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Abstract 

Dry climate regions face heightened risks of flooding and infrastructure damage even with minimal 
rainfall. Climate change is intensifying this vulnerability by increasing the duration, frequency, and 
intensity of precipitation events in areas that have historically experienced arid conditions. As a 
result, accurate precipitation estimation in these regions is critical for effective planning, risk 
mitigation, and infrastructure resilience. This study evaluates the performance of five satellite- and 
model-based precipitation products by comparing them against in-situ rain gauge observations in a 
dry-climate region: The fifth generation European Centre for Medium-Range Weather Forecasts 
Reanalysis (ERA5) (analyzing maximum and minimum precipitation rates separately), the Modern-
Era Retrospective analysis for Research and Applications version 2 (MERRA2), the Western Land 
Data Assimilation System (WLDAS), and the Integrated Multi-satellitE Retrievals for Global 
Precipitation Measurement (IMERG). The analysis focuses on both average daily rainfall and extreme 
precipitation events, with particular attention to precipitation magnitude and the accuracy of event 
detection, using a combination of statistical metrics—including bias ratio, mean error, and correlation 
coefficient—as well as contingency statistics such as probability of detection, false alarm rate, missed 
precipitation fraction, and false precipitation fraction. The study area is Palm Desert, a mountainous, 
arid, and urban region in Southern California, which exemplifies the challenges faced by dry regions 
under changing climate conditions. Among the products assessed, WLDAS ranked highest in 
measuring total precipitation and extreme rainfall amounts but performed the worst in detecting the 
occurrence of both average and extreme rainfall events. In contrast, IMERG and ERA5-MIN 
demonstrated the strongest ability to detect the timing of precipitation, though they were less 
accurate in estimating the magnitude of rainfall per event. Overall, this study provides valuable 
insights into the reliability and limitations of different precipitation estimation products in dry 
regions, where even small amounts of rainfall can have disproportionately large impacts on 
infrastructure and public safety. 

Keywords: precipitation; dry climate; remote sensing; error analysis 
 

1. Introduction 

Evidence of climate change is present globally [1]. Increases in surface temperature are greatly 
affecting the hydrological cycle from the local to the regional and global scale, ultimately leading to 
increased intensity and frequency of precipitation [2]. This increases the risk of flooding, which is the 
most frequent type of natural disaster and can substantially damage the affected areas [3]. The best 
way to mitigate damages from flooding is through adaptive measures that increase the resilience of 
current infrastructure to extreme events [4]. Gaining a solid understanding of how different volumes 
of precipitation will affect different areas together with a reliable method of predicting floods is 
crucial to increase community resilience to extreme hydroclimatic events. Climate change has 
rendered stationarity moot, so traditional prediction models may no longer be reliable or valid, 
meaning suddenly, infrastructure may no longer be resilient to current and future storm events [1].  
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Some areas with typically arid climate, such as Central Asia, are getting larger volumes of rain 
more frequently [5]. Compared to more temperate areas, the amount of increased rainfall may seem 
low or insignificant. However, even a small increase in precipitation, (especially if received during a 
limited amount of time, can have catastrophic effects on such regions [5,6]. As these areas receive 
increased precipitation or a higher frequency of extreme precipitation events, there are adverse effects 
on resource management, infrastructure, and livelihood. Such effects may include destruction 
(and/or disruption) of housing, roads, and resource management equipment. Other consequences of 
these changing precipitation patterns include too much water during some parts of the year and too 
little during others, which can affect the availability of water year-round. In Central Asia, there is a 
limited rainy season that serves as the primary source of water for the region. So, any changes to the 
volume and frequency of rainfall will significantly affect those who live there [5]. This area of Asia 
relies on a consistent wet season for their water supply, and if precipitation occurs outside of that 
time window, it causes runoff from snowy mountains to occur sooner than usual, which then 
shortens the wet season. Shortening the wet season ultimately shortens the growing and harvesting 
seasons for crops by decreasing the amount and availability of water, thereby limiting the crop yield 
in the region and impacting food availability for consumption or commerce [5].  

Another arid area that is experiencing increased rainfall is Southern California in the United 
States. In August 2023, Hurricane Hilary devastated Southern California, which received around 90 
mm of rain within three days. This may not seem significant compared to what is typically observed 
in other, temperate areas of the country, but it exceeded the daily and monthly records for the area, 
and caused significant damages to infrastructure including buildings, houses, and roads [7]. This area 
is not acclimated to receiving such large quantities of precipitation in such a short period of time, 
therefore meaning their infrastructure is not built to withstand these localized extreme events. This 
will only get worse as these types of events become more common.  

Since so little difference in rainfall can have such a large impact in dry areas, it is even more 
important to minimize errors in precipitation estimates used in flood forecasting models in such 
regions. Accurate flood prediction models are fundamental for engineers and planners when 
building new infrastructure and planning management actions and the most critical input to such 
models is precipitation. Furthermore, precipitation measurements are used for an array of 
applications, including reservoir operations, land development, prevention of extreme hydroclimatic 
events (e.g., floods, landslides), weather and climate forecasting, and disease control [8,9]. However, 
an accurate measure of precipitation is crucial to effectively use such products in the applications 
listed above [10]. 

Precipitation is commonly measured by in-situ gauges, weather radars, satellites, and re-
analysis models. Ground-based instruments, including rain gauges and weather radars, are widely 
used for measuring precipitation [11]. Rain gauges provide high temporal frequency but are prone 
to errors from wind effects and evaporation [12]. Radar networks provide continuous coverage with 
high spatial and temporal resolution at regional scales. However, radar-based measurements are 
affected by errors due to various issues such as surface backscatter contamination, attenuation of the 
signal, and uncertainty of the reflectivity–rain-rate relationship [13–15].  

Continuous and near-real-time coverage of the Earth can only be recorded with satellite 
precipitation sensors. The most accurate satellite precipitation estimates are from a combination of 
infrared (IR) sensors on geostationary satellites, characterized by high sampling frequency, and 
passive microwave (PMW) sensors on low-Earth-orbiting satellites with less-frequent sampling [16]. 
Unlike PMW sensors that collect data of emissions and scattering signals of raindrops, snow, and ice 
contents, IR data measure cloud-top temperatures and cloud heights [17].  

Reanalysis precipitation products are obtained by combining observational data, satellite 
measurements, and numerical weather prediction models, which are then processed to create a 
continuous and consistent time series. Reanalysis products typically cover the entire globe or large 
regional areas and span several decades, often from the mid-20th century to the present, making them 
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particularly valuable for understanding long-term trends, variability, and extremes in precipitation 
patterns [18–20].  

Past efforts have evaluated and utilized satellite-based observations and re-analysis in a suite of 
hydrologic applications [2–4,21,22]. A few focused on dry climate areas. For example, Morin et al. 
(2020) analyzed precipitation climatology from satellite observations in dry regions of the world and 
concluded that these areas are characterized not only by lower annual precipitation and higher 
variability, but also by fewer rainy days, a more pronounced extreme tail in the precipitation 
distribution, a smaller proportion of the area experiencing rainfall, and shorter spatial correlation 
distances. The study by Serrat-Capdevila et al. (2016) assessed three satellite precipitation products 
over Africa and found that their performance in dry regions was generally weaker due to infrequent 
and localized rainfall. However, after applying a bias correction, their accuracy improved 
significantly. [25] performed an assessment of satellite precipitation estimation products over Iran, 
i.e., Integrated Multi-satellite Retrievals for GPM (IMERG-V6), Multi-Source Weighted-Ensemble 
Precipitation (MSWEP), Tropical Rainfall Measuring Mission (TRMM) Multi-Satellite Precipitation 
Analysis (TMPA-3B43V7), and Precipitation Estimation from Remotely Sensed Information using 
Artificial Neural Networks—Climate Data Record (PERSIANN-CDR). Their study found that all 
products consistently had fewer errors in regions of Iran with lower precipitation rates. Another 
study validated remote sensing precipitation products in southern Spain by comparing them to 
measurements from ground stations [26]. They also developed a methodology to identify extreme 
rainfall and drought events over the past 30 years using satellite-derived data. Furthermore, 
Vernimmen et al. (2012) found that satellite rainfall products underestimate dry season rainfall in 
Indonesia, with TMPA-3B42 (near real time version) performing better than others.  

This study investigates the performance of a suite of precipitation products from both satellite 
retrievals and models in a dry-climate region, where rain events that are more intense than usual may 
cause significant damage. Specifically, this study analyses four datasets (one satellite and three re-
analysis products) and compares them to ground-recorded observations to determine which sources 
are more accurate and where improvements should be directed. Palm Desert in Southern California, 
a historically dry climate region, is chosen as the study area from 2000 through 2019. The 
methodological framework is presented in Chapter 2 and includes a description of the study area, 
the five datasets adopted in this work, and the statistical analysis. Results are illustrated and 
discussed in Chapter 3, whereas conclusions are drawn in Chapter 5. 

2. Materials and Methods 

2.1. Objective and Research Questions 

The objective of this study is to estimate errors and uncertainties of a suite of precipitation 
products in Palm Desert, a dry-climate region in Southern California. This study answers the 
following overall research question: What is the performance of different precipitation products in a 
dry-climate region? More specifically, what is their ability to estimate (1) the magnitude of average 
precipitation; (2) the magnitude of extreme precipitation events; (3) the occurrence of precipitation 
overall; and (4) the occurrence of extreme events? 

2.2. Study Area 

This study focuses on the area surrounding Palm Desert, California, United States, specifically 
within the following geographical coordinates: -117.20; -115.94 longitude and 33.25; 34.25 latitude 
(Figure 1). The climate in this area is historically dry, with warm winters and hot summers, receiving 
an average of less than 400 mm/year of precipitation [28]. The study area is primarily urban, 
surrounded by mountains and desert. The average high temperature in the warmest month in this 
area ranges from 68.1°F to 84.2°F, and the lowest temperature in the coolest month ranges from 39.2°F 
to 58°F [29].  
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Figure 1. Study area map, measuring about 1.2° by 1°, surrounding Palm Desert, California, United States. 

This area became of particular interest due to Hurricane Hilary, which devastated the region in 
August 2023. There were wind gusts up to 46 miles per hour, and a total rainfall estimate of 102 mm 
within three days [30]. The storm exceeded daily and monthly records for the area, and resulted in 
significant damage to roads, bridges, and infrastructure, and power loss [7]. 

2.2. Datasets 

The ground data were collected from the National Oceanic and Atmospheric Administration 
(NOAA) Physical Sciences Laboratory “CPC Global Unified Gauge-Based Analysis of Daily 
Precipitation” product [31]. This dataset consists of daily precipitation values obtained from a 
network of gauges and uses the optimal interpolation objective analysis technique. The spatial 
resolution is 0.5 degrees latitude by 0.5 degrees longitude. Four gauges were identified within the 
spatial boundary of this project, one each at (-116.75, 33.75), (-116.25, 33.75), (-116.75, 34.25), and (-
116.25, 34.25), longitude and latitude. Daily precipitation values from each gauge were averaged to 
create the reference dataset.  

Four datasets were analyzed against the reference ground data and are described next: ERA5, 
MERRA2, WLDAS, and IMERG. 

The European Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis 
of global climate data is produced by the Copernicus Climate Change Service (C3S). The fifth 
generation ECMWF Reanalysis (ERA5) produces data using 4D-Variational data assimilation and 
modeling in the ECMWF Integrated Forecast System (IFS) [32]. This includes data at 137 model 
pressure levels, which are all interpolated to different pressure, temperature, and vorticity levels [32]. 
Two variables were analyzed from this dataset: maximum total precipitation rate (MXTPR) and 
minimum total precipitation rate (MNTPR). For reference in this study, the MXTPR dataset will be 
noted as ERA5-MAX, and the MNTPR dataset will be noted as ERA5-MIN. The temporal range is 
January 1, 1940 to present. 20 ERA5 pixels are available across the study area (Figures 2a and 2b). 

The MERRA2, WLDAS, and IMERG datasets were obtained from the NASA Goddard Earth 
Sciences (GES) Data and Information Services Center (DISC) database.  
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(a) (b) 

  
(c) (d) 

 
(e)  

Figure 2. Map of the study area with overlays of (a) ERA5-MIN, (b) ERA5-MAX, (c) MERRA2, (d) WLDAS, and 
(e) IMERG average rainfall rates over the study temporal period. The location of four rain gauges is shown with 
black dots. 

The Modern-Era Retrospective analysis for Research and Applications, version 2, (MERRA2) 
uses a combination of observations, microwave sounders, and hyperspectral infrared radiance 
instruments to provide hourly data [33]. It provides a reanalysis of precipitation data collected from 
Goddard Earth Observing System Model, Version 5 (GEOS-5) and a data assimilation system [33]. 
All fields are computed on a cubed grid, and the precipitation is then either provided on all 72 model 
layers or interpolated to 42 pressure levels [33]. This dataset is available from January 9, 1980 to 
present. Figure 2c shows the four MERRA2 pixels that cover the study area. 

The Western Land Data Assimilation System (WLDAS) utilizes the NASA Land Information 
System (LIS) and meteorological observations to simulate precipitation. This product is catered to the 
Western United States, and produces daily high-resolution data [34]. The available time series is 
January 6, 1979 through December 31, 2023. There are 12,522 WLDAS pixels across the study area, as 
shown in the map in Figure 2d. 
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The Integrated Multi-satellitE Retrievals for GPM (IMERG) dataset uses the GPM (Global 
Precipitation Measurement) Core Observatory satellite to combine infrared and microwave sensor 
readings and precipitation observations from the Tropical Rainfall Measuring Mission (TRMM) and 
Global Precipitation Measurement (GPM) satellite missions [35]. The dataset used for this project is 
product version 7 [16]. IMERG is available from June 5, 2000 to present. Figure 2e presents a map of 
average precipitation measured by IMERG during 14 February 2019. 

A summary of each product’s characteristics is provided in Table 1. WLDAS is available at the 
finest spatial resolution, whereas ERA5 (both -MAX and -MIN), and MERRA2 have the highest 
temporal resolution. 

Table 1. Key features of each dataset, including spatial and temporal resolutions, and precipitation units. 

 ERA5 MERRA2 WLDAS IMERG 

Spatial Resolution 0.28° × 0.56° 0.5° × 0.625° 0.01° × 0.01° 0.1° × 0.1° 

Number of Pixels 
within the Study 

Area 
20 4 12,522 125 

Temporal 
Resolution Hourly Hourly Daily Daily 

Units kg/m2s kg/m2s kg/m2s mm/day 

This study focuses on an almost 20 year-long time series, from June 5, 2000 through December 
31, 2019. The time series of precipitation events recorded by each dataset is illustrated in Figure 3. 
The standard deviation of each dataset was calculated using the usual Equation 1, as follows: 

𝜎 =  ට∑ (௫ො೔ିఓ)మ೙೔సభ ௡      ( 1 ) 

where 𝑥ො hat is the estimated precipitation value, µ is the average of the estimated precipitation 
dataset, and n is the total number of data points. The standard deviations of ERA5-MAX, ERA5-MIN, 
MERRA2, WLDAS, IMERG, and the reference ground data are 7.69 mm/day, 5.47 mm/day, 6.05 
mm/day, 5.85 mm/day, 6.36 mm/day, and 5.54 mm/day, respectively. ERA5-MIN and WLDAS have 
standard deviations that are close to that of the reference dataset, meaning they are able to capture 
the rainfall variability as measured by the rain gauges. 

The peaks observed in the time series correspond to extreme precipitation events, which are 
clearly identifiable across all datasets. These events exhibit strong temporal alignment, indicating 
consistent detection of rainfall occurrences across the observational and estimation products. 
However, discrepancies in peak magnitudes are evident, reflecting systematic biases wherein certain 
estimation products either overestimate or underestimate the actual precipitation intensities 
associated with these events.  

A more detailed investigation of these discrepancies is conducted through quantitative analyses 
aimed at characterizing the deviations in reported precipitation across datasets. These analyses 
facilitate a rigorous evaluation of each product’s performance, enabling identification of the temporal 
and contextual conditions under which discrepancies are most pronounced. The resulting insights 
are instrumental in guiding the selection of appropriate estimation products for application in arid 
and semi-arid regions, with consideration given to both accuracy and reliability under varying 
climatic conditions. 
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Figure 3. Time series of all data displayed to illustrate the daily precipitation from four different remote sources 
and one ground source (gauges). 

An initial step in diagnosing the discrepancies among estimation products involved isolating 
extreme precipitation events within the time series and studying their evolution in time. Figure 7 
shows time series for three specific events: December 29, 2004, January 21, 2010, and February 14, 
2019.  

In the first event (Figure 4a), the rain gauges reported the rainfall event starting on December 
28, 2004, continuing to the next day at a lower rate, and having concluded by December 30, 2004. 
IMERG, MERRA2, and WLDAS capture the event timing, although WLDAS underestimates the 
amount of rainfall on both days of the event. ERA5-MAX and ERA5-MIN show a delay in the event 
detection, with the peak occurring on the second day rather than the first. ERA5-MAX overestimates 
the precipitation rate, whereas ERA5-MIN appears to report values much closer to the reference 
rainfall. In summary, if IMERG, MERRA2, and WLDAS are better at estimating the timing of this 
event, IMERG, MERRA2, and ERA5-MIN are better at estimating its peak magnitude.  

 
(a) 
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(b) 

 
(c) 

Figure 4. Time series of the different precipitation products during three events recorded around a) December 
29, 2004, b) January 21, 2010, and c) February 14, 2019. 

The peak of the second event (Figure 4b) occurred on January 21, 2010 (as detected by the in-situ 
stations), with the storm overall lasting the course of many days building up to the peak and slowly 
ramping down after. For this event, the timing across all products seemed more in accordance with 
the reference dataset, except for WLDAS that anticipates the peak of the precipitation event to the 
previous day. The estimated magnitude, however, was most precise amongst WLDAS, MERRA2, 
and ERA5-MIN, while IMERG and ERA5-MAX overestimated the rainfall rate. ERA5-MAX, ERA5-
MIN, MERRA2, and IMERG were therefore better at estimating the timing of the event peak, while 
ERA5-MIN, MERRA2, and WLDAS were better at estimating its magnitude.  

Finally, the third event (Figure 4c) seems to have perfect timing across all estimation products 
with a peak on February 14, 2019. However, the magnitude of such peak varies across datasets. 
Specifically, ERA5-MIN and MERRA2 underestimated the peak magnitude, while ERA5-MAX, 
WLDAS, and IMERG overestimated it.  

Across all three events (Figure 4), IMERG and MERRA2 consistently correctly reported the 
timing of precipitation, and ERA5-MIN and MERRA2 consistently reported similar magnitudes of 
precipitation to the reference. This could indicate a good performance of MERRA2 relative to other 
re-analysis and satellite-based products at both estimating the timing and magnitude of extreme 
events across the study area, although further investigation is required. 

2.3. Data Analysis 

The first set of analyses to assess the performance of the four precipitation products in Palm 
Desert is based on scatterplots and cumulative distribution functions (CDFs).  

The percentage of days with no precipitation (dry days) and days with precipitation (wet days) 
was then investigated for each product. The threshold for wet days included any precipitation 
detected over 0.1 mm/day.  
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Next, three common statistical metrics were used to further investigate the products’ 
performance: bias ratio, mean error, and Pearson’s correlation coefficient [36]. The bias ratio 
compares each evaluation dataset to the reference dataset, as shown in Equation 2. Ideally, there 
would not be any bias in the datasets, meaning the bias ratio would be one.  

𝐵𝑖𝑎𝑠 𝑅𝑎𝑡𝑖𝑜 =  ∑ ෝೣ೔೙೔సబ೙∑ ೣ೔೙೔సబ೙       ( 2 ) 

where 𝑥ො is the estimated precipitation value, x is the reference precipitation value, and n is the 
total number of data points.  

The mean error measures the average difference between two datasets. The closer to zero this 
metric is, the smaller the difference between the two, as shown in Equation 3. 

 𝑀𝑒𝑎𝑛 𝐸𝑟𝑟𝑜𝑟 = ∑ ௫ො೔೙೔సబ௡  − ∑ ௫೔೙೔సబ௡       ( 3 ) 

Pearson’s correlation coefficient looks at the linear association between the datasets. Ideally, the 
datasets would have a linear relationship, which corresponds to value of 1 for this metric. This 
coefficient is represented by the variable and the formula is shown in Equation 4: 𝐶𝑜𝑟𝑟 = ௡∑ ௫ො೔௫೔೙೔సబ ∑ ௫ො೙೔సబ ∑ ௫೙೔సబටቂ௡∑ ௫ොమ೙೔సబ ି൫∑ ௫ො೙೔సబ ൯మቃቂ௡∑ ௫మ೙೔సబ ି൫∑ ௫೙೔సబ ൯మቃ    ( 4 ) 

Contingency tables were then created to calculate the number of hit cases (H), missed events 
(M), false alarms (F), and correct no precipitation presence (Z). H represents the number of times the 
estimate correctly detected the presence of precipitation [36]. M refers to times in which precipitation 
was not detected, but the reference did observe rain. F represents the number of times the estimate 
did detect precipitation when in fact it had not rained. Z refers to the number of times both estimate 
and reference detected no precipitation.  

This study used contingency tables to calculate error statistics as a function of precipitation 
threshold. The probability of detection (POD) measures the likelihood of a product to correctly detect 
the presence of precipitation by comparing the number of times the evaluation dataset correctly 
detected precipitation and the number of times it incorrectly detected precipitation: 𝑃𝑂𝐷 =  ுುೀವ(ுುೀವାெುೀವ)      ( 5 ) 

POD can be computed as a function of a threshold defined based on reference precipitation, as 
shown in Table 2 [37]. The missed precipitation represents the ratio of the volume of precipitation 
not captured by the estimation product to the total volume of precipitation captured by the reference 
product, with respect to the reference rain threshold [37].  

Table 2. Contingency table for calculating the probability of detection. 

 RSat > 0.1 RSat ≤ 0.1 
RRef > th HPOD MPOD 

   
RRef ≤ th FPOD ZPOD 

   

Missed precipitation is computed as a function of the POD contingency values, where the 
number of missed events is divided by the sum of the number of missed events and hit cases. This is 
represented by Equation 6 below: 
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𝑀𝑖𝑠𝑠𝑒𝑑 𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 =  ெುೀವ(ுುೀವାெುೀವ)   ( 6 ) 

The false alarm rate (FAR) quantifies the number of times the remote dataset incorrectly detected 
the presence of precipitation by comparing the number of times the remote equipment incorrectly 
and correctly detected the presence of precipitation: 𝐹𝐴𝑅 =  ிಷಲೃ(ிಷಲೃା௓ಷಲೃ)       ( 7 ) 

FAR, or the likelihood of an evaluation product incorrectly detecting precipitation when in fact 
it does not rain, can be calculated as a function of threshold defined based on the evaluation product, 
as presented in Table 3 [37].  

Table 3. Contingency table for calculating the false alarm rate. 

 RSat > th RSat ≤ th 
RRef > 0.1 HFAR MFAR 

   
RRef ≤ 0.1 FFAR ZFAR 

   

The falsely detected precipitation represents the ratio of the volume of precipitation incorrectly 
captured by the estimation product to the total volume of precipitation detected by the estimation 
product, with respect to the reference rain threshold.  

Falsely detected precipitation is computed as a function of the FAR contingency values, where 
the number of false detections is divided by the sum of the number of false detections and hit cases. 
This is represented by Equation 8 below: 𝐹𝑎𝑙𝑠𝑒𝑙𝑦 𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 =  ிಷಲೃ(ிಷಲೃାுಷಲೃ)    ( 8 ) 

3. Results 

The scatterplots for each estimation product versus the reference dataset are presented in Figure 
5. The linear relationship between each product and the reference product is positive, although not 
very strong, indicating there may be room for improvement in each product. 
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Figure 5. Scatter plots of the estimated datasets and the reference dataset over the 20-year period, on a 
logarithmic scale. 

The 10th, 50th, 75th, 90th, 95th, and 99th percentiles were computed for each product for precipitation 
rates greater than 0.1 mm/day (Table 4). Percentiles of each estimation product were generally similar 
to those of the reference dataset. ERA5-MAX values are higher than the reference ones, which is 
expected given that this dataset provides maximum daily precipitation. WLDAS was consistently the 
closest in value at each percentile, with values that almost matched those of the reference dataset. 
The CDF plots in Figure 6 provide a visualization of these percentile values and how that compare to 
one another. 

Table 4. 10th, 50th, 75th, 90th, 95th, and 99th percentiles for each precipitation product (precipitation rates greater 
than 0.1 mm/day). 

Percentile 
ERA5-
MAX 

ERA5-
MIN 

MERRA2 WLDAS IMERG Ground 

10th 0.16 0.14 0.15 0.15 0.13 0.15 
50th 1.11 0.62 0.68 0.87 0.50 0.98 
75th 3.60 2.04 2.14 2.80 1.39 2.55 
90th 9.06 6.81 5.96 7.61 4.27 7.17 
95th 16.50 12.67 11.02 12.60 9.32 12.72 
99th 41.64 28.18 24.36 27.27 27.41 27.45 
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The CDF of the reference dataset illustrates that 90% of the daily precipitation values recorded 
were 7.17 mm/day or less. IMERG reported only 4.27 mm/day at the 90th percentile. However, it was 
almost the same value as the reference dataset in the 99th percentile with 27.41 mm/day or less 
reported (Table 4). This indicates that the average amount of precipitation being reported by IMERG 
is less than the actual occurrence, but the amount of precipitation being reported for extreme events 
is more likely to be accurate. Something similar could be stated for ERA5-MIN and MERRA2, 
although these percentile values are much closer to the reference data at the 90th percentile, and ERA5-
MIN is much closer to the reference dataset value at the 99th percentile than MERRA2. WLDAS is 
very close to the reference at both the 90th and 99th percentiles, indicating that this estimation product 
may be accurately reporting precipitation values during both typical and extreme events. ERA5-MAX 
seems to be overestimating precipitation at all percentiles, which is expected given the nature of this 
product to estimate higher rainfall.  

 

Figure 6. Cumulative distribution functions (CDFs) of the estimate product datasets and the reference dataset. 

The overall ratio of “wet” days, defined as any day that received more than 0.1 mm of rain in 
one day, is analyzed in Figure 7.  

 
Figure 7. Percentages of wet days per year, defined as days during which more than 0.1mm of precipitation was 
observed. 
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Across all products, the proportion of wet days—defined as days with measurable precipitation—
remained within the 10% to 40% range of total annual days. It is difficult to compare the proportion of wet 
days between each product based on the trend alone, but the reference product reported a ratio of 19.5% 
wet days over the entire study period. ERA5-MAX reported 37.0% of the total time series as wet days, 
ERA5-MIN reported 17.3%, MERRA2 reported 26.2%, WLDAS reported 17.7%, and IMERG reported 
31.8% of the total days reported as wet days. Among these, ERA5-MIN and WLDAS exhibited the highest 
concordance with the reference dataset, with the closest wet day percentages. The remaining products 
were still close, all less than 20% higher. However, given the high sensitivity of the study region to 
precipitation, even minor deviations in the frequency or detection of wet days among the products may 
carry significant implications, warranting close scrutiny in comparative evaluations. 

3.1. Continuous Statistics 

The overall bias ratio was first computed for each estimated dataset with respect to the reference. 
Then, a relative bias ratio was computed at three different thresholds, where the estimation rain rate was 
higher than the 75th, 90th, and 95th percentiles (refer to Table 5 for percentile values). The results are shown 
in Figure 8a.  

 
(a) 

 
(b) 

Overall  75th Perc.   90th Perc.  

Overall  75th Perc.  90th Perc.  95th 
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Figure 8. (a) Bias ratio (unitless) and (b) mean error (mm/day) of all precipitation products with respect to the 
ground measurements for rates higher than the 75th, 90th, and 95th percentiles. 

The bias ratio exhibits a consistent trend across all datasets, deteriorating progressively as the 
threshold increases. Among the datasets analyzed, ERA5-MAX exhibits the highest bias (greatest 
deviation from unity), whereas WLDAS and ERA5-MIN show the most favorable bias ratios. 
MERRA2 and IMERG present similar biases with a nearly linear increase with increasing threshold. 
They are similar in value overall to the biases of WLDAS and ERA5-MIN, although they deviate 
further from unity as the threshold increases. Insights gained could potentially inform enhancements 
to bias correction strategies that are rain rate dependent. 

The behavior of the mean error closely mirrors that of the bias ratio, reflecting their inherent 
similarity (Figure 8b). However, unlike the bias ratio, the mean error quantifies the magnitude of 
rainfall misestimation, providing a more direct measure of the error in precipitation amounts. The 
overall mean error remains near zero across all datasets except for ERA5-MAX, which, once again, is 
expected given the nature of this dataset. However, as the percentile threshold increases, the ability 
of the products in capturing rainfall magnitudes observed by the gauges declines notably. For 
extreme precipitation events (e.g., the 95th percentile), ERA5-MAX exhibits mean errors reaching up 
to 20 mm/day. MERRA2 and IMERG show errors between 7 mm/day and 14 mm/day for the higher 
thresholds (90th and 95th percentiles). These error magnitudes are substantial, particularly in the 
context of the arid climate region examined in this study. 

Figure 9 presents Pearson’s correlation coefficient for each dataset. A general decline in 
correlation is observed as the percentile threshold increases. Notably, ERA5-MAX consistently 
exhibits the highest correlation values. This indicates that, despite the discrepancies in rainfall 
amounts discussed above, ERA5-MAX aligns most closely with the temporal pattern of rainfall 
observed in the reference dataset. In contrast, MERRA2 exhibits the weakest correlation with ground-
based observations, which may be attributed to its relatively coarse spatial resolution. 

 

Figure 9. Correlation Coefficient (unitless) for all products with respect to the reference dataset for 
precipitation rates higher than the 75th, 90th, and 95th percentiles. 

3.2. Contingency Metrics 

Figure 10a illustrates the probability of detection relative to the estimated precipitation 
threshold, computed based on Table 2. ERA5-MAX exhibits the highest POD, with a probability of 
detection of 95% or higher when the threshold is 2 mm/day or greater, indicating strong performance 
in identifying rainfall events. While MERRA2 records a relatively low POD of 70% at the minimal 

Overall  75th Perc.  90th Perc.  95th 
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threshold of 0.1 mm/day, it exhibits improved detection capabilities at higher thresholds, supporting 
its effectiveness in capturing extreme precipitation events in arid regions. In contrast, WLDAS 
consistently yields lower POD values across all thresholds. Despite its ability to closely replicate the 
overall distribution of rainfall, WLDAS appears limited in accurately detecting the timing of rainfall 
events, suggesting a deficiency in temporal precision. 

 
(a) 

 
(b) 

Figure 10. (a) Probability of Detection (POD) as a function of precipitation threshold of all products, and (b) 
False Alarm Ratio (FAR) as a function of reference precipitation threshold. 

Figure 10b illustrates false alarm ratios calculated based on the contingency matrix shown in 
Table 3 as a function of different reference precipitation thresholds. All datasets exhibit a similar 
decreasing trend in FAR, with ERA5-MIN consistently achieving the lowest values. Conversely, 
ERA5-MAX shows the highest FAR, indicating a greater tendency to report rainfall when none 
occurred. These results are expected given that the two products offer a minimum and maximum 
rainfall estimate during the day.  

This is particularly important for the reliability of early warning systems, which depend heavily 
on accurate rainfall detection to issue timely alerts for potential flooding or other 
hydrometeorological hazards. A low FAR minimizes the risk of false alarms, which can erode public 
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trust and lead to reduced responsiveness over time. Thus, the consistently low FAR across these 
datasets enhances their suitability for operational use in early warning and disaster preparedness 
frameworks, particularly in regions where rainfall is infrequent but can have significant impacts. 

The analysis of missed precipitation presented in Figure 11a reveals that all estimation products 
exhibit a similar decreasing trend as the threshold increases, as expected. WLDAS consistently shows 
a higher proportion of missed precipitation compared to the other datasets, which are much closer to 
one another. While previous findings indicated that WLDAS was among the most precise in 
replicating the overall rainfall distribution, it was also noted that its temporal accuracy—specifically, 
the correct timing of rainfall events—was likely the poorest. The elevated missed precipitation ratios 
observed for WLDAS in Figure 11a corroborate this finding, indicating a consistent under detection 
of rainfall events. 

 
(a) 

 
(b) 

Figure 11. (a) Missed precipitation as a function of reference precipitation for each product, and (b) falsely 
detected precipitation as a function of reference precipitation for each product. 

Missed precipitation can be particularly problematic in arid and semi-arid regions, even at low 
rainfall intensities, due to the critical role that every precipitation event plays in these water-scarce 
environments. In such regions, rainfall events are infrequent and highly variable, and even small 
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amounts can have significant ecological, agricultural, and hydrological impacts. Missing these events 
can lead to underestimation of available water resources, misinformed drought assessments, and 
inadequate planning for water supply and agricultural management. Furthermore, missed 
precipitation can compromise the effectiveness of hydrological models and early warning systems, 
which rely on accurate detection of rainfall to forecast runoff, soil moisture, and potential flood or 
drought conditions. Inaccurate representation of precipitation events can thus exacerbate the 
vulnerability of communities and ecosystems already under stress from limited water availability. 

Similarly, the falsely detected precipitation graph in Figure 11b shows an overall decreasing 
trend, with WLDAS seemingly set apart from the others. The missed and false precipitation ratio 
values illustrate that ultimately, WLDAS was missing the highest volume of precipitation and also 
reported more precipitation than what was detected by the reference product. As the reference rain 
threshold increases to represent more extreme rain events, the volume of rain missed or falsely 
detected decreases. 

3.3. Dataset Ranking 

To provide a high-level glance at how each estimation product performed and compared to one 
another, a ranking system was used to assist in answering each research question. The rankings are 
listed in Tables 5 through 8. A simple system of assigning each product a number, 1 through 5, based 
on which product had the best (one) and worst (five) results compared to the other products. 

Table 5. Performance ranking when measuring average precipitation (research question 1).  

 ERA5-MAX ERA5-MIN MERRA2 WLDAS IMERG 

CDF 1 4 3 2 5 
Bias Ratio 5 4 3 1 2 

Mean Error 5 4 3 2 1 
Corr. Coeff. 1 2 4 2 3 

SUM 12 14 13 7 11 

To answer the first research question, i.e., how well different products estimate average 
precipitation in a dry-climate region, the following metrics were considered: CDF, overall bias ratio, 
overall mean error, and overall correlation coefficient. For the CDF, the product that presented the 
closest 50th quantile to the one of the reference dataset was ranked first. Table 5 illustrates how the 
estimation products ranked compared to one another when estimating average precipitation 
measurements. Results show that, overall, WLDAS performs better (and ERA5-MIN worse) than all 
the other products when estimating the average amount of precipitation received during a day of 
rainfall. 

Although WLDAS and ERA5-MAX rank high for CDF, ERA5-MAX ranks worst in terms of bias 
(i.e., strong overestimation as shown in previous results). The difference between the reference and 
estimated average precipitation rates was much larger for ERA5-MIN, MERRA2, and IMERG than it 
was for ERA5-MAX and WLDAS. While ERA5-MAX and WLDAS differed from the reference 
average by 0.10 mm/day or less (about 10% of the reference dataset average), the remaining three 
estimation products differed by at least 0.30 mm/day (about 30% of the reference dataset average). 
This is just to emphasize that the difference in statistical results between products is not necessarily 
clearly illustrated by the rankings, and the actual results were still taken into consideration while 
evaluating estimation product performance. Another significant difference which is not clear from 
the rankings is that all bias ratios (and mean errors) were very close to one another, except for ERA5-
MAX, which was significantly higher. The correlation coefficient has larger variability and is 
generally well represented by the ranking.  

To answer the second question, i.e., the performance of precipitation products during extreme 
precipitation events, the same metrics as overall performance were used, but at the 95th percentile 
instead (Table 6). As with the findings for average precipitation, WLDAS once again ranks the highest 
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among the five products, exhibiting the lowest bias ratio and mean error, as well as the second-best 
95th percentile (i.e., closest to the one of the ground reference) and correlation coefficient. 
Nevertheless, in this case, ERA5-MAX comes last, followed by MERRA2, and IMERG. This is 
surprising given that ERA5-MAX, by definition, should be capturing the largest rates during the day. 

Table 6. Performance ranking when measuring extreme precipitation (research question 2). 

 ERA5-MAX ERA5-MIN MERRA2 WLDAS IMERG 
CDF 5 1 3 2 4 

Bias Ratio 5 2 4 1 3 
Mean Error 5 2 3 1 4 
Corr. Coeff. 1 4 5 2 3 

SUM 16 9 15 6 14 

At the 95th percentile, cumulative precipitation rates were comparable among the reference 
dataset, WLDAS, and ERA5-MIN (as shown in Table 4). In contrast, MERRA2 and IMERG tended to 
underestimate high rainfall rates, while ERA5-MAX significantly overestimated them. The bias ratio 
for events at or above the 95th percentile was closest to the ideal value of 1 for both WLDAS and 
ERA5-MIN. The next closest were IMERG and MERRA2, both with bias ratios exceeding 2, while 
ERA5-MAX had a bias ratio approaching 3. A similar pattern emerged for mean error, with WLDAS 
and ERA5-MIN nearly tied for the most accurate estimates. These were followed—at a considerable 
distance—by MERRA2 and IMERG, and finally ERA5-MAX, which had the largest deviation from 
the ideal. Interestingly, the correlation coefficient told a different story: ERA5-MAX had the highest 
correlation with the reference data, followed—though more distantly—by WLDAS and IMERG, then 
ERA5-MIN, and lastly MERRA2. This marked a shift from the rankings observed at the 50th 
percentile, largely due to a notable drop in ERA5-MIN’s correlation for extreme precipitation events. 
Overall, these results suggest that ERA5-MIN may be more reliable for estimating average 
precipitation than for capturing extreme rainfall events, a conclusion supported by its performance 
across both average and high-intensity precipitation metrics.  

The third research question focused on the capabilities of the different products to detect overall 
precipitation. The ranking of the datasets utilized the probability of detection, the false alarm rate, 
the missed precipitation fraction, and the falsely detected precipitation fraction (Table 7). Similar to 
research objective 1, the values of these metrics were taken for the overall precipitation (larger than 
0.1 mm/day). 

Table 7. Performance ranking when detecting overall precipitation (research question 3). 

 ERA5-MAX ERA5-MIN MERRA2 WLDAS IMERG 
Wet days % 5 2 3 1 4 

POD 1 4 3 5 2 
FAR 5 1 3 2 4 

Missed Precip. 1 4 2 5 3 
False Precip. 3 1 2 5 4 

SUM 15 12 13 18 17 

For the percentage of wet days—defined as days receiving at least 0.1 mm of rainfall—the 
ranking was determined based on the overall proportion of such days throughout the study period. 
WLDAS and ERA5-MIN aligned most closely with the reference dataset, followed—though less 
closely—by MERRA2, IMERG, and ERA5-MAX. ERA5-MAX recorded the highest average 
probability of detection, outperforming IMERG and MERRA2 by over 10%. In contrast, ERA5-MIN 
and WLDAS trailed those two products by an additional 10%. Missed precipitation rates were 
comparable among ERA5-MIN, IMERG, and MERRA2, with ERA5-MAX performing slightly better 
and WLDAS showing a higher rate than all others. When it came to false precipitation, IMERG, ERA5-
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MAX, and MERRA2 exhibited very similar values. ERA5-MIN had a noticeably lower rate, though 
not to the extent of WLDAS, which again stood out with a substantially higher rate than the rest. 
Taken together, these findings suggest that ERA5-MIN, MERRA2, and IMERG demonstrate 
comparable performance in detecting rainfall presence on an average day. 

The analysis of the capability of the various products to detect extreme precipitation rates is 
based on the same metrics shown in Table 7, but using values computed for the 95th percentile (Table 
8). In response to objective 4, ERA5-MIN ranks first, followed by IMERG, whereas WLDAS presents 
the lowest ranking.  

Table 8. Performance ranking when detecting extreme precipitation (research question 4) 

 ERA5-MAX ERA5-MIN MERRA2 WLDAS IMERG 
POD 2 3 1 5 4 
FAR 5 1 3 4 2 

Missed Precip. 2 3 4 5 1 
False Precip. 3 1 4 5 2 

SUM 12 8 12 19 9 

The probability of detection for extreme precipitation events increases significantly across all 
estimation products—except for WLDAS, which remains below 90% even at thresholds as high as 20 
mm/day. This suggests that, although WLDAS performs reasonably well in estimating daily rainfall 
amounts, it is unreliable in detecting the timing or occurrence of rainfall, particularly during extreme 
events. The false alarm rate for extreme events was consistently similar across all products, showing 
no major outliers. However, both missed precipitation and false precipitation followed a pattern 
similar to POD: values were comparable among all products except WLDAS, which exhibited 
significantly higher errors in both categories. These findings highlight a notable weakness in 
WLDAS—its limited ability to accurately detect the presence of rainfall, especially during high-
intensity events. 

4. Conclusions 

Climate change is driving increasingly dramatic shifts in weather patterns across the globe. One 
notable example is the rising frequency, intensity, and duration of precipitation events in the 
southwestern United States, a region traditionally characterized by arid and semi-arid conditions. 
These extreme rainfall events, which historically occurred less than once in a century, are now 
becoming more common. As a result, existing infrastructure—designed for much drier conditions—
is often overwhelmed and prone to failure, highlighting the urgent need for climate-resilient planning 
and adaptation strategies. 

This study answered four research questions posed in Chapter 2: 
1. What is the ability of different precipitation products to estimate the magnitude of average 

precipitation locally in a dry climate region?  
Based on the statistical analysis of average precipitation during the study period in the area 

surrounding Palm Desert, California, the performance analysis places WLDAS at the top, followed 
by IMERG, ERA5-MAX, MERRA2, and ERA5-MIN. A closer examination of the relative differences 
between these rankings reveals that WLDAS significantly outperforms the other products in 
estimating the amount of precipitation received during a typical day of rainfall.  
2. What is the ability of different precipitation products to estimate the magnitude of extreme 

precipitation events in a dry area? 
When evaluating the ability of satellite and re-analysis products to capture the magnitude of 

precipitation during extreme events, the performance ranking shows WLDAS as the most accurate, 
followed by ERA5-MIN, IMERG, MERRA2, and finally ERA5-MAX as the least accurate. While 
WLDAS once again demonstrates strong performance in estimating rainfall amounts, it is also 
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noteworthy that ERA5-MIN, which performs well for average daily precipitation, appears to be less 
reliable when estimating extreme rainfall events. 
3. What is the ability of different precipitation products to estimate the occurrence of overall 

precipitation in a dry climate region? 
The overall ability of the five products to accurately detect the presence of rainfall was assessed 

using contingency metrics, including probability of detection, false alarm rate, missed precipitation 
fraction, and false precipitation fraction. Based on these metrics, the performance ranking places 
ERA5-MIN as the most accurate, followed by MERRA2, ERA5-MAX, IMERG, and WLDAS. Taking 
both the overall rankings and a more detailed analysis into account, the results suggest that ERA5-
MIN, MERRA2, and IMERG perform similarly and are the most reliable in detecting precipitation on 
an average rainy day.  
4. What is the ability of different precipitation products to estimate the occurrence of extreme 

precipitation in a dry climate region? 
ERA5-MIN performed best when detecting extreme precipitation, followed by IMERG, with 

MERRA2 and ERA5-MAX tied, and with WLDAS performing the worst. An analysis of these 
rankings, in conjunction with the detailed contingency metrics, highlights WLDAS’s limited ability 
to reliably detect rainfall, particularly during high-intensity events. In contrast, ERA5-MIN 
consistently demonstrates the highest capability for accurately identifying the presence of 
precipitation across both average and extreme rainfall conditions, making it the most robust 
performer overall. 

In summary, WLDAS ranked highest in measuring total precipitation and extreme rainfall 
amounts, yet performed the worst in detecting the occurrence of both average and extreme 
precipitation events. In contrast, IMERG and ERA5-MIN appear to be the most capable at detecting 
the timing of precipitation, though they are less accurate in estimating the actual amount of rainfall 
per event. 

Future work should investigate the conclusions drawn above in different regions characterized 
by a similar climate to generalize the results presented in this study. Additional satellite-based 
products and re-analysis data should also be assessed together with ground radar observations, if 
available. Time series should also be extended to a longer temporal range. 

The impact of bias correction techniques applied to each estimation product could also be 
considered, as they can significantly influence overall performance. Bias corrections are often 
implemented to align modeled or satellite-derived precipitation estimates with observed data, 
improving accuracy in magnitude and distribution. However, these adjustments can also introduce 
new uncertainties or mask underlying deficiencies in the original datasets. Evaluating how each 
productʹs performance changes before and after bias correction can provide valuable insight into the 
true capabilities of the raw estimation models versus the effectiveness of the correction methods 
themselves. This distinction is especially important when comparing products across different 
climate regimes or event intensities, such as average versus extreme precipitation. In future analyses, 
incorporating a systematic comparison of bias-corrected versus uncorrected outputs could help 
clarify whether observed improvements are due to the modelʹs inherent skill or the strength of the 
correction algorithm applied. 
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