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Capabilities of satellite precipitation datasets to estimate heavy
precipitation rates at different temporal accumulations
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Abstract:

The importance of satellite datasets as alternative sources of precipitation information has been argued in numerous studies.
Future developments in satellite precipitation algorithms as well as utilization of satellite data in operational applications rely on
a more in-depth understanding of satellite errors and biases across different spatial and temporal scales. This paper investigates
the capability of satellite precipitation data sets with respect to detecting heavy precipitation rates over different temporal
accumulations. In this study, the performance of Tropical Rainfall Measuring Mission real time (TRMM-RT), Precipitation
Estimation from Remotely Sensed Information using Artificial Neural Networks and CPC MORPHing (CMORPH) is compared
against radar-based gauge-adjusted Stage IV data. The results show that none of the high temporal resolution (3-h) datasets are
ideal for detecting heavy precipitation rates. In fact, the detection skill of all products drops as the precipitation thresholds (i.e. 75
and 90 percentiles) increase. At higher temporal accumulations (6, 12 and 24 h), the detection skill improves for all precipitation
products, with CMORPH showing a better detection skill compared to all other products. On the other hand, all precipitation
products exhibit high false alarm ratios above the heavy precipitation thresholds, although TRMM-RT lead to a relatively smaller
level of false alarms. These results indicate that further efforts are necessary to improve the precipitation algorithms so that they
can capture heavy precipitation rates more reliably. Copyright © 2013 John Wiley & Sons, Ltd.
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INTRODUCTION

Detecting precipitation reliably, especially heavy precipita-
tion rates, is fundamental to a wide variety of applications
including developing early warning system, disaster
management strategies and water resources management.
Recent developments in remote sensing techniques and
precipitation retrieval algorithms have resulted in a number of
satellite-based precipitation products (Sorooshian et al., 2011).
Currently, satellite data sets are being used in numerous
applications including flood forecasting (Li et al., 2009),
drought monitoring (AghaKouchak and Nakhjiri, 2012),
terrestrial water cycle analysis (Azarderakhsh et al., 2011)
and water resources management (Kidd et al., 2009).
While satellite data sets provide unique opportunities for

uninterrupted and quasi-global precipitation monitoring,
their associated uncertainties limit their use in operational
applications. Numerous studies stress that quantification
of uncertainties and errors associated with satellite data
remains a major challenge (Hong et al., 2006); (Sorooshian
et al., 2011); (AghaKouchak et al., 2012); (Bellerby, 2007);
(Tian et al., 2009). Thus far, a great deal of effort has
been put into validation and verification of satellite
precipitation products (e.g. (Ebert et al., 2007); (Turk et al.,
2008); (Tuttle et al., 2008); (Tian et al., 2009); (Amitai et al.,
2009); (Gochis et al., 2009); (Shen et al., 2010); (Behrangi
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et al., 2011); (Stampoulis and Anagnostou, 2012); (Shen
et al., 2010); (Zeweldi and Gebremichael, 2009); (Sapiano
and Arkin, 2009).
In a recent study, (AghaKouchak et al., 2011) evaluated

several operational precipitation products over the Southern
Great Plains with respect to various extreme precipitation
thresholds and concluded that the detection skill of
precipitation products reduces as the choice of the extreme
threshold increases. Furthermore, the results showed that the
commonly used monthly bias adjustment approach did not
necessarily improve the detection of high precipitation rates.
Accordingly, this study aims to evaluate the performance

of satellite data sets against ground-based measurements
across different temporal scales over the conterminousUnited
States (CONUS) in order to understand at what temporal
scales satellite precipitation data sets perform better with
respect to heavy precipitation rates. Detection of heavy rain
rates from three commonly used satellite precipitation
products, namely Tropical Rainfall Measuring Mission
real time (TRMM-RT) (Huffman et al., 2007), Precipitation
Estimation from Remotely Sensed Information using
Artificial Neural Networks (PERSIANN) (Sorooshian
et al., 2000) and CPC MORPHing (CMORPH) (Joyce
et al., 2004) were evaluated with respect to Stage IV radar-
based gauge adjusted data. Several statistical indices were
computed for these three satellite products for different heavy
rain rate thresholds (i.e. 75% and 90% quantiles) and time
scales (i.e. 3 h, 6 h, 12 h and daily). The results were then
compared to evaluate the performance of satellite datasets
in detecting extremes over different temporal resolutions.
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After this introduction, the study area and data sets
are described (‘Data sets and study area’). In ‘Analysis
and results’, the methodology and results are
presented. Finally, ‘Conclusion’ summarizes the discussions
and conclusions.
DATA SETS AND STUDY AREA

Satellite data sets used in this study include: (1) The
TRMM-RT data (Huffman et al., 2007) which is mainly
based on microwave data aboard Low Earth Orbit satellites.
The TRMM-RT algorithm is primarily based onmicrowave
observations from the low orbiter satellites. In this
algorithm, the gaps in microwave observations are filled
with infrared (IR) data. (2) The PERSIANN (Sorooshian
et al., 2000); (Hsu et al., 1997), which estimates precipitation
based on IR data after real-time adjustment by microwave
scans. IR-based precipitation data, including PERSIANN,
rely on statistical relationships between IR observations of
the cloud-top temperature and precipitation rate. Given
the high uncertainties in such statistical relationships,
PERSIANN data are calibrated based on microwave
observations such as the Special SensorMicrowave Imager,
TRMM Microwave Imager and Advanced Microwave
Scanning Radiometer-Earth observing system. The calibra-
tion process is based on an adaptive training technique
(Hsu et al., 1997) which updates the PERSIANN neural
network parameters when microwave data are available. (3)
The CMORPH (Joyce et al., 2004) product, which is a
microwave-based product advected in time using Geosyn-
chronous IR data. In CMORPH, when microwave obser-
vations are not available, the IR observations are used to
advect the last microwave scan over time. In addition to
advecting precipitation forward in time, the algorithm
propagates precipitation backward once the next microwave
observation becomes available.
The above mentioned satellite data are available in 3-h

intervals and at a 0.25� spatial resolution. In order to
evaluate the performance of satellite data at different time
intervals, 6-h, 12-h and 24-h precipitation accumulations
are computed from 3-h data. Given the coarse resolution
of satellite products, stage IV dataset is regridded onto a
0.25� spatial resolution to synchronize it with the satellite
data. The spatial regridding is performed by averaging
Stage IV precipitation rates within each satellite precip-
itation pixel. Four years (Jan. 2005 – Dec. 2008) of data
from the CONUS were processed for analysis.
The Stage IV dataset, (which is a radar-based gauge-

adjusted product provided by the National Centre for
Environmental Prediction, National Oceanic andAtmospher-
ic Administration) is used as the reference data. These data
were collected andmosaicked onto the Hydrological Rainfall
Analysis Project national grid system by the National
Weather Service River Forecast Centre. The Stage IV is a
multi-sensor product that consists of merged and quality
controlled radar and gauge measurements. The data set is
available in approximately 4� 4 km spatial and hourly
temporal resolutions.
Copyright © 2013 John Wiley & Sons, Ltd.
The authors acknowledge that Stage IV data, and in
principle, radar-based precipitation data, are subject to
different types of biases and uncertainties (AghaKouchak
et al., 2010). Errors and uncertainties in radar-based
precipitation data are due to various instrumental and
algorithmic issues including non-uniformity in vertical
profiles of reflectivity, beam over-shooting, anomalous
propagation, inappropriate retrieval relationships, instru-
mental errors, partial beam filling, hardware calibration, and
spatial sampling and random sampling errors (Krajewski
and Smith, 2002). Numerous studies have evaluated
the State IV data against ground-based observations and
have suggested uncertainty models to describe the associ-
ated uncertainties (Ciach and Krajewski, 2007) Ciach07;
(AghaKouchak et al., 2010); (Seo, 1999); (Villarini et al.,
2008). The current version of Stage IV data is adjusted and
calibrated with the automated National Climatic Data
Centre gauge data for different biases using an automated
algorithm (Lin and Mitchell, 2005).
ANALYSIS AND RESULTS

The focus of this study is to verify satellite products
with respect to detecting heavy precipitation rates (hereafter,
extremes) at different temporal accumulations. It should be
noted that extremes can be defined based on different
viewpoints. In this paper, heavy (extreme) precipitation rate
is defined as rain rates above 75% and 90% quantiles.
Various statistical and graphical methods are used to assess
detection of extremes from satellite datasets. These results
are presented for pixels with more than 100 concurrent pairs
of reference and satellite precipitation data above 1 mm/h
in order to avoid unreliable statistics.
The metrics used for validation and verification include:

(1) Probability of Detection (POD; (Wilks, 2006)) which
represents the ratio of the number of correct identifications
of precipitation to the total number of reference precipitation
occurrences; (2) Quantile POD (QPOD; (AghaKouchak
et al., 2011)), which refers to the ratio of the correct
detections above a certain threshold to the total number of
occurrences above the same threshold as indicated by the
reference - see Equation (2); (3) Volumetric Hit Index
(VHI), which identifies the volume of precipitation above
the threshold (t) detected correctly (AghaKouchak et al.,
2011) - see Equation (3); (4) False Alarm Ratio (FAR)
which represents the ratio of the number of false
identifications of precipitation to the total number of
satellite precipitation occurrences (see Wilks, 2006) and
(5) Quantile FAR (QFAR), which is defined as the FAR
above a certain threshold - see Equation (4). The perfect
score (detection skill) for POD,QPOD and VHI is 1 (0 = no
detection skill; 1 = perfect detection skill), whereas the
perfect score for FAR and QFAR is 0 (0 = no false alarm;
1 = 100% false precipitation). Finally the equations of the
above metrics are presented in the Appendix.
Figures 1, 2 and 3 display POD and QPOD scores for

TRMM-RT, CMORPH and PERSIANN, respectively.
The first column of Figures 1–3 show tPOD calculated
Hydrol. Process. 28, 2262–2270 (2014)



Figure 1. TRMM-RT: Probability of Detection (POD) and Quantile POD (QPOD)

Figure 2. PERSIANN: Probability of Detection (POD) and Quantile POD (QPOD)
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Figure 3. CMORPH: Probability of Detection (POD) and Quantile POD (QPOD)
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using the entire distribution of observed precipitation. The
second and third columns in Figures 1–3 present QPOD
for thresholds of 75% quantile (hereafter, Q75) and 90%
quantile (hereafter, Q95), respectively. One can see that
POD and QPOD significantly improve as the time
interval increases. Especially, this improvement is
considerable from 3 h to 6 h (compare the first two row
panels in Figures 1–3). The second and third columns in
Figures 1–3 highlight that the 3-h QPOD values above
Q75 and Q90 are very low and often near zero, indicating
that there is no skill in detecting heavy precipitation rates.
All three precipitation products are consistent in the fact

that their QPOD values are very low at the 3-h time scale,
although QPOD of CMORPH are higher than the other two
products. As the temporal accumulation increases to the 6-,
12- and 24-h timescales, QPOD improves significantly.
However, QPOD values are considerably less than POD
values even at the daily temporal scale (see the last row of
Figures 1–3). Overall, the increasing patterns of QPOD
values for the three products are consistent above Q75. As
shown, CMORPH generally exhibits higher QPOD values
(Q75 and Q95), especially in the central United States. It is
noted that all satellite products have limitation in detecting
orographic precipitation (see the Appalachian and Rocky
Mountains). This issue has been identified as one of the
limitations of current satellite precipitation data sets in
(Sorooshian et al., 2011). It is expected that the Global
Precipitation Measurement (Smith et al., 2007) Mission will
improve precipitation estimation using its dual-frequency
radar and radiometer equippedwith high-frequency channels.
Figures 4, 5 and 6 present the VHI (AghaKouchak et al.,

2011) that represents the volume of precipitation above a
Copyright © 2013 John Wiley & Sons, Ltd.
threshold (t) detected correctly by satellite data. Similar to
QPOD plots, VHI decreases as the heavy rain rate threshold
increases. This indicates that satellite data sets lose their
skills at higher thresholds. It should be noted that VHI is not
the same as bias, and it ranges from 0 to 1, with 1 being the
perfect score. While a score of 1 indicates that the satellite
data is detecting precipitation above a given threshold (e.g.
Q75), it does not show the bias or error of detection
(see Equation (3). The first column shows VHI for the entire
distribution of precipitation, whereas the columns two and
three display VHI above Q75 and Q90. One can see that the
VHI values are rather low at the 3-h time scale and that they
increase at higher temporal accumulations. Finally, it is
worth mentioning that for some areas (e.g. south eastern U.S.),
VHI values are rather low above Q90 threshold (compare
the last rows of Figures 4–6).
It is worth pointing out that QPOD (or POD) represents

the ratio of the number of correct identifications of
precipitation to the total number of reference precipitation
occurrences. A high QPOD does not necessarily indicate
capturing a high volume of precipitation, as the detected
occurrences by QPOD may not constitute a large fraction
of the total volume of observed precipitation. Conversely, a
high VHI does not necessarily lead to a high QPOD (e.g.
when a small percentage of detected occurrences constitute
a large volume of the total rainfall). For this reason, one
needs to consider both metrics for evaluation of precipi-
tation products.
Figures 7, 8 and 9 display the FAR and the Quantile

FAR (QFAR), respectively for TRMM-RT, CMORPH
and PERSIANN.QFAR refers to the FAR above a threshold
(t; here, Q75 and Q90). The three columns in Figures 7,
Hydrol. Process. 28, 2262–2270 (2014)



Figure 4. TRMM-RT: Volumetric Hit Index (VHI)

Figure 5. PERSIANN: Volumetric Hit Index (VHI)
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Figure 6. CMORPH: Volumetric Hit Index (VHI)

Figure 7. TRMM-RT: False Alarm Ratio (FAR) and Quantile FAR (QFAR)
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8 and 9 show FAR and QFAR above Q75, and QFAR
above Q90, respectively. While the FAR of all precipita-
tion products are rather low, QFAR values significantly
Copyright © 2013 John Wiley & Sons, Ltd.
increase with the heavy precipitation thresholds, especially at
the 3-h temporal scale (compare the first row panels in
Figures 7–9).
Hydrol. Process. 28, 2262–2270 (2014)



Figure 8. PERSIANN: False Alarm Ratio (FAR) and Quantile FAR (QFAR)

Figure 9. CMORPH: False Alarm Ratio (FAR) and Quantile FAR (QFAR)
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In all products, as the temporal accumulation increases,
QFAR values decrease. However, the increase is more
significant for TRMM-RT compared to the other precipi-
tation products. Overall, TRMM-RT exhibits the lowest
QFAR values at high thresholds and temporal accumula-
tions (compare the last row panels in Figures 7–9). Themain
reason is that TRMM-RT is primarily a microwave-based
product. Previous studies show that microwave-based
precipitation data sets lead to smaller false alarm compared
to IR-based precipitation products (Tian et al., 2009);
(AghaKouchak et al., 2011). While CMORPH is also a
microwave-based product, we speculate that the
CMORPH’s forward interpolation using IR data results in
higher QFAR relative to TRMM-RT. For this reason, one
can see similarities in theQFAR patterns of PERSIANN and
CMORPH (see Figures 8 and 9).
Note that QFAR (e.g. Q75) values only indicate false

precipitation above a certain threshold. In practice, both
satellite and reference data may have detected precipitation
at a given pixel; however if satellite products are above a
threshold (e.g. Q75) and reference data is below the same
threshold, then QFAR would be above zero.
CONCLUSIONS

The importance of satellite data sets as alternative sources of
precipitation information has been argued in numerous
studies (Sorooshian et al., 2000) and (Sorooshian et al.,
2011). Future developments in satellite precipitation algo-
rithms as well as utilization of satellite data in operational
applications rely on amore in-depth understanding of satellite
errors and biases across different spatial and temporal
scales. In hydrologic and land-surface modeling, errors and
biases in precipitation propagate into model predictions
(Nijssen and Lettenmaier, 2004). A modeler might want to
know at what spatial and temporal scales the input data are
less subject to uncertainty. In a flood warning system, the
detection of precipitation is a key component and one needs
to know the capability of the target data set to detect
precipitation, especially heavy precipitation rates. This paper
contributes to ongoing validation and verification efforts with
a focus on several validation metrics above high precipitation
thresholds and over different temporal accumulations.
This study surveys precipitation detection and FARs of

three satellite-retrieved precipitation data sets: TRMM-RT,
PERSIANN and CMORPH. These datasets are compared
with the radar-based gauge-adjusted Stage IVdata aboveQ75
and Q95 thresholds. It can be concluded that none of the 3-h
products can be considered ideal for detecting heavy
precipitation rates. Actually, the detection skill of all products
decreases as the extreme thresholds increase. Moreover, at
higher temporal accumulations (6, 12 and 24 h), the detection
skill increases for all precipitation products. Overall,
CMORPH seems to offer a better detection skill at higher
precipitation rates.
With respect to false precipitation signals, the 3 h data sets

show high QFAR values above the extreme precipitation
thresholds. Also, the false signals reduce as the temporal
accumulation increases. The results show that TRMM-RT
Copyright © 2013 John Wiley & Sons, Ltd.
lead to less FAR and QFAR compared to the other two
products (compare Figures 7, 8 and 9).
This study indicated that none of these precipitation

products can be considered ideal with respect to detecting
extremes at high temporal resolutions (e.g. 3 h). One can
argue that integrating high temporal resolution data into
hydrological models or land-surface models for flood
forecasting (or applications sensitive to heavy precipitation
rates)may lead to biased results. However, accumulating data
into longer temporal accumulations significantly improves
the data. The authors argue that further efforts are necessary to
improve precipitation retrieval algorithms so that they can
capture heavy precipitation rates more reliably. Furthermore,
improvements can also be achieved by developing bias
adjustment techniques designed to improve satellite data
with respect to extremes (e.g. quantile-based or PDF-
based adjustment techniques). Given the significance of
applications such as flood forecasting, improvements
in detecting extremes could lead to a major advance in
integration of satellite data into operational applications.
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APPENDIX: EQUATIONS

Probability of Detection (POD; (Wilks, 2006)):

POD ¼
Pn

i¼1I Psati jPsati > 0&Prefi > 0
� �

Pn
i¼1I Psati jPsati > 0&Prefi > 0

� �þPn
i¼1I Prefi jPsati > 0&Prefi > 0

� �

(1)

where Psat = satellite data; Pref = reference measurements
(here Stage IV data); I = the indicator function; and
n = number exceedances.
Quantile Probability of Detection (QPOD; (AghaKouchak

et al., 2011)):

QPOD ¼
Pn

i¼1I Psati jPsati≥t&Prefi≥t
� �

Pn
i¼1I Psati jPsati > t&Prefi≥t

� �þPn
i¼1I Prefi jPsati < t&Prefi≥t

� �

(2)

where t= threshold (i.e. 75, 90 Quantiles).
VolumetricHit Index (VHI; (AghaKouchak et al., 2011)):
VHI ¼
Pn

i¼1I Psati jPsati≥t&Prefi≥t
� �

Pn
i¼1I Psati jPsati≥t&Prefi≥t

� �þPn
i¼1I Prefi jPsati < t&Prefi≥t

� �

(3)

False Alarm Ratio (FAR; (Wilks, 2006)): represents the
ratio of the number of false identifications of precipitation
to the total number of satellite precipitation occurrences.
Quantile False Alarm Ratio:

QFAR ¼
Pn

i¼1I Psati jPsati≥t&Prefi < t
� �

Pn
i¼1I Psati jPsati≥t&Prefi≥t

� �þPn
i¼1I Prefi jPsati≥t&Prefi < t

� �

(4)
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