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Highlights

What are the main findings?

• IMERG performance varies by station, timescale, and precipitation metrics.
• Although IMERG-Final is the calibrated product recommended for research, IMERG-

Early and IMERG-Late performed better for certain metrics, timescales, and stations.

What are the implications of the main finding?

• The variations in the performance of IMERG products across temporal resolutions,
monitoring sites, and precipitation metrics highlight the importance of selecting the
most appropriate IMERG product for a specific region and application.

• Because IMERG-Final does not consistently perform best across all precipitation
metrics, temporal scales, and locations, using it without prior evaluation may lead to
less accurate precipitation estimates for specific applications.

Abstract

This study evaluates the performance of the Integrated Multi-satellite Retrievals for
Global Precipitation Measurement (IMERG) version 7 (IMERG v07) datasets (IMERG-
Early, IMERG-Late, and IMERG-Final) in estimating precipitation at hourly and daily
scales using PIERS station data from Texas collected from October 2023 to September 2025.
Four stations were analyzed to evaluate precipitation occurrence, total precipitation, mean
precipitation, 99th percentile extreme precipitation, and precipitation intensity. Model
performance was assessed using both categorical and continuous statistical metrics, along
with probability density function (PDF) and cumulative distribution function (CDF) analy-
ses. IMERG datasets detected 53–75% of hourly precipitation events and 71–87% of daily
precipitation events. IMERG-Late and IMERG-Final exhibited comparable performance
in detecting precipitation events at the hourly timescale, whereas IMERG-Late performed
better at the daily timescale across most stations and performance metrics. The ability of
IMERG products to simulate precipitation totals was station-specific and depended on the
temporal resolution level. At the hourly scale, IMERG-Final performed best at PIERS0035
and PIERS0034; IMERG-Early performed best at PIERS0030, and IMERG-Early and IMERG-
Late performed equally well at PIERS0032. On the daily scale, IMERG-Early provided
the best results at PIERS0030 and PIERS0032, whereas IMERG-Final performed better at
PIERS0035 and PIERS0034. The performance of the IMERG datasets also varied across
stations and temporal scales in simulating mean precipitation and different precipitation
percentiles. Overall, although IMERG-Final is the calibrated dataset and is generally rec-
ommended for research applications, this study found that IMERG-Early and IMERG-Late
outperformed IMERG-Final at specific temporal scales, for certain precipitation metrics,
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and at particular stations. The results further demonstrate that IMERG dataset performance
varies across temporal scales, precipitation metrics, and observation sites.

Keywords: IMERG; PIERS; precipitation; remote sensing

1. Introduction
In regions where meteorological observations are limited because of sparse station

networks, gridded precipitation datasets are widely used worldwide as an alternative for
various applications [1,2]. These datasets have been applied in hydrological modeling,
drought and flood assessment, crop modeling, and variability and trend analyses, as well
as serving as reference data for downscaling coarse-resolution climate models to the station
level [3–5]. Among these products, the Integrated Multi-satellite Retrievals for Global
Precipitation Measurement (GPM) (IMERG) is one of the most extensively used gridded
precipitation datasets [1,6,7]. However, the performance of gridded precipitation datasets
varies across regions and temporal scales [8–10]. Therefore, evaluating their performance in
accurately estimating precipitation at different temporal scales and across diverse regions
is essential.

Several studies have evaluated the performance of IMERG products at the global
scale [11] and across various regions worldwide [12–16]. For example, Zhu, Li, Chen, Wen,
Liu, Huffman, Tsoodle, Ferraro, Wang and Hong [11] conducted a global assessment of
IMERG performance; however, their analysis focused on version 06 and was limited to
the IMERG-Final product. Similarly, Xiong et al. [17] evaluated the IMERG version 07
dataset at sub-daily temporal scales across a continental domain, but their assessment
did not include the IMERG-Early and IMERG-Late products. At the regional scale, Aksu
and Yaldiz [18] investigated the performance of IMERG version 06 and version 07 Final
products for detecting precipitation extremes in Turkey; however, their study did not
examine hourly temporal scales or compare the IMERG-Early and IMERG-Late products
with IMERG-Final.

Similarly, many studies have evaluated the performance of IMERG datasets across
the United States [17,19] and within specific U.S. watersheds [20–22]. For example,
Li et al. [23] and Li et al. [24] evaluated the IMERG dataset across the entire United States;
however, both studies focused exclusively on IMERG-Final version 06. Recent evalua-
tions comparing IMERG version 07 with version 06 in other regions have demonstrated
notable improvements in the latest version [18,25], emphasizing the need for comprehen-
sive assessments following the release of IMERG version 07. Moreover, most evaluations
conducted in the United States have not examined IMERG performance at the hourly
scale [22,26,27]. Furthermore, most studies have focused on the IMERG-Final dataset and
have rarely assessed the three IMERG products (Early, Late, and Final) concurrently [20,26].
Although IMERG-Final incorporates additional gauge-based corrections, studies from other
regions indicate that it does not consistently outperform IMERG-Early or IMERG-Late. For
instance, Tang et al. [28] found that IMERG-Late outperformed IMERG-Final for several
continuous statistical metrics at the hourly scale in the Sichuan Basin, China. Similarly,
Andualem et al. [29] reported that IMERG-Early exhibited better performance than IMERG-
Final at the daily scale in the Gilgel Abay watershed, Ethiopia. Overall, although previous
studies have provided valuable insights into the performance of IMERG products, most
have not conducted a comprehensive evaluation of the latest version 07 (v07) IMERG-Early,
IMERG-Late, and IMERG-Final products simultaneously across multiple temporal scales.
In particular, studies that simultaneously assess all three products at both hourly and daily
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timescales remain limited. This gap underscores the need for a comprehensive evaluation
to better characterize the performance and consistency of the latest IMERG products across
different temporal resolutions.

To strengthen the evaluation capability of IMERG datasets, the National Aeronau-
tics and Space Administration (NASA) has established several Precipitation Instrument
Evaluation and Research Sites (PIERS) across the United States [30] to expand validation
coverage beyond the sites used in earlier IMERG assessments. Five of these stations are
located in Texas, providing a valuable opportunity for regional evaluation. Evaluating
the latest IMERG product (IMERG v07) against observations from these PIERS stations
will improve our understanding of IMERG’s performance in representing precipitation.
Nevertheless, no prior studies have evaluated the capability of IMERG v07 products to
estimate hourly and daily precipitation using comprehensive performance metrics in Texas,
or more broadly in the United States, using these stations. Therefore, this study aims to
assess the performance of the IMERG-Early, IMERG-Late, and IMERG-Final datasets in
estimating precipitation at both hourly and daily temporal scales.

2. Study Area and Datasets
Texas, the second-largest state in the United States [31], is the study area for the

PIERS rain gauge network. The state has diverse climatic and geographic conditions, with
landscapes that include coastal plains, forests, prairies, rolling hills, plateaus, deserts, and
mountains [32,33]. Its physiography ranges from eastern forests and southern Coastal
Plains to elevated plateaus in the north and west [34]. The climate varies from humid
coastal regions in eastern Texas to arid deserts in the west [31]. Summers are generally hot
and winters are mild, while annual precipitation decreases from east to west [33] (Figure 1).

A total of five PIERS stations are located in Texas (Figure 1). The PIERS station IDs are
PIERS0030 (Lat: 27.713017, Lon: −97.318275), PIERS0032 (Lat:33.610540, Lon: −102.050540),
PIERS0034 (Lat: 30.10494, Lon: −95.96503), PIERS0035 (Lat: 30.09067, Lon: −95.9777), and
PIERS0036 (Lat: 30.09576, Lon: −95.96945) (https://gpm-gv.gsfc.nasa.gov/Gauge/index.
php, Accessed date 12 May 2026; Figure 1). Three of these stations are situated at Prairie
View A&M University, while the remaining two are located at Texas A&M University–
Corpus Christi (ID: PIERS0030) and Texas Tech University (ID: PIERS0032). The stations
at Prairie View A&M University began operations on 26 August 2023 (PIERS0036) and
on 25 September 2023 (PIERS0034 and PIERS0035). The other two stations, PIERS0030
and PIERS0032, had already been operational before these dates. One of the primary
objectives of these PIERS stations is to provide ground-based validation for evaluating the
performance of the IMERG datasets.

At PIERS stations, raw tipping-bucket gauge measurements are recorded in real time
each time the bucket fills and tips, providing precipitation data at a 15 min temporal
resolution. Each site is equipped with two collocated gauges (i.e., A and B) to support
instrument evaluation and quality assurance. PIERS is a gauge network operated by the
NASA Global Precipitation Measurement (GPM) Ground Validation (GV) team, in which
a value of 0 is inserted whenever no precipitation is recorded during a 15 min interval.
This processing step clearly distinguishes periods with no precipitation from intervals with
missing data.

https://doi.org/10.3390/rs18142401

https://gpm-gv.gsfc.nasa.gov/Gauge/index.php
https://gpm-gv.gsfc.nasa.gov/Gauge/index.php
https://doi.org/10.3390/rs18142401


Remote Sens. 2026, 18, 2401 4 of 21

 

Figure 1. Locations of the five PIERS stations in Texas overlaid on the 2024 annual precipitation total
from IMERG-Final (A), along with a detailed view of the PIERS stations at the Prairie View A&M
University (PVAMU) Research Farm (B).

The annual precipitation recorded in 2024 at the PIERS stations PIERS0030, PIERS0032,
PIERS0034, PIERS0035, and PIERS0036 was 561 mm, 498 mm, 1301 mm, 1526 mm, and
1189 mm, respectively, highlighting variations in precipitation across the stations. The daily
and monthly precipitation totals for 2024 further demonstrate these differences among
the stations (Figure 2). The mean daily precipitation was 1.5 mm at PIERS0030, 1.4 mm at
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PIERS0032, 3.6 mm at PIERS0034, 4.2 mm at PIERS0035, and 3.2 mm at PIERS0036. The
99th percentile daily precipitation at PIERS0030, PIERS0032, PIERS0034, PIERS0035, and
PIERS0036 stations was 27.3 mm, 21.2 mm, 64.9 mm, 60.7 mm and 54.4 mm, respectively.
Overall, precipitation measurements at annual, monthly, and daily time scales, as well as
the 99th precipitation percentile across the five PIERS stations, reveal notable variability
among stations.

 

Figure 2. Daily precipitation in 2024 at the five PIERS stations included in this study (A) and monthly
precipitation totals (B).

In addition to the observed station data, this study used the IMERG v07 precipitation
datasets. IMERG v07 is a global precipitation product covering most regions of the world,
except some polar areas, and is available at half-hourly and daily temporal resolutions.
It is produced in three runs: IMERG-Early, IMERG-Late, and IMERG-Final, which are
released approximately 4 h, 14 h, and 3.5 months after observation, respectively. The
datasets have a spatial resolution of 10 km (0.1◦). These products differ primarily in
latency, processing level, and the use of gauge-based bias correction (Table 1). IMERG-
Early and IMERG-Late are near-real-time products based on satellite observations, whereas
IMERG-Final is a retrospective product that incorporates additional satellite data and
monthly gauge-based bias correction, making it the recommended product for research
applications. For this study, all three IMERG runs were downloaded from the Giovanni
platform (https://giovanni.gsfc.nasa.gov/giovanni/ (Accessed date 15 May 2026).
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Table 1. Brief characteristics of the studied IMERG datasets.

IMERG Product Latency Processing Gauge Adjustment Typical Use

IMERG-Early ~4 h Near-real-time retrieval using
available satellite observations No gauge correction Rapid monitoring and

forecasting

IMERG-Late ~14 h Near-real-time retrieval with more
complete satellite observations No gauge correction Near-real-time applications

requiring higher accuracy

IMERG-Final ~3.5 months
Fully reprocessed retrieval using
all available satellite observations
and gauge calibration

Adjusted for bias
using monthly rain
gauge analyses

Climate studies,
hydrological analysis, and
long-term evaluations

3. Methodology
The IMERG-Early, IMERG-Late, and IMERG-Final datasets were evaluated against

observations from the PIERS stations in Texas (Figure 1). Of the five PIERS stations in the
state, PIERS0034, PIERS0035 and PIERS0036 are located at Prairie View A&M University.
Data collection began at PIERS0036 on 26 August 2023 and at PIERS0034 and PIERS0035
on 25 September 2023. Because PIERS0036 had substantial missing data in 2025, it was
excluded from the analysis. Consequently, the evaluation was conducted using data from
the remaining four stations: PIERS0035, PIERS0034, PIERS0032, and PIERS0030. As a
result, the evaluation covered October 2023 through September 2025 at hourly and daily
temporal resolutions. Between the two collocated gauges at each PIERS site (i.e., A and B),
precipitation measurements from gauge B were used in this study.

Missing PIERS hourly precipitation data at the four stations accounted for less than
2.4% at each site. These missing values were filled in using the Multivariate Imputation
by Chained Equations (MICE) package (Version 3.18.0) in R software (Version 4.4.2) [35],
which has been widely used for filling in missing climate data in many studies [9,36–38].
The MICE procedure uses information from complete precipitation observations at the
remaining stations to iteratively predict missing values, producing multiple imputations
that reflect the uncertainty associated with the estimation process and corresponding
standard errors. Predictor variables were limited to precipitation data from the PIERS
station network. After imputation, precipitation values identified as outliers (i.e., values
exceeding four standard deviations from the mean) were assessed using the RClimDex
package (Version 1.0) in R software (Version 4.4.2) [39] and managed in accordance with
World Meteorological Organization recommendations [40].

Since the PIERS precipitation data have a 15 min temporal resolution and the IMERG
datasets have a 30 min temporal resolution, both datasets were aggregated to hourly and
daily time scales [41]. Furthermore, because the PIERS reference data are station-based, the
IMERG datasets were evaluated using a point-to-pixel approach, which is widely adopted
when only point-based station observations are available [18,42].

This study evaluated the ability of the IMERG datasets to detect precipitation events,
estimate precipitation totals, and capture precipitation intensities. The datasets were further
assessed for their ability to estimate mean hourly and daily precipitation amounts over
the study period. To examine the precipitation detection performance of the IMERG
datasets, four categorical metrics were employed (Table 2): Probability of Detection
(POD), False Alarm Ratio (FAR), Frequency Bias Index (FBI), and Critical Success Index
(CSI) [8,18,42–45]. POD measures the proportion of observed precipitation events correctly
identified by IMERG, while FAR indicates the proportion of falsely detected precipitation
events. FBI evaluates the ability of IMERG to capture the frequency of rainy days. The
FBI compares the frequency of rainfall-day detection in the IMERG datasets with that
observed in the PIERS measurements. Its values range from 0 to ∞. An FBI value less than
1 indicates that the IMERG datasets underestimate the number of rainfall days, whereas a
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value greater than 1 indicates an overestimation [46,47]. CSI combines information from
both POD and FAR to provide a composite measure of detection performance. The optimal
values for POD, FBI, and CSI are 1, whereas the optimal value for FAR is 0. In this study, a
1 mm threshold was applied to classify rainy and non-rainy days [42,46,48] for both hourly
and daily temporal scales. Further details on these categorical metrics can be found in the
referenced studies.

The performance of the IMERG datasets in estimating precipitation totals was eval-
uated using continuous statistical measures. Specifically, three widely adopted metrics,
Pearson’s correlation coefficient (R), Root Mean Squared Error (RMSE), and percent bias
(PBIAS), were employed in this study [42,44,49]. The correlation coefficient (R) quantifies
the degree of association between the IMERG datasets and observations from the PIERS
stations. PBIAS evaluates the estimation bias of the IMERG datasets relative to the PIERS
stations (Table 2), with a positive PBIAS indicating underestimation and a negative PBIAS
indicating overestimation. RMSE assesses the magnitude of error in the IMERG estimates
relative to the PIERS observations. An ideal R value is 1, whereas the optimal values for
both PBIAS and RMSE are 0.

To further evaluate how well the IMERG datasets capture the distribution of pre-
cipitation intensities, the Probability Density Function (PDF) was used. The PDF is a
widely used method in precipitation data evaluation studies [27,47,50]. In addition, the
Cumulative Distribution Function (CDF) was applied to assess the datasets’ ability to
represent precipitation totals. To further assess the ability of the IMERG datasets to capture
precipitation totals, the Cumulative Distribution Function (CDF) was also used. The CDF
is a widely applied tool for evaluating gridded precipitation datasets and climate models
across various regions worldwide [13,51–53].

The IMERG datasets were further evaluated for their ability to simulate the 99th
precipitation percentile, consistent with methodologies commonly applied in the global lit-
erature [54,55]. This percentile provides insight into the datasets’ performance in capturing
extreme precipitation events. The selected precipitation percentile is particularly relevant
for understanding the performance of the IMERG datasets in applications such as extreme
weather analysis, flood risk management, and urban drainage design studies.

Table 2. Equations used in this study and their brief descriptions.

Metrics Range Unit References

POD =
Hits

Hits + Misses
0 to 1 None [16,50,56,57]

FAR =
False alarms

False alarms + Hits
0 to 1 None [16,56]

FBI =
Hits + False alarms

Hits + Misses
0 to ∞ None [9,27,46]

CSI =
Hits

Hits + Misses + False alarms
0 to 1 None [16,47]

R =
∑
(
P − P

)(
I − I

)√
∑
(
P − P

)2
√

∑
(
I − I

)2 −1 to 1 None [56,58]

RMSE =

√
∑(P − I)2

N
0 to ∞ mm [27,58]

PBIAS =
∑(P − I)

∑(P)
× 100% −∞ to ∞ % [27,59–61]

Where, R is Pearson’s correlation coefficient; P and P represent the PIERS precipitation data and their mean,
respectively; I and I represent the IMERG precipitation data and their mean, respectively; and N is the number of
paired observations used in the comparison.
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4. Results
4.1. Performance in Detecting Precipitation Occurrence

Figure 3 presents the performance of the IMERG datasets in detecting precipitation
occurrence at hourly and daily temporal scales. At the hourly scale, the precipitation event
detection (POD values) of the IMERG datasets studied ranged from 53% to 75%. In contrast,
all three IMERG products exhibited relatively high FAR values (65–76%) across the stations,
indicating frequent false identification of precipitation events. The studied datasets also
exhibited high FBI values (1.74 to 2.69) and low CSI values (0.20 to 0.31).

Comparisons of the three IMERG datasets across the four PIERS stations revealed
that IMERG-Final outperformed IMERG-Early and IMERG-Late in detecting hourly pre-
cipitation events. Specifically, IMERG-Final successfully detected 65%, 70%, 75%, and
70% of precipitation events at stations PIERS0030, PIERS0032, PIERS0034, and PIERS0035,
respectively. Regarding the false alarm ratio (FAR), the performance of the IMERG datasets
varied across stations (Figure 3). For example, IMERG-Late outperformed both IMERG-
Early and IMERG-Final at PIERS0030 and PIERS0032, whereas IMERG-Final demonstrated
superior performance at PIERS0034 relative to the other two products. At PIERS0035,
IMERG-Late and IMERG-Final both achieved lower and identical FAR values of 0.65,
whereas IMERG-Early showed comparatively poorer performance, with a FAR value of
0.70. Overall, IMERG-Late exhibited superior FAR performance across most stations on the
hourly scale.

Performance variations among the studied datasets were also observed in FBI. For
example, IMERG-Late performed better than the other two IMERG products at stations
PIERS0030 and PIERS0035. However, at PIERS0032, IMERG-Early outperformed the other
IMERG products, whereas IMERG-Final performed better at PIERS0034. Similarly to the
FAR results, IMERG-Late generally performed better than the other two IMERG products
at most stations, according to FBI. Based on the CSI results, IMERG-Final ranked as the
best-performing dataset at three of the four stations, with PIERS0030 being the exception.
Overall, the results of this study indicate that IMERG-Final performed better than IMERG-
Late at most stations, with superior POD and CSI, whereas IMERG-Late performed better
for FAR and FBI. These findings highlight the comparatively better performance of IMERG-
Final and IMERG-Late in detecting hourly precipitation events.

Compared with the hourly-scale performance of the IMERG products, overall im-
provement in detecting precipitation occurrence was observed at the daily scale (Figure 3).
At the daily scale, the POD values for the IMERG datasets across the four stations indicated
detection of 71% to 87% of precipitation events. Similarly, the FAR values at the daily
scale (0.39–0.60) were considerably lower than those recorded at the hourly scale, reflecting
improved detection reliability (Figure 3). The FBI and CSI values also improved at the daily
scale across the IMERG datasets studied at the four PIERS stations.

Comparisons among the IMERG datasets revealed that IMERG-Final performed better
at the PIERS0032 and PIERS0034 stations and was comparable to IMERG-Late at PIERS0035
(Figure 3). At PIERS0030, IMERG-Late performed better. These results indicate that
IMERG-Final generally performed better in detecting daily precipitation occurrence at
most stations. For FAR at the daily scale, IMERG-Late performed better at PIERS0030,
PIERS0034, and PIERS0035 and performed comparably to IMERG-Early at PIERS0032,
indicating overall stronger FAR performance of IMERG-Late at most stations. For FBI,
IMERG-Late performed better across all stations. For CSI, IMERG-Late performed better
at PIERS0030 and PIERS0035 and performed comparably to IMERG-Final at PIERS0034,
whereas IMERG-Final outperformed the other two IMERG products at PIERS0032. Overall,
the results show that IMERG-Late performed better for FAR, FBI, and CSI at most studied
stations, whereas IMERG-Final performed better for POD at most stations. These findings
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indicate the overall stronger performance of IMERG-Late in detecting daily precipitation
events across most stations and performance metrics. Furthermore, FBI values greater than
1 at both hourly and daily scales across the PIERS stations suggest a general tendency of
the IMERG products to overestimate the frequency of daily precipitation events (Figure 3).

Figure 3. Performance of the three IMERG datasets in detecting precipitation at the hourly scale for
PIERS stations PIERS0030 (A), PIERS0032 (B), PIERS0034 (C), and PIERS0035 (D) and at the daily
scale for PIERS0030 (E), PIERS0032 (F), PIERS0034 (G), and PIERS0035 (H).
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https://doi.org/10.3390/rs18142401


Remote Sens. 2026, 18, 2401 10 of 21

4.2. Performance in Estimating Precipitation Totals

The performance of the three IMERG datasets in estimating total hourly and daily
precipitation is presented in Figures 4 and 5. At the hourly scale, the datasets across the
four studied stations exhibited correlation coefficients ranging from 0.33 to 0.55, RMSE
values between 0.89 and 1.83 mm, and PBIAS values ranging from −66.4% to −177.5%
(Figure 4). Comparisons among the IMERG datasets for estimating total hourly precipita-
tion revealed substantial spatial variability across the studied stations. At PIERS0034 and
PIERS0035, IMERG-Final consistently outperformed the other datasets across all evaluation
metrics. In contrast, performance at PIERS0032 varied by metric: IMERG-Late achieved
the highest correlation coefficient, whereas IMERG-Early produced the lowest PBIAS
value, while both IMERG-Early and IMERG-Late yielded identical RMSE values. These
results indicate that IMERG-Early and IMERG-Late performed comparably at PIERS0032.
Conversely, IMERG-Final showed the poorest performance at this station based on most
evaluation metrics.

 

Figure 4. Hourly-scale performance of the IMERG products at four PIERS stations. Panels (A–C)
show IMERG-Early, IMERG-Late, and IMERG-Final at PIERS0030; panels (D–F) show IMERG-Early,
IMERG-Late, and IMERG-Final at PIERS0032; panels (G–I) show IMERG-Early, IMERG-Late, and
IMERG-Final at PIERS0034; and panels (J–L) show IMERG-Early, IMERG-Late, and IMERG-Final
at PIERS0035.
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Figure 5. Daily-scale performance of IMERG-Early (A), IMERG-Late (B), and IMERG-Final (C) at
PIERS0030; IMERG-Early (D), IMERG-Late (E), and IMERG-Final (F) at PIERS0032; IMERG-Early
(G), IMERG-Late (H), and IMERG-Final (I) at PIERS0034; and IMERG-Early (J), IMERG-Late (K), and
IMERG-Final (L) at PIERS0035.

At PIERS0030, IMERG-Early outperformed the other datasets across most performance
metrics, whereas IMERG-Final again showed the weakest performance based on most
evaluation metrics. Overall, IMERG-Final performed best at PIERS0034 and PIERS0035;
IMERG-Early performed best at PIERS0030; and IMERG-Early and IMERG-Late performed
comparably at PIERS0032. These results indicate that the accuracy and reliability of IMERG
products for total hourly precipitation estimation are highly station-dependent and may
vary with local climatic or environmental conditions.

At the daily scale, the performance of the IMERG datasets improved in terms of
correlation, with coefficients across the four studied stations ranging from 0.66 to 0.83
(Figure 5). However, the PBIAS values at the daily scale showed no improvement compared
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with those at the hourly scale at any station. Across both hourly and daily scales, all IMERG
datasets consistently overestimated precipitation.

As observed at the hourly scale, the IMERG datasets also showed notable differences in
their ability to estimate daily precipitation across the studied stations. The results showed
that IMERG-Early performed better at PIERS0030 and PIERS0032 based on RMSE and
PBIAS, whereas IMERG-Final achieved higher correlation coefficients at these stations.
Nevertheless, IMERG-Early’s stronger performance across most evaluation metrics high-
lights its overall suitability for daily precipitation estimation at PIERS0030 and PIERS0032.
At these stations, IMERG-Final generally showed the weakest performance based on most
evaluation indices. In contrast, IMERG-Final consistently performed best at PIERS0035
across all evaluation metrics and at PIERS0034 based on RMSE and PBIAS. Meanwhile,
IMERG-Late showed the poorest performance at PIERS0034 and PIERS0035 across most
evaluation metrics.

The ability of the IMERG datasets to estimate mean hourly and daily precipitation
during the study period at the PIERS stations is summarized in Table 3. The results reveal
substantial deviations between IMERG estimates and observed station measurements. For
example, the observed mean daily precipitation at PIERS0030, PIERS0032, PIERS0034,
and PIERS0035 was 1.793, 1.584, 3.165, and 3.640 mm/day, respectively, whereas the
corresponding IMERG estimates ranged from 4.215 to 4.976, 2.635 to 3.352, 6.590 to 6.949,
and 6.613 to 7.096 mm/day, respectively (Table 3).

Table 3. Mean hourly and daily precipitation (mm) at the four studied stations during October 2023
to September 2025.

Scheme Time Scale PIERS IMERG-Early IMERG-Late IMERG-Final

PIERS0030 Hourly 0.075 0.176 0.179 0.207
PIERS0032 Hourly 0.066 0.110 0.116 0.140
PIERS0034 Hourly 0.132 0.277 0.290 0.275
PIERS0035 Hourly 0.152 0.280 0.296 0.276
PIERS0030 Daily 1.793 4.215 4.307 4.976
PIERS0032 Daily 1.584 2.635 2.788 3.352
PIERS0034 Daily 3.165 6.637 6.949 6.590
PIERS0035 Daily 3.640 6.729 7.096 6.613

Among the three datasets, IMERG-Early performed better than IMERG-Late and
IMERG-Final in estimating mean hourly and daily precipitation at PIERS0030 and
PIERS0032. In contrast, IMERG-Final showed the weakest performance at these stations
across both temporal scales. Conversely, at PIERS0034 and PIERS0035, IMERG-Final per-
formed best in estimating mean hourly and daily precipitation during the study period,
whereas IMERG-Late consistently showed the poorest performance. These findings under-
score considerable station-to-station variability in the performance of the IMERG datasets
for simulating hourly and daily precipitation (Table 3).

Figure 6 presents the PDF plots of the IMERG datasets at hourly and daily temporal
scales. At the hourly scale, performance varies by precipitation intensity and station. In the
>0–1 mm range, all three IMERG products differ markedly from the PIERS observations at
PIERS0030. At PIERS0032, only IMERG-Early and IMERG-Late show substantial devia-
tions, whereas IMERG-Final closely agrees with the PIERS estimates. At PIERS0034 and
PIERS0035, IMERG-Early and IMERG-Final show greater departures from the observations,
while IMERG-Late aligns more closely with PIERS. In the 4–10 mm range, the IMERG
estimates generally agree more closely with PIERS at PIERS0030 and PIERS0032 but show
some deviations at the remaining two stations. In contrast, the IMERG datasets exhibit
larger deviations from PIERS in the >0–1 mm precipitation range. Overall, these findings
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indicate that hourly IMERG performance depends on both precipitation intensity class and
station (Figure 6).

Figure 6. PDF plots of the IMERG datasets at the hourly scale for PIERS0030 (A), PIERS0032
(B), PIERS0034 (C), and PIERS0035 (D) and at the daily scale for PIERS0030 (E), PIERS0032 (F),
PIERS0034 (G), and PIERS0035 (H). Zero-precipitation values were excluded from both the hourly
and daily PDF plots. The hourly and daily precipitation distributions are truncated at 10 mm and
70 mm, respectively.
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Like the hourly-scale analysis, IMERG performance varies by precipitation inten-
sity class and monitoring station (Figure 6). In the low-intensity range (>0 to ~8 mm),
all three IMERG products show noticeable deviations from the PIERS observations. By
contrast, in the 30–70 mm range, all IMERG datasets closely match the PIERS estimates
across the four stations. Among the products, IMERG-Early agrees more closely with
PIERS at PIERS0030 and PIERS0032, while IMERG-Final performs better at PIERS0034
and PIERS0035 for light precipitation (>0 to ~8 mm). Overall, the IMERG products tend
to underestimate precipitation in the low-intensity range. In the other intensity classes,
both underestimation and overestimation occur, depending on the precipitation inten-
sity and station (Figure 6). These findings indicate that IMERG performance varies with
precipitation intensity and station at the daily temporal scale.

Figure 7 illustrates the CDF plots of the IMERG datasets compared with the PIERS
station data at hourly and daily scales. At the hourly scale, the CDF curves of the IMERG
datasets exhibit noticeable differences from the PIERS station data. On the other hand,
no significant differences are observed among the IMERG datasets at PIERS0034 and
PIERS0035. However, slight variations among the IMERG datasets are evident at PIERS0030
and PIERS0032.

IMERG-Early performed better at PIERS0030 and PIERS0032, whereas IMERG-Final
deviated considerably from the PIERS observations at these stations. In contrast, at
PIERS0034 and PIERS0035, IMERG-Final showed closer agreement with the observed
data than the other IMERG datasets, while IMERG-Late exhibited larger deviations from
the PIERS station data. These results highlight that the performance of datasets varies
across stations (Figure 7).

Like at the hourly scale, the IMERG datasets exhibited noticeable differences from the
observed PIERS data at the daily scale, although the discrepancies were relatively smaller
at PIERS0032 than at the other three stations. Comparisons among the IMERG datasets
also revealed clear performance variations across stations. For example, IMERG-Early per-
formed better than the other IMERG datasets at PIERS0034 for most precipitation amounts,
whereas IMERG-Final showed poorer agreement at PIERS0032. These observations imply
that the accuracy and consistency of IMERG data vary spatially, highlighting the need for
station-wise assessment before their use in hydro-meteorological analysis. The daily CDF
plots provide a clearer representation of the IMERG performance variations across different
precipitation magnitudes than the hourly CDF plots (Figure 7).

4.3. Performance in Estimating the 99th Percentile Precipitation

The estimates of the 99th precipitation percentile from the IMERG datasets at hourly
and daily temporal scales are summarized in Table 4. The results indicate that noticeable
deviations were observed between the IMERG estimates and the corresponding PIERS mea-
surements for estimating the 99th percentile precipitation (Table 4). Among the evaluated
datasets, IMERG-Early performed better at PIERS0030 and PIERS0032, while IMERG-Final
produced better estimates at PIERS0034 and PIERS0035 at the hourly scale. Conversely,
IMERG-Late provided better estimates at PIERS0030 and PIERS0032 at the daily time
scale, while IMERG-Final performed best at PIERS0034 and PIERS0035 in reproducing the
PIERS observations.

The results indicate that IMERG-Final is the best-performing dataset for estimating the
99th precipitation percentile at two stations (PIERS0034 and PIERS0035) at both hourly and
daily temporal scales. However, it is not among the best-performing datasets at the other
two stations (PIERS0030 and PIERS0032), highlighting spatial variability in the performance
of the IMERG products across stations. The results further show that IMERG-Early performs
best at the hourly scale, whereas IMERG-Late performs best at the daily scale for PIERS0030
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and PIERS0032, demonstrating that the relative performance of the IMERG datasets also
varies with temporal scale when estimating the 99th precipitation percentile.

 

Figure 7. CDF plots of the IMERG datasets at the hourly scale for PIERS0030 (A),
PIERS0032 (B), PIERS0034 (C), and PIERS0035 (D) and at the daily scale for PIERS0030 (E),
PIERS0032 (F), PIERS0034 (G), and PIERS0035 (H). The hourly and daily precipitation CDFs are
truncated at 20 mm and 100 mm, respectively.
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Table 4. Comparison of the IMERG datasets in estimating the 99th percentile precipitation (mm) at
the hourly and daily scales for the four studied PIERS stations.

Stations Temporal Scale PIERS IMERG-Early IMERG-Late IMERG-Final

PIERS0030 Hourly 1.778 5.013 5.030 5.461

PIERS0032 Hourly 1.270 3.106 3.350 4.251

PIERS0034 Hourly 3.302 7.880 8.540 7.620

PIERS0035 Hourly 4.064 7.661 8.531 7.536

PIERS0030 Daily 32.766 84.803 84.193 88.267

PIERS0032 Daily 33.325 43.119 42.378 56.011

PIERS0034 Daily 55.423 108.984 108.778 98.622

PIERS0035 Daily 59.436 114.951 118.061 99.318

5. Discussion
5.1. Performance of the IMERG Datasets

Based on the findings of this study, IMERG-Late and IMERG-Final exhibited com-
parable performance in detecting precipitation events at the hourly scale, but differed at
the daily scale, with IMERG-Late outperforming IMERG-Final across most stations and
performance metrics. In contrast to these findings, several studies conducted in other
regions reported that IMERG-Final was more accurate than IMERG-Late in detecting daily
precipitation [18,62]. For example, Aksu and Yaldiz [18] in Turkey and Weng, Tian, Jiang,
Chen and Kang [62] in Xijiang River Basin, China, found that IMERG-Final performed
better than both IMERG-Late and IMERG-Early in detecting daily precipitation occurrence.
These discrepancies between the present study and previous studies from other regions
highlight the spatial variability in IMERG dataset performance.

Our results indicate that IMERG-Final did not consistently outperform IMERG-Late
and IMERG-Early across all stations, temporal resolutions, and precipitation characteristics.
This finding is consistent with Tang, Li, He, Wang, Fan and Yao [28] in the Sichuan Basin,
China, who reported that IMERG-Late outperformed IMERG-Final for certain hourly
statistical measures. However, it contrasts with the findings by Aksu, Taflan, Yaldiz and
Akgül [16] in Turkey and Andualem, Malede and Ejigu [29] in the Gilgel Abay watershed,
Ethiopia, who identified IMERG-Final and IMERG-Early, respectively, as the most accurate
products for daily precipitation estimation. These comparisons highlight that IMERG
product performance is highly region- and scale-dependent and emphasize the need for
location-specific validation before hydrological or climate applications. The findings further
revealed that the ability of the datasets to estimate precipitation percentiles varied across
temporal scales and monitoring stations, emphasizing the need to select the most suitable
dataset for the specific region, timescale, and intended application.

As mentioned earlier, the results of this study indicate that the performance of the
IMERG datasets varies among the PIERS stations examined. Consistent with the spatial
variability observed in this study, several studies conducted in other regions have also
reported significant spatial differences in IMERG dataset performance [16,21,63]. For
example, Gan, Gao and Xiao [63] reported variations in the performance of the three
IMERG datasets across different stations in the Nanliujiang River Basin, China.

Regarding estimation bias, the three IMERG datasets exhibited overestimation at both
hourly and daily scales across the four studied stations. Consistent with these findings,
several studies have also reported overestimation by IMERG datasets [41,45]. For example,
Aksu, Taflan, Yaldiz and Akgül [16] in Turkey, Gadelha, Coelho, Xavier, Barbosa, Melo,
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Xuan, Huffman, Petersen and Almeida [45] in Brazil, and Anjum, Ding, Shangguan, Ah-
mad, Ijaz, Farid, Yagoub, Zaman and Adnan [41] in the northern highland regions of
Pakistan documented overestimation by the IMERG-Final dataset at the daily scale. In con-
trast, Andualem, Malede and Ejigu [29] in the Gilgel Abay watershed, Ethiopia, reported
overestimation by IMERG-Final but underestimation by IMERG-Early and IMERG-Late.
Furthermore, Kazamias et al. [64] observed differing directions of estimation bias across
regions in Greece.

The IMERG datasets exhibited relatively high estimation bias in this study, with
values ranging from −66.4% to −177.5%. These results indicate substantial overestimation
across the evaluated datasets. Consistent with our findings, although bias is generally
expected to decrease at the monthly scale relative to the daily scale, Kawo, Hordofa and
Karuppannan [14] reported estimation biases of 91.54% for IMERG-Early and 77.03% for
IMERG-Late at the monthly scale in the Lake Awasa catchment, Ethiopia. However, several
studies reported lower estimation bias, below 50%, at the hourly [65] and daily [16,29]
scales. In addition, estimation bias in this study varied across the four PIERS stations. The
findings from this and previous studies highlight that the estimation biases of IMERG
datasets differ substantially across regions.

5.2. Contributions and Limitations of the Study

This study has some limitations. One limitation is the relatively short analysis period.
Although the IMERG-Early and IMERG-Late datasets are available for more recent periods,
the IMERG-Final dataset was available only through September 2025 at the time of analysis
(15 May 2026). To maintain consistency across all IMERG products, the evaluation was
therefore restricted to the common period ending in September 2025.

Another limitation of the study is the small number of stations included in the analysis.
This is because the primary objective of the study was to evaluate the IMERG datasets
using PIERS ground station observations collected in Texas. Of the five PIERS stations in
Texas, three are at Prairie View A&M University. Data collection at two of these stations,
PIERS0034 and PIERS0035, began on 25 September 2023. As described in the methods
section, one of the Prairie View A&M University stations (PIERS0036) also contained
substantial missing data during 2025. Consequently, the analysis covered the period from
October 2023 to September 2025 and was conducted using observations from four PIERS
station locations. Similarly to our study, several previous studies that evaluated the three
IMERG runs also relied on relatively short data records of 3 years or less because of limited
data availability [29,41,43].

We also acknowledge that the PIERS stations are unevenly distributed spatially:
PIERS0034 and PIERS0035 are located close to each other, whereas PIERS0030 and
PIERS0032 are farther apart (Figure 1). Missing values were imputed with the MICE
package, which iteratively predicts missing values using complete precipitation observa-
tions from the other stations. Because missing data accounted for less than 2.4% of records
at each site, the imputation is expected to have minimal influence on the study findings.

In this study, we used Pearson correlation along with other performance metrics,
including PBIAS, RMSE, four categorical measures (POD, FAR, FBI, and CSI), PDF, CDF,
and the 99th percentile, to provide a more comprehensive assessment. Pearson correlation
values can be influenced by the large number of matched zeros (dry–dry pairs) rather
than by the model’s ability to capture rainy time steps, mainly on the hourly time scale.
Therefore, this study also acknowledges this limitation.

Despite these limitations, the findings of this study provide valuable insights for both
developers and users of the IMERG datasets in hydroclimatic applications. For example,
the better performance of IMERG-Late and IMERG-Early at specific temporal scales, for
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certain precipitation metrics, and at particular stations highlights their strong potential for
near-real-time forecasting and agricultural planning applications. In addition, the observed
variations in dataset performance across temporal scales, stations, and precipitation metrics
emphasize the importance of carefully selecting the most suitable IMERG product for a
specific region and application.

6. Conclusions
This study evaluated the performance of the IMERG-Early, IMERG-Late, and IMERG-

Final datasets in estimating hourly and daily precipitation from October 2023 to September
2025 using PIERS stations installed in Texas, United States. Due to substantial missing
data at one station during 2025, the analysis was conducted using four PIERS stations. The
results demonstrate that IMERG-Late achieved superior performance in detecting daily
precipitation events across most stations and categorical performance metrics, whereas
IMERG-Late and IMERG-Final showed comparable performance in detecting hourly precip-
itation events. For precipitation total estimation, the performance of the IMERG products
varied across stations and temporal scales. At the hourly scale, IMERG-Final performed
best at PIERS0034 and PIERS0035, IMERG-Early performed best at PIERS0030, and IMERG-
Early and IMERG-Late showed comparably strong performance at PIERS0032. At the daily
scale, IMERG-Early produced the best results at PIERS0030 and PIERS0032 for most met-
rics, whereas IMERG-Final achieved the best performance for most metrics at PIERS0034
and PIERS0035. The performance of the evaluated IMERG products varied across sta-
tions and temporal scales in estimating mean precipitation, precipitation intensity, and
99th percentile precipitation.

The evaluated IMERG datasets exhibited substantial estimation biases, which ranged
from −66.4% to −177.5%, emphasizing the need to identify appropriate bias-correction
techniques for research applications. Moreover, although IMERG-Final is the calibrated
dataset and is recommended for research applications, IMERG-Late and IMERG-Early
performed better at specific temporal scales, for certain precipitation characteristics, and
at some stations. Therefore, further research is needed to understand why IMERG-Final
performs worse than IMERG-Late and IMERG-Early under these conditions. Overall, this
study provides valuable insights into the variability of the IMERG dataset’s performance
across different temporal scales, station locations, and precipitation metrics.
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