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ABSTRACT 

 Drought indices based on monthly precipitation and sometimes temperature are widely 

used due to their simple calculation with readily available climate data. The portrayal of drought 

through simple precipitation anomalies or water balances when accounting for temperature may 

not capture the potentially complex evolution of drought events due to the timing, intensity, and 

frequency of precipitation events at the daily scale.  In this study, we present a new drought 

index that incorporates a deterministic soil model, HYDRUS-1D, and daily climate data to assess 

how representative simple drought indices are of soil moisture status in the Southwest. 

Specifically, we compare our drought index with two widely used drought indices: the 

Standardized Precipitation Index (SPI) and the Standardized Perception-Evapotranspiration 

Index (SPEI). Modeled soil moisture output was summed into monthly values for direct 

comparison between indices. SPI and SPEI proved to be representative of soil moisture status at 

shallow depths, correlating best at a two-month window. SPI correlated higher with our modeled 

drought index than SPEI in shallow settings across all study sites. Intense drought events were 

controlled by the magnitude and frequency of precipitation, with large events creating water 

surplus and then a slow decay in soil moisture until the next large event. Furthermore, heat map 

correlations indicate that monitoring drought at depth is dependent upon the previous years 

monsoon, with the best correlating window growing with distance from monsoon onset. Modeled 

soil moisture showed volumetric water content increased during monsoon season and remained 

high through the fall and into the winter months. Higher moisture content increased hydraulic 

conductivity, priming the soil profile for winter recharge. We believe that the addition of a soil 

physics based drought index greatly improves drought monitoring conditions for the southwest.     
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1. INTRODUCTION 

1.1 Research Context  

 The United States Desert Southwest (hereby referred to as “Southwest”) is an area 

comprised of many different climates, ecosystems and societies. As of 2010, an estimated 56 

million people live within the Southwest, with that number expected to grow by 19 million by 

2030 (US Department of Commerce, Bureau of Economic Analysis). Extreme weather and 

climate events – such as drought, winter storms, monsoon floods and severe temperatures – can 

have far reaching impacts on southwestern communities, environments and economies (Garfin et 

al. 2010). Population increase and rising temperatures associated with climate change are 

expected to escalate the regions susceptibility to water resource issues over the 21st century 

(Wilconx 2010, Solomon et al. 2007). These issues can lead to prolonged periods of drought, 

arid land management issues and risk of forest fire (Garfin et al. 2010). This highlights the 

importance of understanding how limited water availability impacts the southwest.  

 Climatic regimes vary spatially across the southwest due to vast differences in 

topographic relief associated with distinct geologic settings. Areas of the upper southwest are 

less prone to lengthy periods of drought due to multiple sources of precipitation (Raymond 

2003). There are also links between seasonal precipitation and the El Nino Southern Oscillation 

(ENSO) across different parts of the southwest. Areas of the lower Southwest show increased 

summer precipitation associated with higher sea surface temperatures (SST) and warm phase 

ENSO (El Nino) (Hidalgo and Dracup, 2003). Conversely, these areas show reduced winter 

precipitation associated with cold phase ENSO (La Nina).  

 Various parameters are used to evaluate drought – like temperature, precipitation, soil 

moisture, etc. This study focuses on soil moisture, as it is dependent on multiple other factors. 
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While directly measuring soil moisture would prove to be an ideal drought monitoring approach, 

it is expensive and networks with long-term data do not exist at this point (Quiring et al. 2015). 

This has lead to the development of simple drought indices, which are indicator values that 

represent if a location is anomalously above, average or below a certain metric. Most commonly, 

these drought indices track precipitation – which has been linked as the driving metric in the 

onset, duration, intensity and end of drought (Chang and Cleopa 1991; Heim 2002). By tracking 

precipitation totals over time, climatologists can observe how wet or dry months are to the 

climate record. For example, if the month of January was abnormally wetter than average, it 

would receive a positive value meaning it was above the long-term mean for that month. If the 

month was far drier than average, it would receive a negative value. Positive values are 

interpreted as there being a surplus of water availability while negative values indicate a water 

deficit. Multiple negative values together can be an indication of drought.   

 This thesis assesses performance of simple drought indices relative to potential soil 

moisture status across the southwest. This is accomplished by using a deterministic one 

dimensional flow model (HYDRUS-1D) that incorporates both climate and soil physics to 

simulate soil moisture status. Model output of soil moisture status is compiled into a new drought 

index and compared with other simple drought indices. The addition of a physics based soil 

model should greatly improve drought-monitoring accuracy across the desert southwest. 
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1.2 Review of Drought Indices 

 

1.2.1 Palmer Drought Severity Index (PDSI) 

 The Palmer Drought Severity Index (PDSI) is the “grandfather” of drought indices. 

Developed in 1965, PDSI uses the water balance equation and incorporates prior precipitation, 

available moisture, runoff and evaporation to calculate a value based on monthly averages. Some 

issues with PDSI derive from inconsistencies between diverse climatological regions, making 

comparing PDSI values between locations meaningless (Guttman et al. 1992). Additionally, the 

spatial comparability of the western United States has been noted as “particularly poor” (Karl 

1983, 1986; Alley 1984; Heddinghaus and Sabol 1991; Wells et al. 2004). The original PDSI 

computation was calibrated for only a few climate type locations, resulting in it being deficient in 

non-calibrated sites. Wells et al. 2004 resolved this issue by replacing the averaged constants 

within the PDSI equation with values based on local climate, creating a self-calibrating PDSI 

(sc-PDSI) that could be tuned to desired locations. However, this did not resolve the main issue 

with the PDSI, which is its fixed temporal scale (9-12 months) and the habit for index values to 

be impacted by events from four years prior (Guttman, 1998). Having a fixed temporal scale 

limits the PDSI to observing long-term hydrological drought.   

 

1.2.2 Standardized Precipitation Index (SPI) 

 To resolve the temporal issue of the PDSI, the Standardized Precipitation Index (SPI) was 

developed by McKee et al. (1993, 1995) to better represent periods of wetness and dryness at 

various timescales. The SPI allows for users to select their desired timescale (1-month, 6-month, 

24-month, etc.) at which precipitation totals will be compared, allowing for multiple drought 
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types to be evaluated using the same index. Unlike the derivation for the PDSI, the SPI was 

developed to account only for deviations of monthly precipitation totals from the norm. This 

creates a time series that shows the probability of occurrence for an observed precipitation event, 

where positive values indicate water surplus and negative values indicate deficit. This is the 

designated drought index recommended by the World Meteorological Organization (WMO) for 

universal use (Hayes et al. 2011). 

 Despite improving on the PDSI, numerous issues still exist with the SPI. The most 

critical is that it only accounts for precipitation. It also ignores other variables that are known to 

influence drought – like temperature, wind, evapotranspiration (ET) and soil physics. Various 

studies have shown that temperature can have a noticeable impact on the severity of drought (Dai 

2011; Weiss et al. 2009). Qu et al. 1998 showed that increased temperatures could cause 

evaporation and transpiration rates to consume up to 80% of available water. With climate 

models showing increased temperature rise during the 21st century (Solomon et al. 2007), it is 

expected that drought conditions will increase water demand through evapotranspiration 

(Sheffield and Wood 2008). It is also shown that SPI’s exclusion of temperature results in the 

failure to record long-term changes in severity of drought that may be associated with climate 

change (Dubrovsky et al. 2009).  

 

1.2.3 Standardized Precipitation-Evapotranspiration Index (SPEI) 

 Issues with PDSI and SPI led to the creation of the Standardized Precipitation-

Evapotranspiration Index (SPEI) (Vicente-Serrano et al. 2010). SPEI is calculated in a similar 

fashion to SPI, however it uses the difference between precipitation and potential 

evapotranspiration (PET) instead of using precipitation alone. This model inherently includes 
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temperature in the calculation through the PET term, allowing SPEI to better record severity 

changes in drought caused by climate change. Additionally, SPEI has the temporal variability of 

SPI, being customizable to different timescales (1-month, 6-month, etc.). Although SPEI fixed 

the temperature issue of SPI, it still uses monthly values, restricting its use at evaluating fine 

scale drought. 

 

1.3 Thesis Format 

 This thesis presents an extensive review of the study area and model information with 

regards to the proposed drought index. Additionally, this thesis contains a summary of results 

and major conclusions from the present study. Detailed descriptions of methods used, 

assumptions, results and discussion can be found in Appendix A: Evaluating How 

Representative Simple Multiscalar Drought Indices are of Modeled Soil Moisture Across the 

Desert Southwest United States. This appendix is a manuscript in preparation for publication to a 

to be determined scientific journal. Coauthors contributed to model design, index interpretations, 

analysis and thesis and manuscript drafting.     
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2. PRESENT STUDY 

 This thesis presents a new drought index developed to assess performance of simple 

drought indices relative to potential soil moisture status across the southwest. This section covers 

issues with simple drought indices, extended review of study area, assumptions and model 

sensitivity analysis. A more detailed description of the methods used for HYDRUS modeling, 

results and discussion can be found in Appendix A: Evaluating How Representative Simple 

Multiscalar Drought Indices are of Modeled Soil Moisture Across the Desert Southwest United 

States. This appendix is a manuscript in preparation for publication to a to be determined 

scientific journal.    

 

2.1 Issues with Drought Indices 

 The semi-arid and seasonal climate of the southwestern U.S. poses unique challenges for 

accurately determining drought status across the region and throughout the year. Traditional 

drought indices, like SPI and SPEI, calculated using monthly precipitation and temperature 

values are relatively easy to interpret and utilize with respect to characterizing climatic 

anomalies (i.e. intensity of drought conditions). However, it is unclear how these indices relate to 

actual drought impacts of relevance to the region. For example, above average summer 

precipitation may lead to positive index values on precipitation alone, but may mask anomalies 

in the soil water balance that is directly related to drought impacts in dryland agriculture. 

Directly measuring soil moisture would prove to be an ideal drought monitoring approach, but is 

expensive and networks with long-term data do not exist at this point (Quiring et al. 2015).     

 Both SPI and SPEI drought indices use monthly totals to track precipitation anomalies 

(SPI) and a rough estimation of the water budget (SPEI). However, climate does not observe a 
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monthly calendar. This presents a major defect with these indices, which is their lack of moisture 

carryover from the previous month and their insensitivity to hydroclimatic extremes that can 

occur at the sub monthly scale. This is especially problematic in the arid southwest where one 

month may only have one precipitation event. Let’s assume a major precipitation event occurs on 

January 1st and another on February 28th, with no rain events in between. Both SPI and SPEI see 

these two months as above average and assign them a positive index value. In reality, January 

was mostly dry after the event on the 1st and February was completely dry until the last day. 

Further, assume that no rain occurred during the month of March. The event on February 28th 

would certainly impact soil moisture for the beginning of March however this would not be 

recorded for the March index. Both SPI and SPEI address this issue by using a longer timescale 

(i.e. 3-month), but miss the daily soil moisture variability between events.   

 The purpose of this work is to assess performance of simple drought indices like the SPI 

and SPEI relative to soil moisture status. This is accomplished by using a one dimensional flow 

model (HYDRUS-1D) that incorporates both climate and soil physics to estimate soil moisture 

status. Model output of soil moisture is compiled into a new drought index and compared with 

other simple drought indices. Temporal variability is built into the index through the soil 

component. This adds the element of soil memory – allowing moisture from previous 

precipitation events to factor into calculating soil moisture content at various spatial and 

temporal windows. Further, daily data allows for increased soil moisture accuracy of 

precipitation events. An evapotranspiration component accounts for changes in temperature over 

time. Lastly, the model utilizes a non-site specific simple soil profile. While this is a 

simplification, it allows climate to be the driving factor in result differences from site to site, not 
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soil complexity. We believe that the addition of a physics based soil model greatly improves 

drought-monitoring accuracy across the southwest. 

 

2.2 Review of Study Area 

 The study area for this location encompasses the southern portion of what is defined as 

the southwest United States. This study specifically focuses on the Lower Colorado River Basin 

(LCRB) and areas directly east in the Upper Rio Grande Basin (URGB). Main study sites within 

this area include: Albuquerque, NM (35.09o N, 106.61o W), El Paso, TX (31.76o N, 106.49o W), 

Tucson, AZ (32.22o N, 110.92o W) and Winslow, AZ (35.02o N, 110.70o W). Further site 

descriptions can be found in Appendix A: Evaluating How Representative Simple Multiscalar 

Drought Indices are of Modeled Soil Moisture Across the Desert Southwest United States. 

 

2.2.1 Geological Setting  

 Western North America has a complex geological history (Stewart 1978). During the 

Late Cretaceous, subduction between the Kula and Farallon Plates and the North American Plate 

started a period of mountain building, known as the Laramide orogeny. This event uplifted a 

large portion of crust known today as the Colorado Plateau. Tectonic extension of the North 

American plate during the early Miocene created a vast system of block-faulted basin and range 

stretching from northern Mexico through Nevada. These two distinct geological regions fall 

within our study location of the desert southwest (specifically Arizona, New Mexico and Texas). 

The southern portion consists of a basin and range province while the northern portion is 

comprised of the Colorado Plateau (figure 1). 
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2.2.2 Lower Colorado River Basin 

 The Colorado River drains into an arid watershed known as the Colorado River Basin, 

which is comprised of an upper and lower region. This study focuses on the Lower Colorado 

River Basin (LCRB), which covers all of Arizona and portions of Nevada, California, Utah, New 

Mexico and northern Mexico (Appendix A, figure 1). The Colorado Plateau comprises much of 

the upper LCRB while the Sonoran and Mojave deserts lie in the southern portion of the LCRB. 

This creates diverse climate types across the lower basin. However, our study area is mainly arid 

or semiarid. Precipitation in this region comes from two main sources - the North American 

Monsoon during summer months and a light rainy season during winter months. This 

precipitation makes its way through various rivers and tributaries into the Colorado River, before 

draining into the Gulf of California. Winslow, AZ and Tucson, AZ reside within the LCRB.   

 

2.2.3 Rio Grande River Basin 

 East of the Colorado River Basin sits the Rio Grande River Basin, which covers portions 

of southern Colorado, central New Mexico, eastern Texas and northern Mexico. This study 

focuses on the upper portion of the basin that lies within the United States (Appendix A, figure 

1). Most of upper basin is classified as arid or semiarid. The main river within this basin is the 

Rio Grande, which travels through Albuquerque, NM and El Paso, TX. Areas in southern New 

Mexico and southeastern Texas see increased summer precipitation from the North American 

Monsoon. These in addition to winter rain showers comprise the two major precipitation inputs 

for the basin. Albuquerque sees minimal monsoon impacts.  
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2.3 Model Details 

 Presented in this section are model assumptions and results from a sensitivity analysis 

preformed to determine various model parameters. Detailed descriptions of climate data, model 

equations, column parameters, root profile and drought index calculations can be found in 

Appendix A: Evaluating How Representative Simple Multiscalar Drought Indices are of 

Modeled Soil Moisture Across the Desert Southwest United States.  

 

2.3.1 Assumptions 

 Multiple assumptions were made within HYDRUS-1D. These include: (1) the profile was 

assumed to be the same from site to site (2) the entire profile was assumed to be one material (3) 

the root density was considered to be zero below 200cm (4) no surface runoff was assumed (5) 

no snow sublimation. These assumptions were made with the interest of keeping a simple soil 

profile or it being a suggested setting or value within the HYDRUS-1D manual. Additionally, 

parameters were chosen to stay in accordance with SPI/SPEI calculations to allow for direct 

comparison with our new index. We are aware that these assumption are oversimplifications of 

real world cases, however we deem them necessary at this iteration of index development to keep 

climate the driving factor between study sites and to allow for index comparison.  

 Each of these assumptions has varying degrees of impact on model output. Building a 

profile based on real site morphology, with multiple soil units and differing mineralogical 

contents, would restrict interpretation of whether climate or soil complexity was most impacting 

results between sites. Choosing not to include snow sublimation in the model was made with the 

interest of allowing for comparison between indices. While snowmelt would increase soil 
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moisture, snow events in the desert southwest are rare and thus profile impacts would be limited. 

Additionally, the local snow record is less reliable at the chosen study sites.  

 Like the choice of no snow, the decision to allow surface ponding (no runoff) within 

HYDRUS-1D was made with the interest of allowing for comparison between indices, as SPI 

and SPEI also do not account for runoff. Choosing to use surface runoff would produce a drier 

profile, however, the percentage of runoff would be site specific and runoff would likely 

infiltrate close to where it was generated. Future studies will look into incorporating a general 

runoff term that will vary with magnitude of precipitation event.  

 

2.3.2 Model Sensitivity 

  Two parameters were found to have a high degree of change on model output: texture 

and Leaf Area Index (LAI). A sensitivity analysis of how these parameters impact model output 

is presented in figure 2. Five soil textures were chosen to represent a typical southwestern soil 

based on Shepard et al. 2015.  These textures were sand, sandy loam, loam, clay loam and silt 

clay loam. Increasing clay content between soils lead to increased soil moisture percentage, but 

not changes in overall yearly pattern. A loam was thus chosen as the main model soil type based 

on its abundance throughout the southwest (Miller and White 1998) in addition to its central 

location on the USDA soil texture triangle.  

 Cheng et al. 2008 compared NDVI data with LAI in southern Arizona. Ignoring major 

mountain belts throughout the region that typically have higher LAI values, a range of LAI 

values was found to vary from to 0.2 through 1.4. Three values within this range – 0.2, 0.5, and 

1.0 – were chosen as representative values of a southwestern climate to test model sensitivity. 

Analysis shows that increasing LAI decrease soil moisture, but does not change overall yearly 
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pattern (figure 2). Like the choice of loam before, an LAI of 0.5 was chosen as the mid-range 

option.  

 

2.4 Summary of Results 

 This section presents a summary of the main results from this study for each site. This 

study set out to compare simple drought indices with a new drought index developed on a one-

dimensional physics based soil model (HYDRUS-1D) coupled with climate data. For more 

detailed results, see Appendix A: Evaluating How Representative Simple Multiscalar Drought 

Indices are of Modeled Soil Moisture Across the Desert Southwest United States. 

  

2.4.1 ENSO Impacts on Site Soil Moisture 

 The five very strong warm ENSO (El Nino) years (1958, 1966, 1973, 1983 and 1998) 

show a large impact on soil moisture depending on location (Appendix A, Figure 4a-e). Many 

major precipitation events occur on or within one year of the El Nino. These events are able to 

penetrate past 50cm where above which roughly 80 percent (cumulative) of roots are 

concentrated. This is more often observed with sites that have a stronger monsoon signal. Other 

sites see little to no impact beyond 50cm.   

 

2.4.2 Comparison Between New Drought Index and SPI 

 Soil moisture at depth related to previous precipitation factored into our index 

calculations due to the soils memory component. Appendix A, figure 5 shows SPI 1-month 

window compared with our new drought index at 10cm, 30cm and 50cm from 1950-2015. In this 

figure, we use this depth analogy as an equivalent proxy for SPI window. While increased SPI 
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windows are used to track drought at longer timescales, our new drought index can be used to 

track drought at depth due to the time lag between precipitation event at the surface and arrival at 

depth. The new drought index at depth shows a smoothed appearance similar to those of longer 

windowed timescales. This is highlighted at the 10cm index, where z-scores are more variable 

due to close proximity of the surface. Indices at 30cm and 50cm show less variability due to 

decreased ET rates, showing an integrated climate signal over time. Additionally, 30cm and 

50cm indices highlight that increasingly stronger precipitation events are required to penetrate to 

these depths.  

 Comparing the new drought index at 10 cm across all sites shows that precipitation 

events with z≤1 impact soil moisture at 10 cm. Typically, these events are enough to lift the 

profile out of drought at 10cm. At 30cm, a precipitation event of z≥1 is necessary to change 

drought status. Major events of z≥1.5 or multiple events of medium z-score are required to 

impact drought status at 50cm. Many of the long lasting droughts seen across all study sites are 

erased by single large events of z≥2 or a strong month of multiple z≥1 events. 

 

2.4.3 Correlation Windows and Heat Maps 

 Pearson correlations show which SPI and SPEI time window best correlates with our new 

drought index (Appendix A, figure 6). A strong correlation of r≈0.8 for both SPI and SPEI are 

seen at the 2-month window for 10cm. At 10cm, SPI has higher correlations than SPEI for all 

study sites. At 30cm, a value of r≈0.7 is observed for a 6 to 9-month window for SPI.  A slightly 

weaker value of r≈0.6 is observed at the same window for SPEI. The weakest correlation is seen 

at 50cm with a value around r≈0.5 at a rough 12 to 24-month window.  
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 To better understand how SPI and SPEI correlate with the new drought index, we 

examined heat maps that show how average soil moisture for individual months correlate with 

different time windows (Appendix A, figure 7). At 10cm, a strong correlation is observed at the 

2-month window for all study sites. At 30cm and 50cm, strong correlations start during the 

monsoon season and carry through the fall and winter rainy season before weakening during the 

spring’s dry period. A diagonal banding develops at depths that see the best correlation window 

shift depending upon time of year (Appendix A, figure 8). The number of months included in 

these best correlation bands is generally ±2 from the best correlating window (i.e. if the best 

correlating window is 6, then the band extends from 4 to 8 months). Following these bands 

backwards with time suggest the previous years monsoon plays a key role in determining deep 

soil moisture. This aligns with what is seen in our modeled soil moisture climatology plots 

(Figure 2e-h). This banding is more significant with the SPI heat maps than SPEI (figure 3).    

 

2.5 Summary of Conclusions 

 We hypothesized that simple drought indices would best correlate with soil depths closest 

to the surface.  SPI and SPEI proved to be representative of soil moisture status at shallow 

depths, correlating best at a two-month window. Both indices can be used to improve drought 

monitoring at short timescales, with SPI representing soil moisture better than SPEI. Drought 

conditions in soil moisture at deeper depths are controlled by the magnitude and frequency of 

precipitation, with large events creating water surplus and then slow decay in soil moisture until 

next large event (stair step function). Heat map correlations indicate that monitoring drought at 

depth is dependent upon the previous years monsoon, which may explain the wide range of 

correlation windows for SPI and SPEI at depth. Modeled soil moisture shows volumetric water 
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content increases during monsoon season and remains high through the fall and into the winter 

months. Higher moisture content increases hydraulic conductivity, priming the soil profile for 

winter recharge.  

 

Summary 

 This study evaluated how representative simple drought indices were of soil moisture 

status across the desert southwest. This was accomplished by creating a new drought index that 

incorporated local climate and soil memory to compare with other simple drought indices. 

Results of this study showed that simple drought indices represented moisture status in the 

shallow subsurface but not the deep. Deep soil moisture was found to be linked with the timing 

and frequency of precipitation events, typically triggered by the North American Monsoon. 

Future temperature rise caused by climate change will increase the need for better drought 

planning and monitoring. We believe that the addition of a physics based drought index will aid 

in the effort. 
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Figure 1: Geographical map showing study 
locations across the southwest. Both Tucson and El 
Paso are located in the basin and range province. 
Winslow is located on the Colorado Plateau and 
Albuquerque is located within the transition zone. 
Credit Stewart 1978.  
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Figure 2: Model sensitivity analysis of soil texture versus LAI. Plots depict 
average soil moisture status from 1950 – 2016. Scale depicts VWC percentage 
from wet (green) to dry (white). Increased clay content allows for greater water 
holding capacity. Larger LAI values decrease soil moisture.  
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Figure 3: SPI (left) and SPEI (right) heat maps showing best correlation 
window with month of year for Tucson. SPI has higher correlation values 
than SPEI at shallow depths. There is disagreement between indices at depth 
to which is better. 
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Abstract 
 
 Drought indices based on monthly precipitation and sometimes temperature are widely 

used due to their simple calculation with readily available climate data. The portrayal of drought 

through simple precipitation anomalies or water balances when accounting for temperature may 

not capture the potentially complex evolution of drought events due to the timing, intensity, and 

frequency of precipitation events at the daily scale.  In this study, we present a new drought 

index that incorporates a deterministic soil model, HYDRUS-1D, and daily climate data to assess 

how representative simple drought indices are of soil moisture status in the Southwest. 

Specifically, we compare our drought index with two widely used drought indices: the 

Standardized Precipitation Index (SPI) and the Standardized Perception-Evapotranspiration 

Index (SPEI). Modeled soil moisture output was summed into monthly values for direct 

comparison between indices. SPI and SPEI proved to be representative of soil moisture status at 

shallow depths, correlating best at a two-month window. SPI correlated higher with our modeled 

drought index than SPEI in shallow settings across all study sites. Intense drought events were 

controlled by the magnitude and frequency of precipitation, with large events creating water 

surplus and then a slow decay in soil moisture until the next large event. Furthermore, heat map 

correlations indicate that monitoring drought at depth is dependent upon the previous years 

monsoon, with the best correlating window growing with distance from monsoon onset. Modeled 

soil moisture showed volumetric water content increased during monsoon season and remained 

high through the fall and into the winter months. Higher moisture content increased hydraulic 

conductivity, priming the soil profile for winter recharge. We believe that the addition of a soil 

physics based drought index greatly improves drought-monitoring conditions for the southwest.    
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Introduction  

 Drought is a slow-developing natural disaster whose impacts compound with time 

causing agriculture, social, economic and environmental damage (Wilhite and Glantz 1985; 

Wilhite 1993). Portions of the United States have increased vulnerability to drought do to their 

dependence on agricultural livelihood. According to the most recent International Panel on 

Climate Change (IPCC) report, increasing temperatures over the 21st century will lead to more 

intense dry periods for the southwestern United States (Solomon et al. 2007). These periods are 

expected to lead to decreased crop yield, reduced water resources and greater risk of forest fire 

(McCarthy et al. 2001). Two southwestern states most impacted by recent drought – California 

and Texas – are dependent on agricultural production as economic drivers. Potential risks from 

more intense dry periods can adversely impact these area’s economies. Being able to adequately 

monitor and understand how extended dry periods increase risk of drought will be important for 

future agricultural planning, economic planning and water conservation throughout the 

southwest.   

 Drought can be defined differently depending on environment, i.e. a desert or rainforest. 

Months without rainfall in the Amazon could be disastrous, while months without rainfall in a 

desert is the norm. This has left many climatologists puzzled on how to properly define drought. 

In 1985, Wilhite and Glantz reviewed various definitions of drought and determined that they 

could be subdivided in four generalized categories based on timescale: meteorological, 

agricultural, hydrologic and socio-economic. However, defining drought by timescale can also 

change depending on your environment. Over time, many others have also written about the 

broad definitions of drought and various ways to categorize them (Dracup et al. 1980). 

Generally, it is defined as a shortage of moisture due to a prolonged period of low precipitation 
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(Heim 2002). While this definition may suit typically rainy locations, it is insufficient for arid 

desert locations – where precipitation values are normally low or zero for large portions of the 

year.  In this case, a definition of drought sensitive to the local climatology could be a temporary 

divergence from ‘normal’ climate conditions. This is often expressed in simple indices of 

climatic anomalies or percentage of average precipitation for a given time period. This definition 

is more useful within the context of this study.  

 There are five important water sources that can be impacted by drought – soil moisture, 

ground water, snowpack, streamflow and reservoir storage (McKee et al. 1993). Deficits of these 

water sources operate on various time scales, with agricultural drought (soil moisture) acting on 

shorter time scales than hydrological drought (groundwater, streamflow and reservoir). This 

difference in time from water arrival to availability highlights the importance of being able to 

observe drought at different timescales. 

 Indices, used to observe drought, are indicator values that represent if a location is 

anomalously above, average or below a certain metric. Most commonly, these drought indices 

track precipitation. Multiple studies have shown that precipitation is the driving metric in the 

onset, duration, intensity and end of a drought period (Chang and Cleopa 1991; Heim 2002). By 

tracking precipitation totals over time, climatologists can observe how wet or dry months are to 

the climate record. For example, if the month of January was abnormally wetter than average, it 

would receive a positive value meaning it was above the long-term mean for that month. If the 

month was far drier than average, it would receive a negative value. Positive values are 

interpreted as there being a surplus of water availability while negative values indicate a water 

deficit. Multiple negative values together can be an indication of drought.   
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 The semi-arid and seasonal climate of the southwestern U.S. poses unique challenges for 

accurately determining drought status across the region and throughout the year. Traditional 

drought indices, like the Standardized Precipitation index (SPI) and Standardized Precipitation-

Evapotranspiration Index (SPEI), calculated using monthly precipitation and temperature values 

are relatively easy to interpret and utilize with respect to characterizing climatic anomalies (i.e. 

intensity of drought conditions). However, it is unclear how these indices relate to actual drought 

impacts of relevance to the region. For example, above average summer precipitation may lead 

to positive index values on precipitation alone, but may mask anomalies in the soil water balance 

that is directly related to drought impacts in dryland agriculture. Directly measuring soil moisture 

would prove to be an ideal drought monitoring approach, but is expensive and networks with 

long-term data do not exist at this point (Quiring et al. 2015).   

 Both SPI and SPEI drought indices use monthly totals to track precipitation anomalies 

(SPI) and a rough estimation of the water budget (SPEI). However, climate does not observe a 

monthly calendar. This presents a major defect with these indices, which is their lack of moisture 

carryover from the previous month and their insensitivity to hydroclimatic extremes that can 

occur at the sub monthly scale. This is especially problematic in the arid southwest where one 

month may only have one precipitation event. Let’s assume a major precipitation event occurs on 

January 1st and another on February 28th, with no rain events in between. Both SPI and SPEI see 

these two months as above average and assign them a positive index value. In reality, January 

was mostly dry after the event on the 1st and February was completely dry until the last day. 

Further, assume that no rain occurred during the month of March. The event on February 28th 

would certainly impact soil moisture for the beginning of March however this would not be 
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recorded for the March index. Both SPI and SPEI address this issue by using a longer timescale 

(i.e. 3-month), but miss the daily soil moisture variability between events.    

 The purpose of this work is to assess performance of simple drought indices like the SPI 

and SPEI relative to soil moisture status. This is accomplished by using a one dimensional flow 

model (HYDRUS-1D) that incorporates both climate and soil physics to estimate soil moisture 

status. Model output of soil moisture is compiled into a new drought index and compared with 

other simple drought indices. Temporal variability is built into the index through the soil 

component. This adds the element of soil memory – allowing moisture from previous 

precipitation events to factor into calculating soil moisture content at various spatial and 

temporal windows. Further, daily data allows for increased soil moisture accuracy of 

precipitation events. An evapotranspiration component accounts for changes in temperature over 

time. Lastly, the model utilizes a non-site specific simple soil profile. This allows climate to be 

the driving factor in result differences from site to site, not soil complexity. We believe that the 

addition of a physics based soil model greatly improves drought-monitoring accuracy across the 

southwest. 

   

Study Area and Climatology  

 A complex geological past has created two prominent features that fall within our study 

location of the desert southwest (specifically Arizona, New Mexico and Texas): the Colorado 

Plateau and the Basin and Range. Additionally, two major watersheds (the Lower Colorado 

River Basin and Rio Grande River Basin) make for a complex regional climate.   

Four study sites - Albuquerque, NM (35.09o N, 106.61o W), El Paso, TX (31.76o N, 106.49o W), 

Tucson, AZ (32.22o N, 110.92o W) and Winslow, AZ (35.02o N, 110.70o W) - were chosen 
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across the region based on their historical record of data, similarities between sites and 

geographical locations (see figure 1). Both Tucson and El Paso are located at about 32 degrees 

latitude in the basin and range province. Tucson is located at an elevation of 2,389ft within the 

Sonoran Desert while El Paso is located at 3,740ft within the Chihuahuan desert. Winslow and 

Albuquerque are located at 35 degrees latitude and at higher elevation, 4,849ft and 5,312ft 

respectively. Winslow is located on the Colorado Plateau while Albuquerque is located within 

the transition zone from plateau to basin and range.  

 High temperatures and low precipitation commonly characterize climatology across the 

southwest. The basin and range contains abrupt changes in elevation, alternating between flat 

arid deserts and narrow mountain chains that create varying gradients of temperature and 

precipitation. The plateau is mainly comprised of semi-arid high desert. Precipitation in Tucson 

comes in distinct periods during summer monsoon (July to September) and winter, with summer 

precipitation making up a majority of annual rainfall (Figure 2a). Precipitation in El Paso follows 

a similar pattern to Tucson, with a summer monsoon (June to September) and winter rainfall 

(Figure 2b). Winslow observes a weaker monsoon signal but stronger winter precipitation that 

makes up more of annual rainfall. This is caused by evapotranspiration (ET) rates dropping to 

near zero during winter months (Figure 2c). Albuquerque follows a similar precipitation pattern 

to Winslow, with weak monsoon signal and strong winter months (Figure 2d). Winslow and 

Albuquerque see high winter snowpack. All sites have high ET demands during the summer that 

typically exceed monsoon rainfall.  
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Methodology 

Climate data 

 Daily-recorded values of precipitation and minimum and maximum temperature were 

taken from weather stations at each of the four study sites (Tucson, El Paso, Winslow and 

Albuquerque). All weather stations were located at the city’s major airports, which historically 

have more accurate observations than other independently run stations (McCabe et al 2010). 

These sites were selected based on their climate record being the most complete of sites available 

in the area.  Data sets span from January 1st, 1950 – December 31st, 2015. The only dataset with 

missing values was from Winslow, AZ. Missing data was limited (approximately 20 days over 

entire record), but included both temperature and precipitation values. Temperature values for 

missing days were replaced with averages between the day before and after the missing value. 

Missing precipitation values were set to zero. Elevation and latitude were required for the 

calculation of evapotranspiration. Climate station elevation and latitude was assumed to be the 

same as the city average.  

 

Model 

 The soil moisture model used for this study was HYDRUS-1D v4.17 (Simunek et al. 

2013). HYDRUS-1D (hereby referred to as HYDRUS) is a numerical soil moisture model able 

of computing solute, heat and carbon dioxide transport through a one-dimensional column. 

HYDRUS solves the modified Richards equation for water transport: 

𝜕𝜃
𝜕𝑡 =

𝜕
𝜕𝑥 𝐾(ℎ)

𝜕ℎ
𝜕𝑥 + 1 − 𝑆(ℎ) 

where ℎ is water pressure (L), theta is volumetric water content (L3L-3), 𝑡 is time (T), 𝐾(ℎ) is 

hydraulic conductivity and 𝑆(ℎ) is the water sink term (L3L-3T-1).  



	 38	

 Hydraulic conductivity, 𝐾(ℎ), scales with volumetric water content, (𝜃), by the van 

Genuchten-Mualem equation:  

𝜃 ℎ = 𝜃! +
𝜃! − 𝜃!

1+ 𝛼ℎ ! !     ℎ < 0

𝜃!                                    ℎ ≥ 0
 

𝐾 ℎ = 𝐾!𝑆!! 1− 1− 𝑆!
!/! ! !

 

where effective saturation, 𝑆!, and constant 𝑚 is defined as:  

𝑆! =
𝜃 − 𝜃!
𝜃! − 𝜃!

 

𝑚 = 1− 1 𝑛  ,𝑛 > 1 

with 𝜃r and 𝜃s being the residual and saturated water content, respectively, 𝐾! is the saturated 

hydraulic conductivity and 𝛼, 𝑛 and 𝑙 being soil related coefficients (Chen 2012). 

 HDYRUS can calculate potential evapotranspiration (𝐸𝑇!) by either the Hargreaves 

equation or Penman-Monteith equation. Based on data limitations and a previous study (see 

Column Parameters), we choose the Hargreaves equation, defined as: 

𝐸𝑇! = 0.0023𝑅! 𝑇! + 17.8 𝑇𝑅 

where 𝑅! is extraterrestrial radiation (mm d-1), 𝑇! is the daily mean temperature, calculated by 

averaging daily minimum and maximum temperature values (Co), 𝑇𝑅 is the difference between 

daily maximum and minimum temperatures (Co).   

 Potential evaporation and transpiration fluxes are calculated from potential 

evapotranspiration using Beer’s Law (Ritchie, 1972) as follows: 

𝑇! = 𝐸𝑇! 1− 𝑒!!∗!"#  

𝐸! = 𝐸𝑇!𝑒!!∗!"# 
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Where 𝐸𝑇! , 𝑇!, and 𝐸! are potential evapotranspiration, transpiration and evaporation fluxes [LT-

1], respectively, LAI is leaf area index, and 𝑘 is a constant related to radiation extinction by the 

canopy.  

 The 𝑆(ℎ) term in equation (1) represents the actual root water uptake found by Feddes et 

al. 1978, written as: 

𝑆 ℎ = 𝛼(ℎ)𝑆! 

where 𝛼(ℎ) represents the root-water uptake water stress response function and 𝑆! is the 

potential water uptake rate [T-1]. We use the S-shape model for 𝛼(ℎ) based on Van Genuchten 

(1987), defined as: 

𝛼 ℎ, ℎ! =
1

1+
ℎ + ℎ!
ℎ!"

! 

where ℎ! is the osmotic head [L], ℎ!" is the pressure head at which the water extraction rate is 

reduced by 50% and the exponent p is an experimental constant found to be 3.  

 

Model Setup 

 With the interest of keeping climate as the driving factor from site to site, many of the 

model inputs were set at their suggested value or left unchanged from the default value according 

to the HYDRUS manual. Additionally, many settings within the model were purposefully left off 

to keep the model simple. These include heat transport, carbon dioxide transport and production, 

carbonate chemistry, and snow ablation. While many of these settings can be used for solving 

specified problems within HYDRUS, they do not fit within the scope of this project of keeping a 

simple soil column. With these settings turned off, only evaporation, transpiration and gravity 

affect water movement through the profile. 
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 A ten-year spin-up period was added to the beginning of the model to allow pressure 

head values to equilibrate. This removed the possibility for initial conditions to impact model 

output. This was accomplished by repeating the first ten years on record, 1950-1960, at the 

beginning of the data set, creating a 75-year model run. Model output was then trimmed of those 

first ten years, showing only 65 years of output data.  

 

Column Parameters 

 A column length of 500cm was chosen given the varying depth to bedrock of many 

typical southwestern soils (Miller and White 1998). A loam was chosen for the entire column 

based on a typical southwestern soil (Shepard et al. 2014). The top boundary condition was set to 

allow water accumulation at the surface with zero surface runoff. The lower boundary condition 

was set to allow free drainage. Pressure heads were set to -1000cm for both the top and bottom 

of the profile. See figure 3 for a conceptualized reference. As previously mentioned, a 10-year 

spin-up allowed for these pressure head values to come into equilibrium before the initial model 

run. Daily precipitation values were used to simulate rain events. The model used temperature 

data to calculate evapotranspiration via the Hargreaves equation. A previous unpublished study 

showed that the Hargreaves equation matched Penmen-Monteith values with high correlation for 

three sites across southern Arizona, concluding that using the Hargreaves equation will suffice 

for data limited sites (McKellar and Crimmins, Unpublished Study).   

 

Root Profile and Water Uptake 

 A simplified southwestern root profile was constructed to a depth of 200cm (Jackson et 

al. 2002). The root profile is described by the equation: 
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𝑟 𝐷 =
𝑅!"#

1+ 𝐷
𝐷!"

!  

where 𝑟(𝐷) is the cumulative amount of roots above profile depth D (in cm, including organic 

layers), 𝑅!"# is the total amount of roots in the profile, 𝐷!" is the depth at which 𝑟 𝐷 =

0.5𝑅!"#, and 𝑐 is a dimensionless shape-parameter. All values where set to match semi-arid 

shrubland with 𝑅!"# = 50, 𝐷!" = 28 and 𝑐 = -1.909. 

 Approximately 80% of the root density is concentrated in the top 50cm of the profile with 

no roots below 200cm. The Van Genuchten (1987) S-shape model was used to simulate 𝛼(ℎ) for 

root water uptake. Roots were set to reduce uptake by 50 percent (ℎ!") at a pressure head value 

of -800cm. These settings were left unchanged from their suggested values within the HYDRUS 

manual. An LAI equal to 0.5 was selected to govern water uptake of the root profile.  

 

Drought Index Calculations 

 SPI and SPEI were calculated using the SPEI R library software tool, which was obtained 

from the Comprehensive R Archive Network (CRAN). The SPEI R package allows users to 

compute their own index by entering in monthly climate data. Daily climate values for 

precipitation and average temperature from each study site were summed into monthly totals. 

SPI and SPEI were computed using these monthly values. Daily HYDRUS model output of 

VWC at 10cm, 30cm, and 50cm was averaged into monthly values. The HYDRUS index was 

computed by running these monthly VWC values through the SPEI R package. These three 

indices were then compared to one another.  
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Results 

 Figure 2(e-h) shows contoured volumetric water content of average modeled soil 

moisture from 1950-2015. Modeled results show that soil moisture increases during summer 

monsoon rainfall down to 50cm. Slight drying is observed during fall months but typically 

remains high until the winter rainy season where further increase of VWC occurs. A full drying 

of the soil profile is observed during the dry season (April to June). 

 Figure 4 shows time series of VWC down to 200cm from 1950-2015 for each study site 

(4a-4d). These plots are paired with the Oceanic Nino Index (ONI) showing strong ENSO years 

(warm and cold phase). Only major events are able to penetrate past 50cm, above which roughly 

80 percent of roots are concentrated. Furthermore, extreme events or multiple precipitation 

events within close succession are required for water to penetrate below 100cm. This is best 

highlighted in the Tucson and El Paso profiles, which have stronger monsoon signals. The 

opposite is illustrated at the other sites, where only two events at Winslow and none at 

Albuquerque penetrate below 100cm over the 65-year record.  

 The most recent strong El Nino years (1958, 1966, 1973, 1983 and 1998) show a large 

impact on soil moisture depending upon location (Figure 4e). Many major precipitation events 

occur on or within one year of a strong El Nino. Tucson is most impacted by very strong El Nino 

years, with events impacting soil moisture past 50cm and most stretching beyond 100cm. El Paso 

is likely to receive a major event within one year down to at least 50cm. Albuquerque see 

increased soil moisture to depth, but these events do not match the magnitude of Tucson and El 

Paso. Winslow is the least impacted, with only one major event past 100cm and all other El Nino 

years having minimal impact on VWC.   
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 Soil moisture at depth related to previous precipitation factored into our index 

calculations due to the soils memory component. We use this depth analogy as an equivalent 

proxy for SPI window. While increased SPI windows are used to track drought at longer 

timescales, our new drought index can be used to track drought at depth due to the time lag 

between precipitation event at the surface and arrival at depth. This is illustrated in figure 5, 

which shows a SPI 1-month window with our new index at 10cm, 30cm and 50cm depths. Soil 

moisture indices of deeper depths have a smoothed appearance similar to those of longer 

windowed timescales. This is highlighted at the 10cm index, where z-scores are more variable 

due to close proximity of the surface. Indices at 30cm and 50cm show less variability due to 

decreased ET rates, showing an integrated climate signal over time. Additionally, 30cm and 

50cm indices highlight that increasingly stronger precipitation events are required to penetrate to 

these depths. Despite climatic differences between sites, a common pattern exists at depth where 

major events impact the profile into water surplus and slowly decay into drought (stair step 

pattern). These droughts at depth persist until another large event (z≥2) occurs.     

 Comparing our new index at 10cm across all sites shows that precipitation events with 

z≤1 impact soil moisture at 10cm (figure 5). These events are enough to lift the profile out of 

drought status at this depth. At 30cm, a precipitation event of z≥1 is necessary to change drought 

status. Major events of z≥1.5 or multiple events of medium z-score are required to impact 

drought status at 50cm. Many of the long lasting droughts seen across all study sites are erased 

by single large events of z≥2 or a strong month of multiple z≥1 events.  

 Pearson correlations show which SPI and SPEI time windows best correlate with our new 

drought index (Figure 6). A strong correlation of r≈0.8 for both SPI and SPEI is observed at the 

2-month window for 10cm, with SPI having higher correlations than SPEI for all study sites. At 
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30cm, a value of r≈0.7 is observed for a 6 to 9-month window for SPI.  A slightly weaker value 

of r≈0.6 is observed at the same window frame for SPEI. The weakest correlation is seen at 

50cm with a value around r≈0.5 at a rough 12 to 24-month window. There is some disagreement 

between which index best correlates with our new index between sites at this depth.   

 To better understand how SPI and SPEI correlate with our new drought index, we 

examined heat maps that show how average VWC for individual months correlate with different 

time windows. At 10cm, a strong correlation is observed at the 2-month window for all study 

sites (Figure 7). At 30cm and 50cm, strong correlations start during the monsoon season and 

carry through the fall and winter rainy season before weakening during the spring’s dry period 

(Figure 8). A diagonal banding develops at depths that see the best correlation window shift 

depending upon time of year and distance from July (monsoon onset). The number of months 

included in these best correlation bands is generally ±2 from the best correlating window (i.e. if 

the best correlating window is 6, then the band extends from 4 to 8 months). Following these 

bands backwards with time suggest the previous years monsoon plays a key role in determining 

deep soil moisture. This aligns with what is seen in our modeled soil moisture climatology plots 

(Figure 2e-h). This banding is more significant with the SPI heat maps than SPEI.   

  

Discussion 

 Analyzing very strong El Nino years with precipitation events showed large impacts on 

deep soil moisture for Tucson and El Paso. Weaker impacts were noted for the high latitude sites. 

Our new drought index shows that the majority of precipitation events impact soil moisture at 

10cm. However, extreme events (z ≥ 2) or many strong events (z ≥ 1.5) within close proximity 

of one another are required for water to make its way to greater depths. Once there, water can be 
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held within the soil due to minimal ET rates and decaying root density – impacting soil moisture 

for long timescales into the future. This is the fundamental difference between our index and 

SPI/SPEI, which do not account for soil memory of past events at shorter timescales.  

 Evaluating figure 5 shows that large events or multiple strong events within close 

succession of one another increase VWC at depth. Additionally, this would indicate that 

hydraulic conductivity, 𝐾(ℎ), increases with depth. This allows for future events to “push 

through” the zone where ET rates are highest. Typically, these strong events occur during the 

summer monsoon season. Figure 2(e-h) shows that VWC, and thus 𝐾(ℎ), remains high during 

fall and into winter months. This would prime the soil profile for increased infiltration during the 

winter rainy season, indicating that monsoon rainfall aids in winter recharge by increasing 

hydraulic conductivity.  

 An interesting pattern that developed from the depth index plots is a stair step function at 

50cm (figure 5). Large events (z≥1.5) or multiple smaller events are able to flip the profile from 

deep droughts into z≥1 surpluses. There is then a slow decay with time until another large event 

occurs. This suggests that at deeper depths, soil moisture is dependent on the frequency and 

magnitude of precipitation events rather than a strong winter recharge. This impact is greater for 

sites with strong monsoon signals than higher latitude sites that depend on major events related 

to strong El Nino years.  

 It is clear that using a two-month window with the SPI/SPEI drought indices is most 

representative of soil moisture at shallow depths. This is likely due to a two-month window 

including the previous months rainfall, which impacts VWC beyond monthly boundaries. It is 

also clear that SPI correlations are stronger than SPEI at 10cm and 30cm. Therefore, SPI should 

be used to evaluate drought at shallow depths. There is disagreement at 50cm between SPI and 
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SPEI depending on location. No obvious reason exists for this difference at this time and requires 

further research. We believe the diagonal banding on the heat maps indicates that soil moisture at 

deeper depths is dependent on previous monsoonal rainfall. This could indicate that monitoring 

drought at depth is best calculated by looking at the previous year(s) monsoon rainfall. Deeper 

depths may require looking back multiple monsoon seasons.   

 

Conclusions 

 Development of a new drought index which incorporates deterministic soil physics and 

daily climate data introduces more physical mechanisms and allows for greater assessment of 

drought indices in the southwest. SPI and SPEI proved to be representative of soil moisture 

status at shallow depths, correlating best at a two-month window. Both indices can be used to aid 

drought monitoring at short timescales, with SPI representing soil moisture better than SPEI. 

Drought planning and monitoring groups should use SPI at a two-month window to more 

effectively capture shallow drought in the southwest. Deep drought is controlled by the 

magnitude and frequency of precipitation, with large events creating water surplus and then slow 

decay in soil moisture until next large event (stair step function). Heat map correlations indicate 

that monitoring drought at depth is dependent upon the previous years monsoon, which may 

explain the wide range of correlation windows for SPI and SPEI at depth. Modeled soil moisture 

shows volumetric water content increases during monsoon season and remains high through the 

fall and into the winter months. Higher moisture content increases hydraulic conductivity, 

priming the soil profile for winter recharge.  

 More work needs to be done to refine modeling approach, but holds promise in 

understanding drought and hydroclimatic variability. This future work could evaluate how some 
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of our major assumptions impact correlations between SPI and SPEI windows, such as 

increasing soil complexity. Comparing additional sites, including some outside the southwest, 

may prove useful in better understanding the roles of deep drought and precipitation events. This 

may also aid in understanding the role of the monsoon and deep soil moisture. Direct comparison 

between model output and actual soil moisture measurements at shallow depths will show our 

models accuracy. Furthermore, the addition of a runoff term may give a more realistic portrayal 

of actual soil moisture status. Nevertheless, we believe that the addition of a soil physics based 

drought index improves drought monitoring conditions for the southwest.  
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List of Figures: Appendix A 

Figure 1: Map depicting major basins and study locations across the southwest. Both Tucson 

and Winslow are located in the Lower Colorado Rive Basin (LCRB) and El Paso and 

Albuquerque are located in the Upper Rio Grande Basin (URGB). Credit USGS. 

Figure 2: Walter-Leith diagrams for all study sites (a-d) paired with modeled soil moisture 

averages from 1950-2015 (e-h). Starting in June, spike in soil moisture from monsoon rainfall 

carries through to winter rainy season. Increasing ET rates cause rapid drying of profile to 50cm 

depth during spring months.  

Figure 3: Example soil column used within HYDRUS model. 500 cm loam column with roots 

extending to 200cm. Root profile based on Jackson et al. 2002.  

Figure 4: Time series plots showing soil moisture to a depth of 200cm from 1950-2015 for all 

study sites (a – d). Plots are aligned with the Oceanic Nino Index (e).   

Figure 5: Z-score plots showing SPI 1-month window compared to 10, 30 and 50 cm depths for 

Winslow, AZ and El Paso, TX.   

Figure 6: Plots showing best correlation window with VWC at 10, 30 and 50 cm depth for 

Tucson.  

Figure 7: SPI correlation heats maps showing strong correlation window at 2 months for all 

study sites.  

Figure 8: SPI correlation heats maps showing diagonal banding for Tucson and El Paso 
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Figure 1: Map depicting major 
basins and study locations across 
the southwest. Both Tucson and 
Winslow are located in the Lower 
Colorado Rive Basin (LCRB) and 
El Paso and Albuquerque are 
located in the Upper Rio Grande 
Basin (URGB). Credit USGS. 
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Figure 2: Walter-Leaf diagrams for all study sites (a-d) paired with modeled soil 
moisture averages from 1950-2015 (e-h). Starting in June, spike in soil moisture from 
monsoon rainfall carries through to winter rainy season. Increasing ET rates cause 
rapid drying of profile to 50cm depth during spring months.  
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Figure 3: Example soil column used within 
HYDRUS model. 500 cm loam column with 
roots extending to 200cm. Root profile based 
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Figure 4: Time series plots showing soil moisture to a depth of 200cm from 1950-
2015 for all study sites (a – d). Plots are aligned with the Oceanic Nino Index (e).   
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Figure 5: Z-score plots showing SPI 1-month window compared to 10, 30 and 50 cm 
depths for Winslow, AZ and El Paso, TX.   
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Figure 6: Plots showing best correlation window with VWC at 10, 30 and 
50 cm depth for Tucson.  
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Figure 7: SPI – 10cm Theta correlation heats maps showing strong 
correlation window at 2 months for all study sites.  
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Figure 8: SPI vs 30 cm Theta correlation heats maps showing diagonal 
banding for Tucson and El Paso 


