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ABSTRACT
Hydrological applications rely on the availability and quality of precipitation products, especially modeland satellite-based products for use in areas without ground measurements. It is known that the quality of
model- and satellite-based precipitation products is complementary: model-based products exhibit high
quality during cold seasons while satellite-based products are better during warm seasons. To explore the
complementary behavior of the quality of the precipitation products, this study uses 2-m air temperature as
auxiliary information to evaluate high-resolution (0.18/hourly) precipitation estimates from the Weather
Research and Forecasting (WRF) Model and from the version 5 Integrated Multisatellite Retrievals for GPM
(IMERG) algorithm (i.e., early and final runs). The products are evaluated relative to the reference NCEP
Stage IV precipitation estimates over the central United States during August 2015–July 2017. Results show
that the IMERG final-run estimates are nearly unbiased, while the IMERG early-run and the WRF estimates
are positively biased. The WRF estimates exhibit high correlations with the reference data when the
temperature falls below 280 K. The IMERG estimates, both early and final runs, do so when the temperature
exceeds 280 K. Moreover, the complementary behavior of the WRF and the IMERG products conditioned
on air temperature does not vary with either season or location.

1. Introduction
Precipitation is a key variable of the hydrologic cycle,
and the availability of high-quality precipitation products is important to many hydrologic applications. The
most accurate precipitation products are from gauges
because precipitation is directly measured. However,
products from gauges are subject to random and systematic errors (e.g., wind-induced losses), and they have
limited spatial coverage (e.g., Xie et al. 2007; Nazaripour
and Daneshvar 2017). On the other hand, ground-based
radars provide excellent spatial and temporal resolutions, but they are not globally available either (e.g., Chen
et al. 2015; J. Zhang et al. 2016). For applications in regions without ground-based observations, satellite- and
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model-based products promise to provide better coverage over the globe (Behrangi et al. 2014; Lin et al.
2015). However, the quality of these two types of precipitation products varies seasonally and latitudinally
(Junker et al. 1992; Vidale et al. 2003; Villarini and
Krajewski 2007; Sapiano and Arkin 2009; Baxter et al.
2014; Yong et al. 2016). Nevertheless, such seasonal
and latitudinal variations could be captured by air
temperature (Peel et al. 2007; Behrangi et al. 2015;
Smalley et al. 2014).
Seasonal and latitudinal variations of the quality of
satellite-based precipitation products have been widely
investigated. Maggioni et al. (2016) reviewed previous
work that evaluates commonly used satellite-based
precipitation products across different regions of the
world and found that satellite products show large biases
during cold seasons associated with light rain, snow, and
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mixed-phase precipitation. In the era of the Global
Precipitation Measurement (GPM) mission (Hou et al.
2014), the Integrated Multisatellite Retrievals for
GPM (IMERG; Huffman et al. 2015) provide highresolution estimates, but the quality of IMERG products still varies with seasons and climate regions (Khan
et al. 2016). For a subtropical region, Sharifi et al. (2016)
revealed that the IMERG product has more skill in representing daily precipitation than the post-real-time
Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA-3B42) and the
ERA-Interim product from the European Centre for
Medium-Range Weather Forecasts (ECMWF) in Iran
from March 2014 to February 2015. For the midlatitude
region of the Ganjiang River basin in southeast China,
Tang et al. (2016b) showed that the detection skill of the
Day-1 IMERG final-run product is comparable with
version 7 near- and post-real-time TMPA-3B42 products
during a rainy season from May to September in 2014.
Tang et al. (2016a) further evaluated the IMERG finalrun product over mainland China with several subregions
representing different latitudes, altitudes, and climates,
and they showed that the IMERG product exhibits poor
quality in high latitudes. This dependence of quality on
latitude and the corresponding ability of temperature in
capturing latitudinal variations begs the question of
whether temperature could be an indicator of quality.
Complementing satellite precipitation products are
those from numerical weather prediction (NWP) models
that show good performance at high latitudes and during
cold seasons and poor performance at the tropics and
during warm seasons (Adler et al. 2001; Gottschalck et al.
2005; Ebert et al. 2007; Kidd et al. 2012). For example,
McBride and Ebert (2000) evaluated NWP model precipitation over Australia by dividing the country into
southeastern subtropical and northern tropical regimes,
and they showed that the model skill is good in the
subtropical regime and quite low in the tropical regime.
The Working Group on Numerical Experimentation
(WGNE) also evaluated precipitation products from
several NWP models over the United States and
Germany, and they showed that these models are capable of producing high-quality precipitation except for
over the tropical regions (Ebert et al. 2003). Siddique
et al. (2015) assessed the quality of precipitation products
from two NWP models in the mid-Atlantic region of the
United States and found that the models exhibit more
skill during the cold season than the warm season, and
this seasonal variation of the precipitation products does
not depend on other factors (e.g., forecast lead times,
basin sizes, and precipitation amount). Based on the
complementary quality of the satellite- and model-based
estimates, many scholars merged information from the
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two types of precipitation products and improved precipitation estimates (Zhang et al. 2013; Nikolopoulos
et al. 2015; X. Zhang et al. 2016; Beck et al. 2017).
The climatology of a region is often characterized by
land surface temperatures and other factors (e.g., Peel
et al. 2007). Building on the aforementioned literature,
we then hypothesize that the quality of model- and
satellite-based precipitation products may be directly
informed by the surface temperature. To explore
such a relationship, we compare high-resolution precipitation data (0.18/hourly) obtained from the IMERG
and the Weather Research and Forecasting (WRF)
Model simulations during August 2015–July 2017. The
comparison is informed by 2-m air temperature over
the central United States. The 2-m air temperature is
chosen because it discriminates the type of precipitation
(i.e., solid or liquid) reasonably, but in contrast to surface
temperature, it is less affected by surface variability.
Moreover, it is the most common temperature measurement and commonly used in NWP verification and hydrological applications. Results show that the IMERG
estimates are more accurate than the WRF estimates
when the temperature is above 280 K, while the reverse is
true when the temperature is below 270 K. The rest of this
paper is organized as follows. Section 2 describes the
precipitation datasets and evaluation methods. Section 3
presents the evaluation of the precipitation products at
various time scales with and without the information of
temperature. Section 4 discusses the robustness of the
results. Section 5 provides conclusions.

2. Data and methods
a. IMERG early- and final-run products
This study uses version 5 IMERG early- and final-run
products. The IMERG level 3 multisatellite precipitation
product combines precipitation estimates from all passive
microwave sensors from the GPM constellation, infrared
observations from geosynchronous satellites, and monthly
gauge measurements (Huffman et al. 2015). IMERG
covers the globe from 608S to 608N with a spatial resolution of 0.18 and a temporal resolution of 30 min and has
three runs—early, late, and final—with different latency
and accuracy. The early run, with a delay of 6 hours, employs morphing techniques that use the information from
geostationary infrared data at a fine time scale to fill the
gaps in coverage of microwave overpasses (Joyce et al.
2004). The late run, with a delay of 18 hours, allows
additional microwave observations to be used in the
morphing techniques. Both the early and late runs are
adjusted to climatological monthly precipitation values.
The final run, with a delay of 4 months, is adjusted to
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calendar monthly gauge measurements. Because the difference between the early- and late-run products is small
(O et al. 2017), this study focuses on the early and final runs.
The datasets are available on the Precipitation Measurement Missions website (https://pmm.nasa.gov/data-access/
downloads/gpm) and detailed information is given in
Huffman et al. (2015).

b. WRF Model simulation
This study uses the version 3.8 WRF Model to provide
precipitation and 2-m temperature simulations. We focus on the central United States to avoid complex terrain, over which precipitation products show poor skills
(Chen et al. 2015; Maggioni et al. 2016). The domain is
configured with a single domain of 270 3 220 grids that
have horizontal spacing of approximately 10 km in the
Lambert projection (Fig. 1), and we set 30 vertical levels
extending from the surface to 50 hPa. The physics option
follows the one outlined in Lin et al. (2015), including
the WRF single-moment 3-class microphysics scheme
(Hong et al. 2004), the Rapid Radiative Transfer Model
for longwave radiation (Mlawer et al. 1997), the Dudhia
shortwave radiation (Dudhia 1989), the unified Noah
land surface model (Chen and Dudhia 2001), the revised
MM5 Monin–Obukhov surface layer scheme, the Yonsei
University (YSU) planetary boundary layer (Hong
et al. 2006), and the Kain–Fritsch (new Eta) cumulus
scheme (Kain and Fritsch 1990). The initial and lateral
boundary conditions for the simulations are from the
National Centers for Environmental Prediction (NCEP)
final analysis (FNL) with a 0.258 3 0.258 spatial resolution every 6 hours (NCEP 2015). We initialize the WRF
experiments at 1800 UTC every day from 1 August 2015
to 31 July 2017. Each experiment has a lead time of
30 hours, and the simulations of the first 6 hours are for
model spinup. The hourly simulations of precipitation
and 2-m temperature obtained from the independent
forecast runs during the two years are evaluated. Because
we observed that the WRF precipitation simulations often start to degrade if the lead time is greater than 2 days,
we did not choose to run a 2-yr continuous experiment or
experiments with longer lead times (e.g., 3 or 5 days).

c. Evaluation methods
To evaluate the quality of the aforementioned precipitation products, we use the reference NCEP Stage
IV precipitation product (Lin 2011), which has a resolution of 4 km 3 4 km every hour over the continental
United States since 2002. Radar-based products have significant uncertainties estimating snowfall (Wen et al. 2016),
which raises the question whether the radar-based Stage
IV precipitation product is a good reference, especially
when the temperature is below the freezing point

FIG. 1. Domains for WRF simulations (shaded area) and for
evaluating the precipitation products (red box).

(i.e., 273 K). The Stage IV product incorporates qualitycontrolled gauge measurements, and the central United
States, where this study focuses on, has a dense gauge
station coverage, which ensures a high quality of the
Stage IV product for the central United States (Nelson
et al. 2016). Moreover, nine winter weather events over
the eastern Rocky Mountains showed that the Stage IV
product agrees closely with gauge measurements (Cocks
et al. 2016). Therefore, Stage IV is a trustworthy reference in this study.
For brevity, we use ST4, WRF, IMERG_E, and
IMERG_F to represent the precipitation products from
the NCEP Stage IV dataset, WRF simulations, IMERG
early run, and IMERG final run, respectively. We linearly interpolate all the products onto an area of interest
(see Fig. 1) with a gridded spatial resolution of 0.18 and
compare all the products within the two years at hourly
and daily scales. To quantify the quality of the products,
we use the bias, the mean absolute difference (MAD),
and the Pearson correlation, defined as
bias 5
MAD 5
correlation 5

1
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1
n

n
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where Xie and Xir are gridded precipitation estimates
from IMERG/WRF and the reference NCEP Stage IV
dataset, respectively; cov(X e , X r ) is the covariance of X e
and X r ; sX e and sX r are the standard deviations of X e
and X r , respectively. To demonstrate the hypothesis described in the introduction, we evaluate the precipitation
products with and without the information of 2-m temperatures. Specifically, we compute the quality metrics by
grouping the precipitation samples according to the 2-m
temperature at the corresponding times and locations.
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FIG. 2. The percentiles and the mean value of (a) domain-mean hourly NCEP Stage IV
precipitation, (b) domain-mean biases, (c) MADs, and (d) spatial correlations in each month.
The quality metrics in (b)–(d) are from comparisons of gridded hourly WRF, IMERG earlyrun, and IMERG final-run precipitation products with the reference product every hour.

3. Results
a. Evaluation of the precipitation products without
considering temperature
We begin by evaluating the hourly precipitation estimates from the WRF experiments and the IMERG early
and final runs without considering 2-m temperatures. For
each hour, we compute the domain-mean precipitation
from the reference NCEP Stage IV dataset and compute
the bias, MAD, and correlation between the gridded
hourly precipitation estimates from WRF/IMERG relative to those from the reference. Figure 2 presents various
percentiles of the metrics as well as the domain-mean
precipitation of the reference in each month. The results
show that the WRF product is positively biased in the
warm season, the IMERG early-run product is positively
biased throughout the year, and the IMERG final-run
product is nearly unbiased throughout the year (Fig. 2b).
In terms of MAD, the WRF product exhibits the lowest

quality in the warm season, while in other seasons the skill
of the three products is similar (Fig. 2c). Furthermore, the
skill of the various products in representing precipitation
is significantly different in different seasons in terms of
correlation (Fig. 2d). The two IMERG products exhibit
high correlations in the warm season and low correlations
in the cold season, while the opposite is true for the WRF
product. The overall results are consistent with previous
studies (Villarini and Krajewski 2007; Kidd et al. 2012;
Maggioni et al. 2016). Nonetheless, we note that the range
of the correlations during the winter is much wider than
that during the summer, indicating that the quality of
the IMERG and WRF products varies significantly in
the winter. Since precipitation type during the summer
is mostly convective, satellites have the ability to capture
the magnitude and the spatial patterns while models
have a harder time because of uncertainties introduced
by cloud parameterizations (Di et al. 2015; Gao et al.
2017). During the winter, however, different types
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FIG. 3. (a),(e) Domain-mean daily-accumulated precipitation from the Stage IV dataset (blue bars) and dailymean 2-m air temperature from the WRF simulations (magenta lines); (b),(f) domain-mean biases; (c),(g) MADs;
and (d),(h) spatial correlations. The quality metrics in (b)–(d) and (f)–(h) are from comparisons of gridded daily
precipitation products of WRF, IMERG early run, and IMERG final run with the reference Stage IV product.

(e.g., convection and stratiform) and phases (e.g., solid
and liquid) of precipitation coexist, which results in difficulties in capturing precipitation features.
We further aggregate the precipitation estimates from
hourly to daily and compare their quality on a daily scale.
Figure 3 shows the MAD and correlation of gridded daily
precipitation estimates as well as the domain-mean bias,
reference precipitation, and 2-m temperature in the
winter and the summer of 2016. The results at the daily
scale (Fig. 3) are consistent with those at the hourly scale
(Fig. 2). Figure 4 shows daily precipitation distributions
of three frequent situations: 1) low (high) correlation
of IMERG (WRF) in the winter (19 January; Figs. 4a–e),
2) high (high) correlation of IMERG (WRF) in the
winter (3 February; Figs. 4f–j), and 3) high (low) correlation of IMERG (WRF) in the summer (5 August;
Figs. 4k–o). For the summer case (Figs. 4k–o), the WRF
model does not accurately capture the location of precipitation, especially around the Great Lakes, where WRF

shows significant but incorrect precipitation. In contrast,
for the first winter case (Figs. 4a–e), the WRF Model
captures the precipitation distribution and magnitude well,
while both the IMERG early and final runs do not. For
the second winter case (Figs. 4f–j), WRF represents ST4
well and IMERG misses nearly all of the ST4 precipitation
in the upper half of the domain. However, in the southeastern corner, IMERG agrees with ST4 very well. We can
see, though, that the quality of IMERG appears to be good
over relatively warm areas (e.g., those above 280 K) even
in the winter (Fig. 4f). It seems that the temperature can
better inform the quality of IMERG and WRF than seasons or locations.

b. Evaluation of the precipitation products at
various temperatures
We further elucidate the relationship between the quality
of the high-resolution precipitation products and air temperature. To this end, we discretize the temperatures into
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FIG. 4. The spatial distribution of (a),(f),(k) daily-mean air temperature simulations and (b)–(e), (g)–(j), (i)–(o) daily
precipitation accumulations on three selected dates in 2016. DM stands for domain mean. The biases, MADs, and correlations (CC) are reported by comparing the WRF/IMERG daily precipitation with the reference (ST4). Regions above
280 K are shaded with dots.
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FIG. 5. (a) The average Stage IV precipitation and (b) the biases, (c) MADs, and (d) correlations at various
temperatures from comparisons of hourly 0.18 3 0.18 precipitation estimates from WRF and IMERG early and final
runs with the Stage IV product. The temperature varies from 260 to 320 K at 1-K intervals. The shown metrics have
a minimum precipitation sample size of 500 in each 1-K temperature bin.

18 bins varying from 260 to 318 K and group all the
hourly gridded precipitation samples into the bins
based on the temperature of the corresponding time
and location. Figure 5 shows the average precipitation
from the reference Stage IV product and the quality
metrics of WRF and IMERG products at various
temperatures. Precipitation occurs commonly within
a temperature range of 290–310 K (Fig. 5a). Figure 5b
shows that IMERG_F is nearly unbiased, while
IMERG_E tends to overestimate precipitation for temperatures below 300 K, and WRF does so when the
temperature is above 300 K. The bias of WRF is reflected in the MAD, which is significantly higher than
the IMERG MAD when the temperature is above
300 K (Fig. 5c). When the temperature is between
280 and 300 K, even though WRF has a smaller bias,
the MAD of WRF is larger than that of IMERG, suggesting that random errors occur more often in WRF
than IMERG in this temperature range. In terms of
correlation, the quality of warm and cold precipitation
for each product exhibits sharp contrasts (Fig. 5d).
When the temperature is below 280 K, the correlation
of WRF remains relatively high at an average of around
0.6, but above 280 K, the correlation decreases rapidly
to 0 as the temperature increases. In contrast, the two

IMERG products exhibit a low but increasing correlation when the temperature is below 280 K, and the
correlation remains relatively constant at an average of
around 0.6 when the temperature exceeds 280 K. The
results demonstrate further that temperature can effectively inform the difference in quality between the
WRF and IMERG precipitation products.
To better understand the relationship between temperature and precipitation, we analyze further the seasonal
variability of the quality of the IMERG and WRF products at various temperatures. For brevity, we consider only
the correlation metric. As the differences in correlations
between the IMERG early and final runs are insignificant,
we present only the results of WRF and IMERG_F. For
each month, we first group hourly gridded precipitation
estimates based on the air temperature in 18 bins, and
then in each temperature bin, we compute the correlation metric of WRF/IMERG and the reference NCEP
Stage IV dataset (Fig. 6). Similar to Fig. 5d, the quality of
WRF/IMERG differs above and below the temperature
around 280 K (Fig. 6c). More importantly, it appears that
air temperature is a more effective indicator of the quality
of WRF/IMERG precipitation than seasonality. Figure 6c
shows that even in the winter, the IMERG product
outperforms the WRF product over warm surfaces, while
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We also analyze the spatial variability of the quality of
the IMERG and WRF precipitation products at various
temperatures. For each 0.18 3 0.18 spatial grid, we group
hourly precipitation samples into four temperature
ranges (i.e., less than 270 K, between 270 and 280 K,
between 280 and 290 K, and greater than 290 K). For
each spatial grid and each temperature range, we compute the correlation between IMERG/WRF precipitation and the reference precipitation (Fig. 7). The results
agree with Figs. 5 and 6 and further demonstrate that
the relationship between 2-m air temperature and the
quality of WRF/IMERG precipitation products does
not depend on location. Furthermore, with a temperature between 270 and 280 K, the correlation values over
the southern domain are higher than those over the
northern domain (Figs. 7b and 7f), which could be attributed to smaller chances of solid and mixed-phase
precipitation over the southern domain.

4. Discussion

FIG. 6. The correlations of (b) WRF and (a) IMERG final-run
hourly 0.18 3 0.18 precipitation estimates relative to the NCEP Stage
IV data at various 2-m air temperatures in each month. The reported
correlations contain a minimum precipitation sample size of 500 in
each 18 temperature bin. (c) The difference between (a) and (b).

this phenomenon cannot be observed in Fig. 2d. The variation of correlation over various 2-m temperatures during
the winter shown in Fig. 6 explains the spread of correlation seen in Figs. 2d and 3d. In contrast, in the summer, as
2-m temperatures are mostly greater than 280 K, the correlation of IMERG is often larger than that of WRF, which
agrees well with Figs. 2d and 3h.

The WRF Model can be configured differently, and the
configuration in this study is only one example. To verify
the robustness of our results, we run two more WRF
simulations with different configurations. For the first
simulation, we use a different physics option favoring
convection over the continental United States. To distinguish this physics option from that in section 2b, the
two options are referred to as the convection option and
the original option, respectively. The convection option
is provided by NCAR (http://www2.mmm.ucar.edu/wrf/
users/wrfv3.9/conus_suite.html), and it includes the
Thompson microphysics scheme (Thompson et al. 2008),
the Rapid Radiative Transfer Model-Global (RRTMG)
for shortwave and longwave radiation (Iacono et al.
2008), the unified Noah land surface model (Chen and
Dudhia 2001), the Eta similarity scheme for surface layer
(Monin and Obukhov 1954; Janjić 1994, 1996, 2002), the
Mellor–Yamada–Janjić planetary boundary layer (Janjić
1994), and the Tiedtke cumulus scheme (Tiedtke 1989;
Zhang et al. 2011). The statistics of precipitation
estimates from the convection option are shown in
Figs. 8a–d. The precipitation estimates of the convection
option (red lines in Figs. 8b–d) show little difference
from those of the original option (red lines in Figs. 5b–d)
when the temperature is low (e.g., below 290 K). When
the temperature is high (e.g., above 290 K), the magnitude of precipitation is different with different physics
options, but precipitation is not well simulated whatever
physics option is used because convective systems cannot be resolved on the configured spatial scale.
For the second simulation, we use a 4 km 3 4 km
high-resolution domain nested in a 12 km 3 12 km

Unauthenticated | Downloaded 01/09/23 04:16 AM UTC

DECEMBER 2018

2015

ZHANG ET AL.

FIG. 7. The spatial distribution of the correlations of (a)–(d) IMERG final-run and (e)–(h) WRF
estimates relative to the NCEP Stage IV data within various 2-m temperature ranges (i.e., below
270 K, between 270 and 280 K, between 280 and 290 K, and above 290 K). The domain-mean (DM)
correlations are reported at the upper-right corner of each subplot. The results on a grid cell with a
sample size larger than 500 are shown.
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FIG. 8. (a)–(d) As in Figs. 5a–d, but the WRF simulations are from a convection-favoring physics option. (e)–(h) As
in Figs. 5a–d, but the WRF simulations are from a high-resolution configuration.

domain to avoid cumulus parameterizations. The physics option is the same as the original option except that
the high-resolution domain is configured without cumulus schemes (hereafter high-resolution option). The
estimates at 4 km are then interpolated to 0.18 for analysis. Figures 8e–h show the statistics of precipitation

estimates from the high-resolution option, along with
those from IMERG. Similar to the estimates from the
convection option (red lines in Figs. 8b–d), those from
the high-resolution option underestimate precipitation
and do not capture the magnitude and spatial distribution well over warm surfaces (red lines in Figs. 8f–h).
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FIG. 9. (a)–(d) As in Figs. 5a–d, but the statistics are calculated based on daily precipitation instead
of hourly precipitation. (e)–(h) As in (a)–(d), but the temperature product is from PRISM instead of WRF.

Overall, the two simulations show that the quality of
WRF precipitation estimates does not change much with
physics options or grid resolution, indicating that physics
parameterization is not the key factor that challenges
the ability of models simulating precipitation, and thus

our results are robust in terms of WRF physics
parameterization.
One may argue that the temperature product and the
WRF precipitation product are dependent since they
are from the same WRF simulations, and thus the
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results based on the WRF temperature may be biased.
To address the concern, we repeat the analysis using an
independent temperature product, the ParameterElevation Regression on Independent Slopes Model
(PRISM; PRISM Climate Group 2018). The PRISM
temperature has a ;4-km Gaussian grid spatial resolution and daily temporal resolution. To compare the
results based on WRF temperature and those based on
PRISM temperature, we aggregate (average) hourly
precipitation (temperature) into daily accumulation
(mean), and interpolate all the products into the same
0.18 3 0.18 spatial grids. The statistics of daily products
based on WRF temperature and PRISM temperature
are shown in Figs. 9a–d and Figs. 9e–h, respectively.
The WRF and IMERG precipitation products at
the daily scale (Figs. 9a–d) agree with those at the
hourly scale (Figs. 5a–d): the WRF product captures
the precipitation pattern and magnitude well when
temperature is below 280 K but fails to do so when
temperature is above 280 K. The IMERG products
have the opposite behavior. Moreover, the quality
of these products based on the WRF temperature
(Figs. 9a–d) show little difference from that based on
the independent PRISM temperature (Figs. 9e–h),
indicating that the results based on the WRF temperature are unbiased.

5. Conclusions
This study evaluated model- and satellite-based
hourly precipitation products (i.e., WRF simulations
and version 5 IMERG early- and final-run retrievals,
respectively) at a gridded spatial resolution of 0.18 over
the central United States during August 2015–July
2017. It is well known that satellite-based products
exhibit higher accuracy in the summer while modelbased products do so in the winter. However, this study
found that the spatial correlations of these precipitation products vary extensively in the winter, indicating
that seasonality cannot fully characterize the behavior
of the quality of the precipitation products. We introduced 2-m air temperature as auxiliary information
and demonstrated that we can distinguish the quality
of model- and satellite-based precipitation products
more effectively using 2-m air temperature as an index.
Specifically, when the temperature is below 270 K, the
WRF product is more accurate than the IMERG
products; when the temperature is above 280 K, the
situation is reversed; and when the temperature falls
between 270 and 280 K, the WRF and IMERG products are comparable. We further demonstrated that
this phenomenon is true over various seasons and
locations.

VOLUME 19

The observed relationship between temperature and
the quality of precipitation products can be rationalized.
On one hand, temperature is associated with precipitation phases—snowfall usually occurs with cold air
temperatures and rainfall with warm temperatures. For
satellite-based products, rainfall retrievals are rather
mature but snowfall retrievals are a challenge, partly
because the radiative properties of snowfall particles are
much more complex than water droplets and snowfall
has weak signals at low microwave frequencies. In the
GPM era, although high-frequency channels are designed to estimate snowfall, the retrieval of snowfall is
still at its early stage of development. Temperature is
also associated with precipitation types—large-scale
precipitation dominates at cold air temperatures and
convective precipitation at warm temperatures. Convective precipitation is properly estimated from satellites because of strong signal contrasts between cloud
tops and surroundings, but it is not well simulated
from models because convective systems occur on finer
spatial scales than those models can resolve. As satellitebased precipitation products share similar issues in
retrieving snowfall and model-based products in simulating convective systems, the relationship between the
quality of precipitation products and temperature
revealed based on IMERG and WRF products could
be true for other satellite- and model-based precipitation products as well.
As precipitation products show distinct performance
over different terrains (Chen et al. 2015; Maggioni et al.
2016), the results obtained from this study may be limited
to areas with terrain similar to that of the central United
States. It is also noted that we analyzed only two years of
data because of the limited length of the NCEP FNL
dataset that drives the WRF simulations. We found that
the results from two years of data are similar to those
from one year (figures not shown), and thus it is expected
that the length of data would not change the results much.
Nevertheless, studying the relationship between temperature and the quality of precipitation products over
other regions and with a longer period would be worthy
of future investigations.
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