

meteorological time series encountering a high number of consecutive zero precipitation months 

to fit a standard distribution is present in some SPI case studies (Gudmundsson and Stagge 2013; 
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Stagg et al. 2015). Within the ‘fitSCI’ R-package, a mixed distribution (p0=TRUE) can be used 

during the parameter estimation process to accommodate for this issue (Gudmundsson and 

Stagge 2013). However, uncertainty in the fitting parameters can persist when greater than 75% 

of months included in the SPI timescale are zero, leading to an unrealistic index value (Stagg et 

al. 2015). An example of this is shown in figure 5b, where a dry winter during 1981-82 led to 

two consecutive months (November and December 1981) where the SPI calculation contained 

greater than 75% (6 of 7 months) zeros in the timescale. This caused the SPI to differ from the 

MPI by greater than 1 stand deviation. For this case, increasing the SPIs timescale can correct for 

the fit parameter issue, but may lower the overall correlation with the MPI. Furthermore, the 

SPEI’s use of a monthly water balance removes the chance of encountering multiple zeros and 

thus does not suffer from this fit parameter issue.   

Both the SPI and SPEI are limited by their timescale length when examining a single 

time series, which can restrict their ability to match the soil water memory inherent to the MPI. 

This is especially evident at shallow depths, where timescales are limited to shorter durations of 

months. During periods of drought, multiscalar indices utilizing short timescales can become 

optimistic of drought cessation before the MPI due to recent months of above average 

precipitation. An example of this occurred during the summer of 1990 (Figure 5c), where the 

MPI was still indicating moderate drought conditions due to a previous dry spell that was no 

longer included in the SPI and SPEI timescale (7- and 5-months, respectively). For both 

multiscalar indices, above average precipitation during the summer of 1990 indicated drought 

cessation, with the SPI and SPEI overestimating the MPI by +1.5 and +2.5 standard deviations, 

respectively. Additionally, below average PET during this period caused the SPEI to 
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overestimate the MPI more than the SPI. The MPI would not indicate drought cessation until 

January 1991.  

Conversely, both the SPI and SPEI can indicate drought onset when an above average 

precipitation month is dropped from the moving timescale, but the MPI is still registering wet 

conditions. Such was the case during the spring of 2014, where both multiscalar indices indicated 

moderate drought onset following a dry winter, however the MPI remained normal due to an 

above average November 2013 (Figure 5d). In this example, both multiscalar indices began to 

indicate moderate drought onset once November was dropped from the 5mo. SPEI and 7mo. SPI 

timescales (April and June, respectively). The inherent soil water memory of the MPI still 

accounted for November 2013 and never signaled drought conditions.  

Comparing case study results of difference errors from a clay loam and sand indicate that 

both multiscalar indices can struggle matching wet conditions in soils with lower clay content 

due to faster infiltration rates. However, the same timescale issues described above persist. 

Furthermore, the unimodal and bimodal precipitation distributions of the Southwest introduce 

additional complexities, as short timescales may struggle with 1) bimodal MLRAs that receive a 

below average season following an above average season, inconsistent annual monsoon 

precipitation (i.e. MLRA 40), or an unseasonable precipitation event being dropped from the 

multiscalar index timescale.  

CONCLUSION 

This study sought to understand the relationship between multiscalar meteorological 

indices and soil water availability across the Southwestern United States. A new modeled matric 

potential index (MPI) was compared with two multiscalar meteorological indices, the SPI and 

SPEI, across 240 study sites to evaluate regional timescale-depth relationships. The highest 
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correlating multiscalar index timescale at each depth of the MPI, referred to as the highest 

correlation line (HCL), was characterized, allowing for the full index-timescale to MPI-depth 

continuum to be defined. Furthermore, the impacts of soil type on these relationships were 

assessed, resulting in unique soil type HCLs. Differences between time series of the highest 

correlating multiscalar index timescale and MPI at different depths were analyzed to understand 

the errors that can exist between multiscalar indices and matric potential. For simplicity, 

conclusions from this study are limited to discussing the highest correlating multiscalar index 

timescale for each depth of the MPI, referred to as the highest correlation line (HCL).    

At shallow depths (<80cm), maximum correlating values of each MPI depth occur at 

almost a 1:1 step progression with multiscalar index timescales. Therefore, at shallow depths, 

timescales of the drought indices scale linearly with each additional month to a deeper depth of 

soil water. These scaling results are consistent with previous studies that have attempted to align 

multiscalar indices with soil water of different depths (McEvoy et al. 2012; Sohrabi et al. 2015; 

Barnard et al. 2021). At depths below 80cm, the slope of the relationship between timescale and 

depth becomes less linear and shallower as the linear timescales of the multiscalar indices 

struggle to match the non-linear complexities of water movement at deeper depths.  

On average across all sites, the SPI produces equal to higher correlation values and equal 

to lower RMSE values for all depth-timescale pairings along the HCL compared to the SPEI. 

Assessing error bias shows that both the SPI and SPEI produce near zero to slight positive bias 

compared to the MPI and that bias increases with depth. This analysis indicates that the SPI 

better matches MPI variability compared to the SPEI. Lower correlation values between the 

SPEI and MPI are attributed to the SPEI using potential instead of actual ET. 
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Soil type impacts the relationship between timescale and depth. Both the SPI and SPEI 

produce higher correlation values and lower RMSE values when aligned with clay loam MPIs 

than sand MPIs. However, the SPI produces higher correlations overall with the MPI than the 

SPEI when comparing between the same soil type. A more linear relationship (i.e. 1:1) between 

multiscalar index timescales and MPI depth is observed for clay loam soils compared to sandy 

soils. Furthermore, the HCL slope of sandy soils is steeper than that of clay loam soils. This 

change in slope is attributed to the difference in infiltration rates between sand and clay loam 

soils. It should be noted that the HCL of other soil types lie in between the steepest sloped HCL 

(sand) and shallowest sloped HCL (clay). Therefore, the slope of the relationship between 

timescale and depth decreases (i.e. becomes shallower) with increasing clay content.  

Case studies revealed that difference errors produced by the SPI and SPEI were caused 

by timescales being unable to match the inherent soil water memory of the MPI. Common 

negative errors (underestimation) occur when both multiscalar indices begin to signal drought 

onset while the MPI does not due to an above average precipitation month being removed from 

the index calculation. Conversely, common positive errors (overestimation) occur when both 

multiscalar indices signal drought cessation following a long dry spell due to the addition of 

above average precipitation months introduced into the index calculation. These scenarios can 

lead to both positive and negative errors, explaining why bias is near zero. However, the slight 

positive bias lean means more instances of overestimation. 

Overall, correlation results from this study indicate that both the SPI and SPEI can match 

soil water availability at shallow depths when using the appropriate timescale. However, the SPI 

correlates higher and produce less error with the MPI than the SPEI. This finding is consistent 

when observed by soil type. Thus, it is clear that the inclusion of temperature through the PET 
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component in the SPEI calculation does not improve the ability to approximate soil water 

availability in the semi-arid Southwest compared to using just monthly precipitation totals. This 

is due to the SPEI’s use of potential ET, which is often much greater than actual ET in the 

Southwest. The SPI, which excludes potential ET (i.e. PET=0), produces higher correlations with 

the MPI due to the MPI incorporating actual ET (which is closer to 0 than potential ET) through 

the HYDRUS modeling. However, McEvoy et al. 2012 concluded that the SPEI showed slightly 

higher correlations over the SPI when used to evaluate streamflow, lake, and reservoir levels. 

These water sources operate on longer timescales (18 to 48 months) than the shallow soil water 

evaluated for this study, explaining the differences in conclusions. It is therefore that this study 

recommends SPI usage for shallow (<80cm) soil water monitoring on Southwestern drylands. 

This study laid the groundwork for understanding the relationship between multiscalar 

meteorological drought index timescales and soil water availability at different depths for the 

Southwestern United States. Further research is needed to evaluate changes of the timescale-

depth relationship for 1) the of introduction of multiple soil layers into the modeling soil profile, 

2) impacts of runoff on precipitation inputs, and 3) vegetation changes on PET estimation. Future 

work will also need to investigate the relationship between the multiscalar indices and MPI by 

the modal precipitation distribution of each MLRA. During our investigation, we found evidence 

that not only did the timescales of the multiscalar indices vary by depth, but also by month. 

Future work will need to investigate if using a single timescale is the optimum strategy for best 

matching soil water availability or if more flexible approach that allows timescales to vary 

monthly is needed. Regardless, results from this study show that the use of a single index 

timescale can be a good proxy of shallow soil water values for the Southwest.   
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Given their common usage for drought monitoring for the Southwestern United States, it 

is important to understand the relationship between multiscalar meteorological drought index 

timescale and soil water availability at different soil depths. This study contributed to this effort 

by showing the timescale-depth relationship operates on a 1:1 step progression for shallow 

depths. This result will allow for improved versatility and useability of the SPI and SPEI when 

evaluating drought conditions in dryland ecosystems. Furthermore, the findings of how soil type 

impacts the timescale-depth relationship will aid index users in making better informed decisions 

about land management activities. As future climate change exacerbates drought duration and 

intensity in the Southwest, making better use of readily available and simple to use indices, like 

the SPI and SPEI, is important for drought planning, mitigation, and adaptation. 

 

 

 

 

 

 

 

 

 

 

 

 

 



130 
 

FIGURES AND TABLES 

 

 

 

 

 

 

 

 

 

Figure 1: Subsurface soil type for each study location (n=240) acquired using the ‘soilDB’ R-

package (Beaudette et al. 2021). Subsurface soil types were selected based on their regional 

popularity and control over dryland vegetation productivity (Shepard et al. 2015). A total of 10 

of each soil type were selected from each MLRA.  
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Table 1: Downloaded gridMET Variables Used In HYDRUS-1D Modeling 

Meteorological Variable Download GridMET Unit Converted HYDRUS Unit 

Precipitation mm cm 

Temperature K C 

Wind m/s km/day 

Relative Humidity % % 

Mean Shortwave Radiation W/m2 MJ/m2/day 
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Figure 2: Conceptual figure demonstrating the alignment of linear SPI timescales (top) with 

non-linear depths of the MPI (bottom) for a loam soil (model #121; MLRA 30). At shallow 

depths, the MPI should correlate highly with short timescales in a more linear fashion. At deeper 

depths, the MPI should align with longer SPI timescales but with lower correlation values as 

the linear index timescales struggle to match the non-linearity of water movement in the soil 

profile. The same concept applies between the MPI and SPEI.   
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Figure 3: General timescale-depth relationship between the SPI – MPI (left) and SPEI – MPI 

(right). Each grid cell represents the mean Pearson correlation value between the time series of 

the X-timescale SPI or SPEI and time series of the Y-depth MPI of all 240 study locations. 

Grayed-out grid cells represent instances when the resulting p-value from the Pearson 

correlation between the multiscalar index timescale and MPI was not statistically significant 

(p>0.05).   
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Figure 4: The highest correlation line for sand (dotted) and clay loam (solid) variants of the 

MPI and the SPI (4a) and SPEI (4b). The HCL for loamy sand, sandy loam, loam, and sandy 

clay loam are not plotted for simplification, as they plot between the sand and clay loam HCL. 

Each depth-timescale point along the HCL is the mean correlation value (n=40) between the 

soil type variant MPI (circle = sand; square = clay loam) and SPI (4a) or SPEI (4b).  
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Figure 5: Case study examining remaining errors produced after aligning the 7mo. SPI and 

5mo. SPEI with the 30cm MPI for a clay loam (model #213; MLRA 40). Monthly precipitation 

and index values are shown in figure 5a. Three examples of errors between the multiscalar 

indices and MPI are highlighted. When the SPI encounters consecutive months with greater 

than 75% zeros in its index calculation, an unrealistic value can occur (5b). Additionally, the 

timescale length can limit the multiscalar indices’ ability to properly capture drought cessation 

when a previous dry spell is dropped from the moving timescale (5c). Furthermore, the 

timescale length can cause the multiscalar indices to signal drought onset when a previous 

above average precipitation month is dropped from the moving timescale (5d).   
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ABSTRACT 

Seasonal precipitation timing and magnitude are important for soil water recharge, which 

is the primary control on vegetation production in the Southwestern United States (‘Southwest’). 

Land managers can utilize multiscalar meteorological drought indices, like the Standardized 

Precipitation Index (SPI) or Standardized Precipitation-Evapotranspiration Index (SPEI), to 

approximate water movement in shallow soils. However, the SPI and SPEI’s use of a single 

timescale is unlikely to fully represent the intra-annual variability of soil water at different 

profile depths and a more robust approach is needed. Here, we create a timescale-varying 

drought index based on the SPI and SPEI to improve drought monitoring of soil water in semi-

arid climates with precipitation seasonality. By coupling sophisticated computer modeling, site-

specific soils information, and spatially continuous, high resolution meteorological datasets, we 

create a Matric Potential Index (MPI) at 5cm, 30cm, and 60cm for 240 sites throughout the 

Southwest. A composite index for the SPI and SPEI (‘composite indices’) is created that varies 

the timescale length during each calendar month based on the highest correlating timescale with 

the MPI during that same month. For all depths and soil types, correlation values between time 

series of the composite indices and MPI were compared with correlation values between time 

series of the SPI- and SPEI- using a traditional single timescale (‘single indices’) and MPI. 

Results show that both the composite-SPI and composite-SPEI significantly (p<0.05) improve 

correlation values with the MPI compared to when using a single timescale for all depths and soil 

types. Higher correlation values were observed between the MPI and composite-SPI compared to 

the composite-SPEI. Significant differences (p<0.05) were observed between soil types for 

shallow and deep depths, with greater improvement observed for clay loam composite indices at 

shallow depths and greater improvement for sand composite indices at deeper depths. This 
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approach demonstrates that accounting for seasonal precipitation distribution allows the SPI and 

SPEI to better approximate soil water availability over the use of a single timescale. Land 

managers can benefit from this approach by understanding general seasonal relationships 

between timescale length and soil water availability. As climate change increases water stress on 

semi-arid ecosystems, seasonal optimization of multiscalar index timescales is important for 

fully applying drought monitoring strategies to land management action.     
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INTRODUCTION 

The semi-arid climate of the Southwestern United States creates unique challenges for 

drought monitoring, as distinguishing background aridity from abnormally dry conditions can be 

difficult due to potential evapotranspiration often being greater than precipitation (Wu et al. 

2007; Crimmins et al. 2017; Wilcox et al. 2003). Furthermore, drought impacts dryland 

ecosystems in complex ways, with southwestern U.S. climate characterized as having extended 

periods of dryness intermixed with short pulses of moisture (Loik et al. 2004; Lauenroth and 

Bradford 2006). This leads to distinctive short and long-term drought onset and cessation 

patterns in soils that are tied to seasonal precipitation distribution (McKellar et al. 2022a). Land 

managers working in dryland ecosystems can benefit from using a suite of drought monitoring 

strategies to evaluate soil drought conditions and aid decision making (Gremer et al. 2015, 

Crausbay et al. 2017). Multiscalar meteorological drought indices, such as the Standardized 

Precipitation Index (SPI) or Standardized Precipitation-Evapotranspiration Index (SPEI), are 

drought monitoring tools commonly used due to simple calculation and minimal data 

requirements (McKee et al. 1993, Vicente-Serrano et al. 2009; Svoboda and Fuchs, 2016). 

Analyzing SPI and SPEI values communicates information about the timing, magnitude, and 

frequency of drought events. Notably, these indices are multiscalar, allowing for index indicator 

values to be totaled over varying monthly timescale lengths. The multiscalar aspect of these 

indices allows for the use of a single timescale to approximate water movement through different 

water sources (McKee et al. 1999), including shallow soil moisture (Sims et al. 2002; Barnard et 

al. 2021; McKellar et al. 2022b). However, given the importance of seasonal precipitation 

timing, magnitude, and frequency for plant productivity (Jenerette et al 2010; Hottenstein et al. 

2015; Li et al. 2022), the use of a single timescale is unlikely to fully represent the seasonal 
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variability of soil water at depth and a more robust approach is needed (McKellar 2022a; 

McKellar 2022b). Climate change is projected to increase water stress on dryland ecosystems, 

and thus understanding the relationship between multiscalar index timescales and intra-annual 

precipitation variability is important for making full use of these drought monitoring strategies 

(Romero-Lankao et al. 2014).        

Seasonal precipitation timing and magnitude are important for soil water recharge, which 

is the primary control on vegetation dynamics in dryland ecosystems (Noy-Meir 1973; Hadley 

and Szarek 1981; Neilson et al. 1992; Wilcox et al. 2003; Jenerette et al. 2010; Hottenstein et al. 

2015). Tracking soil water availability at different depths is thus key for understanding overall 

ecosystem health (Lauenroth and Bradford 2006; Schlaepfer et al. 2012; Biederman et al. 2018; 

Barnard et al. 2021). The lack of long-term, reliable in-situ soil moisture datasets (Robock et al. 

2005; Dorigo et al. 2011) have led to alternative approaches for tracking soil water availability, 

including the use of multiscalar drought indices (Sims et al. 2002; Wang et al. 2015). Recent 

studies have combined hydrological modeling with spatially continuous, high temporal 

resolution climate datasets to simulate soil water availability at different depths on a more 

regional scale, allowing for broader analysis of the soil water depth – multiscalar index timescale 

continuum (Barnard et al. 2021; McKellar et al. 2022b). These studies have established the 

general relationship between multiscalar index timescale and soil water availability at different 

depths, but have been limited to using a single timescale at each depth (Barnard et al. 2021; 

McKellar et al. 2022b). With seasonal precipitation distributions controlling drought patterns 

across the southwestern United States (McKellar et al. 2022a), the use of a single timescale can 

restrict the ability of multiscalar indices to accurately portray soil water availability during 
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specific seasons (McKellar et al. 2022b). Thus, matching multiscalar index timescales with 

monthly timing of precipitation can benefit drought monitoring efforts on drylands. 

Here, we evaluate an approach to create a monthly composite multiscalar index for the 

SPI and SPEI, respectively, to better approximate intra-annual soil water variability for 240 

study locations across the Southwestern United States. By allowing the drought index timescale 

length to vary from month to match to match a locations seasonal precipitation distribution, the 

composite index can theoretically better track soil water variability at specific depths. To 

approximate soil water availability, daily matric potential values are simulated by coupling 

sophisticated computer modeling, site-specific soils information, and spatially continuous, high 

resolution meteorological datasets at 240 study locations throughout the Southwest. A monthly 

Matric Potential Index (MPI) is created for 5cm, 30cm, and 60cm at each study site and 

correlated with SPI and SPEI time series for timescales of 1-24 months. A composite index is 

created that uses the highest correlating timescale with the MPI for each month. Correlation 

values between the multiscalar composite indices and MPI are compared with correlation values 

of the multiscalar indices using a single timescale and MPI. Results are evaluated by index, 

depth, and soil type. Lastly, error differences between the MPI, composite multiscalar indices, 

and single timescale multiscalar indices are evaluated. 

MATERIALS AND METHODS 

Study Area 

The study defines the Southwestern United States, hereby referred to as the ‘Southwest’, 

as the Mohave, Sonoran, and Chihuahuan deserts, which stretch from southern California to 

southwest Texas and north of the United States-Mexico border. The United States Department of 

Agriculture (USDA) divides land into a hierarchy system based on land usage, resource 
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management, environmental conservation, and agricultural planning (Salley et la. 2016). The 

primary organization unit of this hierarchy is the Major Land Resource Area (MLRA), which are 

geographically associated land units that share similar physiography, geology, climatology, 

hydrology, soils, biology, and land use (Austin 1965; Salley et al. 2016). The United States is 

subdivided into 278 MLRAs, which encompass large areas and are important for state and local 

level agricultural planning, drought monitoring, and ecosystem management. This study 

specifically focuses on MLRA 30 (Sonoran Basin and Range), MLRA 40 (Central Arizona Basin 

and Range), MLRA 41 (Southern Arizona Basin and Range), and MLRA 42 (Southern Desertic 

Basins, Plains, and Mountains), hereby referred to as the ‘study region’, – which together are 

part of LRR D (Western Range and Irrigated Region) (Austin 1965). 

 The study region can be characterized as having short pulses of moisture followed by 

extended periods of dryness, with potential evapotranspiration often being significantly greater 

than precipitation (Wilcox et al. 2003; Lauenroth and Bradford 2006). Each MLRA within the 

study region has a unique seasonal precipitation distribution that creates a gradient from west to 

east (figure 1). Western areas (MLRA 30) receive most precipitation during the ‘cool season’ 

(fall and winter months) (figure 1, dark grey) and eastern areas (MLRA 42) receive most 

precipitation during the ‘warm season’ (spring and summer months) (figure 1, light grey), 

resulting in a unimodal precipitation distribution (figure 2a and 2d). Central areas (MLRA 40 

and 41) receive precipitation during both cool and warm seasons, creating a bimodal 

precipitation distribution (figure 2b and 2c). Each MLRA receives different mean annual 

precipitation totals (MAP), with MLRA 41 receiving the highest MAP (370mm) and MLRA 30 

receiving the lowest MAP (197.5mm) (figure 2a-d). MAP and seasonal precipitation distribution 
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of each MLRA control drought onset and cessation patterns (McKellar et al. 2022a), and thus it 

is important to account for these factors when using different drought monitoring tools. 

 The study region is comprised of six main soil types – sand, loamy sand, sandy loam, 

loam, sandy clay loam, and clay loam (Shepard et al. 2015) (figure 1). Due to subsurface soil 

texture being a primary control on aboveground vegetation productivity, we assign the 

subsurface ‘B-horizon’ from each study location’s soil profile as the primary soil type during 

modeling (see section Modeling). Previous work has established that soil type influences the 

relationship between multiscalar index timescale and soil water depth in the Southwest, with 

soils containing higher percentages of clay correlating at longer timescales (McKellar et al. 

2022b). It is therefore important to account for soil type when creating the composite index to 

accurately represent differences in soil water availability.  

Data 

Soils information, elevation, and latitude and longitude coordinates were acquired for the 

MLRA 30, 40, 41, and 42 using the ‘soilDB’ R-package, which collects information from openly 

available online soil databases (Beaudette et al. 2022). A total of 317 complete soil pedons were 

returned with necessary records of percent sand, silt, and clay, and soil hydraulic parameters 

needed for modeling. To ensure a representative sampling distribution of the study region and to 

maximize computational efficiency for the scope of this study, the remaining dataset was filtered 

so that an equal amount (n=10) of each subsurface soil type (n=6) were selected within each 

MLRA (n=4). Therefore, a total of 240 study sites were selected across the study region (i.e. 10 

of each soil type x 6 soil types x 4 MLRAs = 240 study sites).  

The latitude and longitude coordinates associated with each soil profile were used to 

acquire meteorological information using the Gridded Surface Meteorological (gridMET) dataset 
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(Abatzaglou 2013). By combining gridded data from PRISM (Daly et al. 1994) with coarse 

regional reanalysis satellite data from the Land Data Assimilation System (LDAS), gridMET 

produces spatially and temporally continuous meteorological dataset for the United States at a 

4x4km resolution. Daily records of precipitation, temperature, wind, relative humidity, and mean 

shortwave radiation were downloaded for each study location from 1/1/1979 – 7/17/2021. 

Notably, gridMET contains the necessary information to estimate daily PET using the Penman-

Monteith method (Allen 1998), which allows for more accurate water balance calculations 

during soil moisture modeling.   

The Standardized Precipitation Index (SPI) 

The Standardized Precipitation Index (SPI) uses monthly precipitation totals to convey 

the frequency of wet and dry periods as a time series of z-score values, where positive values 

represent water surplus and negative values represent water deficits (McKee et al. 1993). The 

SPI can be calculated at a variety of timescales for period t-months, which sums monthly 

precipitation totals during for the chosen interval (McKee et al. 1993). This ‘multiscalar’ aspect 

allows the SPI to approximate water movement through different hydrologic reservoirs (i.e. soil 

or ground water) depending on the timescale length, with shorter timescales representing soil 

water and longer timescales representing ground water (Svoboda and Fuchs 2016).  

Due to monthly precipitation totals often not being normally distributed, data must 

undergo a transformation process to better approximate a standard normal distribution before an 

index time series is produced. This study uses the ‘fitSCI’ R-package, which forces time series of 

environmental data to take the shape of a standard normal distribution by estimating fit 

parameters for different available maximum likelihood probability distributions (Gudmundsson 

and Stagge 2016). Monthly precipitation values for timescales from 1-24 months were entered 
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into the ‘fitSCI’ function to estimate the transformation parameters needed to approximate a 

gamma distribution. The found parameters for each timescale were entered into the 

‘transformSCI’ function, which applied the transformation to the precipitation data. The output 

of z-score values represents the number of standard deviation units an occurrence of t-month 

total precipitation falls from the historical mean. Thus, at each study location, a total of 24 SPI 

time series were created with each representing a timescale of 1-24 months.  

The simple calculation and use of monthly precipitation makes the SPI an attractive 

option for land managers looking to approximate drought conditions but are limited by data 

availability (Svoboda and Fuchs 2016). Furthermore, the standardization process allows SPI 

values from different locations to be compared, as both values represent the same probability of a 

precipitation event occurring with respect to the period of record (McKee et al. 1993). However, 

the SPIs exclusion of temperature, which is important for PET and monthly water balance, can 

sometimes limit the comparison of SPI values from different locations that occurred under 

different temperature scenarios (Svoboda and Fuchs 2016). Additionally, uncertainty when 

estimating transformation parameters during the standardization process can occur when a high 

number of zero precipitation months are included in the SPI timescale, resulting in an unrealistic 

SPI value being portrayed (Gudmundsson and Stagge 2016; Stagg et al. 2015; Wu et al. 2007). 

The ‘fitSCI’ R-package allows for a mixed distribution (p0=TRUE) to be used during the 

transformation parameter estimation process to accommodate for this issue, however uncertainty 

can still exist when greater than 75% zeros are included in the SPI timescale (Gudmundsson and 

Stagge 2013; Stagg et al. 2015). Despite these deficiencies, the SPI is a powerful tool that is easy 

to use and has the multiscalar flexibility to evaluate drought of different hydrological reservoirs 

(Svoboda and Fuchs 2016).   
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The Standardized Precipitation Evapotranspiration Index (SPEI) 

 Building on the SPI, the Standardized Precipitation Evapotranspiration Index (SPEI) adds 

a temperature component to the index calculation, allowing for the impacts of PET on drought 

conditions to be evaluated (Vicente-Serrano et al. 2009). By using monthly mean temperature 

values, PET can be estimated using the Thornthwaite method (Thornthwaite 1948). A monthly 

water balance is calculated by subtracting PET from precipitation, which the SPEI uses as the 

basis for the index input (Vicente-Serrano et al. 2009). The resulting time series of z-score values 

represents the frequency and magnitude of wet and dry periods, where positive values represent 

water surplus and negative values represent water deficits. The SPEI can be calculated at a 

variety of t-month timescales, which sum water balance totals for the chosen t-interval (Vicente-

Serrano et al. 2009). This allows the SPEI to evaluate water balances of different hydrologic 

reservoirs, like shallow soil water or groundwater (Svoboda and Fuchs 2016).  

 The SPEI uses a similar methodology to the SPI to calculate index values. Due to water 

balance values not often being normally distributed, a transformation process must be applied 

using the ‘fitSCI’ R-package (Gudmundsson and Stagge 2016). Monthly water balance values 

for timescales from 1-24 months were entered into the ‘fitSCI’ function to estimate the 

transformation parameters needed to approximate a generalized extreme value (gev) distribution. 

Parameters for each timescale were then entered into the ‘transformSCI’ function, which applied 

the transformation to the water balance data. The resulting z-score values represent the number 

of standard deviation units an occurrence of t-month total water balance falls from the historical 

mean. At each study locations, 24 SPEI time series were created, each representing a timescale 

of 1-24 months.  
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 While the inclusion of PET allows the SPEI to evaluate the impacts of temperature on 

drought conditions (Vicente-Serrano et al. 2009), it comes at the expense of needing additional 

data and the choice of method used to estimate PET. Inconsistencies between SPEI values has 

been observed when using different methods of PET estimation (Stagge et al. 2014, Beguería et 

al. 2014). Here, we use the Penman-Monteith method to estimate PET, with its inclusion of 

wind, relative humidity, temperature, and solar radiation allow it to more accurately estimate 

PET compared to other methods (Allen 1998; Majumder and Kumar 2019). Furthermore, the 

Penman-Monteith method was used during soil modeling, which allows for more direct 

comparison between SPEI and MPI values (see section Modeling).   

HYDRUS-1D Modeling 

HYDRUS-1D, a deterministic modeling software designed for simulating water 

movement in a one-dimensional variably saturated porous media (Simunek et al. 2005), was used 

to simulate daily soil water availability at each study location. Each model consisted of a single, 

homogeneous layer of soil from 0-200cm, which was based on the subsurface ‘B-horizon’ at 

each location due to its control on dryland vegetation dynamics (Shepard et al. 2015). A 

generalized southwestern root profile, based on Jackson et al. 1996, used to simulate 

transpiration, with root concentration declining in an exponential pattern from 0-200cm. Using 

the acquired girdMET data, PET was estimated using the Penman-Monteith method (Allen 

1998). Daily records of the acquired gridMET were entered into the model. Model output 

consisted of daily matric potential values from 1/1/1979 – 7/17/2021. For more information on 

model setup, see (McKellar 2022d).  
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The Matric Potential Index (MPI) 

 Using the same methodology as the SPI and SPEI, a new Matric Potential Index (MPI) 

was created for 5cm, 30cm, and 60cm at all 240 study locations. Model output of daily matric 

potential values were aggregated into monthly median values. Like monthly precipitation and 

water balance values of the SPI and SPEI, respectively, monthly matric potential values are not 

normally distributed and must undergo a transformation process to fit a stand normal 

distribution. Using the ‘fitSCI’ R-package, monthly matric potential values for each depth were 

entered into the ‘fitSCI’ function. Of the probability distributions available through the ‘fitSCI’ 

R-package, it was determined a Pearson Type-III distribution produced optimum normality for 

monthly matric potential values. The transform parameters for each depth were entered into the 

‘transformSCI’ function, which applied the transformation to the monthly matric potential data. 

The resulting time series of z-score values (hereby referred to as the 5cm-MPI, 30cm-MPI, and 

60cm-MPI) represents the number of standard deviation units an occurrence of monthly median 

matric potential lies from the mean. Unlike the SPI and SPEI, the MPI is not multiscalar due to 

soil memory being incorporated into HYDRUS-1D modeling. In other words, the MPI is always 

being calculated at a ‘1-month’ timescale.  

Composite Timescale Multiscalar Drought Index – MPI Correlations 

 At each location, a monthly composite multiscalar index was created for the SPI and 

SPEI, hereby referred to as the composite-SPI and composite-SPEI, or ‘composite indices’ when 

referred to together, which are designed to better track intra-annual precipitation variability 

within each MLRA (figure 2). Time series of SPI and SPEI values from 1-24 months were 

aligned with time series of the 5cm, 30cm, and 60cm MPI. Pearson correlation values were 

calculated between monthly values of each multiscalar index timescale and depth of MPI. For 
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example, a Pearson correlation value was calculated between the January values of the 5cm MPI 

and 1mo SPI (or SPEI); and next for January values of the 5cm MPI and 2mo SPI, and so forth 

for timescales up to 24 months. The highest correlating timescale of those 24 months was chosen 

for January and the process was repeated for the remaining months through December. This 

methodology resulted in a unique multiscalar index timescale for each calendar month that best 

represented the associated monthly MPI values (figure 2). Next, 12 SPI time series, were 

computed using the highest correlating timescales for each month found during the previous step. 

Using a monthly timestep, a new ‘composite’ time series was constructed that selected the 

corresponding monthly multiscalar index value from each time series. This creates a complete 

timescale-varying drought index time series for the study period of record.   

 Monthly correlation values between the SPI at timescales from 1-24 months and clay 

loam MPIs at 5cm (2e-h) and 60cm (2i-l) are shown with each MLRAs climatology (2a-d) in 

figure 2. The single-SPI (dashed) and composite-SPI (solid) show the differences in approach to 

using multiscalar indices with a single timescale and monthly varying timescale (i.e. composite). 

At each study location, the single highest correlating SPI and SPEI timescale from 1-24 months, 

hereby referred to as the single-SPI and single-SPEI, was recorded for the 5cm, 30cm, and 60cm 

MPI. These correlation values were compared with correlation values between the composite 

indices and 5cm, 30cm, and 60cm MPI to evaluate improvement. 

RESULTS AND DISCUSSION 

 Correlation values from each study location (n=240) between the single indices, 

composite indices, and MPI at 5cm, 30cm, and 60cm are shown in figure 3. Higher correlation 

values are observed for the composite-SPI and composite-SPEI compared to the single-SPI and 

single-SPEI, respectively. Paired Wilcoxon tests were performed to evaluate significance 
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differences between group median values. Both the composite-SPI and composite-SPEI 

significantly improve (p<0.05) correlation values with the MPI at all observed depths compared 

to when using a single timescale (figure 3). It should be noted that median correlation values 

increase with depth when observing the single-SPI; however, this is not observed for the single-

SPEI, which produces lower median correlation values with increased depth. Decreased 

variability amongst MPI values at 30cm and 60cm can lead to closer alignment with longer 

multiscalar index timescales, producing higher correlations at a site-to-site comparison 

(McKellar et al. 2022b). Additionally, the SPI produces higher correlations with MPI at deeper 

depths compared to the SPEI; furthermore, the SPEI produces more error at deeper depths 

compared to the SPI (McKellar et al. 2022b). These factors result in observed differences 

between median correlation values of the SPI and SPEI with the MPI at increased depth.  

 Differences between correlation values of the composite- and single- indices with the 

5cm, 30cm, and 60cm MPI are shown in figure 4. Median correlation differences vary by depth 

when using the composite-SPI, with larger increases observed at shallow depths. Median 

correlation differences between the composite-SPI and single-SPI [Composite SPI – Single SPI] 

at 5cm and 60cm are 0.074 and 0.0367, respectively. Additionally, increased variance is 

observed in correlation differences between the composite and single SPI at 5cm, indicating 

larger variability in composite improvement compared to deeper depths. Conversely, no 

improvement in median correlation difference between depths is observed when using the 

composite-SPEI. Median correlation differences between the composite-SPEI and single-SPEI at 

5cm and 60cm are 0.052 and 0.05, respectively. Increased variance is observed when using the 

composite-SPEI at 5cm, with outliers gaining as much as 0.18 correlation with the 5cm MPI.  
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 Higher median correlation values are observed for the difference between the composite- 

and single-SPI compared to the composite- and single-SPEI at 5cm. Examining correlation 

values shows the SPI produces higher correlation values on a month-to-month comparison over 

the SPEI, allowing for greater improvement when using the composite-SPI. Additionally, the 

SPEI has lower correlation with the MPI at shallow depths (McKellar et al. 2022), which likely 

restricts composite-SPEI improvement at 5cm. At 30cm and 60cm, differences in soil hydraulic 

conductivity due to soil texture, seasonal precipitation frequency and timing, and root water 

uptake can distribute water throughout the soil profile. Furthermore, autocorrelation of longer 

timescales becomes a factor, as monthly overlap between timescales increases. Soil water 

distribution and autocorrelation lead to multiple timescale lengths producing high correlation 

values with the MPI (figure 2i-l). This limits the improvement in correlation value with the MPI 

when using the composite indices at these depths, as a single timescale will already include high 

correlating months (figure 2i-l, dashed). Thus, using the composite to represent these depths 

becomes less advantageous than at shallow depths (i.e. 5cm).  

 Boxplots of correlation differences between the composite- and single- indices for all 

observed depths subsetted by soil type are shown in figure 5. Differences in median correlation 

value between soil types varies by depth. Paired Wilcoxon tests were performed to evaluate 

significance differences between soil type median values at each depth. Significant differences 

(p<0.05) were observed between clay loam and sandy soil types for both the SPI and SPEI at 

5cm, indicating that the composite index improves correlation values with the 5cm MPI more for 

soil types with higher clay percentages (figure 5). Additionally, significant differences (p<0.05) 

were observed between sand and clay loam soil types for both the SPI and SPEI at 60cm, 
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indicating that the composite index improves correlation values with the 60cm MPI more for soil 

types with less clay content (figure 5). 

 Soil type impacts correlation values between the single timescale multiscalar index and 

MPI, with soils that have higher percentages of clay producing higher correlations on a depth-to-

depth comparison (McKellar et al. 2022b). Comparing month-to-month correlation values of 

clay loam and sand MPIs at 5cm shows that clay loam soils produces higher correlation values 

over sandy soils (figure 2e-h and figure 6e-h). This leads to clay loam composite indices using 

higher correlation values overall when building the composite time series compared to sand 

composites. At deeper depths, temporal autocorrelation is greater for clay loam soils compared to 

sandy soils across all months, meaning that a broader range of drought index timescales correlate 

similarly with clay loam MPI time series compared to sand MPI time series (figure 2i-l and 

figure 6i-l). Thus, using a single timescale to represent clay loam soils at 60cm can produce a 

higher correlation value for the single indices and restrict composite indices improvement (figure 

2i-l). Conversely, using a single timescale to represent soil water availability of sandy soils force 

timescales with low correlation values to be included into the time series, reducing overall 

correlation with the 60cm MPI (figure 6i-l). Using the composite of sandy soil types can thus 

lead to greater improvement at 60cm over clay loam soil types.  

 In general, the use of a single timescale to approximate MPI values is often not sensitive 

enough to capture the intra-annual precipitation variability of each MLRA (figure 2). Using a 

single timescale forces months that are less representative of MPI values (i.e. June, figure 2f) to 

be incorporated into the single timescale time series, producing overall lower correlation values 

with the MPI. The composite’s ability to vary timescale monthly allows for better temporal 

resolution of soil water availability and improves correlations with the MPI for both the SPI and 
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SPEI. However, choice of multiscalar index, depth, and soil type can impact the increase in 

correlation value with the MPI when using the composite over a single timescale. Overall, the 

composite works best when used with the SPI, at shallow depths, and with soils that contain 

higher percentages of clay. At deeper depths, analyzing composite improvements are more 

nuanced as soil water distribution and autocorrelation become factors. Soil types with less clay 

content are less impacted by these factors at deeper depths and can thus gain more from 

composite usage.  

Comparison of Composite-indices, Single-indices, and MPI Time Series 

  Examining the composite indices performance against the single indices shows that by 

varying the timescale monthly, the composite indices can track soil moisture variability more 

realistically than when using a single timescale (figure 7). The 5cm MPI, 4-month single-SPI 

(highest correlating single timescale for this depth and site), and composite-SPI from July 1992 

through July 1994 are shown for a clay loam soil site in MLRA 40 (figure 7a). In July 1993, the 

4-month single-SPI produced a z-score value that was -2.5 standard deviations less than 5cm 

MPI (figure 7d). During July, the 4-month single-SPI no longer represents precipitation from the 

cool season (fall and winter), which accounts for 55% of MAP in MLRA 40 (figure 2b). 

Furthermore, NAM precipitation is historically inconsistent in MLRA 40, which can lead to 

misrepresentation of drought conditions during the early monsoon and produce uncertainty when 

selecting the highest correlating timescale with the MPI during these months (i.e. June, figure 

2f). In years when below average monsoon precipitation is observed in MLRA 40, shorter index 

timescales will cause overrepresentation of drought conditions (figure 7d) during the fore-

summer months (figure 7b). Conversely, longer index timescale will be less impacted by dry 

summer fore-months, as these timescale lengths will still represent cool season precipitation 
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(figure7c). In this case, the composite-SPI, which used a 6-month timescale during July, still 

represented precipitation from the 1992-1993 cool season (figure 7c). This caused less impact of 

absent precipitation during early monsoon (i.e. July 1993) on the composite-SPI value, which 

allowed the composite-SPI to better represent 5cm MPI values (figure 7d).   

 The 60cm MPI, 7-month single-SPI, and composite-SPI from June 2007 through 

December 2009 are shown for a sand soil in MLRA 30 (figure 7h). On two separate occasions 

during September 2008 and 2009, the 7-month single-SPI underrepresented 60cm MPI values 

(figure 7f), with the 2009 occurrence being greater than -1 standard deviation lower. MLRA 30 

has a unimodal precipitation distribution, with 70% of precipitation occurring during the cool 

season (figure 2a). On both occasions, the previous year’s cool season precipitation was dropped 

from the 7-month single-SPI timescale during September (figure 7f), causing underestimation of 

60cm MPI values. The composite-SPI, which uses an 11-month timescale during September 

(figure 7g), still captures cool season precipitation and thus better represents 60cm MPI values.    

 As previously mentioned, the SPI can produce unrealistic negative z-score values when 

encountering consecutive months with greater than 75% zeros included in the timescale 

(Gudmundsson and Stagge 2013; Stagg et al. 2015). By varying timescale length monthly, the 

composite-SPI can reduce the occurrence for this issue. The 5cm MPI, 6-month single-SPI, and 

composite-SPI for a clay loam soil in MLRA 40 are shown in figure 8d. During September, 

October, and November of 2020, the SPI encountered three consecutive months with greater than 

75% zeros included in the 6-month timescale (figure 8b), causing unrealistic single-SPI values 

that were -3 standard deviations less the 5cm MPI (figure 8d). The composite-SPI, which used a 

7-, 8-, and 10-month timescale during September, October, and November, respectively, never 
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encounter consecutive months of greater than 75% zeros in a monthly timescale (figure 8c) and 

thus better represented 5cm MPI values.  

 It should be noted that the composite-SPI did encounter two consecutive months with 

greater than 75% zeros in its monthly timescales during April and May 2021 (figure 8c). During 

these months, the composite used a 2- and 3- month timescale, respectively. In MLRA 40, spring 

months are commonly dry, and thus the 2- and 3- month timescales containing 100% zeros is not 

abnormal. Therefore, for the Southwest, it should be amended that the issue related to the SPI 

encountering zero precipitation months is relative to the season and timescale length being used 

(Wu et al. 2007).  

 While the composite often corrects for the SPI-zeros issue, instances do occur when the 

composite-SPI produces unrealistic z-score values. The 30cm MPI, 7-month single-SPI, and 

composite-SPI from January 1999 through January 2001 are shown for a loam soil in MLRA 30 

(figure 8h). Above average summer precipitation during 1999 was followed by a dry fall (figure 

8e). The composite-SPI used a 4-month timescale during December and January (figure 8g), 

respectively, to better represent intra-annual precipitation variability in MLRA 30 (figure 2a). In 

this case, as 4-month timescale no longer represented above average summer precipitation during 

1999 (figure 8e), causing multiple zeros to be included into the composite-SPI timescale (figure 

8g) and produce an unrealistic value (figure 8h). The single-SPI, which used a 7-month timescale 

(figure 8f), still captured summer 1999 precipitation, and did not encounter consecutive months 

with greater than 75% zero precipitation – allowing for better approximation of 30cm MPI 

values.  

 Cases involving the composite-SPI producing unrealistic values due to the zero’s- issue 

are rare and often circumstantial, being the result of the composite-SPI using an equal or shorter 
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timescale than the single-SPI (figure 8e-h). Nevertheless, instances due occur despite overall 

correlations between the composite-SPI and MPI being higher. Whether using the single-SPI or 

composite-SPI, instances related to the zero’s-issue are the result of some previous wet period 

being dropped from the index’s timescale, causing more recent dry conditions to be 

overrepresented compared to MPI values. Furthermore, instances of the composite indices being 

more closely aligned with MPI values compared to the single indices are the result of some 

previous wet or dry period being dropped from the single indices timescale, leading to 

overrepresentation of current conditions (figure 7). A future ‘smart-composite’ will need to 

identify a process of extending the timescale during these cases.    

 Although not detailed here, the composite-SPEI also corrects for issues related to above 

or below average PET values causing errors between MPI and single-SPEI values. In these cases, 

varying monthly timescales of the composite-SPEI can better capture PET trends compared to 

the single-SPEI. In some cases, the composite-SPEI can produce higher correlations with the 

MPI over the composite-SPI (see outliers, figure 4). However, these cases are not the norm, and 

the composite-SPI still produces higher correlations with the MPI overall (figure 3).    

CONCLUSION 

 This study created a monthly composite multiscalar index for the SPI and SPEI, 

respectively, to better approximate soil water availability at different depths for the Southwestern 

United States. Correlation values between the composite multiscalar indices and MPI were 

compared with correlation values between the single timescale multiscalar indices and MPI at 

5cm, 30cm, and 60cm for six different soil types across the 240 study locations. Results show 

that both the composite-SPI and composite-SPEI significantly (p<0.05) improve correlation 

values with the MPI compared to when using a single timescale for all depths and soil types. 
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However, both composite indices see varying amounts of improvement over the use of a single 

timescale depending on depth and soil type chosen.   

 Higher correlations are observed between MPI values and the composite-SPI compared 

to the composite-SPEI. This is due to the SPI producing higher correlations and less error with 

the MPI compared to the SPEI (McKellar et al. 2022b). At shallow depths, closer alignment with 

annual precipitation distributions produce higher monthly correlation values between the 

composite indices and MPI, allowing for greater improvement when using the composite indices 

compared to deeper depths. At deeper depths, autocorrelation between timescales restricts 

composite index improvement over the use of a single timescale.   

 Composite correlation improvement with the MPI is also impacted by soil type. 

Significant differences were observed between soil types between shallow and deep depths based 

on clay percentage. Clay loam composite indices observer greater improvement at shallow 

depths due to higher monthly correlation values with the MPI compared to sandy soils. At deeper 

depths, autocorrelation between MPI values and multiscalar index timescales is higher in clay 

loam soils, leading to greater improvement between sand composite indices and single 

timescales.        

 Time series analysis demonstrated the usefulness of the composite index’s ability to vary 

timescale length and better represent soil water availability compared to using a single timescale. 

Cases showed that errors produced between single-SPI and MPI values were caused by previous 

wet or dry periods being dropped from the moving timescale. By varying timescale length 

monthly, the composite index was able to still include these periods, producing values more 

aligned with the MPI. Additionally, the composite can correct for instances when the SPI depicts 

an unrealistic value due to consecutive months of greater than 75% zeros being included in the 
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single timescale. Although rare, instances can still occur when the composite is unable to correct 

for this issue, often being the result of the composite-SPI using a shorter monthly timescale than 

the single-SPI. Despite this, the composite most often corrects for discrepancies between the 

MPI and multiscalar indices, significantly improving correlations across all depths and soil types. 

 Overall, the approach of developing a timescale varying drought index has the potential 

to improve tracking soil water drought signals in climates with precipitation seasonality. This 

could enhance drought monitoring activities where tracking potential soil moisture drought 

impacts is critical. To fully optimize the composite indices, future work will need to focus on 

developing a smart-composite index that can better account for the remaining errors produced 

between composite and MPI values. Current errors between the composite indices are mainly 

caused by previous wet and dry periods being dropped from the moving timescale that have 

persisting effects on soil moisture values at a specified depth. Additionally, the composite-SPI, 

specifically, can still encounter instances when the moving timescale contains consecutive values 

of which greater than 75% are zeros. A smart-composite will need to recognize the occurrences 

that produce these errors and extend the timescale length accordingly. Furthermore, this study 

did not investigate the impacts of multiple soil horizons, different vegetation types, and runoff. 

Future work will need to focus on these issues to fully understand differences between composite 

and MPI values. Regardless, a timescale varying composite drought index does offer a simple 

way of enhancing the utility of the numerous efforts and platforms that already offer real time 

depictions of indices like the SPI and SPEI (e.g. Westwide Drought Tracker).  

Accounting for the seasonal precipitation distribution allowed the composite indices to 

better approximate soil water availability over the use of a single timescale. While the composite 

indices varied timescale length during each month, dryland managers can make better use of the 
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SPI and SPEI by understanding general seasonal relationships between timescale length and soil 

water availability. By using shorter timescales during rainy seasons and longer timescales during 

dry seasons, dryland managers in the Southwest can make better informed decisions about land 

management activities. Accounting for soil type and depth will further improve the ability of the 

SPI and SPEI to accurately approximate soil water availability. Given the additional stress that 

climate change will create on dryland ecosystems, fully utilizing multiscalar index timescales 

during different seasons is key to applying drought monitoring strategies to management action. 
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FIGURES 

 

 

 

 

 

 

 

 

Figure 1: Major modal precipitation season and soil type for all 240 study locations. MLRAs 

across the study region receive most precipitation during either one (unimodal) or both 

(bimodal) seasons (cool and warm), reflected by the grey color scale. Study location point shape 

represents soil type. The percent sand, silt, and clay from each study site is shown on the soil 

ternary diagram in the bottom left.    
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Figure 2: Monthly precipitation, mean annual precipitation (MAP), and seasonal rainfall 

percent of each MLRA (a-d). Mean monthly correlation values between the SPI and 5cm clay 

loam MPI (n=10) for each MLRA (e-h). Mean monthly correlation values between the SPI and 

60cm clay loam MPI (n=10) for each MLRA (i-l). The composite-SPI (solid) plots through the 

highest correlating timescale at each month, while the single-SPI (dashed) plots through the 

average best annual correlating timescale. Grey boxes represent correlation values that are less 

than 0.5 or where p>0.05. 
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Figure 3: Pearson correlation values for all study sites (n=240) between the single 

indices and composite indices with the 5cm, 30cm, and 60cm MPI.  
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Figure 4: Pearson correlation differences between the composite and single indices 

[difference = composite – single] with the 5cm, 30cm, and 60cm MPI.  
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Figure 5: Pearson correlation differences between the composite and single indices with the 

5cm, 30cm, and 60cm MPI by soil type.  
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Figure 6: Monthly precipitation, mean annual precipitation (MAP), and seasonal rainfall 

percent of each MLRA (a-d). Mean monthly correlation values between the SPI and 5cm sand 

MPI (n=10) for each MLRA (e-h). Mean monthly correlation values between the SPI and 60cm 

sand MPI (n=10) for each MLRA (i-l). The composite-SPI (solid) plots through the highest 

correlating timescale at each month, while the single-SPI (dashed) plots through the average 

best annual correlating timescale. Grey boxes represent correlation values that are less than 0.5 

or where p>0.05. 
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Figure 7: Monthly precipitation (a and e), SPI precipitation anomaly (b and f), composite 

precipitation anomaly (c and g). The 5cm MPI, 4-month single-SPI, and composite-SPI from 

July 1992 through July 1994 are shown for a clay loam soil in MLRA 40 (d). The 60cm MPI, 

7-month single-SPI, and composite-SPI from June 2007 through December 2009 is shown for 

a sand soil in MLRA 30 (h). Highest correlating timescale lengths for each month used by the 

single-SPI (b and f) and composite-SPI (c and g), with color representing correlation value with 

MPI (red = 1, blue = 0.5, grey < 0.5).  
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Figure 8: Monthly precipitation (a and e), the percent of zeros in the single-SPI timescale (b 

and f), percent of zeros in the composite-SPI timescale (c and g). The 5cm MPI, 6-month single-

SPI and composite-SPI from July 2019 through July 2021 are shown for a clay loam soil in 

MLRA 40 (d). The 30cm MPI, 7-month single-SPI, and composite-SPI from January 1999 

through January 2001 are shown for a loam soil in MLRA 30 (h). Highest correlating timescale 

lengths for each month used by the single-SPI (b and f) and composite-SPI (c and g), with color 

representing correlation value with MPI (red = 1, blue = 0.5, grey < 0.5).  
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