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ABSTRACT 

 

 Quantifying climatological precipitation and soil moisture as well as interannual 

variability and trends requires extensive observation. This work focuses on the analysis of 

available precipitation and soil moisture data and the development of new ways to estimate these 

quantities. Precipitation and soil moisture characteristics are highly dependent on the spatial and 

temporal scales. 

We begin at the point scale, examining hourly precipitation and soil moisture at 

individual gauges. First, we focus on the Walnut Gulch Experimental Watershed (WGEW), a 

150 km
2
 area in southern Arizona. The watershed has been measuring rainfall since 1956 with a 

very high density network of approximately 0.6 gauges per km
2
. Additionally, there are 19 soil 

moisture probes at 5 cm depth with data starting in 2002. In order to extend the measurement 

period, we have developed a water balance model which estimates monsoon season (Jul-Sep) 

soil moisture using only precipitation for input, and calibrated so that the modeled soil moisture 

fits best with the soil moisture measured by each of the 19 probes from 2002-2012. This 

observationally constrained soil moisture is highly correlated with the collocated probes 

(R=0.88), and extends the measurement period from 10 to 56 years and the number of gauges 

from 19 to 88. Then, we focus on the spatiotemporal variability within the watershed and the 

ability to estimate area averaged quantities.  

 Spatially averaged precipitation and observationally constrained soil moisture from the 

88 gauges is then used to evaluate various gridded datasets. We find that gauge-based 

precipitation products perform best followed by reanalyses and then satellite-based products. 

Coupled Model Intercomparison Project Phase 5 (CMIP5) models perform the worst and 

overestimate cold season precipitation while offsetting the monsoon peak precipitation forward 

or backward by a month. Satellite-based soil moisture is the best followed by land data 

assimilation systems and reanalyses. We show that while WGEW is small compared to the grid 
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size of many of the evaluated products, unlike scaling from point to area, the effect of scaling 

from smaller to larger area is small. 

 Finally, we focus on global precipitation. Global monthly gauge based precipitation data 

has become widely available in recent years and is necessary for analyzing the climatological 

and anomaly precipitation fields as well as for calibrating and evaluating other gridded products 

such as satellite-based and modeled precipitation. However, frequency and intensity of 

precipitation are also important in the partitioning of water and energy fluxes. Therefore, because 

daily and sub-daily observed precipitation is limited to recent years, the number of raining days 

per month (N) is needed. We show that the only currently available long-term N product, 

developed by the Climate Research Unit (CRU), is deficient in certain areas, particularly where 

CRU gauge data is sparse. We then develop a new global 110-year N product, which shows 

significant improvement over CRU using three regional daily precipitation products with far 

more gauges than are used in CRU. 

  



13 
 

 
 

CHAPTER 1 

INTRODUCTION 

 

1.1 Precipitation 

Precipitation is the driving force of the hydrologic cycle.  On average, 373,000 km
3
 of 

precipitation falls annually over the globe with 113,000 km
3
 over land (Trenberth et al., 2007). 

Over land, that amounts to approximately 2 mm/day (2.67 mm/day global) on average with the 

highest amounts (~10 mm/day) over the tropics and the lowest precipitation totals over 

midlatitude dry zones. In addition to providing fresh water necessary for life on earth, 

precipitation affects atmospheric dynamics by cooling the lower atmosphere through 

evaporation. Clearly, understanding atmospheric processes is impossible without characterizing 

precipitation, and therefore estimating and understanding precipitation has been a focal point of 

climate research. 

Atmospheric circulation drives precipitation. Monsoon circulations generate some of the 

most intense precipitation on earth. This is caused by a temperature differential between 

continents and oceans caused by intense heating over dry mid-latitude regions, which alters the 

atmospheric circulation. The monsoon is characterized by a change in the direction of the wind 

and drastic change in precipitation.  

Climate indices such as El Nino Southern Oscillation (ENSO), Pacific Decadal 

Oscillation (PDO), and Atlantic Multidecadal Oscillation (AMO) affect precipitation via 

strengthened or weakened atmospheric circulations associated with changes in sea surface 

temperature over specific regions. These indices do not significantly affect global annual 

precipitation, however regionally, the amount, intensity, and frequency of precipitation are 

affected. For example, Stillman et al. (2013) showed that precipitation intensity and areal 

coverage of precipitation events during the monsoon season (July-September) are related to PDO 

and AMO.  
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Anthropogenic climate change is currently at the forefront of climate research, and the 

effects of global warming on precipitation are not well understood. However, based on the 

Clausius-Clapeyron relation, increasing temperature also increases the water holding capacity of 

the air by about 7% per 1 K warming, and it has been suggested that this will also affect global 

precipitation (Trenberth et al., 2008). Indeed, several studies (Held and Soden, 2006; Back et al., 

2013; Frieler et al., 2011) showed that global precipitation has increased with temperature over 

the last century, but at a much lower rate (~2%/K) than the increase in atmospheric moisture. 

Based on the latest version of the global precipitation climatology center (GPCC v6) monthly 

precipitation product (Becker et al., 2013), the global average precipitation has increased by 2.1 

mm/decade from 1900-2010. This is small compared with interannual variability, where the 

standard deviation of average annual global land precipitation is 14.5 mm/year (GPCC v6). 

While annual global precipitation amount does not seem to have changed too drastically 

under warmer conditions, Trenberth et al. (2003) suggested that the main change in precipitation 

due to global warming would be in the intensity and frequency of precipitation events as opposed 

to the amount. Examining daily precipitation, Westra et al. (2013) showed that heavy rainfall 

increased preferentially, where extreme precipitation intensity increased by between 5.9% K
-1

 

and 7.7% K
-1

. 

More interestingly, the precipitation response to global warming is not homogenous. 

Instead, due to changes in global circulation, Held and Soden (2006) suggested that wet regions 

get wetter and dry regions get drier under warming conditions. In order to validate such claims 

and better understand the hydrologic cycle, scientists are continuously aiming to improve our 

observing system. Our precipitation observing system consists of instruments which measure 

directly or indirectly the amount and/or intensity and frequency of precipitation and is useful for 

both understanding the climate as well as evaluating or constraining models. 

Because precipitation cannot be measured directly at all points over land, the 

measurement technique must reflect the purpose of the research. At a single gauge, it is possible 
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to get the highest degree of accuracy and temporal resolution as well as the longest record. 

Gauge precipitation is ideal for trend analysis because of their long records and, when station 

density is great enough, areal average precipitation and evaluating variability of precipitation 

over small spatial scales. Areal average precipitation is needed for calibrating and validating 

gridded precipitation products. Several densely instrumented gauge networks (e.g. WGEW) have 

been set up to understand the small-scale variability of precipitation. Because gauge precipitation 

is measured directly, it is generally considered the best estimate, however there are known errors. 

For example, atmospheric conditions often cause the gauges to underestimate actual amount 

(Adam and Lettenmaier, 2003), particularly for snowfall (Fassnacht, 2004), and these undercatch 

errors vary from gauge to gauge (Nešpor and Sevruk, 1999). Additionally, many of the long-term 

gauges only include monthly precipitation amount.  

Several groups have developed monthly gridded precipitation datasets based on only 

gauge observations spanning 50+ years of the 20
th

 century (Legates and Willmott, 1990; New et 

al., 2000; Becker et al., 2013). The different products vary in the number of gauges used and the 

interpolation method. These products are likely the best available where stations are available. 

However, their biggest shortcoming is the lack of gauges in many areas of the world. New et al. 

(2001) summarized the history of rain collection, noting the number of stations reporting 

monthly precipitation increased steadily from the beginning of the 20
th

 century through the 

1970’s and then drastically decreased because of increasing cost and gauge failure from lack of 

maintenance. 

The number of gauges needed to estimate areal average precipitation depends on the 

accumulation time of gauges. For example, New et al. (2000) found that for monthly 

precipitation, the correlation decay distance (CDD) is 450 km, and therefore they were able to 

develop a gridded monthly precipitation. On the other hand, daily precipitation requires far more 

gauges. Stillman et al. (2013) showed that within WGEW, over 2- and 12- hour collection 

periods, on average less than 40% and 60% of the 150 km
2
 area received precipitation during the 
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monsoon season (Jul-Sep). In other words, generally it rains on about half of the small watershed 

while the other half remains dry. The number of stations recording daily and sub-daily 

precipitation is more limited than that recording monthly precipitation.  

Weather radars cover a spatial middle ground in precipitation estimation. They measure 

precipitation over an area as opposed to a point measured by gauges. Weather radars send out 

pulses of microwave radiation and the reflectivity is translated to a rainfall rate and a drop size 

distribution (Marshall and Palmer, 1948). Austin and Bemis (1950) showed that a bright band in 

the reflectivity represents the melting layer, from which it can be determined if precipitation at a 

location is solid or liquid. With nearly up to the minute data, weather radars are usually used to 

observe the current weather conditions. Furthermore, the evolution of storms can be examined 

because of the high temporal resolution. Beam blockage is a problem for weather radars. In 

mountainous regions the field of view is blocked and the cone of view is reduced. Additionally, 

it is difficult for radars to differentiate between rain and debris (e.g. dust). Some uncertainty is 

also introduced in the algorithm that infers rainfall rate from reflectivity. 

In recent years, satellite remote sensing has contributed greatly to our knowledge of 

global precipitation. Unlike gauges and ground radars, satellites observe remote parts of the 

world and they retrieve data on daily/sub-daily time scales. Satellites infer precipitation using 

algorithms to relate radiances to precipitation. Early satellite data was strictly from infrared (IR) 

retrievals, which measure the temperature of cloud tops. Colder temperatures suggest higher 

cloud tops and therefore heavier precipitation (Arkin and Meisner, 1987). More recently, passive 

microwave (PMW) instruments measure microwave radiances emitted from the earth and 

atmosphere. The retrievals from this spectrum are strongly related to the ice water path, and 

instantaneous precipitation rate can be inferred (Kummerow et al., 1996). Active precipitation 

radar has been used in more recent satellite products, which estimates the drop size distribution 

and allows for a more accurate instantaneous rainfall rate (e.g. Huffman et al., 2007). 
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The drawback is that they are limited in time to the satellite era (1979-present). Because 

satellite precipitation is not directly measured, there are many sources of uncertainty. For 

example, most satellite-based products select a rainfall profile based on a probability density 

function of many possible profiles for a given brightness temperature. While this method is 

shown to correlate well with observations (Kummerow et al., 1996), selecting the wrong profile 

is possible, resulting in poor estimates of rain rate.  

 

1.2 Soil moisture 

While precipitation forces the hydrologic cycle, soil moisture is one of the storage 

components of the water cycle. Though soil moisture only composes 0.05% of the freshwater 

(less than 0.01% of the total water) on earth (Gleick, 1993), it is important for regulating energy 

balance at the surface. The amount of water in the soil is what is available to plants and over long 

time periods, changes in soil moisture can alter, sometimes irreversibly, local vegetation 

(D’Odorico et al., 2007). The respiration rate of soil, which regulates atmospheric CO2 levels, is 

related to its water content (Tang et al., 2006).  

Soil moisture is the stored “memory” of previous precipitation events. In this work, we 

are concerned mainly with near surface soil moisture. Wet soils affect the energy balance 

through evapotranspiration (Crow and Wood 2002). Additionally, because water has a higher 

heat capacity than rock, wet soils take longer to heat and cool, which affects near surface 

climate, particularly air temperature (Berg et al., 2014). Dirmeyer et al. (2009) showed that real-

time monitoring of soil moisture improves medium range to sub-seasonal forecasting. Soil 

moisture antecedent conditions also determine the extent to which a precipitation event will 

cause flooding: heavy rain over saturated soil causes bigger problems than the same event over 

relatively dry ground. 

Soil moisture memory is often described in terms of its time-scale, or the time lag at 

which the autocorrelation equals 1/e. While a number of factors influence this value, it loosely 
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defines how quickly the soil tends to lose water (i.e. through evaporation and subsurface flow) 

and at the surface (Delworth and Manabe, 1988), this essentially tells us the time period over 

which previous rain events will affect the surface energy balance.  

The ability of the ground to store and transport water below ground, and therefore affect 

the time-scale of soil moisture, is influenced by, among other factors, the type of soil, vegetation, 

topography and antecedent soil moisture. The movement of water in the soil is based on a force 

balance that accounts for all of these factors, and dictates that water moves from higher to lower 

potential energy. The potential energy of a volume is the sum of its gravitational (relative), 

matric, and osmotic potential. Gravitational potential is simply the difference in height from a 

reference point, likened to the potential energy of a ball held above the ground, and osmotic 

potential mainly affects soil moisture through the difference across the root/soil boundary which 

allows plants to uptake water, similar to the way salt dehydrates human body. 

Matric potential is the sum of several forces that affect the volume on the pore to 

molecular level, including capillary forces, surface tension, and adsorption, and is dependent on 

the soil type, moisture content, and weight of water that has percolated through a volume. In an 

unsaturated soil, this tends to drive water from wetter to drier soil (if all other potentials are 

equal). Darcy’s law defines the flow of water in unsaturated soil analogously to Ohm’s law for 

electric current: flow (current) is conductance times the potential differential, where conductance 

is a function of the soil moisture content and depends on the soil type (i.e. represents the tension 

term).  

As with precipitation, various measurement techniques have been utilized to observe near 

surface soil moisture at a variety of spatial scales. Unlike precipitation, however, there are no 

convenient measurement techniques that directly measure soil moisture. Gravimetric sampling is 

the only way to directly measure volumetric water content (VWC). This involves digging up 

cores of soil, weighing the soil, heating the soil until the water evaporates, and weighing the soil 

again. The difference between the weight of the wet and dry soil is the mass of the water in the 
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soil. While this is the most accurate method of measuring water content, it is time intensive and 

inconvenient. Therefore, this technique is usually only done for short periods of time as a means 

to calibrate other instruments. 

VWC is inferred from a variety of sources with very high temporal resolution. In situ 

instruments such as capacitance probes and time domain reflectometry (TDR) probes are point 

measurements based on the dielectric properties of the soil and provide the best temporal 

resolution of any product. However, they are not directly measured and therefore uncertainty is 

introduced in its retrieval algorithm. Electric permittivity is affected by water content, 

temperature, and type of soil (Friedman et al., 1998). The type of soil affects the results for two 

main reasons: the mineral content has its own dielectric signature, and the amount of pore space 

affects the reading (Seyfried and Murdock, 2004). Presence of ionic salts in the soil also affects 

the reading of dielectric based measurements (Robinson et al., 1998). Paige and Keefer (2008) 

showed that capacitance probes and TDR probes respond differently in timing and magnitude to 

rain events in WGEW. 

Tensiometers are used to measure matric pressure, which is a function of soil moisture. 

They consist of a porous cup attached to manometer to measure pressure. Depending on how dry 

the soil is, it will suck the water through the porous cup until the pressure in the cup and the 

surrounding soil reaches equilibrium (Richards, 1949). Then, the pressure inside the tube, which 

is stronger in drier soils, is equal to the water pressure in the soil. Tensiometers are ideal because 

they are cheap; however, they require more maintenance. Additionally, they are subject to 

uncertainty from hysteresis, or changing of the soil water characteristic related to the wetting and 

drying history, which alters relationship between matric potential and soil moisture (Lehmann et 

al., 2998). 

Cosmic ray soil moisture observing system (COSMOS) probes infer soil moisture as a 

function of cosmic ray neutrons scattered after colliding with the earth. Essentially, neutrons are 

absorbed by the ground, preferentially by hydrogen atoms in water, and the number of neutrons 
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reflected back to the probes is inversely proportional to the amount of water within and above the 

soil (Zreda et al., 2012). The measurement footprint diameter and measurement depth are 

variable. The influence of the signal versus depth is exponential, and therefore effective sensor 

depth and sensor footprint are characterized by e-folding scales; the depth and radius from which 

86% of the signal is explained. This depth for pure water (ponded on surface) is 5.8 cm, 

somewhat larger for saturated soil (no ponding), and upwards of sometimes >70 cm for dry soil 

(Franz et al., 2012) and the footprint radius ranges from 130 - 240 m depending on vegetation, 

soil moisture, and humidity (Köhli et al., 2015). With over 110 COSMOS probes globally, this is 

a promising method for estimating soil moisture over a medium sized area with great temporal 

resolution, however extracting useful information can be problematic due to the variable 

measurement depth. Hence, likely the best use of COSMOS probes is to constrain multi-layer 

land surface models, similar to the method of Rosolem et al., 2014).  

In recent years, satellite microwave radiometers and scatterometers have been used to 

observe soil moisture over larger swaths. These products infer surface soil moisture as a function 

of observed microwave radiances. Various products measure in different microwave bands, the 

brightness temperature of which represents some combination of the surface (to varying depths) 

soil moisture, atmospheric water, and vegetation water content, and the signal from soil moisture 

is weeded out using some algorithm. Aboard aircrafts, medium coverage and resolution can be 

achieved. However, this method is usually only used for field campaigns (e.g., Soil Moisture 

Experiment of 2004, Southern Great Plains Hydrology Experiment 1997). Aboard satellites they 

can provide global coverage with coarser spatial resolution and nearly daily resolution. L-band 

(1-2 GHz) instruments such as Aquarius (Le Vine et al., 2007), SMOS (Kerr et al., 2010), and 

SMAP (Entekhabi et al., 2010) are the most sensitive to soil moisture and measure to a depth of 

approximately 5 cm. Due to its shorter wavelength, X-band (8-12 GHz) instruments such as 

AMSR-E (Njoku et al.,2003) only measure at a depth of less than 2 cm and are more sensitive to 

vegetation.  
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1.3 Objectives 

With so many products available, it is important to understand the associated uncertainty. 

The focus of this dissertation is on observing and quantifying terrestrial precipitation and soil 

moisture with special attention on a small watershed in southern Arizona. We will first develop 

an observationally constrained daily soil moisture dataset over WGEW in Southern Arizona. We 

then use this dataset as well as in situ soil moisture probes to understand spatiotemporal scales of 

soil moisture in WGEW, which gives information on the number of samples needed to 

accurately estimate soil moisture on daily and monthly timescales. This work has been published 

in Stillman et al. (2014). 

Next, we will evaluate the performance of 22 precipitation and 23 soil moisture products 

(including observation-based productss and models) using this dataset and a 56 year precipitation 

dataset from 88 gauges across WGEW. This work has been published in Stillman et al. (2016). 

Moving from WGEW to global, we will then evaluate the performance of the Climate 

Research Unit’s (CRU) number of raining days per month (N), the only currently available long-

term product of its type. N is needed in combination with monthly precipitation for daily 

precipitation intensity and frequency. Finally, we will present the development of a new 110-

year 0.5
o
 global N product and a performance analysis of the new product relative to CRU 

against three independent regional datasets. This work has been submitted for publication 

(Stillman and Zeng 2016).  

While not included here, I have analyzed the precipitation over WGEW in Stillman et al. 

(2013), and have also co-authored another paper on the COSMOS soil moisture data analysis 

(Franz et al. 2012) during my graduate study. 
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CHAPTER 2 

PRESENT STUDY 

 

2.1 Summer Soil Moisture Spatiotemporal Variability in Southeastern Arizona 

 

The Walnut Gulch Experimental Watershed (WGEW), a 150 km
2
 area in southern 

Arizona, is maintained by the United States Department of Agriculture (USDA) – Agriculture 

Research Center (ARS), and houses 88 rain gauges with minutely data from 1956-present. 

Additionally, 19 in situ soil moisture probes at a depth of 5 cm with half-hourly data were 

installed in 2002. WGEW receives around 60% of its annual ~35 cm of precipitation during the 

months of July-September, encompassing the North American monsoon in southern Arizona. 

During the monsoon, convective precipitation is intense and intermittent, and produces the most 

spatial variability in soil moisture. 

First, although USDA-ARS has done some quality control on the data, more extensive 

criteria are used here to determine whether or not the soil moisture data is reasonable. While in 

situ data is generally considered the best available data, the sensors are not free from errors. For 

example, air pockets in the soil can fill with water, leading to spurious spikes in the measured 

soil moisture, and over time, as soil erodes, probes can become exposed or measurement depth 

altered. Some of the criteria that disqualify data from this analysis are: zero values, values that 

are significantly greater than the saturation value, being nonresponsive to rain events, and very 

large diurnal range. It is found that in any given month, only 13-17 probes were producing 

reasonable data.  

In order to extend the measurement period, a water balance soil moisture model is 

developed. Land surface models are generally complex and require a comprehensive set of near 
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surface quantities such as precipitation, surface radiation budget, humidity, and wind. However, 

the current model uses precipitation data only and is trained on the in situ soil moisture data 

when it is available. This model calculates surface layer (0-7.5 cm) summertime (July-

September) soil moisture at a given time step as the combination of four terms: soil moisture at 

the previous time step, infiltration (fraction of precipitation that is not intercepted or immediately 

runoff), evapotranspiration, and drainage out of the model layer. 

The model’s tunable parameters are adjusted so that the model estimated soil moisture at 

a rain gauge has the smallest error compared with its collocated soil moisture probe from 2002-

2012. Several parameters are subject to constraints based on previous studies. For example, 

interception-rainfall and runoff-rainfall ratios are capped at 15% and 25%, respectively, and 

evapotranspiration is limited by flux tower observations. The same parameters are used for all 

13-17 available in situ station locations, and the parameter set that results in the smallest root 

mean squared difference (RMSD) and highest correlation is chosen. Modeled soil moisture is 

highly correlated (R=0.89) and has an average RMSD of 0.032 m
3
m

-3
 compared with quality 

controlled observations. Finally, the modeled soil moisture at the 88 rain gauge locations and the 

in situ soil moisture at 13-17 probes are interpolated to 100 m grids. 

While the number of in situ probes is sufficient to estimate areal average daily soil 

moisture, it suffers loss of spatial information. During the soil moisture experiment of 2004 

(SMEX04), 64 gravimetric samples were obtained for 11 days. The spatial correlation of our 

modeled soil moisture with these samples (R=0.6) is much higher than the correlation of the in 

situ probe soil moisture compared with the samples (R=0.05), partly because only 15 in situ 

probes were reporting reliable soil moisture in that year. 

Finally, a spatiotemporal analysis of 56 years of summer soil moisture within WGEW is 

performed. Even within this small area, the spatial range of daily soil moisture (maximum minus 

minimum value) is as large as 0.27 m
3
m

-3
, which is nearly the full possible range (saturation soil 
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moisture minus wilting point). There is large interannual variability of spatially and seasonally 

averaged summer soil moisture (0.05-0.09 m
3
m

-3
), however, there are no significant trends. 

 

2.2 Evaluation of 22 Precipitation and 23 Soil Moisture Products over a Semiarid Area in 

Southeastern Arizona 

 

 Because precipitation and soil moisture are of critical importance in the earth system, 

they are rigorously monitored by a range of instruments and models. However, the differences 

between the various products beg the question: which ones can we trust? This is not a new 

question; many studies have been done to address the strengths and weaknesses of different 

precipitation and soil moisture products either regionally or globally. The present study has a few 

key strengths that set it apart. First, the quality of the observational dataset is arguably 

unmatched. WGEW’s dense rain gauge network (P) and the observationally constrained July-

September soil moisture (SM) provide almost 60 years of high quality daily data. Second, the 

number of products evaluated in this study is larger than almost any similar evaluations, allowing 

us to evaluate which types of products perform best. 

22 precipitation products from the following categories are evaluated against P: 6 

gauge/radar products (which do not include WGEW gauges), 3 satellite-based products, 7 

CMIP5 models, and 6 reanalyses. The following conclusions are drawn: 1) compared with P, 

most products are biased wet. 2) Only one CMIP5 model shows correct timing of the North 

American monsoon. 3) All products except for CMIP5 models are significantly correlated with P 

even on daily timescales, and they generally do a better job of estimating winter precipitation 

than summer precipitation. 4) The performance of each of the products compared with P is 

highly variable from year to year, and the quality of the Climate Prediction Center’s (CPC) 

gauge-based product degrades significantly from 1956-2012. 5) Surprisingly, several CMIP5 

models do a better job at representing the daily amount distribution than a few of the satellite-
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based and reanalysis precipitation products. 6) Overall, CPC and the Parameter Elevation 

Regression on Independent Slopes Model (PRISM) have the best performance. 

In addition to 22 precipitation products, 23 soil moisture products from the following 

categories are evaluated against SM: 6 satellite-based products, 8 CMIP5 models, 7 reanalyses, 

and 2 offline land data assimilation systems (LDAS). The findings of this study are: 1) almost all 

soil moisture products are biased wet. The largest mean bias, which is associated with one of the 

CMIP5 models is 0.29 m
3
m

-3
, which is nearly the fully saturated value, and is not realistic for 

southern Arizona. 2) Only satellite-based products and reanalyses have daily resolution and 

satellite-based products outperform reanalyses on daily timescales with a median correlation of 

0.62 compared with 0.49 for reanalyses. 3) Several satellite-based and reanalysis soil moisture 

products are more sensitive to small changes in soil moisture in drier conditions than in wetter 

conditions. 4) Overall, the land parameter retrieval model forced with data from two satellites 

have the best results compared with SM. 

Most of the products evaluated in this work have grid sizes that are much larger than the 

area of WGEW. However, sensitivity tests utilizing two high resolution (4km) precipitation 

datasets show that the impact of the scale mismatch is overall small. 

 

2.3 Development of a 0.5 deg global monthly raining day product from 1901-2010 

 

 Long-term observation based datasets of global monthly precipitation amount (P) have 

been made widely available. This is useful for many reasons including enhancing our 

understanding of climatological and interannual variability of precipitation as well as for 

evaluation of climate models and remotely sensed products. However, P alone doesn’t tell the 

whole story: frequency and intensity of precipitation are also needed to understand the water and 

energy fluxes at the land surface. Whereas long-term global P datasets have been made widely 

available, prior to the satellite era, gauge-based daily and sub-daily precipitation is limited in 
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space and/or time. Therefore, the number of raining days per month (N) (daily precipitation 

frequency in each month) is needed. Currently, the only available long-term global N dataset was 

developed by the Climate Research Unit (CRU). 

While it certainly provides useful information, CRU N is only based on a limited number 

of observations. Elsewhere, it is inferred from P when and if P is available. Little has been done 

in the way of evaluating the performance of CRU N, and we provide the first global evaluation. 

Three regional daily precipitation products (over U.S., China, and South America) and one 

global product, all of which incorporate far more gauges than CRU and/or satellite remote 

sensing, are used. N for each gridded product is the number of days in each month with at least 1 

mm precipitation per day. The Climate Prediction Center Morphing Technique (CMORPH) daily 

precipitation product is shown to perform significantly better than CRU over the three regions, 

and is therefore used to evaluate CRU N globally. CRU N is found to be deficient over areas 

where observations are sparse, such as Africa, South America, China, the Tibetan Plateau, and 

high Eurasian latitudes. 

Building on the methodology of CRU, which is shown to do well over grid boxes with 

station data, a new N product is developed, which incorporates far more gauges as well as 

satellite data. The limiting (and most important) factor in CRU N is the availability of stations. 

On the other hand, while CMORPH performs better than CRU N, its biggest limitation is that it 

is only available for recent years. Our method combines the quality of CMORPH with the 

century-long time period of gauge measurements, and the results are quite different from CRU. 

The new product is shown to perform much better than CRU using three independent regional 

datasets over U.S., China, and South America.  
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Supplemental Material 

Evaluation of 22 Precipitation and 23 Soil Moisture Products over a Semiarid Area in 

Southeastern Arizona 

Susan Stillman, Xubin Zeng, and Michael G. Bosilovich 

In addition to evaluating all products over their entire available period, the metrics in 

equations (1)-(5) for daily precipitation in Figure S1 over the common period of 2002-2007. Two 

additional products that are not included in the main text are shown here (7b and 9b). These are 

the real-time versions of TRMM and CMORPH, respectively, and are based on satellite 

measurements only. Overall, the differences between Fig. 3 and Fig. S1 are small. The bias 

adjusted CMORPH and TRMM show significant improvements from their real-time 

counterparts. While the satellite-gauge version of TRMM (7) increases the bias from the real-

time version (7b), its correlation with Pobs is significantly improved, particularly in the winter. 

The satellite only version of CMORPH (9b) highly overestimates summer precipitation 

compared with the satellite-gauge version (9). In comparing the purely satellite versions of 

TRMM and CMORPH to PERSIANN (8, satellite only product), overall CMORPH (9b) 

performs best followed by TRMM (7b), and PERSIANN (8), while PERSIANN (8) performs 

best in the wintertime. 

Similarly, this evaluation is done for monthly precipitation data are shown for all 

products over a common period of 1981-2003 in Figure S2. The differences in the values in Fig. 

2 and Fig. S2 are small, and the overall conclusions are mostly the same. One important 

difference is that several of the CMIP5 models show “significant” correlations in seasonal or 

annual precipitation while CESM1-FC (15) shows poorer correlation than in Fig. 2, suggesting 

that the significant correlation of CESM1-FC in Fig. 2 and that of other CMIP5 models in Fig. 

S2 are not robust. 

Figures 10 and 11 show that the scale mismatch of each of the precipitation products with 

respect to the WGEW area is small. This is because we are scaling from a small area to a larger 

area rather than from a point to a larger area, which suffers from far more uncertainty. As a 

separate experiment, the same procedure in Fig. 11 for annual precipitation is repeated here using 

a single StageIV pixel at the center of WGEW in Figure S3. The results from Fig. 11 are also 

shown in green for comparison. Clearly, evaluating StageIV precipitation against a single pixel 

(blues lines in Fig. S3) gives much poorer results than against area averaged precipitation (green 

lines in Fig. S3). Furthermore, we have repeated the computations in Fig. S3 using each of the 88 

gauges, and the results are summarized in Fig. S4. Again the uncertainty using a single gauge in 

evaluating gridded products is much greater than that using the area average over WGEW.  
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Figure S1: As in Figure 3, but for the period of 2002-2007. Products 7b and 9b are the pure 

satellite version of TRMM (7) and CMORPH (9), respectively. 

 

Figure S2: As in Figure 2, but for the period of 1981-2003. 
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Figure S3: As in Figure 11 for annual precipitation for all StageIV grid boxes within WGEW 

(green) and for a single StageIV grid box at the center of WGEW (blue). 

 

Figure S4: As in Figure S3 except using each of the 88 gauges in WGEW for comparison with 

StageIV daily precipitation. The median (red line), interquartile range (blue box), and full range 

(black whiskers) of the results are shown along with that using the average of all gauges (red 

circles). 
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Abstract 

 While several long-term global datasets of monthly precipitation amount (P) are widely 

available, only the Climate Research Unit (CRU) provides long-term global monthly raining day 

number (N) data (i.e., daily precipitation frequency in a month), with P/N representing the daily 

precipitation intensity. However, because CRU N is based on a limited number of gauges, it is 

found to perform poorly over data sparse regions. By combining the CRU method with a short-

term gauge-satellite merged global daily precipitation dataset (CMORPH) and a global long-term 

monthly precipitation dataset (GPCC) with far more gauges than used in CRU, a new 0.5 deg 

global N dataset from 1901-2010 is developed, which differs significantly from CRU N. 

Compared with three independent regional daily precipitation products over U.S., China, and 

South America based on much denser gauge networks than used in CRU, the new product shows 

significant improvement over CRU N.  

 

1. Introduction 

Precipitation is critically important for sustaining life on land and is one of the most 

fundamental climate data records [Easterling et al., 2000; New et al., 2001; Held and Soden, 

2006; Hartmann et al., 2013; Trenberth, 2011]. For this reason, long-term gridded datasets of 

monthly precipitation amount (P) over land have been developed based on station data by 

different groups [Legates and Willmott, 1990; Chen et al., 2002; Becker et al., 2013; Harris et 

al., 2013] for a variety of applications. 

Precipitation is characterized by its amount, intensity, and frequency for a given time 

interval (e.g. daily precipitation) [e.g., Chen et al., 1996], all of which together determine the 

partitioning of water and energy fluxes at the earth’s surface [Lin et al., 2002] and affect 

socioeconomic activities [Arent et al., 2014]. In recent years, several daily precipitation products 

based on gauge and/or satellite data have been developed [e.g. Huffman et al., 2001; Huffman et 

al., 2007; Joyce et al., 2004; Hsu et al., 1997; Schamm et al., 2014] from which daily 
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precipitation intensity and frequency can be determined. However, they are available for a 

limited period only. In order to estimate daily precipitation intensity and frequency prior to the 

availability of these data, the monthly number of raining days (N) (or daily precipitation 

frequency in each month) is needed. The Climate Research Unit (CRU) developed the only long-

term global N dataset that we are aware of [New et al., 1999, 2000]. Then the ratio of P over N 

gives the daily precipitation intensity that is a valuable and commonly used index [Frei et al., 

2003; Donat et al., 2013; Herold et al., 2016].  

It is important to note, however, that CRU N is only directly observed at a limited 

number of stations and is inferred from monthly precipitation amount P elsewhere. Belo-Pereira 

et al. [2011] even showed that CRU N is no better than reanalysis over the Iberian Peninsula. 

While it certainly provides useful information, the quality of CRU N on a global scale has not yet 

been assessed, partly due to the lack of available data.  

The first goal of this work is to evaluate CRU N using three high-quality regional and 

two global daily precipitation datasets. Then building on the CRU N methodology, we will 

develop a new monthly raining day (N) product by incorporating far more observations from 

gauges and satellites than used in CRU. Finally, the relative performance of the new product 

versus CRU N will be evaluated using three independent regional and two global daily 

precipitation datasets. 

 

2. Data description 

CRU N is a gridded 0.5
o
 monthly raining day product (number of days per month with 

station precipitation greater than 0.1 mm/day) spanning 1901-present [New et al., 1999, 2000; 

Harris et al., 2013]. The station data used to create CRU N are based on a minimum daily 

precipitation threshold (Pmin); days with less than this amount are not counted toward N. This 

threshold is generally 0.1 mm/day, however about 10% of the stations use Pmin = 1 mm/day, 

which are adjusted [New et al., 1999], and stations with other thresholds (generally 0.2 mm/day) 
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are not corrected. The CRU developers acknowledge that incorrect threshold values were 

assumed over many stations in Spain, N. Africa, and Syria (http://www.ipcc-

data.org/obs/climate_quality.html). For this work, the most recent version (CRU TS 3.23) is 

used.  

 The development of our product (UA) is based on two global precipitation datasets that 

incorporate far more observations from gauges and satellites than used in CRU. The first is 

Global Precipitation Climatology Centre (GPCC) version 6, which is a 0.5
o
 110-year monthly 

product (from 1901 - 2010) based on more than 45,000 stations globally (compared with 

approximately 10,000 stations used in the CRU N product) [Becker et al., 2013]. The other is the 

gauge adjusted version of Climate Prediction Center morphing technique (CMORPH), which is a 

0.5
o
 daily precipitation product from 1998-present. CMORPH precipitation is based on passive 

microwave measurements from several polar orbiting satellites and propagated by a motion 

vector determined by infrared measurements from multiple geostationary satellites in between 

passive microwave sensor scans at 30-minute intervals [Joyce et al., 2004]. The gauge 

adjustment is done by probability distribution function (pdf)-matching the resulting precipitation 

to a daily gauge analysis [Xie et al., 2013]. 

 Additionally, three independent regional precipitation products (based on much denser 

gauge networks than used in the CRU N product) are used for the evaluation of the CRU and UA 

N products. The Parameter-elevation Regressions on Independent Slopes Model (PRISM), based 

on nearly 13,000 daily precipitation gauges, produces up to 4-km hourly precipitation across the 

conterminous United States (CONUS) from 1981-2010 [Daly et al., 2002, 2008]. For 

consistency, the 0.5
o
 daily product is used. Over the same time period, CRU has between 1064 

and 1665 (average 1327) monthly rain gauges across CONUS. Particularly over the western 

CONUS, PRISM has much better gauge coverage than CRU. Additionally, the PRISM model 

includes several parameters in its interpolation including topography, whereas CRU uses a 
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horizontal two-dimensional interpolation, which may result in large errors in areas of steep 

terrain. 

Chen et al. [2010] described the development of a precipitation dataset based on many 

more rain gauges than the CRU dataset over China. The gauges are maintained and quality 

controlled by the China Meteorological Administration. Over the period 1961-2010, data from 

726 rain gauges are interpolated with ordinary kriging to produce a 0.5
o
 daily product. 

Conversely, over the same time period, the CRU network over China consists of between 13 and 

397 (average 263) monthly rain gauges in any given month. Both this network and the CRU 

network are lacking station coverage in the western portion of China. 

 The network over South America consists of between 2,732 and 14,451 (average 9100) 

daily rain gauges [Liebmann et al., 2005]. This is in contrast to CRU’s 148-1860 (average 975) 

monthly rain gauges. Both this dataset and CRU have relatively dense rain gauge networks over 

the eastern portion of South America and relatively sparse gauge networks over the rest of the 

continent. The South America product is a 1
o
 gridded daily product spanning 1940-2012, which 

only includes data where and when station data are available, otherwise the grid cell is given a 

missing value. 

 

3. Results  

3.1 Evaluation of CRU N 

CRU N has been extensively used for evaluation and development of precipitation 

products [Ngo-Duc et al., 2005; Qian et al., 2006; Sheffield et al., 2006; Pisnichenko et al., 2009; 

Weedon et al., 2011; Ramirez-Villegas et al., 2013]. However, it is based on limited observations 

and little has been done in the way of evaluating its performance.  

To evaluate CRU N using the three regional datasets (referred to as OBS) over CONUS, 

China, and South America (see Section 2), the choice of Pmin is important [Soares et al., 2012]: 

although CRU N uses gauges with Pmin = 0.1 mm/day, it is found that the error between CRU N 
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and OBS N is minimized when gridded OBS N is generated using Pmin = 1 mm/day. The reason 

for this has to do with the sensitivity of precipitation intensity and frequency to the spatial and 

temporal aggregation from point to grid [Kursinski and Zeng, 2006], and Pmin = 1 mm/day is 

used for gridded products throughout this work. 

Figure 1 shows the area averaged mean absolute difference (MAD) of P and N between 

CRU and OBS and the ratio of area averaged MAD to area averaged climatological P and N 

(%MAD) over three regions. For all regional and global averages here and later, the cosine of 

each grid box’s latitude is considered. Because China’s OBS stations are lacking in the west 

(Supplementary Figure S1), the results in Figure 1 only reflect grid boxes with station data from 

the China network. The largest %MADs of N are found over China and South America in their 

respective drier seasons, with an average %MAD as large as 104%, corresponding to 3.6 

days/month over China in January. CRU N performs best over CONUS (due to the denser gauge 

network used in CRU) compared with the other regions, however the average error is still nearly 

3 days per month in January and July. 

 

Figure 1: Average MAD (solid bars) and %MAD (outlined bars) of a) P between CRU and OBS 

(blue), CMORPH and OBS (black), and GPCC and OBS (red)  (mm/mon and %) and b) N 

between CRU and OBS (blue), CMORPH and OBS (black), and UA and OBS (red) (days/month 

and %) over three regions during the period 1998-2010. %MAD = 100*average MAD divided by 

the monthly and spatially averaged P or N. 
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Recognizing the importance of the choice of Pmin, we have done the sensitivity test using 

Pmin = 0.1 mm/day for OBS N. Depending on the season and region, CRU N is most similar to 

OBS N with different Pmin values; however, Pmin = 1 mm/day is overall best. This is most clear 

over CONUS where the average MAD increases from 2.4 days/month (with Pmin = 1 mm/day) to 

4.6 days/month (with Pmin = 0.1 mm/day).  Southern China’s January frequent light precipitation 

(<1 mm/day), is partially responsible for CRU’s very large errors over this area (Figure S1). In 

this case, the lower Pmin value provides somewhat better results between CRU N and OBS over 

this area (but worse results in northern China) in January because CRU counts very light 

precipitation days toward N. This would also lead to worse results in Southern China in July. 

These results suggest that caution should be used when N products are intercompared due to its 

sensitivity to Pmin.  

N may be sensitive to the order of operations in data smoothing from fine to coarser grid 

[Avila et al., 2015]; therefore comparing the 0.5
o
  CRU N to the 1

o
 regional data over South 

America directly could be problematic. Here we address this issue using the 0.5
o
 daily CMORPH 

gridded data (Section 2) with N computed directly based on Pmin = 1 mm/day. CMORPH N is 

upscaled in two ways from 0.5
o
 to 1

o
: bilinear interpolation and maximum 0.5

o
 value within each 

1
o
 grid cell. The results are compared with 1

o
 CMORPH N (computed using the 1

o
 P through the 

bilinear interpolation of daily 0.5
o 

precipitation). Each does better over certain regions; however, 

on average bilinear interpolation of N produces slightly better results with MAD of 0.8 

days/month (compared with 0.9 days/month). So this method is used to interpolate the 0.5
o
 CRU 

and CMORPH N to 1
o
 for comparison with OBS N over South America (Figure 1). Overall, the 

conclusions over South America from Figure 1 are not affected by the interpolation method used. 

The largest errors of CRU N compared with OBS over CONUS occur over mountainous 

areas, particularly in January, likely because CRU’s gauge coverage is insufficient in the western 

US (Figure 2). Even over the eastern portion of China with sufficient gauge data, CRU N has 
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large errors (MAD up to > 10 days/month) compared with OBS in January (Figure S1). The OBS 

station coverage over South America is also limited, and no data are available over the majority 

of the west coast as well as some southern and inland areas (Figure S2). Over the remaining 

areas, CRU N has the largest errors along the eastern coast and within the Amazon basin. While 

CRU’s MAD over South America is smaller in July (austral winter) than in January (austral 

summer), the MAD of July N accounts for a higher percentage of the monthly average (larger 

%MAD) (Figure 1) and causes larger errors in the average daily intensity (P/N). 

 

 

Figure 2: MAD (days/month) of N between CRU and OBS (left) and between UA and OBS 

(right) for January (top) and July (bottom) from 1981 - 2010. 

 

Over regions without sufficient gauge coverage, gauge adjusted satellite-based products 

(e.g., the daily CMORPH product available from 1998-present) likely provide the best data 

available. Indeed, within each of the three regions, CMORPH N outperforms CRU N (Figure 

1b). Because of the sensitivity of N to Pmin, CMORPH N with Pmin = 0.1 and 1 mm/day is 

compared with OBS N with Pmin = 0.1 and 1 mm/day over each of the three regions. In all cases, 

the best results occur when Pmin = 1 mm/day for both OBS and CMORPH. For this reason, 

CMORPH N using Pmin = 1 mm/day is used to evaluate CRU N globally (Figure 3). Some of the 
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largest differences between CRU and CMORPH N occur over regions where CRU station 

coverage is minimal (Figure 6 of New et al. [1999]), with a global average MAD of 3.7 (3.6) 

days/month in January (July), corresponding to an average %MAD of 51% (42%). In the high 

northern latitudes in January, precipitation is generally solid and very light, making these regions 

highly sensitive to gauge undercatch errors. Therefore the large differences between CRU and 

CMORPH N over these regions (Figure 3) are likely due to the use of different Pmin values.   

 

 

Figure 3: MAD of N (days /month) between CRU (left) or UA (right) and CMORPH for January 

(top) and July (bottom) from 1998-2010.  

 

3.2 Development of the UA N product 

Using three regional datasets and a global dataset based on much more stations and 

satellite remote sensing, CRU N is found in Section 3.1 to perform poorly over regions with 

limited gauge coverages. To better understand the performance of CRU N, we have to first 

understand its derivation [New et al., 1999, 2000]: first, monthly station normals are determined 

as the monthly averages of N and P from a variety of sources (denoted as <N> and <P> 
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respectively). Because normals are acquired from different sources that are not standardized, 

they may differ in Pmin value, gauge type, and averaging period, although the period 1961-1990 

is standard. However, this allows for a much denser network than the CRU network itself. The 

locations of 9,238 stations with N normals are displayed in Figure 6 of New et al. [1999]. In any 

year, when the number of N stations is lacking, N is estimated as:  

𝑁(𝑚, 𝑦) = (
𝑃(𝑚,𝑦)

〈𝑃(𝑚)〉
)
𝑥
〈𝑁(𝑚)〉 (1) 

where m and y refer to month and year, and x=0.45 is an optimized parameter. This formula 

requires that <N>, <P>, and P are available. Next, station N anomalies are determined as N - 

<N>, and dummy stations with zero anomalies are allocated to grid boxes without N station data 

(observed or calculated) within the correlation decay distance (~450 km) from their center. The 

gridding interpolation of the normals and anomalies are described in New et al. [1999, 2000]. 

Finally, the gridded normals and anomalies are added together to create the final product. CRU N 

and P are available from 1901-present. 

We first test the robustness of equation 1 by comparing N (calculated using CRU P, <P>, 

and <N> with x=0.45) with observed N (from the CRU N dataset) over 344 grid boxes 

encompassing at least one station reporting N for at least 25 years over the period of normals 

(1961-1990) and, for consistency with criteria in Section 3.3, at least 5 years over the period 

1998-2010. It is assumed that over these grid boxes, the CRU N dataset is nearly ground truth as 

it contains station data. The average correlation of CRU N with N calculated using equation 1 is 

0.80, and the average MAD is 2.4 days/month over these 344 grid boxes (Figure 4b). These good 

agreements suggest that equation 1 is useful for estimating N wherever sufficient data (P, <P>, 

and <N>) are available. For this reason, this equation is also used in our dataset development.  
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Figure 4: Histograms over 344 grid boxes with gauge data available in the CRU dataset for the 

period 1998-2013. (a):  best fit exponent x in Equation 1 with the minimization of MAD. Black 

lines represent equation 1 using CRU P, <P>, and <N>, and red lines represent equation 1 using 

GPCC P and <P>, and CMORPH <N>. (b): MAD of N between CRU and equation 1 using CRU 

P, <P>, and <N> (black solid) and between CMORPH and equation 1 using GPCC P and <P>, 

and CMORPH <N> (red solid), and MAD of N between using constant versus variable exponent 

in equation 1 (black and red dashed). (c): MAD of N between using 1961-1990 normals and 

using 1998-2010 normals in equation 1 based on the CRU dataset.  

 

In order to determine whether the constant exponent (x) is an acceptable simplification, 

we first find an optimum value by minimizing MAD between CRU N with that calculated from 

equation 1 in grid boxes with station data from 1998-2010. The exponent is allowed to be 

variable by season and by grid box, so for each of the 344 grid boxes, four seasonal values are 

obtained. The resulting exponent values are between 0 and 1, with a median value of 0.5 (Figure 

4a). Allowing x to vary in space and by season only slightly improves results (Figure 4b), with 

the average MAD decreasing by 0.1 days/month from 2.4 days/month (with the default x = 0.45), 

indicating that the use of a constant x in the CRU N dataset is reasonable. For this reason, a 

constant x is also used in our data development. 

An interesting consequence of x almost always being between zero and one (Figure 4a) is 

that, at each grid box (with given <N> and <P>), both N and average daily precipitation intensity 

(P/N) increase with the increase of P according to equation 1. This means that if monthly 
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precipitation amount increases, it will likely manifest as increases in both N and average daily 

intensity as opposed to just one or the other. 

However, <N> station data used in CRU are quite limited in it spatial coverage. One 

thing to note here is that while the number of CRU P stations discussed in section 2 is 

approximately 10% over CONUS and South America and 36% over China of the number of 

OBS stations for the three regions, the number of CRU N stations is likely much smaller because 

it also depends on the availability of <N>. Therefore, our first step is to generate the best 

possible <N>. Because of its high resolution, continuous spatial coverage, and superior 

performance over CRU N compared with OBS (Figure 1b), CMORPH is chosen as the global 

gridded daily precipitation dataset from which <N> is determined (with Pmin = 1 mm/day).  

Additionally, the GPCC monthly precipitation product is chosen for P and <P> because it 

outperforms CRU P (Figure 1a). This is because GPCC P uses approximately 4.5 times the 

number of gauges used in CRU P, and the global coverage is much better [Becker et al., 2013]. 

Most notably, GPCC’s station coverage is much better than that of CRU over CONUS, Canada, 

Europe, China, southeastern Australia, and South Africa. Neither CRU nor GPCC makes 

adjustments for systematic errors due to weather conditions (wind, temperature, precipitation 

phase, and intensity); however, many of the gauges used in the development of CRU <P> are 

adjusted for gauge undercatch [New et al., 1999]. This inconsistency could likely lead to a slight 

underestimation of CRU N, because P/<P> as used in Equation 1 should be on average less than 

1 for stations whose normals are bias adjusted. Other long-term 0.5
o 

gridded global gauge-based 

precipitation datasets include PREC/L [Chen et al., 2002] and University of Delaware [Legates 

and Willmott, 1990], each consisting of substantially fewer stations than GPCC. Aside from the 

number of stations, the precipitation products also vary in their interpolation schemes. 

 Next, equation 1 is optimized with CMORPH <N> and GPCC P and <P> over the period 

1998-2010 when both datasets are available. As discussed earlier, the exponent is allowed to 

vary by season and grid box. Figure 4a shows the resulting histogram of best fit exponents. For 
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consistency with the earlier test using the CRU data, the histograms in Figure 4a are based on 

four seasonal values from each of the 344 grid boxes which contain at least one CRU station 

with at least 5 years of CRU N over the period 1998-2013 (when CMORPH is available), and at 

least 25 years of CRU N over 1961-1990 (CRU normals period). The resulting distribution of 

best fit exponents is similar to that of CRU (Figure 4a) and the distribution using four seasons 

and all global land grid boxes (as opposed to the 344 grid boxes used in Figure 4) is 

approximately the same. As with CRU N, allowing the exponent to vary in time and space does 

not significantly improve the results (Figure 4b) and hence a constant value of x = 0.5 is used.  

Recognizing that the base period for <N> is 1961-1990 in CRU and 1998-2010 in our 

product (due to the availability of the daily CMORPH data), we have computed N over the same 

344 grid boxes in Figure 4 using normals defined over these two periods (computed each month 

as the average N over each of the periods from the CRU data). Over the period 1998-2010, the 

average MAD between calculated and observed N using the normals period 1961-1990 is just 0.3 

day/month higher than that using normals period 1998-2010, indicating the minimal effect of 

different base periods of normals on the results (Figure 4c). 

In summary, we derive our global 0.5
o
 N in three steps: 1) <P> is calculated for each 

month as the average GPCC P from 1998-2010; 2) <N> is calculated for each month as the 

average CMORPH N (Pmin = 1 mm/day) from 1998-2010; and 3) N is calculated each month 

from 1901 – 2010 using GPCC P, <P> and <N> from steps 1 and 2, and x=0.5 in equation 1. 

Then GPCC P and our N can also be used to compute the daily precipitation intensity (P/N). 

 

3.3 Comparison of the CRU and UA N against regional datasets  

The new UA N dataset has several significant differences from CRU N, most notably 

over areas without sufficient CRU <N> data (Figure S3 and Figure 6 from New et al. [1999]). In 

particular, MAD of N between CRU and UA is as high as 10 days/month or more over parts of 

South America, eastern China, and Eurasian high latitudes in January, and parts of Africa, eastern 
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South America, and the Tibetan Plateau in July (Figure S3). Therefore it is crucial to understand 

which product is more realistic. Here this is addressed using the independent rain gauge 

networks (OBS) over three regions (Section 2) (Figure 1b). In addition to having fewer rain 

gauges than OBS over each of the three regions, the number of stations with <N> data from 

which N is calculated is often even more limited in the CRU dataset. 

OBS over CONUS is used to examine the performance of CRU N because of its 

relatively good gauge coverage (Figure 1a of Daly et al. [2008]) and because of its inclusion of 

topography in its interpolation. It is well known that precipitation is affected by orography 

[Houze, 2012] and is therefore highly variable over short horizontal distances and in regions with 

sharp elevation changes [Anders et al., 2006]. With CRU’s very limited coverage of <N> gauges 

over western CONUS, this orographic dependence can easily be missed, and as a result, CRU 

systematically underestimates N in January. Additionally, because CRU P stations are also 

lacking over this region, CRU N struggles to represent the interannual variability of N. On the 

other hand, UA N does a much better job over the mountains in January (Figure 2). These errors 

are smaller in July because summer is the drier season in the northwest and <N> from OBS is 

much smaller. 

Over the northeastern CONUS, CRU’s large MAD in January is caused by CRU <N> 

being too large as a result of light precipitation, often snow, which is not counted toward OBS N. 

Over Florida, the poor results in July are mostly from CRU <N> being too small. The exact 

reason for this underestimation is unclear, but it likely has to do with CRU’s interpolation 

method. CRU splits global land into tiles based on location and station density, and the tile 

covering Florida also includes Mexico, separated by the Gulf of Mexico, and Florida only has a 

handful of <N> stations (Figure 6 of New et al. [1999]). Over the period 1981-2010, the average 

MAD of N between UA and OBS over CONUS is 1.7 (2.0) days/month in January (July), 

compared with 2.9 (2.6) for CRU N. The average MAD of N between CRU and UA over 

CONUS is 2.7 (2.5) days/month in January (July) over the same period. 
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 The locations of the OBS gauges over China are concentrated in the eastern portion of the 

country (Figure S1). For this reason, only grid boxes with OBS gauges are used to evaluate the 

two. Over the gauge-dense area, UA N shows considerable improvements over CRU N in 

January, and the two perform comparably in July. These improvements in N are almost 

exclusively a result of better <N>, whereas CRU N and UA N have similar performance at 

representing interannual variability. The average MAD of N between CRU and OBS over China 

from 1961-2010 is 3.4 (3.1) days/month in January (July), compared with 1.1 (2.6) days/month 

for UA N. CRU’s January MAD is even larger than the average January <N> of 3.2 days/month 

over China. The average MAD of N between CRU and UA over China is 3.6 (3.2) days/month in 

January (July) over the same period. 

 Large differences between CRU and UA N are clear over South America, particularly on 

the eastern coast (Figure S2). UA N does a better job than CRU N over South America, 

particularly in July over areas with low average P. Both CRU and UA N suffer from poor P 

station coverage over South America, particularly over the Amazon, and therefore struggle to 

reproduce interannual variability. The improvements of the UA N over the CRU N in January are 

almost exclusively due to improved <N> whereas in July, the improvements are attributed to 

both the better <N> and better representation of interannual variability (better P) on the eastern 

coast. Over the period of 1940-2010, the average MAD of N between CRU and OBS is 5.4 (4.3) 

days/month in January (July), compared to 4.1 (2.7) for UA N. The average MAD of N between 

CRU and UA over South America is 4.7 (3.8) in January (July) for the same period.  

Over most of the global land, gauge networks with sufficient density for evaluation are 

not available. To evaluate the two products over these areas, CMORPH merged satellite-gauge 

product (OBS) is used. Over areas with sparse CRU <N> station coverage (e.g. central South 

America, Africa, China, and Eurasian high latitudes) as well as some areas with relatively more 

CRU <N> gauges such as India, CRU and OBS N have the largest differences (left panels of 

Figure 3). The MAD over these areas is significantly reduced with the new product (right panels 
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of Figure 3). Overall, the average MAD of N between UA and OBS is 1.8 (1.9) days/month in 

January (July) from 1998 - 2010, compared with 3.7 (3.6) days/month for CRU N. The global 

average MAD of N between CRU and UA is 3.6 (3.4) in January (July) over the same time 

period. 

 The much better performance of our product in Figure 3 may be partially due to the use 

of the CMORPH <N> in the development of our product. For this reason, and for the additional 

years of data availability, CRU and UA N products are also evaluated against GPCC 1
o
 daily 

satellite-gauge merged precipitation product [Andersson et al., 2016] from 1988-2008. The CRU 

and UA N products are bi-linearly interpolated from 0.5
o
 to 1

o
 for consistency. The average 

MAD between UA and OBS is 2.6 (2.9) days/month in January (July) compared with 3.7 (3.6) 

days/month for CRU N, again demonstrating the better performance of our product. 

 Note that GPCC P is chosen instead of CRU P for this work because of its superior 

performance compared with three regional datasets (Figure 1a). However, replacing CRU P and 

<P> with GPCC P and <P> only slightly boosts results. For example, the global average MAD of 

N between UA and CMORPH using CRU P is just 0.2 days/month higher (i.e., worse) than that 

using GPCC P. Similar results (<0.2 days/month improvement) are found for each of the three 

regional OBS. In contrast, replacing CRU <N> with CMORPH <N> is a source of much greater 

improvements. For instance, the global average MAD of N between UA and CMORPH using 

CRU <N> is  1.4 days/month higher (i.e., worse) than that using CMORPH <N>. 

 UA <N> is based on the CMORPH data from 1998-2010, so it is important to evaluate 

whether the superior performance of UA N is heavily weighted by observations over recent 

periods. To address this issue, the MAD values of N between UA and OBS are calculated over 

the two halves of the data period separately over China (1961-1985 versus 1986-2010) and South 

America (1941-1975 versus 1976-2010). These different periods at each region would account 

for any temporal variability in the normals. The difference in the spatially averaged MAD values 
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between the two periods is less than 0.2 days/month for each region, demonstrating the 

robustness of our product.   

 In summary, the CRU monthly raining day number (N) product (or daily precipitation 

frequency in each month) is the only long-term dataset available at present, but it is found to 

perform poorly compared with three regional datasets with much denser gauge networks and two 

global gauge-satellite merged dataset. Our new 110-year 0.5
o
 global N product from 1901-2010 

is developed by combining the CRU approach (i.e., Equation 1 with x = 0.5) with the gauge-

satellite merged CMORPH <N> dataset (determined from daily precipitation with Pmin = 1 

mm/day) and GPCC P and <P> datasets based on much more gauges than used in the CRU N 

dataset. It shows a large improvement over the CRU product based on the comparison against 

three independent regional datasets over CONUS, China, and South America. Because the new 

UA product differs significantly from the CRU product, with the global average MAD of N 

between CRU and UA being 3.9 (3.5) days/month in January (July) from 1901 – 2010, their 

comparisons against additional high-quality regional datasets will be helpful. Our N product 

(available from the authors) can be combined with the GPCC monthly P to quantify precipitation 

variability and change from 1901-2010. They can also be combined with various reanalysis 

precipitation products to reconstruct the 20
th

 century daily precipitation.   
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Figure S1: MAD of N between CRU and OBS (left) and between UA and OBS (right) 

[days/month] in January (top) and July (bottom) over China from 1961 - 2010. Dots represent 

grid boxes with OBS gauge measurements. Only grid boxes with gauges (dots) are used in the 

area average MAD and %MAD. 
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Figure S2: As in S1, but over South America from 1940 - 2010. Grid boxes without OBS 

measurements are shaded in gray. 

 

Figure S3: MAD of N between CRU and UA [days/month] in January (left) and July (right) from 

1901-2010. 

 


