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Assessing precipitation event 
characteristics throughout North 
Carolina derived from GPM 
IMERG data products
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States

The Global Precipitation Measurement (GPM) mission provides near-real time 
precipitation estimates that can be used for monitoring water supply infrastructure. 
To better understand the potential use of GPM data products for use in relevant 
applications, this study examines the performance of the Integrated Multi-
satellitE Retrievals for GPM (IMERG) precipitation products throughout North 
Carolina to capture rainfall events. Event characteristics derived from IMERG 
precipitation products: early (4  h latency), late (14  h latency), and final (3.5  month 
latency) are compared to characteristics derived from gauges (N  =  282) for the 
period 2000–2021. Results show that the IMERG data products identify events 
reasonably well (mean event errors of 6.0, 6.8, and 1.7  mm for early, late, and 
final products; probability of detection: 0.83, 0.83, 0.86; false alarm ratio: 0.20, 
0.18, 0.18, respectively). While the final product performs best, the early and 
late products perform similarly. While additional research is needed to better 
understand factors leading to under- and over-estimates of event magnitudes, 
the findings from this study support the potential use of early/late IMERG data 
products in water supply monitoring or flood warning systems, where rapid 
estimates of event precipitation characteristics are needed.
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1 Introduction

Reliable access to an adequate supply of safe drinking water is essential for human health 
(Meehan et  al., 2020) yet many in the United  States, and even more globally, lack the 
infrastructure needed to provide this vital resource. In the U.S., there are nearly 50 million 
residents reliant on unregulated private wells, which do not have the same level of protection 
from drinking water hazards as those served by regulated municipal water (Fox et al., 2016). 
This is especially problematic after flooding events where surface water pathways lead to 
increased rates of well water contamination (Morris and Levin, 1994; Rose et al., 2001; Dieter 
et al., 2018; Dai et al., 2019; Pieper et al., 2021). For example, following Hurricane Harvey wells 
located in flooded areas throughout North Carolina were 2–3 times more likely to test positive 
for total coliform and E. coli (Pieper et al., 2021).

To enable a suite of precipitation related applications (e.g., flood warning, crop 
management, public health linked to drinking contaminated well water), near-real time 
monitoring systems are needed to alert the public of the potential risks resulting from surface 
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flooding and activation of shallow subsurface flowpaths. While 
remotely sensed observations of surface reflectance and/or radar 
backscatter have been widely used to map flood inundation (DeVries 
et al., 2020), surface water flooding is only one potential driver of well 
water contamination (i.e., shallow subsurface runoff pathways near 
flooding boundaries can also transport contaminants). In addition, 
there are challenges associated with flood mapping approaches for 
household- to neighborhood-scale applicability due to spatial 
resolution, cloud contamination, revisit date/time, data latency, and 
supplemental data processing time. To overcome these challenges and 
integrate a broader set of contamination processes and pathways, 
precipitation data products may have the potential to provide 
information needed to identify and characterize private wells 
susceptible to rainfall-induced contamination. Central to the 
applicability of using the precipitation data in this context is data 
availability, latency, and accuracy.

Ground-based precipitation gauges have widespread use and are 
generally accepted as accurate measurements of rainfall (Tian et al., 
2021). In general, precipitation gauge data undergo automated quality 
assurance procedures, including standard homogeneity tests to flag 
potential errors in the gauge time series data (Alexandersson, 1986; 
You and Hubbard, 2006; Menne et al., 2012). While the exact number 
of precipitation gauges worldwide is unknown due to the fact that 
many are not available for public use, data latency and spatial coverage 
are generally challenges for near-real-time applications (Kidd et al., 
2017). Gauge data provide point measurements and include 
uncertainty resulting from evaporation, splash, and wind effects (Li 
et al., 2020). Finally, the spatial–temporal variability of precipitation 
and limited number of available gauges can be a significant challenge 
in many applications. Only 1.6% of Earth’s surface land is within 
10 km of a gauge; 5.9% is within 25 km (Kidd et al., 2017).

To overcome the spatial limitation of gauge observations, remote 
sensing can be  used to provide near-real-time estimates of 
precipitation. In general, remote sensing approaches are based on 
visible, infrared, and microwave sensors (Kuligowski et al., 2016). The 
visible and infrared (VIS/IR) methods use cloud top temperature and 
an indirect relationship between cloud top temperature and the rate 
of precipitation (Kidd and Levizzani, 2019; Xu et al., 2022). Passive 
microwave (PMW) methods use microwave (MW) scattering, which 
has a direct relationship with accumulation of rain and ice particles 
and rate of precipitation, providing less uncertainty in estimations 
(Pradhan et al., 2022). However, estimates from these methods can 
have large uncertainties due to the indirect relationships for VIS/IR 
and sampling resolution of PMW satellites (Ning et al., 2016).

NASA’s Tropical Rainfall Measuring Mission (TRMM) began in 
1997 with a core satellite containing both passive VIS/IR (five bands 
from 0.63 to 12 μm) and MW (five frequencies from 10.65 to 
85.5 GHz) sensors and an active precipitation radar (Ku-band at 
13.8 GHz). The TRMM Multi-satellite Precipitation Analysis (TMPA) 
product using averaged passive microwave precipitation observations 
and are then combined with IR precipitation rates to estimate near-
global (±50° latitude) precipitation every 3 h in near-real time, which 
is available 9 h after the event (Huffman et al., 2007; Vergara et al., 
2014). The TRMM satellite operated until 2014, when it was replaced 
by NASA’s Global Precipitation Measurement Mission’s core satellite 
(Prakash et al., 2015). GPM improved TRMM’s spatial and temporal 
resolution and included more specialized sensors: a Dual-Frequency 

Precipitation Radar (DPR) and Microwave Imager (GMI) (Draper 
et al., 2015b). The DPR utilizes a Ku-band at 13.6 GHz and a Ka-band 
at 35.5 GHz, and the GMI uses a frequency at 10.65 to 183.31 GHz 
(Draper et al., 2015a; Wentz and Draper, 2016; Liao and Meneghini, 
2022). The spatial coverage ranges from 65°N and 65°S (Huffman 
et al., 2019; Wang K. et al., 2021). The GPM mission is comprised of 
one core satellite and 10 partner satellites (Shi et al., 2020) which are 
used in the Integrated Multi-satellitE Retrievals for GPM (IMERG) 
algorithm to produce data products having a spatial resolution of 0.1° 
by 0.1° and temporal resolution of 30 min (Chen et al., 2019; Huffman 
et al., 2019; Wang N. et al., 2021). The GPM core satellite serves as the 
reference satellite, with other satellites in the constellation provide 
additional microwave emission and scattering signatures to 
supplement the core satellite observations (Hou et  al., 2014; 
Skofronick-Jackson et al., 2017).

The IMERG algorithm for estimating precipitation utilizes GPM 
and partner satellite data to produce three data products – the “Early” 
(IMERG-E) multi-satellite product, available in approximately 4 h 
following the time of observation; the “Late” (IMERG-L) multi-
satellite product available in approximately 14 h; and the “Final” 
(IMERG-F) satellite-gauge product, available in approximately 
3.5 months (Shi et al., 2020). The variance in latency for the early and 
late dataset is due to the forward time span for data collection after the 
time of observation, while the final product is calibrated with ground 
gauges to account for monthly bias  (Huffman et al., 2019).

In terms of performance, (Li et al., 2020; Tian et al., 2021) IMERG 
generally overestimates precipitation when compared to gauges for 
low intensity precipitation (Tan et al., 2016; Omranian et al., 2018; 
Chen et  al., 2019; Shi et  al., 2020). In contrast, IMERG tends to 
underestimate high intensity precipitation (Milewski et al., 2015; Sun 
et al., 2018; Tian et al., 2021; Derin et al., 2022). Of the three data 
products, IMERG-F is accepted as having the least amount of error 
(Shi et al., 2020; Derin et al., 2021b). Sungmin et al. (2017) compared 
IMERG V03 to a gridded gauge-based rainfall data product in Austria 
and found all three IMERG products have the highest accuracy in 
estimating rain rates between 0.3 to 3.0 mm/30 min. The study also 
found that IMERG-E and IMERG-L have similar statistics compared 
to gauge products, with IMERG-F having a lower mean absolute error 
(MAE) and root mean square error (RMSE). In general, areas prone 
to high-intensity rainfall have less agreement between IMERG and 
gauge precipitations (Wang K. et  al., 2021; Hartke et  al., 2023). 
Additional factors impacting remotely sensed precipitation include 
large-scale (e.g., ENSO) to local-scale climate conditions (Savtchenko 
et al., 2015; Cui et al., 2020) and ground elevation (O and Kirstetter, 
2018; Lober et  al., 2023), which generally impact atmospheric 
moisture content as well as land surface, atmosphere, and cloud 
top temperatures.

While specific studies of GPM IMERG performance in North 
Carolina are limited, several studies, mostly focused on larger regions 
(e.g., CONUS), provide insights relevant to North Carolina. For 
example, Li et al. (2022) found a slight tendency to underestimate near 
the coastline for large precipitation events along the US. O and 
Kirstetter (2018) found that orographic precipitation in mountainous 
regions of the US contributes to a negative bias in IMERG precipitation 
products. This underestimation bias due to orographic lifting was also 
observed in North Carolina for IMERG estimates from Hurricane 
Florence in September 2018 (Petersen et al., 2020). However, Cui et al. 
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(2020) found that, over CONUS, IMERG precipitation products tend 
to produce more false alarms (i.e., precipitation within pixels when no 
precipitation actually occurred) when observing mesoscale convective 
systems. In terms of precipitation sources within the IMERG product, 
Derin et al. (2021a) found the PMW-based precipitation estimates 
compared to ground-based radar estimates are biased high for smaller 
rainfall rates and biased low for higher rainfall rates. Thus, in North 
Carolina, the performance of IMERG products may be impacted in 
the coastal and mountainous regions as well as when estimating 
precipitation for mesoscale convective systems.

In this study, the IMERG data products are used to determine 
event rainfall characteristics throughout North Carolina (NC) for the 
period June 2000 to December 2021. Two precipitation quantities are 
used in this study: (i) local (i.e., area-averaged based on IMERG pixel 
values over a given catchment), and (ii) watershed (i.e., area-averaged 
of pixel values over the local catchment and all of its upstream 
catchments). The local-scale is used to compare IMERG to gauge 
measurements, and the watershed-scale is used to analyze local versus 
riverine based flooding potential. Events of varying durations 
(maximum of 3–5 days) are investigated. The event estimates from the 
IMERG products are compared to gauge measurements using data 
from 282 gauges. The intent of this study is to show that the low 
latency (early and late) IMERG data products can be used to accurately 
identify rainfall events leading to likely flooding and potential 
contamination of private wells; key water supply infrastructure 
throughout the U.S. and NC. Performance of the low latency data 
products are highlighted as they are needed for potential response 
focused applications following precipitation events that likely lead 
to flooding.

2 Methods

2.1 Study region

North Carolina, located along the eastern United States, has a 
diverse geographic landscape. The state is comprised of a coastal plain 
in the east, a mountainous region in the west, and the Piedmont 
plateau in between. A majority of watersheds in the state drain into 
the Atlantic Ocean, with a portion of the western side of the state 
draining to the Mississippi River Basin. This study region is comprised 
of 6,536 river reaches and associated catchments draining into and out 
of North Carolina (Figure 1). Here, the elevation derived global river 
network system MERIT Hydro is used (Lin et al., 2019; Yamazaki 
et al., 2019). To derive the catchments, a threshold area of 25 km2 was 
utilized (Lin et  al., 2019). The median land area of the resulting 
catchments is 37 km2, which is smaller than the GPM IMERG data 
pixels (~100 km2). The river network is used to determine two 
precipitation quantities: (i) local (i.e., area-averaged based on IMERG 
pixel values over a given catchment), and (ii) watershed (i.e., area-
averaged of pixel values over the local catchment and all of its 
upstream catchments). Given the resolution of catchments used here, 
most catchments are covered with only one IMERG pixel (i.e., limited 
impact of spatial scaling between catchments and data pixels).

2.2 Data sets

The GPM IMERG precipitation Level 3 data product (version 06) 
was obtained for the period June 2000 through December 2021. The 

FIGURE 1

Study region encompassing North Carolina and associated drainage systems in neighboring states defined by MERIT Hydro rivers and catchments; 282 
precipitation gauges used in this study shown in red.
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data were spatially averaged over the MERIT Hydro catchment 
boundaries in the study region (Figure 1) to determine the local and 
watershed precipitation time series for each catchment. Gauge 
precipitation data were obtained from NOAA’s Global Historical 
Climate Network for the same time period. The IMERG precipitation 
values for catchments containing a gauge were compared to the 
corresponding gauge values. There are 272 catchments in the study 
region that contain at least one precipitation gauge, there are 6,264 
catchments that do not contain a gauge. No additional spatial scaling 
was used to account for differences in point and gridded precipitation. 
Data for 282 ground precipitation gauges located in the study region 
having data for at least 75% of the study period were obtained 
(Figure 1). Note that, 139 of the gauges have a temporal coverage 
greater than 98% of the study period. In total, the gauges provided 
data for an average of 93% of the period of interest. The initial number 
of gauges obtained from NOAA’s Global Historical Climate Network 
for the study region was 328, which was reduced to 311 after removing 
duplicate locations. Note, the duplicate gauges, which had the same 
gauge ID, had slightly different periods of records. The duplicate gauge 
with the most data was retained. Next, the mean precipitation from 
each gauge was compared to its nearest gauge. There were 49 gauges 
with differences greater than ±25%; the range in differences was −58 
to 56%. After considering the distance between gauges, difference in 
elevation, and precipitation from additional nearby gauges, 29 gauges 
were removed. In general, the removed gauges had significantly higher 
precipitation values that could not be explained based on differences 
in elevation. The final number of gauges used for the analysis is 282.

Additionally, watershed averaged precipitation values were 
determined for each catchment. The watershed averaged values are not 
compared to gauge values, but rather, used to compare local and 
watershed averaged values from GPM. The intent of this comparison is 
to identify locations at risk of potential flooding due to both local (i.e., 
catchment) or upstream (watershed averaged) precipitation events.

To assess potential impacts of ENSO conditions (Savtchenko et al., 
2015) and site elevation (Lober et al., 2023) on GPM IMERG event 
precipitation estimates, two additional datasets were used: (i) 
bimonthly values of the multivariate ENSO Index Version 2 (Wolter 
and Timlin, 2011), and (ii) the MERIT Digital Elevation Model 
(DEM) with a spatial resolution of 3 arc seconds by 3 arc seconds (i.e., 
roughly 90 m by 90 m) (Yamazaki et al., 2017).

2.3 Event processing

Daily precipitation observations from both the local and 
watershed scale datasets were transformed into 3-day and 5-day 
precipitation accumulations, determined by summing the 
precipitation of a given day plus 2 or 4 days following the date of 
observation (e.g., 3-day accumulation is the sum of a given day, day 
+1, day +2 values). Using x-day accumulation time series, an event 
(date and magnitude) is identified based on three criteria: (i) the date 
of maximum precipitation within a time window of x-1 days before 
and after a given day, (ii) if two consecutive days have the same x-day 
accumulation value, the last day is considered the date of the event, 
and (iii) the event magnitude is greater than 10 mm. For example, for 
the 5-day precipitation events the centered time window examined 
observations 4 days before and 4 days after, along with the day of 
observation. For the 5-day precipitation events, 4 days before and after 

were compared to the magnitude occurring on a given day. Figure 2 
shows examples of both 3- and 5- day precipitation accumulations for 
IMERG-F with the associated 3-day and 5-day event dates highlighted. 
Note, the 3-day and 5-day accumulations are used to account for 
larger, multi-day precipitation events likely to lead to flooding. If a 
large 1-day or 2-day event occurs, it will be represented in both the 
3- and 5-day event series. However, if an x + 1 day event occurs, the 
above approach will not yield the total event magnitude. It is also 
possible that 5-day events include multiple 1- or 2-day events 
(Figure 2). While the logic used here is not exact, the approach is used 
on all datasets to provide consistent comparisons between IMERG 
and gauge event values.

While the IMERG data products provide continuous time series 
data over the study period, ground gauges do not always have similar 
continuous data series. Thus, when creating the x-day accumulation 
series for the gauge data, the gauge must have x number of continuous 
days of observations following a given date to determine an 
accumulation for that date. To assess the IMERG events, each IMERG 
event was matched to a gauge event (i.e., gauge events were considered 
as the truth dataset). For each identified gauge event, the closest 
IMERG event to the gauge event within an x-day time window 
centered around the gauge event date was considered as being a 
matched event. A time window of x-1 was selected to minimize errors 
resulting from matching events between datasets. A larger time 
window would increase the likelihood of multiple satellite events 
matching a single gauge event, and a smaller time window could result 
in events not being matched due to small changes in the accumulation 
of precipitation causing the maximum accumulation date to move by 
+/− a few days. Mismatches of events are not likely to occur due to the 

FIGURE 2

Time series demonstrating different scenarios for 3- and 5-day 
precipitation events. Daily precipitation is shown as blue bars; the 
black line shows the 5-day P accumulation time series, and the black 
square represents an identified 5-day event. The red line shows the 
3-day P accumulation time series, and the red diamond represents 
an identified 3-day event: (A) 3- and 5- day event dates and 
magnitudes are equal, (B) multi-day precipitation series, with 5-day 
event larger than the 3-day event, and (C) 3-day P series results in 
two separate events, while the 5-day P identifies only a single event.
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fact that the x-1 day time window for matching events is the same 
window for defining the date of an event from the x-day precipitation 
accumulation series. However, an IMERG event may be matched to 
two events in the rare occurrence that there is an IMERG event that 
falls within the x-1 day time window of two gauge events, and there 
are no other events closer to the dates of the gauge events. The event 
magnitudes were then compared. Due to gauges having incomplete 
time periods of observation, only the dates in which the gauge had 
observations were used in the analysis.

The events for the precipitation gauges and the local IMERG 
precipitation events within a river catchment containing a gauge 
were then separated based upon their respective percentiles and 
gauge observation percentiles in each catchment. Each event was 
sorted into four groups: events less than the 25th percentile 
magnitude, events between the 25th and 50th percentiles, events 
between the 50th to the 75th percentile, and events greater than the 
75th percentile magnitude.

2.4 Performance metrics

In this study, GPM precipitation values within the catchment 
containing the gauge location are compared to gauge values. No 
additional spatial scaling is used to account for differences in point 
and gridded precipitation. The metrics utilized for comparing GPM 
to gauge observations include mean error (ME), mean absolute error 
(MAE), relative mean error (RME), relative mean absolute error 

(RMAE), mean bias factor (MBF), relative bias (RBias), root mean 
square error (RMSE), probability of detection (POD), and false 
alarm ratio (FAR). The equations used to determine these metrics 
are shown in Table 1.

3 Results and discussion

3.1 Precipitation summary

Summary statistics for the IMERG precipitation products (early, 
late, and final) were determined for the study period June 2000 to 
December 2021. Figure 3 shows the spatial distribution of mean daily 
precipitation for each product. The mean daily local precipitation over 
the study area during the study period was 3.68 mm/day for IMERG-F, 
4.01 mm/day for IMERG-L, and 4.04 mm/day for IMERG-E. The early, 
late, and final precipitation data have similar trends across the study 
region, with large magnitudes along the eastern coast and the western 
mountains. The central Piedmont receives the least precipitation. Early 
and late have similar magnitudes of daily precipitation, while the final 
dataset slows less rainfall due to the bias correction process. This is 
most obvious in the western side of the study region. While the gauge 
data are not 100% complete as compared the IMERG, the mean daily 
precipitation for the gauges is 3.37 mm/day, similar to the IMERG data 
(Figure 3), but generally suggests IMERG over-estimates precipitation. 
This is consistent with Shi et al. (2020), performed in a similar latitude 
and maximum elevation, where early and late estimates are biased 

TABLE 1 Error statistics equations and abbreviations used in analysis.

Error metric Abbreviation Formula Range Ideal value

Mean error ME 1

1N
Sat Gauge

n

N
n n

=
∑ −( ) -∞ to +∞ 0

Mean absolute error MAE 1

1N
Sat Gauge

n

N
n n

=
∑ − 0 to +∞ 0

Relative mean error RME 1

1N
Sat Gauge
Gaugen

N n n
n=

∑
−( )

-∞ to +∞ 0

Relative mean absolute error RMAE 1

1N
Sat Gauge
Gaugen

N
n n

n=
∑ − 0 to +∞ 0

Mean bias factor MBF n
N

n

n
N

n

Gauge

Sat
=

=

∑
∑

1

1

0 to +∞ 1

Relative bias RBias n
N

n n

n
N

n

Sat Gauge

Gauge
=

=

∑
∑

−( )1

1

-∞ to +∞ 0

Root mean square error RMSE 1

1

2

N
Sat Gauge

n

N
n n

=
∑ −( ) 0 to +∞ 0

Probability of detection POD
C

C C M
SG

SG G S+
0 to 1 1

False alarm ratio FAR
C M

C C M
s G

SG S G+
0 to 1 0

‘Sat’ indicates GPM IMERG observation, ‘Gauge’ designates a gauge observation. ‘CSG’ indicates events captured by both gauge and satellite, ‘CGMS’ signifies events captured by gauge and 
missed by satellite, and ‘CSMG’ represents events captured by satellite and missed by gauge.
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high with the final product adjusted lower to better match the 
gauge data.

3.2 Precipitation events

The individual events obtained from each IMERG data product 
were matched to gauge events. For catchments with multiple gauges, 
the catchment values were compared to each gauge within the 
catchment. In total, events from 282 ground gauges were matched 
to the IMERG products. The mean number of events and event 
magnitudes for the gauge network was 606 and 34.2 mm for the 
3-day event and 474 and 42.4 mm for the 5-day event series. 
However, it is important to note that gauge data record is only on 
average 93% complete, which has some impact on the 
above statistics.

In terms of temporal event characteristics, Figure 4 shows the 
distribution of event magnitudes for each month of the year. The 
month having the largest events for the gauges and IMERG-F is, on 
average, September. However, IMERG-E and -L show larger events 
occurring in winter months (December–March). This finding is 
consistent with Arshad et al., 2021, which was focused on Pakistan for 
the period 2004 to 2018 and found that IMERG-E and -L 
overestimated precipitation in the winter months when compared to 
ground gauges. Additional research is needed to identify conditions 
leading to these overestimates. For example, in this study, Jan results 
for -E/−L are more similar to the gauge values as compared to the 
other winter months (December, February, and March). There is an 

underestimation in the summer months (June, July, August, and 
September). Note that, the early and late datasets are rapidly released 
(4- to 14-h) making them ideal for identifying locations where 
precipitation induced flooding may impact well water quality. Thus, 
much of the results discussion is focused on these data products.

Prior to matching events, the 3-day events series had an average 
of 680 events with an average magnitude of 34.6 mm for IMERG-F, 
673 events with an average magnitude of 38.4 mm for IMERG-L, and 
690 events at 37.2 mm for IMERG-E. The 5-day events series had an 
average of 529 events with an average magnitude of 42.0 mm for 
IMERG-F, 521 events with an average magnitude of 46.8 mm for 
IMERG-L, and 530 events at 45.7 mm for IMERG-E. After matching 
events to the available gauge data, the 3-day events series had an 
average of 483 events with an average magnitude of 38.5 mm for 
IMERG-F, 474 events with an average magnitude of 43.2 mm for 
IMERG-L, and 418 events at 42.6 mm for IMERG-E. The matched 
5-day events series had an average of 401 events with an average 
magnitude of 47.0 mm for IMERG-F, 395 events with an average 
magnitude of 52.2 mm for IMERG-L, and 394 events at 51.4 mm for 
IMERG-E.

For the 3-day events, the matching process eliminated roughly 200 
IMERG events. For the 5-day events, the matching process eliminated 
fewer events; roughly 100 IMERG events. The dataset with the highest 
degree of matching for both the 3- and 5-day events is IMERG-F. The 
average magnitude of the events increases when the events are 
matched, indicating there is higher agreement between gauge and 
satellite during higher precipitation events. Table  2 shows a 
comparison of daily precipitation and 5-day event error metrics 

FIGURE 3

Mean daily precipitation (mm/day) for the GPM IMERG early, late, final, and ground gauge datasets for the period June 2000 to December 2021.
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TABLE 2 Performance statistics for daily data observation, 3-day events, and 5-day events between IMERG-E, −L, and -F and gauge precipitation.

Error metric Time window Early mean Late mean Final mean

Mean error (mm) 1-day 0.69 0.65 0.23

3-day events 4.5 5.4 0.99

5-day events 6.0 6.8 1.7

Mean absolute error (mm) 1-day 4.2 4.2 3.8

3-day events 20.8 20.6 15.4

5-day events 25.0 24.7 17.8

Relative mean error 1-day 0.55 0.52 0.46

3-day events 0.36 0.36 0.21

5-day events 0.37 0.36 0.23

Relative mean absolute Error 1-day 0.86 0.82 0.76

3-day events 0.67 0.65 0.49

5-day events 0.67 0.65 0.49

Mean bias factor 1-day 0.83 0.84 0.91

3-day events 0.90 0.88 0.98

5-day events 0.89 0.88 0.97

Relative bias 1-day 0.21 0.20 0.097

3-day events 0.13 0.15 0.032

5-day events 0.14 0.16 0.044

Root mean square error (mm) 1-day 10.7 10.8 9.3

3-day events 31.0 31.2 22.0

5-day events 39.6 39.3 27.7

Probability of detection 3-day events 0.79 0.79 0.81

5-day events 0.83 0.83 0.86

False alarm ratio 3-day events 0.26 0.24 0.24

5-day events 0.20 0.18 0.18

FIGURE 4

Mean monthly event magnitudes (mm) for GPM IMERG early, late, and final data products in catchments containing gauges that have at least 95% 
coverage over the study period (n  =  219).
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between the early, late, and final datasets and ground precipitation  
gauges.

Both the daily and events have, on average, a positive ME, RME, 
and RBias, indicating that the IMERG values have larger magnitudes 
as compared to the gauges for both daily and event observations. 
While the metrics that are in units of mm cannot be compared to 
directly (i.e., daily vs. x-day events), the metrics that are normalized, 
such as RME, RMAE, and RBias, show that the events tend to have 
better agreement as compared to the daily observations. Building 
on findings in Curtis et al. (2007), Savtchenko et al. (2015), and 
Wang and Asefa (2017), relationships between ENSO conditions 
and event errors were investigated. Specifically, the event 
precipitation errors for the E, L, and F data products, at select gauge 
locations distributed throughout the region, were compared to the 
Multivariate El Niño Southern Oscillation Index Version 2. The 
results show that correlation values are generally in the range of 
−0.07 to 0.07. While ENSO conditions impact regional climate 
(e.g., temperatures, atmospheric moisture content, and precipitation 
patterns), we did not find an appreciable impact on GPM IMERG 
performance in this study. Additional research will further explore 
potential impacts of ENSO conditions focusing on event magnitudes 
and time of year.

The results from this study are similar to other studies. For 
example, Omranian and Sharif (2018) used 275 precipitation gauges 
and the 0.1° by 0.1° resolution IMERG-F data product to examine the 
month of May 2015 in Texas, which saw multiple extreme precipitation 
events within a short time period. For all of the precipitation events, 
the study found a daily average RMSE of 10.6 mm/day, and MBF of 
1.07. Our study, when comparing 5-day events for gauges and 
IMERG-F found an RMSE of 27.7 mm per 5-day event, and an MBF 
of 0.97. The two studies show similar MBF values, while the difference 
in RMSE values are logical due to differences in precipitation 
magnitudes. The study by Omranian and Sharif (2018) found a POD 
of 0.85 and FAR of 0.16 for all precipitation events within the month, 
which overall agrees with our POD of 0.86 and FAR of 0.18.

Similarly, Shi et al. (2020) compared GPM IMERG and a global 
satellite mapping of precipitation (GSMaP) gauge-based precipitation 
product in the Yellow River region of China over the period January 
2014 to December 2018. They found a daily POD of 0.77, 0.74, and 
0.80 and a daily FAR of 0.25, 0.22, and 0.26 for early, late, and final, 
respectively. When compared to our results, it is evident that 
classifying precipitation by multiple-day accumulated events rather 
than daily observations yields a higher POD and a lower FAR.

Comparing both 3-day and 5-day events, Figure 5 shows that the 
3-day events had smaller magnitudes for both the gauge and IMERG 
data but more events. The difference is likely due to (i) multiple events 
grouped into the 5-day event series, and (ii) several larger events not 
fully captured by the 3-day series (e.g., Hurricane Florence in 
September 2018). Figure 2 shows examples of both cases. The 5-day 
events, generally, have a higher ME, MAE, and RMSE, but have a 
similar RME, RMAE, and RBias. Examining the 5-day POD shows an 
average of 0.83, 0.83, and 0.86 for early, late and final, respectively, 
while the 3-day mean POD for early, late, and final is 0.79, 0.79, and 
0.81. The FAR for the 5-day early, late, and final is 0.20, 0.18, and 0.18, 
while the 3-day FAR are 0.26, 0.24, and 0.24. In general, the high 
probability of detection indicates good agreement between gauge and 
IMERG observations. The general trends are also expected, with 
IMERG-F performing slightly better and IMERG-E and -L.

3.3 Separating events by percentiles

The GPM IMERG events (number and magnitudes) within 
selected percentile ranges for the 5-day events are shown in Figure 6. 
Note that, in this analysis, all events are included; not only matched 
events. Thus, the number of events for the IMERG products tends to 
be larger. In terms of number or size of events, there does not appear 
to be any trend related to percentile groups. Gauge observations had 
much more variability as compared to the IMERG estimates because 
IMERG averages out spatial variability within its 0.1° x 0.1° pixels as 
compared to point observations at gauge locations. In general, events 
higher than the 75th percentile were biased higher for the early and 
late datasets as compared to final.

Events greater than the 75th percentile have the highest variance 
in terms of the size of events. The largest size of a 5-day event greater 
than the 75th percentile for IMERG-E was 694.7 mm, IMERG-L was 
825.3 mm, IMERG-F was 486.5 mm, and gauge was 608.0 mm. 
IMERG-E and IMERG-L have the highest mean event magnitudes 
occurring to the western side of the mountains, while the largest gauge 
events tend to occur in the mountains. IMERG-F has smaller mean 
event magnitudes, and the largest of these events are located along the 
southern coastal portion of NC and southwest of the mountains 
(Figure 7). While not included in this analysis, future research will 
explore relationships between gauge elevation and event 
characteristics, which may help explain the results shown for the early 
and late products in the western portion of the study region.

The error metrics for these four datasets binned within four 
percentile groups are shown in Figure 8. The events larger than the 
75th percentile had the greatest variability in errors for ME, MAE, 
MBF, RBias, and RMSE. This implies that events with larger amounts 
of precipitation are more likely to have larger differences in ground 
gauge and satellite derived precipitations. For the RMAE, observations 
less than the 25th percentile had the largest variability in error, while 
events greater than the 75th percentile had the smallest variability in 
error. Events greater than the 75th percentile primarily possessed a 
relative bias less than 0, which indicates a bias toward the gauge. 
Events less than the 75th percentile has a positive bias, which means 
that the satellite events were observed to be greater than that of the 
gauge. Events in higher percentile groups had better POD and 
FAR. Thus, while events with larger precipitation totals tend to have 
larger errors, they are more likely to have agreement in terms of 
detecting actual events. These findings are consistent with previous 
studies that show larger errors for larger events. The results are also 
consistent with additional processing for the IMERG-F product to 
reduce bias. However, there does not appear to be much difference 
between early and late. In some cases, early is slightly better. While not 
performed in this study, future research will explore methods to 
combine values from the early and late products to investigate any 
potential benefits gained by considering both products.

3.4 Spatial distribution of gauge errors

North Carolina has various geographic attributes that can 
influence the bias of remote sensing precipitation measurements. 
The spatial distributions of the POD, FAR, ME, and RBias are 
shown in Figure  9. Most gauges in the study area have a POD 
between 0.80 and 0.85, a FAR between 0.15 and 0.20, a ME between 
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−5.0 and 5.0 mm, and an RBias between −0.1 and 0.1; all of which 
are promising for potentially identify locations subjected to rainfall 
events. The mountainous regions in the western portion of NC tend 
to show the worst performance, which is consistent with previous 
studies (Sharifi et al., 2016). A correlation analysis between ground 
elevation at the gauge locations and mean error values was 
performed. Elevation was most correlated with FAR of the E, L, and 

F events (R values of −0.07, −0.10, and −0.08, respectively) and was 
least correlated with RBias (R values of 0.008, 0.012, and 0.002, 
respectively). For both FAR and POD, the correlation values are 
negative implying that as elevation increases POD and FAR 
decrease, suggesting that at higher elevations IMERG is less lightly 
to indicate a false event but more likely to miss an actual event. In 
other words, at higher elevations, IMERG detects fewer events in 

FIGURE 5

Comparison of 3-day events and 5-day events for early, late, and final GPM IMERG precipitation for mean error (mm), mean absolute error (mm), 
relative mean error, root mean square error (mm), relative bias, probability of detection, false alarm ratio, average gauge event magnitude, average 
satellite event magnitude, and number of events matched between gauge and satellite observations.
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general (less false and less true events). Overall, the correlation 
values for the various error metrics were similar for the three 
IMERG products. With respect to gauge and satellite biases, GPM 
IMERG is found to be more variable in mountainous regions. This 
means that gauges within a relatively close distance may have one 
gauge with a positive bias and the other with a negative bias. For 
some gauges, underestimations come from PMW sensors missing 
orographic clouds without ice particles that produce rain, while an 
overestimation from PMW sensors is a result of cold and icy 
surfaces (i.e., the tops of mountains) being classified as rain clouds 
(Derin and Yilmaz, 2014; Lu et  al., 2021). While no clear 
relationships between gauge elevations and event error metrics were 
found in this study, further analysis is needed to investigate 
potential relationships between gauge elevation, event error metrics, 
and precipitation sources used in the IMERG products (i.e., PMW 
vs. IR). As noted above, IMERG has a tendency toward not seeing 
events at higher elevations (negative correlation with POD and FAR 
and elevation), which could be a result of PMW errors due to clouds 
formed by orographic lifting, resulting in precipitation 
underestimation (Derin et  al., 2021a). In general, RBias results 
suggest that satellite estimates tend to be similar (−0.1 to 0.1) or 

larger (>0.1) than gauge estimates. In the western edges of the 
mountainous region, RBias tends to be  more consistently >0.1, 
which could be  a result of rain shadow effects not captured by 
IMERG. However, gauge error metrics such as RBias can also 
be influenced by the incompleteness of gauge temporal coverage. 
While 75% completeness was used to subset gauges for event 
analysis, incomplete data records at the daily scale could mask 
sub-daily gaps in data, which could lead to underestimated daily 
totals. Additionally, missing days could impact event totals for 
multiday events or lead to missing events entirely. When comparing 
results between nearby gauges, these impacts could be exacerbated 
by the magnitudes of events missed by each gauge. For example, if 
one gauge misses a large event and another misses a small event, 
this will affect the overall average bias of the gauges differently.

3.5 Hurricane Florence

Hurricane Florence was one of the most significant 
precipitation events in North Carolina in recent years, making 
landfall in North Carolina on September 14, 2018, and continuing 

FIGURE 6

Number of 5-day events that fall within percentile groups based on the magnitudes of each dataset and the magnitudes (mm) of the events within the 
percentiles of each river catchment or gauge.

https://doi.org/10.3389/frwa.2024.1296586
https://www.frontiersin.org/journals/Water
https://www.frontiersin.org


Bartuska and Beighley 10.3389/frwa.2024.1296586

Frontiers in Water 11 frontiersin.org

until September 17, 2018 (Kunkel and Champion, 2019). The 
hurricane’s high amount of precipitation resulted in widespread 
flooding, well inundation, and contamination problems. Note 
that 108 gauges did not have continuous data or did not identify 
an event and therefore were not utilized in the examination of 
this event. For this event, shown in Figure 10, a larger number of 
gauge locations show lower or more negative ME and RBias as 
compared to results for the full study period shown in Figure 9. 
Additionally, biases during this event were more extreme, and 
fewer gauges were in the moderate range of −5.0 to 5.0 (mm) for 
ME and −0.1 to 0.1 for RBias. In general, IMERG-E tends to 
underestimate the event magnitudes but the average ME and 
RBias of −59.4 and −0.30, respectively, are reasonable given the 
magnitude of the event.

3.6 Localized and watershed-scale 
precipitation

Prior analysis in this study was performed utilizing local catchment 
precipitation and comparing those values to the ground precipitation 
gauges. Here, we compare local precipitation to watershed-averaged 
precipitation to determine how often watershed-averaged precipitation 
exceeds the local precipitation (Figure 11). In the context of developing 
a precipitation-based index to identify well locations at risk of surface 
flooding induced contamination, both local and upstream precipitation 
may be important (i.e., riverine flooding due to precipitation occurring 

in upstream catchments). For the 5-day event series developed here, 
3,391 catchments were headwater regions (i.e., local and watershed-
averaged values are identical). For the remaining 3,145 catchments, the 
event data shows that watershed-average precipitation was larger than 
the local precipitation in roughly 40% of the events. As shown in 
Figure 11, the catchments where watershed values are larger than local 
values are along the larger rivers, which is likely a result of mountainous 
elevations receiving higher precipitation, which flows into river basins 
located in the Piedmont plateau. In future research, both local and 
watershed averaged precipitation will be compared to river stage and 
discharge data and well water sample data (i.e., presence/absence of 
known contaminants) to develop an index value for the likelihood of 
flooding and well water contamination.

4 Conclusion

This study compares GPM IMERG early, late, and final 
precipitation products to ground gauges (N = 282) for the period 
2000–2021 throughout North Carolina. The study is primarily focused 
on IMERG performance for individual events with the potential to 
result in flooding and contaminant transport to drinking water wells. 
Given the latency of the IMERG products, performance for the early 
(4 h) and late (14 h) datasets are highlighted, as these products are 
available shortly after an event occurs and can be used in applications 
intended to identify locations at risk of potential flooding and well 
water contamination.

FIGURE 7

Mean event size (mm) for events greater than the 75th percentile of each respective catchment or gauge for (A) early, (B) late, (C) final, and (D) gauge 
events.
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In general, results from this study are consistent with other studies 
in that the early and late products tend to overpredict precipitation with 
the final product being less biased (i.e., mean event errors of 6.0, 6.8, and 
1.7 mm for early, late and final products, respectively) and performance 
for larger precipitation events, such as those greater than the 75th 

percentile, tends to be worse than for smaller events. Despite bias in 
larger events, the IMERG products tend to have good probability of 
detection (0.83, 0.83, and 0.86 for early, late, and final products, 
respectively), indicating that while the larger events may be biased, they 
are detected. In the context of identifying potential well locations 

FIGURE 8

ME, MAE, RME, RMAE, RMSE, RBias, POD, FAR between gauges and IMERG 5-day events, separated by the 75th, 50th, and 25th precipitation gauge 
percentiles for each catchment.
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possibly impacted by flooding, bias for large events may not be  as 
critical as detection. Additionally, IMERG-E and IMERG-F show large 
overestimates in event precipitation during the winter months of 
December, January, February, and March. While this is consistent with 

other studies, it appears the Jan results are less biased high as compared 
to the other 3  months. Additional research is needed to better 
understand the performance during the winter period. In terms of the 
spatial distribution of performance, IMERG-E and IMERG-F show 

FIGURE 9

Mean POD (A), mean FAR (B), mean ME (mm) (C), and mean RBias (D) between 282 precipitation gauges and IMERG- E estimates for the 5-day events 
and elevation (meters).

FIGURE 10

Event error metrics of (A) ME and (B) RBias for identified events between Sept. 14-17th, 2018 from IMERG-E and gauge data (n  =  220) during Hurricane 
Florence.
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noticeably more high bias in the mountainous regions in the western 
portion of the study area. Future research will investigate performance 
and gauge elevation to potentially identify reasons for this spatial pattern.

With respect to the inundation of private drinking wells, accurate 
information related to flooding potential is needed to determine the 
location of potentially impacted wells. Given the reasonable agreement 
between all three GPM IMERG datasets and the ground-based 
precipitation gauges throughout NC, this study supports the 
development of applications using the early and late IMERG data 
products to identify locations that received appreciable event rainfall 
in near real-time. Future research will explore relationships linking 
event characteristics to well water contamination likelihood to assist 
state and local health departments and well users to identify well 
locations potentially impacted from flooding events.
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FIGURE 11

Percentage of 5-day events for the IMERG-F data product where watershed averaged precipitation is larger than local catchment precipitation.
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