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Abstract: Precipitation is a critical variable for comprehending various climate-related research,
such as water resources management, flash flood monitoring and forecasting, climatic analyses, and
hydrogeological studies, etc. Here, our objective was to evaluate the rainfall estimates obtained
from Global Precipitation Mission (GPM), and Global Satellite Mapping of Precipitation (GSMaP)
constellation over an arid environment like the Sultanate of Oman that is characterized by a complex
topography and extremely variable rainfall patterns. Global Satellite-based Precipitation Estimates
(GSPEs) can provide wide coverage and high spatial and temporal resolutions, but evaluating their
accuracy is a mandatory step before involving them in different hydrological applications. In this
paper, the reliability of the Integrated Multi-satellitE Retrievals for the GPM (IMERG) V04 and GSMaP
V06 products were evaluated using the reference in-situ rain gauges at sub-daily (e.g., 6, 12, and
18 h) and daily time scales during the period of March 2014-December 2016. A set of continuous
difference statistical indices (e.g., mean absolute difference, root mean square error, mean difference,
and unconditional bias), and categorical metrics (e.g., probability of detection, critical success index,
false alarm ratio, and frequency bias index) were used to evaluate recorded precipitation occurrences.
The results showed that the five GSPEs could generally delineate the spatial and temporal patterns
of rainfall while they might have over- and under-estimations of in-situ gauge measurements. The
overall quality of the GSMaP runs was superior to the IMERG products; however, it also encountered
an exaggeration in case of light rain and an underestimation for heavy rain. The effects of the gauge
calibration algorithm (GCA) used in the final IMERG (IMERG-F) were investigated by comparison
with early and late runs. The IMERG-F V04 product did not show a significant improvement over the
early (i.e., after 4 h of rainfall observations) and late (i.e., after 12 h of rainfall observations) products.
The results indicated that GCA could not reduce the missed precipitation records considerably.

Keywords: Dry environment; hydrology; Integrated Multi-satellitE Retrievals for the GPM; rain
gauge records; satellite-based precipitation; statistical evaluation; Sultanate of Oman

1. Introduction

Precipitation is one of the key components of the water cycle that is crucial to study the hydrological
balance, water resources management, drought monitoring, flood forecasting, as well as critical social
and climatological issues [1]. However, quantifying precipitation is complicated because it has a
non-normal distribution and high variability, even at a small scale [1,2]. In general, direct surface
rain observations from in-situ gauges and indirect measurements through optical and microwave
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satellites or weather Radars are the currently available data sources to estimate the precipitation
rates. The ground rainfall gauges are used to measure rainfall flux directly and determine its rate in a
small area [3]. They can capture continuous measurements at high temporal frequencies. However,
traditional point rain gauges cannot capture the areal representation and variation of rainfall, especially
in regions where the in-situ rain gauges are limited in number and coverage [3]. Even if rain gauge
network measurements are interpolated, they yield a uniform rainfall field that does not represent the
real spatial and temporal rainfall variability [4]. Furthermore, the operation of rain gauges is costly,
and in most cases, they are sparsely distributed or unavailable in remote areas due to difficulties
of access for installation and maintenance [5]. The latter case has been escalated over the arid Gulf
countries. Ground weather Radars can gain information about the internal structure of storms and
provide real-time high-resolution monitoring of precipitation over vast areas [6]. However, they are
also unavailable or not dense enough over most regions of the world.

The shortcomings of the previously-mentioned ground-based methods to measure precipitation
highlighted the need for the global coverage of the Earth observation satellites [7]. Over the last
few decades, different Global Satellite-based Precipitation Estimates (GSPEs) were made available
from multiple international organizations allowing high-quality rainfall monitoring at fine spatial
and temporal resolutions. Nowadays, a new generation of GSPEs is being made available to ensure
frequent and continuous rainfall monitoring.

The GSPEs are usually used to identify the spatial extent and magnitude of the rainfall events,
especially the extreme ones [8]. Their advantages were outlined by Gebregiorgis and Hossain [9],
such as: (i) overcoming the problem of geopolitical boundaries, (ii) covering continents and oceans,
(iii) producing consecutive records at day and night, (iv) introducing a cost-effective way comparing
to in-situ networks, and (v) delivering the data in a near-real-time, which would be critical to some
applications such as monitoring and forecasting of flash flooding events.

GSPEs involve indirect blended precipitation estimates from Geosynchronous Infrared (GEO-IR)-
and Low Earth Orbit-Passive Microwave (LEO-PMW)-based sensors [10]. The GEO-IR satellite
data identifies the cloud-top characteristics that have an indirect relationship with the rainfall rate.
Additionally, they cannot record rainfall from warm clouds. The LEO-PMW estimates can be profoundly
affected by the ice particles or droplets associated with rainfall. They are less frequent than GEO-IR
estimates and have poor spatial resolutions. Furthermore, they encounter significant sampling errors,
particularly when comparing to the short-term rainfall measurements. Therefore, blending the
LEO-PMW and GEO-IR satellite data to generate the new versions of GSPEs helped to gain improved
rainfall estimates.

Weather satellites, despite uncertainties in their estimates, can monitor the rainfall at effective
spatial and temporal resolutions. Their effective spatial and temporal coverage allows satellite sensors
to generate information at regular intervals [3,11-13]. GSPEs are usually unable to provide estimates
that are entirely similar to the gauge measurements in both temporal and spatial scales [14]. The
uncertainties (i.e., non-negligible errors) associated with GSPEs introduce a significant challenge for the
end-users to apply these data in practical meteorological and hydrological applications [15]. Therefore,
the nature and magnitude of these errors must be thoroughly evaluated and determined to take better
advantage of GSPEs’ products. Quantifying the level of uncertainty in different GSPEs can be helpful
for data producers to improve their algorithms and for the end-users to verify the accuracy of these
products before utilizing them in a specific application [9].

Dedicated efforts have been made by different researchers to evaluate the performance of various
GSPEs. Many authors have studied different runs of Global Precipitation Mission-based Integrated
Multi-satellitE Retrievals (GPM-IMERG) over different climatic zones in many parts of the world. The
annual and seasonal average precipitation of daily re-sampled Global Satellite Mapping of Precipitation,
i.e.,, GSMaP V06 (0.25° x 0.25°) product, capture a more accurate spatial rainfall pattern than the
IMERG-Final, i.e., IMERG-F V03 and V04 for most regions of China [16]. Despite the GSMaP-Gauge,
i.e., GSMaP-G V07 overestimated light rainfall and underestimated heavy rain, its overall quality
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still slightly outperformed the IMERG V04 and V05 over east and south China [17]. Besides, the
performance of the calibrated IMERG V05 did not have a significant improvement over that of IMERG
V04 [17].

Milewski et al. [18] assessed the GPM predecessor, i.e., Tropical Rainfall Measuring Mission
(TRMM) Multi-satellite Precipitation Analysis (TMPA products) using a rain gauge network in northern
Morocco. They found that TMPA 3B42 V7 was the most spatially consistent with the rain gauge
measurements. Additionally, all four products showed overestimations across this arid environment.
Monthly GSMaP Moving Vector with Kalman filter, i.e., GSMaP-MVK V06 had slightly superior
performance to V06 datasets over Pakistan [19]. At daily and monthly timescales, the IMERG V04 was
considered as the most suitable IMERG version to detect precipitation estimates over the extreme arid
region in Pakistan. Furthermore, the daily GSMaP-G V06 had superior performance with respect to
IMERG V05 and TMPA V06 in all areas and all precipitation thresholds in Brazil [20]. Mahmoud et
al. [21] evaluated the daily performance of the early, late, and final GPM-IMERG over entire Saudi
Arabia using 1455 measurements from in the Sultanate of Oman. In this study, we evaluated the 189
in-situ rain gauges from October 2015 to April 2016. The early and late IMERG (i.e., IMERG-E and
IMERG-L) products performed well in some parts of Saudi Arabia, but the IMERG-F run had better
performance than both. Moreover, Mahmoud et al. [22] evaluated the spatiotemporal performance of
three daily GPM-IMERG runs over the entire area of the United Arab Emirates (UAE) (i.e., 83,600 km?)
using 1610 rainy events from January 2015 to December 2017. They interpolated rainy measurements
when at least 30 in-situ rain gauge stations had records across the entire UAE on the same day.
They mentioned that IMERG-F had the highest agreement with the ground measurements. Utilizing
observations from 53 ground gauges from 2003-2010 over the entire UAE, Wehbe et al. [23] stated that
the daily TMPA 3B42 V06 (0.25°) had a higher agreement with gauge measurements than daily Climate
Prediction Center MORPHing technique (CMORPH) product (0.25°).

In the Sultanate of Oman (i.e., our proposed study area), water resources are scarce [24]. The
primary source of surface and sub-surface water is the rainfall, and complex mountains (400 m-3000 m
above sea level [25]) act as water towers [26]. The spatiotemporal performance of GPM and GSMaP
estimates has not been studied over arid areas performance of 5 quasi-global GSPEs over an arid
environment using in-situ rain gauge measurements as benchmarks. The current paper introduces the
first detailed daily and sub-daily assessment of GSPEs over the Arabian Peninsula. With an emphasis
on the latency time aspect of these GSPEs, the ultimate objective of this research was to assess their
performance per entire ground stations in relationship to different rainfall intensity classes. Because
GSPEs have mostly global or quasi-global orientations, the performance of these products is expected
to vary from one location to the other. Therefore, it is mandatory to assess the performances of GSPEs
using the local in-situ rain gauge datasets before they can be utilized with high confidence in different
environmental applications over a specific study area. Such evaluation and inter-comparison can also
help to determine the most accurate and appropriate GSPEs among various alternatives.

2. Study Area and Datasets

2.1. Study Area

Our study area, i.e., the Sultanate of Oman is located along the south-eastern coast of the Arabian
Peninsula in western Asia. It covers an area of approximately 309,814 km? [27]. It can be divided
geographically into three distinct parts: desert (75%), mountainous area (15%), and coastal zone and
alluvial plains (5%). The current study was carried out at the foothill of the Al-Jabal Al-Akhdar chain
at Ad Dakhiliyah Governorate, the Sultanate of Oman (Figure 1). It is characterized by the arid climate
with little precipitation over the whole year. It is highly variable and fluctuated with an average
annual rainfall of more than 300 mm in the northern Oman mountains [28]. In fact, there are four
main mechanisms that help generate rainfall in Oman [24,28-30], i.e., (i) convective rainstorms that
often occur during the summer and may reoccur at any time of the year, (ii) cold frontal troughs



Remote Sens. 2019, 11, 2840 40f 21

that originate over the Atlantic Ocean or the Mediterranean Sea and prevail throughout winter and
early spring, (iii) onshore monsoon currents that induce a complex regional circulation from June to
September and usually come in the form of drizzle over the southern Oman (Dhofar), and (iv) tropical
cyclones that move from the Arabian Sea-side to generate extreme rainfall and can reoccur once in
every five years in Dhofar and about once in every ten years over Muscat coastal regions.
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Figure 1. The study area is enclosed in the red polygon (as shown in the upper panel), and the 38
meteorological ground rainfall gauges are shown in black dots shown in the bottom panel. Note
the elevation irregularities (color in m) that were derived from the Advanced Land Observing
Satellite-Phased Array type L-band Synthetic Aperture Radar (ALOS PALSAR) digital elevation model
with a spatial resolution of 12.5 m. The source of the satellite imagery (top part) is ESRI, 2018 [31].

2.2. The In-Situ Gauge Measurements

In this study, we used three different precipitation-related datasets: (i) GPM-IMERG, (ii) GSMaP,
and (iii) in-situ gauge data. These datasets are briefly described in the following sub-sections.

2.2.1. GPM-IMERG Estimates

The GPM is a constellation of satellite platforms operated by the National Aeronautics and Space
Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA) in cooperation with
other international space agencies [32]. This system provides precipitation measurements in near-real
time (NRT) within 3 hours of observation to enhance our understanding of Earth’s energy and the
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water cycle. It consists of two integrated instruments, i.e., the GPM Microwave Imager (GMI) captures
precipitation intensities and horizontal patterns, and the Dual-frequency Precipitation Radar (DPR)
to produce a 3D structure of precipitating particles. It generates Integrated Multi-satellite Retrievals
for GPM (IMERG) products by merging and interpolating of: (i) all satellite passive microwave
precipitation estimates in the GPM constellation, (ii) microwave calibrated IR satellite measurements,
(iii) rainfall gauge records, and (iv) other precipitation products of different sensors at fine spatial
and temporal resolutions [32]. The involved methods for developing these IMERG products can be
summarized in the following steps as described in [32]: (i) creating a linear interpolation between the
LEO-PMW estimates and the GEO-IR-based feature motion, (ii) applying Kalman filter to process the
GEO-IR precipitation when the LEO-PMW are too scattered, (iii) implementing satellite sounding-based
algorithms at the high latitudes to overcome the shortcomings of the usual PMW imager channels, and
(iv) utilizing the precipitation gauge networks to correct the bias of the satellite measurements and
produce reliable regionalization. The system runs several times for every observation time to generate
products of 0.1° and 30 minutes of spatial and temporal resolution, respectively. There are three
IMERG products [33,34]: (i) the NRT IMERG-E run provides quick estimates after 4 h of observations,
(ii) the IMERG-L run yields better estimates as more data arrives after 12 h of observations, and (iii) the
IMERG-F research-grade that used the monthly in-situ gauge estimates for validation purposes, and
has latency time of 3.5 months. The IMERG V04 algorithms use the Goddard Profiling Algorithm
(GPROF 2014) to measure the precipitation estimates from all PMW sensors onboard GPM satellites,
which represents an improvement compared with GPROF 2010 of the TRMM-TMPA products [32].

2.2.2. GSMaP Estimates

GSMaP is a blended Microwave-IR product and has been developed in Japan for the GPM mission.
Processing and distributing global rainfall data on an NRT basis by merging multi-satellite data. It is
an hourly product at a 0.1° x 0.1° latitude/longitude grid. The prototype version has been in operation
in JAXA since 2006 data, and the GPM-GSMaP products were released in September 2014. A new
version of GSMaP (V06) was released on 17 January 2017. Based on launching the GPM mission, the
GSMaP project developed a corresponding GPM-era precipitation retrieval algorithm (GPM-GSMaP
version 06) by adding information from GPM Core GMI. The GSMaP algorithm generates precipitation
estimates according to following steps as described in [35-37]: (i) calculating the rainfall rate from PMW
sensors, (ii) then propagating rainfall affected area using forward and backward morphing technique,
and (iii) finally, refining the estimated data based on infrared brightness temperature using Kalman
filter approach. The GSMaP-G is an error-corrected GSMaP product, which is based on GSMaP-MVK
(i.e., a pure satellite-based GSMaP product without gauge correction) and adjusted by the CPC unified
gauge-based analysis of global daily precipitation data analysis. In this study, we used “GSMaP-G” to
stand for GSMaP-Gauge adjusted data, and “GSMaP-5" to denote GSMaP-MVK. More details about
GSMaP algorithms, validation, and products can be obtained from [35-37].

2.2.3. Rain Gauge Data

In total, the rain measurements from 38 in-situ gauges were collected by the Ministry of Regional
Municipalities and Water Resources, the Sultanate of Oman, over the period from March 2014 to
October 2016. These in-situ rain gauge data were converted to a spatial vector data structure and
georeferenced to the projection system of the GSPEs. Besides, the GSPEs were adjusted to match
with the Omani day, which starts 4 h ahead of Coordinated Universal Time/Greenwich Mean Time
(UTC/GMT) (i.e., UTC/GMT + 4 h). To compare the GSPEs with the corresponding ground rain records
at daily and sub-daily temporal scales, we aggregated the five products of half-hourly, i.e., HH IMERG
and hourly GSMaP into daily and sub-daily datasets every 6 h ranging from 00.00 UTC to 24.00 UTC
and details can be found in [38].
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3. Methods

Figure 2 demonstrates our proposed method in the form of a schematic diagram. It consists of two
distinct components: (i) data preparation, and (ii) statistical comparison processes (i.e., continuous and
categorical metrics) for daily and sub-daily GSPEs based on the entire in-situ rain gauges’ measurements
at different rainfall intensities and thresholds.
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Figure 2. The flow chart for comparing the Global Satellite-based Precipitation Estimates (GSPEs)
against the in-situ rain gauges’ measurements over an arid area (Ad Dakhiliyah, Sultanate of Oman).

3.1. Data Preparation

Llasat [39] stated that there was no generic schema for classifying the rainfall intensity into
different categories as they could significantly vary from one country to another. The analysis of
in-situ rainfall measurements for the period from 1997 to 2003 over Al-Jabal Al Akhdar toward Ad
Dakhiliyah Governorate (Nizwa, Bahla, and Al Hamra cities), Sultanate of Oman revealed that the
intensity of rainfall less than 10 mm/day constituted 66-95% of the total rainfall amount, while rainfall
of at least 50 mm/day was erratic [24]. Therefore, we selected certain accumulated rainfall intervals
(i.e.,, 0.0-2.5 mm, 2.5-10 mm, 10-50 mm, greater than 50 mm) to evaluate the GSPEs, per different
sub-daily and daily temporal resolutions, using the in-situ rain gauges’ measurements. The three
runs of the HH IMERG datasets were originally stored in a native complex Hierarchical Data Format
(HDEF5). The HDF5 is a unique open-source, cross-platform technology for data storage of scientific
and descriptive metadata in an organized hierarchy. The IMERG V04 runs were downloaded from the
Mirador web tool of NASA Goddard Earth Sciences Data and Information Services Center (GES DISC)
for the period from March 2014 to October 2016. The downloaded data were converted to the GeoTIFF
data format with subsequent extraction of the calibrated precipitation datasets. The IMERG products
were projected to the Geographic Coordinate System (GCS), WGS 1984. The next step was to correct
the orientation of the grids by rotating the images through a 90° counter-clockwise, then the corrected
georeferenced longitude and latitude values were defined. The point rain gauges were transferred
into the same projected coordinate system of the IMERG data. The daily precipitation estimates
were calculated by summing the 48 HH precipitation estimates for each day and dividing them by
two. The HH IMERG data were divided by two to convert the unit of measurements into mm/hour.
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The precipitation estimates in successive two HH periods (Xnmmmh, Xn+1nmmn) were converted into
hourly precipitation estimates (Xpym/n) based on the following mathematical relationship:

Xmm/h = [Xnmm/hh + (Xn + 1mm/hh)]/2 (1)

The GSMaP datasets were available in a CSV file format that contained latitudes, longitudes, and
rainfall values. To convert these data into GeoTIFF format, the maximum and minimum values of
the longitudes and latitudes were defined. Then, based on determining the full spatial extent of the
GSMaP data, the grids were generated, and the pixels were filled iteratively by the precipitation values.
The images were then converted to GeoTIFF format and projected to the GCS, WGS 1984.

In order to perform the comparison between the five GSPEs and in-situ gauge measurements, the
IMERG and GSMaP raster datasets were converted to vector points that represented the centroid of
each pixel. The gauge points were overlaid the IMERG grids, and the nearest neighbor pixel value to
each ground station were extracted into matrix of the points’ values (i.e., as columns) (e.g., [20]) using
the nearest neighbor approach (i.e., the closest center of the correspondent GSPEs’ grid points were
selected). The nearest neighbor could be used to search for k nearest neighbors, or neighbors within
some distance (or both). The maximum distance between the center of the GSPEs’ grids and the in-situ
gauges was approximately five km (i.e., below the spatial resolution of the GSPEs). This approach is
used frequently in evaluating the performance of the GSPEs to ensure using the original retrievals of
each satellite estimate [20,40]. The corresponding rainfall event from GSMaP and IMERG grids, and
in-situ point measurements were extracted to compute the statistical comparison measures. Ground
stations’ records were spatially joined with the closest centroid of the GSPEs’ grids. The results from
these spatial joins were used to identify ‘hits” and ‘misses’.

The in-situ rain measurements and the corresponding GSPEs were aggregated into sub-daily
and daily products every 6 h from 00.00 UTC to 24.00 UTC (i.e., from 00.00 to 06.00 UTC, 06.00 to
12.00 UTC, 12.00 to 18.00 UTC, and 18.00 to 24.00 UTC) per all involved gauges in the evaluation. These
accumulated products were initially compared per the total rainfall intensity per all in-situ gauges. In
addition, in order to gain in-depth information about the performance of GSPEs, we also evaluated
them using in-situ rain gauges measurements at different rain intensity intervals (i.e., 0.00-2.5 mm,
2.5-10 mm, 10-50 mm, greater than 50 mm), and at different rainfall initiation thresholds (0.00 mm,
2.5 mm, and 10 mm).

3.2. Statistical Comparison Procedures

In general, statistical evaluation of the performance of GSPEs could be carried out based on the
continuous difference (Table 1) and categorical methods (Tables 2 and 3). In this case, sub-daily and
daily cumulative precipitation estimates were used. These assessments were carried out based on
different rainfall intensities, as well as different thresholds to differentiate rain and no rain events.

Table 1. The continuous difference statistical metrics used for evaluating the performance of different
GSPEs. Note: Variables: i: sample size “single rainfall event for a single satellite grid point”; N: number
of pixels “observed days”; S: satellite precipitation estimates (centers of grids); O: observed point
ground rain data.

Mathematical

Metrics Range Ideal Value Units
Formula
N
MD & _ 1(Si -0;) —00 to +00 0 mm/nh
i=
N
MAD N -Z1|Si - Oy 0 to +co 0 mm/nh
i=
2
RMSE /% N(Si-0y) 0 to +oo 0 mm/n h
UB L) 0 to +o0 1 -
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Table 2. Contingency table to determine the possible conditions (combination) for detecting rainfall
from the GSPEs and ground measurements.

Possible Combinations of Rain Detection Satellite Product Gauge Data
Hit (H) Yes Yes
False (F) Yes No
Miss (M) No Yes
Null (X) No No

Table 3. The categorical statistical indicators utilized for evaluating the performance of the GSPEs.

Indicators Mathematical Formula Range Ideal Value
_ _H
FAR FAR = g1% Oto1l 0
FBI FBI = HHE 0 to +o0 1

3.2.1. Continuous Statistical Metrics

The continuous difference methods (see Table 1) were mainly directed toward measuring the
difference between GSPEs and the corresponding in-situ rain gauges. Numerous statistical difference
methods have been reported by various researchers (e.g., [1,16,17,20,41]) to evaluate the performance
of different GSPEs. Both root mean square error (RMSE) and mean absolute difference (MAD) measure
the average error magnitude, but RMSE provides greater weights to the more substantial errors than
the MAD. MD also determines the difference between two products. In the case of using observation
data (i.e., reference in-situ gauges’ measurements) are utilized for assessing the performance of the
GSPEs, MD is corresponding to the bias. The unconditional bias (UB) is the ratio between the GSPE
and in-situ rainfall measurements. Perfect satellite precipitation estimation results in a UB of unity.
Overestimation leads to values higher than unity, while underestimation causes values less than unity.

3.2.2. Categorical Indices

The categorical indicators were determined using a 2 by 2 contingency table (Table 2). Precipitation
is collected as discrete observable estimates, so there are four possible combinations (Table 3), where ‘H’
is hit (i.e., number of pixels that both of satellite and gauge data simultaneously detected the rainfall at
the same location), ‘F’ stands for false alarm (i.e., number of pixels that are recorded by satellite product
as rainfall but not by the in-situ gauge), ‘M’ is missed (i.e., number of pixels that are reported as rainfall
by the ground gauge but not by the satellite sensor), and ‘X’ refers to ‘null” or correct negatives (i.e., the
number of pixels that are not recognized as rainfall for both satellite data and ground gauge). The
possible forms of the categorical statistics [42] are the probability of detection (POD), critical success
index (CSI), false alarm ratio (FAR), and frequency bias (FBI) (Table 3). The POD is defined as how
often the satellite product successfully estimates the rainfall. IF the POD is equal to 1, this means
that the satellite product correctly detects all the rainy pixels compared to the in-situ gauge data. CSI
defines the fraction of rain events correctly captured by the satellite sensor. The FAR specifies how
often the satellite data detects rainfall when rain does not actually fall to the ground. The FBI explains
the ratio of total satellite rainfall alarms to gauges’ fall alarms. FBI is the ratio between predicted and
observed rain events [43]. An ideal FBI value is 1, and it can occur if the frequencies of false alarms
and missed rainfall events are equal [44,45]. More details about the categorical classification for GSPEs
could be found in [40].
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4. Results

In this section, we computed the results based on comparing sub-daily and daily gauge
measurements with the corresponding GSPEs, at different rainfall intensity classes (except greater than
50 mm) and thresholds, using traditional continuous and categorical statistical metrics. The rationale
of excluding the ‘greater than 50 mm’ intensity class was due to the fact that such events were not
commonly occurred (i.e., only 14 events) within the study period of interest.

4.1. Daily Analysis Utilizing Traditional Statistical Metrics per Entire Ground Rain Gauges

The evaluation of the daily 5 GSPEs against 38 ground rain gauges has been carried out based on
days with only observed rainfall values (Table 4). The number of events captured by both GSMaP
products was higher than those recorded by the different GPM-IMERG runs. The MD and UB metrics
indicated if the GSPEs under- or over-valued the in-situ rain gauge measurements. At the daily
accumulated rainfall intensity, the IMERG-L showed the lowest underestimation rate with MD of
—0.43 mm/day and UB closed to unity, i.e., 0.92 (Table 4). The 5 GSPEs slightly overestimated the light
rainfall of intensity of less than 2.5 mm. The IMERG-F reported the lowest overestimation and followed
by GSMaP-G and GSMaP-S. The UB and MD metrics were consistent in the case of IMERG-F, GSMaP-G,
and GSMaP-S with values of 1.75, 1.84, and 2.08 and 0.64 mm/day, 0.71 mm/day, and 0.92 mm/day,
respectively (Table 4). The IMERG-L and IMERG-E, respectively, had the best performance with
reporting the lowest underrated values of moderate to heavy ground rainfall observations. They
slightly, moderately, and massively undervalued in-situ measurements at rainfall intensity classes of
2.5-10 mm/day, 10-50 mm/day, and greater than 50 mm/day, respectively (Table 4).

Table 4. Statistical metrics of daily rainfall events per different intensities (mid-March 2014 to October
2016). NoE refers to the number of recorded rainfall events.

Intensity Metrics ~ GSMaP-S GSMaP-G IMERG-E  IMERG-L  IMERG-F
NoE 2499 2499 2471 2471 2468
, MD ~1.92 ~2.96 ~1.08 ~0.43 285
Total Rainfall
Czrim ﬁ;‘y}’ MAD 498 469 6.22 6.38 477
RMSE 10.12 9.23 14.09 15.29 9.32
UB 0.66 0.47 0.81 0.92 0.49
NoE 1395 1395 1370 1370 1367
0025 MD 0.92 0.71 1.55 2.00 0.64
e MAD 1.82 1.61 256 291 1.59
(mmy/day)
RMSE 3.93 2.87 8.47 10.16 3.40
UB 2.08 1.84 2.82 333 1.75
NoE 674 674 673 673 673
2510 MD ~236 ~2.90 ~1.37 ~0.50 —3.11
: MAD 471 418 6.22 6.54 462
(mm/day)
RMSE 5.93 4.90 13.42 15.59 5.75
UB 057 0.47 0.75 0.91 0.43
NoE 418 418 416 416 416
L0250 MD ~9.27 ~13.61 827 ~7.26 ~12.30
MAD 14.59 14.14 16.97 16.22 13.93
(mm/day)
RMSE 18.44 16.24 22.09 22.18 15.89
UB 0.52 0.29 0.57 0.62 0.36
NoE 14 14 14 14 14
~50 MD —44.16 ~55.03 -33.25 ~31.30 ~50.74
MAD 4637 55.03 4425 4597 50.81
(mm/day)
RMSE 70.02 73.28 69.68 69.92 71.38

UB 0.37 0.22 0.53 0.56 0.28
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Also, the GSMaP-G, GSMaP-S, and IMERG-F yielded the best (i.e., lowest) values of RMSE and
MAE at the accumulated rainfall intensity per day (Table 4). At the first three rainfall intensity classes
in ascending order, the GSMaP-G kept providing lower values of RMSE and MAE than other GSPEs
(Table 4). There were some exceptions where the IMERG-F and IMERG-E ranked first at rainfall
intensity classes of 10-50 mm and greater than 50 mm, respectively.

4.2. Sub-Daily Analysis Utilizing Traditional Statistical Metrics per Entire Ground Gauges

In terms of MD and UB metrics, it was found that the GSMaP-G, IMERG-E, and GSMaP-S tended
to underestimate the ground rain measurements in ascending order at the accumulated total rainfall
intensity per 6 h (Table 5). The computed MD and UB values were close to each other among 5 GSPEs
with difference ranges of 0.58 mm/6 h and 0.24, respectively. Using the same metrics per 12 h, the
5 GSPEs kept underestimating the in-situ rain records, where IMERG-L yielded the best MD and UB
scores, i.e., —1.59 mm/12 h and 0.58, and followed by GSMaP-S and IMERG-E. Moving toward the
accumulated rain per 18 h, it was found that IMERG-L, IMERG-E, and GSMaP-S outperformed the
other two GSPEs by reporting the lowest MD values and the closest UB values to the unity (Table 5).

Table 5. Statistical metrics of sub-daily rainfall events of total intensity (mid-March 2014 to October
2016). NOE refers to the number of recorded rainfall events.

Time Metrics GSMaP-S GSMaP-G IMERG-E IMERG-L IMERG-F

NoE 406 406 404 404 404

MD -1.30 -1.19 -1.20 -1.34 -1.77

6h MAD 2.56 1.88 2.39 225 2.16
RMSE 5.74 4.38 5.35 5.20 5.34

UB 0.44 0.48 0.48 0.42 0.24

NoE 1409 1409 1397 1397 1394

MD -1.89 -2.35 -2.25 -1.59 —2.68

12h MAD 3.75 3.30 3.94 4.03 3.47
RMSE 8.27 7.55 9.43 9.66 7.94

UB 0.50 0.38 0.41 0.58 0.30

NoE 2339 2339 2315 2315 2312

MD -1.68 —2.88 -1.33 —-0.64 -2.71

18 h MAD 477 4.45 5.73 5.93 4.42
RMSE 9.90 8.87 13.71 15.05 8.91

UB 0.67 0.44 0.74 0.88 0.48

The MAD and RMSE values increased with the rise of accumulated hours from 6 to 18 h
(Table 5). The GSMaP-G showed the best performance with reporting lowest RMSE and MAD values
of 4.38 mm/6 h, 7.55 mm/12 h, and 8.87 mm/h and 1.88 mm/6 h, 3.3 mm/12 h, and 4.55 mm/18 h,
respectively. The IMERG-F showed similar performance to GSMaP-G at 12 and 18 h. GSMaP-S had the
lowest performance per 6 h, while IMERG-L outperformed by other GSPEs per 12 and 18 h (Table 5).

Table 6 shows that the 5 GSPEs inclined to overestimate the sub-daily ground rain measurements
at a rain intensity of 0.0-2.5 mm. The MD and UB values ranged from 0.00-0.32 mm and 0.24-0.48,
respectively, for the accumulated rain per 6 h, where 5 GSPEs tended to overestimate the in-situ
rain measurements except for the IMERG-F slightly. GSMaP-G showed the highest performance per
6 h, and IMERG-F ranked first pr 12 and 18 h with reporting best MD and UB scores. For the other
GSPEs, the IMERG-E, GSMaP-S, and IMERG-L ranked in descending order with MD and UB values of
0.21 mm/12 h, 0.51 mm/12 h, and 0.59 mm/12 h and 1.28, 1.69, and 1.79, respectively (Table 6). The
same rank was achieved at a temporal resolution of 18 h, except that the GSMaP-G outperformed
the IMERG-E. The scores of RMSE and MAD were close to each other at different sub-daily time
scales except for the extreme RMSE reported at a temporal resolution of 18 h by the IMERG-L, i.e.,
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10.01 mm/18 h and IMERG-F, i.e., 8.32 mm/18 h (Table 6). The GSMaP-G and IMERG-F alternately had

the best performance at different sub-daily time scales.

Table 6. Statistical metrics of sub-daily rainfall events at a rainfall intensity of less than 2.5 mm

(mid-March 2014 to October 2016). NoE refers to the number of recorded rainfall events.

Time Metrics GSMaP-S GSMaP-G IMERG-E IMERG-L IMERG-F

NoE 331 331 328 328 328
MD 0.26 0.00 0.32 0.22 -0.11

6h MAD 0.96 0.65 0.95 0.82 0.52
RMSE 2.17 1.10 1.97 1.56 0.86

UB 1.50 1.00 1.62 1.42 0.79

NoE 899 899 888 888 885

MD 0.51 0.19 0.21 0.59 0.00

12h MAD 1.45 1.08 1.28 1.52 0.97
RMSE 3.53 1.71 3.49 4.28 2.02

UB 1.69 1.26 1.28 1.79 1.00

NoE 1339 1339 1317 1317 1314

MD 0.89 0.60 1.35 1.80 0.50

18 h MAD 1.78 1.54 2.34 271 1.46
RMSE 3.86 2.68 8.23 10.01 3.20

UB 2.05 1.71 2.59 3.12 1.59

Within accumulated rainfall intensity ranged from 2.5-10 mm, the GSMaP-G was found to be the

best depending among different intervals of computations (Table 7). GSMaP-G was the best performer
for 8 out of 12 times, i.e., (i) —2.54 mm, 3.74 mm, 4.38 mm, and 0.54 for MD, MAD, RMSE, and UB,
respectively, per 6 h; and (ii) approximately 4.16 mm, 4.86 mm for MAD and RMSE, respectively, per
12 and 18 h. In terms of MD and UB metrics, the 5 GSPEs tended to underestimate moderately the
in-situ rain measurements (Table 7). The IMERG-L demonstrated the closest matching with in-situ
rainfall measurements with reporting lowest MD values, i.e., —2.65 mm and —0.57 mm, and UB scores,
i.e., 0.52 and 0.89 per 12 and 18 h, respectively.

Table 7. Statistical metrics of sub-daily rainfall events at intensity 2.5-10 mm (mid-March 2014 to
October 2016). NoE refers to the number of recorded rainfall events.

Time Metrics GSMaP-S GSMaP-G IMERG-E IMERG-L IMERG-F
NoE 52 52 52 52 52
MD -3.26 -2.54 -3.36 -3.66 -4.39
6h MAD 5.36 3.74 4.54 425 4.73
RMSE 6.22 4.38 5.57 5.05 5.36
UB 0.41 0.54 0.39 0.34 0.21
NoE 363 363 362 362 362
MD -2.98 -3.64 -3.77 -2.65 —4.04
12h MAD 4.95 4.16 5.02 517 4.55
RMSE 6.05 4.86 6.70 7.83 5.19
UB 0.46 0.33 0.31 0.52 0.26
NoE 627 627 626 626 626
MD -2.29 -2.94 -1.55 -0.57 -3.11
18h MAD 4.64 4.16 5.96 6.36 4.50
RMSE 5.86 4.89 13.48 15.84 5.67
UB 0.57 0.45 0.71 0.89 0.42

In terms of MAD and RMSE, the GSMaP-G and IMERG-F had the highest performance and
followed by the GSMaP-S, IMERG-E, and IMERG-L at the three temporal resolutions. There was an
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exception at a temporal resolution of 6 h where IMERG-L and GSMaP-S were ranked second and fifth
in the performance order, respectively.

Within a rainfall intensity between 10 mm and 50 mm (Table 8), the computed MD and UB values
were much larger than those estimated at a rainfall intensity of 2.5-10 mm (Table 7). These values can
be interpreted by the possible occurrence of heavy rainfall events that were captured by the in-situ
gauges while heavily undervalued by the GSPEs. The GSMaP-G reported the minimum MD values,
i.e.,, —14.74 and —3.64 mm at temporal resolutions of 6 and 12 h, and the IMERG-L, i.e., —8.42 mm when
evaluating the accumulated rainfall per 18 h (Table 8). The UB and MD values were consistent, where
the UB scores also proved that IMERG-F heavily underestimated the ground rain measurements at
temporal resolutions of 6 and 12 h, and GSMaP-G at a time interval of 18 h (Table 8).

Table 8. Statistical metrics of sub-daily rainfall events at intensity 10-50 mm (mid-March 2014 to
October 2016). NoE refers to the number of recorded rainfall events.

Time Metrics GSMaP-S GSMaP-G IMERG-E IMERG-L IMERG-F
NoE 24 24 24 24 24
MD -18.57 -14.74 -17.35 -17.57 -18.90
6h MAD 18.57 14.74 17.35 17.57 18.90
RMSE 20.24 16.35 19.03 19.16 20.20
UB 0.06 0.26 0.13 0.12 0.05
NoE 147 147 147 147 147
MD -12.67 -13.51 -12.12 -10.95 -14.21
12h MAD 13.58 13.57 16.10 15.15 14.61
RMSE 15.66 15.08 20.44 19.52 16.24
UB 0.25 0.20 0.28 0.35 0.16
NoE 368 368 367 367 367
MD -8.95 -14.13 -9.55 -8.42 -12.41
18h MAD 14.72 14.24 16.34 15.62 13.80
RMSE 18.60 16.20 21.62 21.81 15.77
UB 0.52 0.25 0.49 0.55 0.34

The computed MAD and RMSE values at a rainfall intensity of 10-50 mm (Table 8) were
approximately three times more than those estimated at rainfall intensity of 2.5-10 mm (Table 7). The
reported MAD and RMSE values at a temporal resolution of 6 h were larger than those computed at the
accumulated rainfall per 12 h and 18 h. This could be interpreted by the extreme rainfall intensities at
the early night times (i.e., 00.00 to 06:00 UTC/GMT). The MAD and RMSE values were matched at a time
interval of 6 h since the GSMaP-G had the best performance and followed by the IMERG-E, IMERG-L,
GSMaP-S, and IMERG-F in ascending order. On the contrary, there was a different performance,
where GSMaP-G ranked first and was followed by GSMaP-S, IMERG-F, IMERG-L, and IMERG-E at a
temporal resolution of 12 h. Furthermore, the smallest MAD and RMSE values were reported by the
IMERG-E i.e., 13.8 mm and 15.77 mm, and GSMaP-G, i.e., 14.24 mm and 16.2 mm, respectively, at 18 h.
(Table 8).

4.3. Daily Analysis Utilizing Categorical Metrics per Entire Ground Gauges

In order to calculate the categorical metrics, each day over the whole period of study was
considered whether the observations from either both in-situ gauges and GSPEs were available or not.
Figure 3 shows that the GSMaP-G, IMERG-L, and a GSMaP-S had the highest POD with a value of
approximately 0.7 and 0.4 at the initialization thresholds of 0.00 and 2.5 mm/day, respectively. The
IMERG-L and GSMaP-S kept providing most top POD scores, and IMERG-E showed a significant
improvement at an initialization threshold of 10 mm. The POD decreased with the rise of rainfall
initiation threshold from 0.00 to 10 mm. Low POD might be interpreted by the missed precipitation due
to possible occurrences of snow coverage on the top of Al-Jabal Al Khader, and by the incapability of
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capturing warm rain processes or short-lived convective storms [40], where these conditions prevailed
along the Gulf of Oman. The GSMAP-S and GSMaP-G reported the highest CSI values at the three
rainfall thresholds. The other GSPEs had close CSI values to those reported by the GSMAP-S and
GSMaP-G with a maximum difference of 0.1 in the case of IMERG-F (Figure 3).
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Figure 3. Categorical statistical indices of daily rainfall events at different initialization thresholds:
(a) 0.00 mm/day; (b) 2.5 mm/day; and (c) 10 mm/day.

At the initialization threshold of 0 mm/day, the GSMaP-S had the best performance with the
lowest FAR, i.e., 0.64, while the other GSPEs had closer FAR values with a difference of 0.06 (Figure 3).
GSMaP-S again had the lowest FAR, i.e., 0.61 at a rain threshold of 2.5 mm, while the IMERG-L ranked
last among the 5 GSPEs with FAR of 0.71. The IMERG-F reported the lowest FAR and was followed by
GSMaP-G and GSMaP-S by values of 0.57, 0.59, and 0.63, respectively, at a rain threshold of 10 mm/day.
The FBI and FAR scores were consistent, where GSMaP-S reported the best values, i.e., 2.07, 1.06, and
at rain thresholds of 0.00 and 2.5 mmy/day, respectively. With the increase of the rain threshold value to
10 mm/day, the IMERG-F and GSMaP-G had the best FAR, i.e., approximately 1.

4.4. Sub-Daily Analysis Utilizing Categorical Metrics per Entire Ground Gauges

GSMaP-G generally showed the best performance since it came in the first place among other
GSPEs at temporal resolutions of 6 h and 12 h, and third at 18 h with POD values of 0.57, 0.66, and
0.64, respectively (Figure 4). The GSMaP-S came in the second rank with reporting POD values of
0.65 and 0.75 at the sub-daily time scales of 12 and 18 h; however, it ranked last in at 6 h (Figure 4).
High POD might be interpreted by the domination of convective storms [38]. IMERG-L and IMERG-F
reported approximately similar POD values that were lower than those computed from GSMaP-G and
GSMaP-S at different latency times (Figure 4). CSI of GSMaP S seems to be better than other GSPEs at
daily time scales of 6, 12, and 18 h (Figure 4) by values of 0.19, 0.24, and 0.32, respectively.

In general, the GSMaP-S mostly recorded the lowest FAR and FBI values at different temporal
resolutions. The GS5MaP-G had the worst FAR and FBA at 6 and 12 h. Its performance improved
18 h, where it ranked first with reporting the lowest FAR and FBI, i.e., 0.67 and 1.97, respectively. The
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IMERG-L and IMERG-E yielded the highest FAR and FBI scores at the three sub-daily time scales
(Figure 4).
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Figure 4. Categorical statistical indices of sub-daily rainfall events using the total rainfall intensity per
three temporal resolutions: (a) 6 h; (b) 12 h; and (c) 18 h.

Figure 5 shows the results of evaluating 5 GSPEs using the categorical indices at a light rainfall
intensity from 0.00-2.5 mm. Both GSMaP products showed the highest POD and CSI values at different
sub-daily and daily times scales. They have equal POD values, i.e., 0.65, at a daily time scale, while
GSMaP-G outperformed the GSMaP-S by differences of 0.19 and 0.04 at the time latency of 6 and 12 h,
respectively. At a time-scale of 18 h, GSMaP-S had a higher POD value than GSMap-G. GSMaP-S
slightly outperformed GSMaP-G with reporting higher CSI scores at 6, 12, 18, and 24 h. The IMERG
products had the lowest performance with reporting approximately equal POD and CSI scores with a
slight improvement in the case of IMERG-F and IMERG-L at different sub-daily and daily scales.

The GSMaP-S had the best performance with the lowest reported FAR values of 0.79, 0.83, 0.78,
and 0.78 at time scales of 6, 12, 18, and 24 h, respectively (Figure 5). The GSMaP-G outperformed the
other three IMERG products; however, the reported FAR sores from these 4 GSPEs were very close
with minimum values of 0.92, 0.87, 0.8, and 0.83 at time latency of 6, 12, 18, and 24 h, respectively
(Figure 5). The FBI values also supported that the GSMaP-S had the highest performance among other
GSPEs at different time scales. The other GSPEs had fluctuated performance at different times scales.
The IMERG-E reported the lowest FBI values except at a time scale of 18 h, where GSMaP-S yielded
the lowest value, i.e., 2.94 (Figure 5). IMERG-F and IMERG-L showed the weakest performance with
respect to FBI values, except at a temporal resolution of 6 h (Figure 5).
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Figure 5. Categorical statistical indices of sub-daily rainfall events at an intensity less than 2.5 mm and
three-time scales: (a) 6 h; (b) 12 h; (c) 18 h; and (d) 24 h.

5. Discussion

The use of the daily in-situ rainfall gauges as benchmarks to evaluate the performance of the
GSPEs has been less documented by previous studies over the arid Arabian Peninsula. Over entire
Saudi Arabia, Mahmoud et al. [21] evaluated the three GPM-IMERG runs using 1455 records from 189
in-situ rain gauges during the period October 2015-April 2016. Utilizing the entire ground stations,
the reported RMSE and MAD values ranged from 10 mm/day to greater than 40 mm/day. The reported
categorical performance metrics such as POD and CSI were greater than 0.6, 0.7, and 0.9 in case of the
early, late, and final IMERG products, respectively. The MAE values of the IMERG-E run ranged from
10-25 mm/day, while they showed slight improvement in the case of IMERG-L. The IMERG-F yielded
the lowest MAD with values less than 10 mm/day. The reported RMSE values ranged from 10 mm/day
to greater than 30 mm/day in the case of IMERG-E, and they provided considerable improvement
with reduced RMSE values from 40 mm/day to 20 mm/day over some regions. The IMERG-F mostly
yielded RMSE values less than 10 mm/day, with few exceptions at some regions where they reached
30 mm/day. Based on the individual stations, the estimated RMSE, MD, and MAD ranged from
15 mm/day to greater than 55 mm/day, —20 mm/day to greater than 20 mm/day, and 5 mm/day to
greater than 40 mm/day, respectively. The reported categorical performance metrics such as POD and
CSlI values ranged from less than 0.5 to greater than 0.85. The IMERG-F showed a higher accuracy over
the other two IMERG runs that had fluctuated performance between over- and under-estimation of the
in-situ gauge measurements over the different regions of Saudi Arabia.

In 2019, Mahmoud et al. [22] evaluated the accuracy of the three GPM-IMERG products utilizing
1600 in-situ measurements recorded from 81 rain gauges from January 2015-December 2017 over the
entire area of UAE. The IMERG-F reported the highest accuracy and lowest estimation error compared
to other IMERG products. The late run showed a slight improvement over the early product. The
regional evaluation of the early, late, and final IMERG products reported POD values that ranged
from 0.68-0.8, 0.7—greater than 0.8, and greater than 0.85, respectively. On the basis of evaluating
the individual stations, an overall high detection accuracy with POD greater than 0.75 was recorded.
Based on the evaluation of the IMERG products using the entire ground stations, the early and
late runs showed MAD and RMSE values that generally ranged from 10 mm/day to greater than
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15 mm/day, and 15 mm/day to 30 mm/day, respectively. The late run showed a higher estimation error
than that observed in the early product with an average increment of 15%. The IMERG-F product
reported difference error lower than the other IMERG product with MAD and RMSE values that
ranged from 9-11 mm/day and from less than 15-21 mm/day. The individual station-based assessment
showed similar results to the regional assessment, but the RMSE reached more than 40 mm/day in
some locations.

Nashwan et al. [46] validated three GSPEs (IMERG-F V05, GSMaP V07, and Climate Hazards
Group InfraRed Precipitation with Stations (CHIRPS)) over Egypt during the period from March
2014-May 2018. They used 670 rainfall events recorded by 29 in-situ meteorological stations that
collected by the US National Climate Data Center Global Summary of Days (GSOD). Although the
three GSPEs are gauge-corrected, they did not show consistent performance. Therefore, no single
product can be named as the best/worst performing product in Egypt. Without classifying the rainfall
intensity, the CHIRPS ranked first with the lowest estimation error, i.e., median RMSE = 2 mm/day.
The median values of RMSE reported by the IMERG-F and GSMaP-G were found to be close to
that provided by CHIRPS. For the light rainfall intensity class, the GSMaP-G and CHIRPS generally
demonstrated similar median RMSE values, i.e., 1.03 mm/day. The same results were reported from
the low-moderate rainfall intensity class, but CHIRPS showed a slightly higher median RMSE value,
i.e., 2.82 mm/day, than the GSMaP_G. Furthermore, GSMaP-G recorded also the lowest median RMSE
at the heavy rainfall intensity class. The three GSPEs reported weak performance for the heavy rainfall
class with the highest median RMSE value, i.e., 51 mm/day. The GSMaP-G and IMERG-F similarly
captured the spatial distribution of the rainfall, but the GSMaP-G was more consistent with the in-situ
observations than the IMERG-F run. In general, the lack of detailed ground rainfall records may
contribute significantly to the unsatisfactory performance of the three GSPEs. The accurate detection of
rainfall using the GSPEs over the arid climate, particularly the deserts of hot climate is still challenging
and open for further studies. Nashwan et al. [46] stated that their research was constrained by the lack
of dense in-situ rainfall measurements. More daily and sub-daily ground gauge records are needed to
evaluate the diurnal rainfall cycles of the IMERG-F and GSMaP-G at fine temporal resolutions.

The findings of Nashwan et al. [46] were similar to our results at the daily time scale, but the
magnitude of the estimated errors was lower in our case study. Additionally, the previous studies
showed that the performance of the different GSPEs was inconsistent with respect to the in-situ gauge
measurements. Although this fluctuated performance, our findings agreed with the other authors that
GSMaP-G mostly provides the best performance. Additionally, the IMERG-F slightly outperformed
the IMERG-E and IMERG-L.

Water was, still, and will be the most influential factor in Earth’s evolution [47]. The need for
continuous and long precipitation records of high accuracy and free availability is a frequent problem
for the environmental modelers [48]. Reliable rainfall records constitute integral inputs of different
environmental models, particularly flood inundation modeling (e.g., [49] and their associated watershed
(e.g., [50,51]), runoff (e.g., [52]), groundwater flow and recharge (e.g., [53]), surface and subsurface water
pollution (e.g., [54]), soil moisture (e.g., [55]), optimum water management (e.g., [56]), climate prediction
and forecasting (e.g., [57], and hazard assessment (e.g., [58]) models. The GSPEs introduce an alternative
and promising source of continuous rainfall records for different hydrological and environmental
applications, particularly over the arid area [46,59]. There is no perfect rainfall data, but selecting the
optimum datasets depend mainly on the purpose of the given application [48]. Additionally, choosing
precipitation records depend on the method, spatial, and temporal resolutions [60], which can give the
advantage of using GSPEs over the traditional gauge data in various environmental applications.
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6. Conclusions

This paper presented a detailed statistical evaluation of 5 GSPEs (GEMaP-S, GSMaP-G, IMERG-E,
IMERG-L, and IMERG-F). In general, the performance of the 5 GSPEs enhanced with receiving
more spaceborne estimates throughout the day. Both GSMaP products reported the best statistical
metrics, among other GSPEs, in most of daily and sub-daily comparisons with the in-situ rain gauge
measurements. The IMERG-F slightly outperformed the IMERG-L and IMERG-E. However, the early
and late IMERG runs gave promising results, particularly they have shorter latency times (i.e., 4
and 12 h, respectively) and uncorrected with gauge information. The availability of these products
within shorter times than the other GSPEs can help in different hydrological applications such as
monitoring flash flood over fine sub-daily temporal resolutions. Up to our knowledge, there were no
previous studies concerning evaluating different GSPEs at sub-daily time scales over this extremely
arid area of the world. The assessment of the 5 GSPEs over daily and sub-daily time intervals revealed
the following:

The overall performance of the 5 GSPEs in capturing daily rainfall events of the total intensity class
was acceptable in comparison with the results reported from previous literature mentioned above in
the discussion section. With respect to the error difference between GSPEs and ground gauge records,
the GSMaP-G, IMERG-F, and GSMaP-S showed the lowest recorded RMSE and MAD values. In terms
of MD and UB metrics, The IMERG-L ranked first with reporting the lowest underestimation values,
and IMERG-E and GSMaP-G came in the second and third places, respectively.

1.  The 5 GSPEs generally underestimated the in-situ rainfall measurements at different rainfall
intensity classes, except for the light rainfall of an intensity less than 2.5 mm/day. With respect to the
underestimation of moderate to heavy in-situ rainfall records per daily basis, the IMERG-L ranked
first with reporting the lowest underestimation values and followed by IMERG-E and GSMaP-S.

2. The underestimation of ground rainfall measurements per day raised with the increase of the
rainfall intensity from less than 2.5 mm/day to greater than 50 mm/day.

3. At both daily and sub-daily time scales, the lowest RMSE and MAD values were mostly
demonstrated by GSMaP-G, IMERG-F, and GSMaP-S, respectively. The only exception was at a
rainfall intensity greater than 50 mm/day, where IMERG-E and IMERG-L came in the first two
places with reporting the lowest recorded RMSE and MAD values.

4. The daily performance of the 5 GSPEs at a rainfall intensity greater than 50 mm was very low,
where they heavily underestimated the ground rainfall measurements. This weak performance
could be interpreted by the minor amount of reported rainfall events (i.e., 14) for the short period
of mid-March 2014 to October 2016, as well as the erratic behavior of rain over the arid areas.

5. For the 5 GSPEs, the POD and CSI values improved, and FAR and FBI measures decreased with
the increase of the temporal resolution from 6 to 18 h.

6. The GSMaP-G showed the lowest underestimation degree of the ground rainfall measurements
of accumulated rain intensity per 6 h, while IMERG-L outperformed the other GSPEs per 12 and
18 h.

7. Atarainfall intensity of less than 2.5 mm per sub-daily time intervals, the GSMaP-G and IMERG-F
closely matched with ground rainfall measurements with reporting the lowest MD, MAD, and
RMSE values, as well as UB sores close to unity.

8. Within a rainfall intensity class between 2.5-10 mm/h, GSMaP-G had a good agreement with
in-situ rain observations per 6 h, while IMERG-L showed higher matching than the other GSPEs
at the time intervals of 12 and 18 h. The GSMaP-G and IMERG-F showed the lowest statistical
error differences at the three different temporal resolutions.

9.  Atarainfall intensity of 10-50 mm/h, the estimated MD and UB values were much larger than
those estimated at the light and moderate rainfall intensity classes. These values could be
interpreted by the possible occurrence of heavy rainfall events that were captured by the in-situ
gauges while massively undervalued by the GSPEs.
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10. GSMaP-G had the closest matching with the ground rain measurements at the early night hours
(i.e., 00.00 to 06:00 UTC/GMT). With moving toward the daytime (i.e., 06:00 to 12:00 and 12:00 to
18:00 UTC/GMT), IMERG-F showed the best performance with reporting the lowest MD among
other GSPEs. Additionally, the reported error differences during early night times were larger
than those computed in the day time.

11.  Concerning the accumulated rainfall at a rain threshold of 0.00 mm per different sub-daily time
scales, the two GSMaP products kept mostly achieving the top performance on the basis of POD
and CSI metrics. GSMaP-S ranked first with reporting lowest FAR and FBI at different time
intervals except at 18 h, where it came second after GSMaP-G.

12.  With respect to evaluating light rainfall of an intensity of less than 2.5 mm per sub-daily
and daily time intervals, the GSMaP products outperformed IMERG runs based on the 4
categorical measures.

13. Based on the achieved findings and with the difficulties in having continuous and reliable rainfall
records from in-situ gauge networks, we would recommend that the researchers in the arid areas
should pay more attention to use and assess the available GSPEs in their hydrological and water
management studies.
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