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ABSTRACT
The presence of a sparse rain gauge network in complex terrain like the Himalayas has encouraged the
present study for the concerned evaluation of Indian Meteorological Department (IMD) ground-based
gridded rainfall data for highly prevalent events like cloudbursts over the northwest Himalayas (NWH).
To facilitate the abovementioned task, we intend to evaluate the performance of these observations at
0.258 3 0.258 (latitude–longitude) resolution against a predefined threshold (i.e., 99.99th percentile), thereby
initially comprehending the success of IMD data in capturing the cloudburst events reported in media during 2014–16. Further, seven high-resolution satellite products, namely, CMORPH V0.x, PERSIANNCDR, TMPA 3B42RT V7, IMERG V06B, INSAT-3D multispectral rainfall (IMR), CHIRPS V.2, and
PERSIANN-CCS are evaluated against the IMD dataset. The following are our main results. 1) Six out of 18
cloudburst events are detected using IMD gridded data. 2) The contingency statistics at the 99.99th percentile
reveal that the probability of detection (POD) of TMPA varies from 19.4% to 53.9% over the geographical
stretch of NWH, followed by PERSIANN-CDR (18.6%–48.4%) and IMERG (4.9%–17.8%). 3) A new
metric proposed as improved POD (IPOD) has been developed in this work, which takes into account
the temporal lag that exists between observed and satellite estimates during an event period. Results show
that for an event analysis IPOD provides a better comparison. The IPOD for TMPA is 32.8%–74.4%,
followed by PERSIANN-CDR (34.4%–69.11%) and IMERG (15.3%–39.0%). 4) The conclusion stands
as precipitation estimates obtained from CHIRPS are most suitable for monitoring cloudburst events over
NWH with IPOD of 60.5%–78.6%.

1. Introduction
2

The Himalayan ranges, spanning an area of 2400 km
on the Asian continent, play a vital role in governing
weather patterns and controlling the climate over
northern India. On average, the western Himalayas get
around 60 in. (1530 mm) of rainfall annually, while the
eastern Himalayas receive 120 in. (3050 mm). Apart
from this amount of rain received, the region is exposed
to extreme weather conditions that have witnessed an
increase in frequency from 1910 to 2000 (Sen Roy and
Balling 2004). The excessive rainfall events like cloudbursts often occur at mesoscale (2–20 km) (Orlanski
1975) and are generally defined as a sudden massive
rainfall deluge causing secondary events like flash
floods, landslides, dam breaks, etc. (Dimri and Dash
2012; Das et al. 2006). Generally, such events occur
during the monsoon season and constitute the dominant natural hazards in the region. Different rainfall
Corresponding author: Sarita Azad, sarita@iitmandi.ac.in

intensities for the identification of cloudburst events
have been reported in the literature (Guhathakurta
et al. 2011; Nandargi and Dhar 2012; Goswami et al.
2006; Rajeevan et al. 2008). For example, for the study of
the extreme rainfall events, Goswami and Ramesh
(2008) used 250 mm day21 as a threshold, while Nandargi
and Dhar (2012) have considered rainfall intensity of
more than 200 mm day21 as heavy rainfall over the
northwest Himalayas (NWH). The rainfall intensities
associated with high quantiles of precipitation distribution above the 99.99th percentile are considered as a
threshold to define cloudburst events (Bharti et al.
2016). These events destroy life and property, for example, the remarkably intense monsoon rainfalls in
Kedarnath (Uttarakhand) with rainfall intensities above
200 mm day21 during 15–18 June 2013 (Parida et al.
2017) resulted in more than 6000 casualties. Almost 50
million people in five countries (Nepal, India, Bhutan,
China, and Pakistan) live in the Himalayas. Cloudburst
prediction is crucial for the region, but the current
prediction models are not accurate (Das et al. 2006;
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Chevuturi et al. 2015). There is a severe challenge in
calibrating these models because of an insufficient
number of observational stations in complex terrain
(Singh and Mal 2014). Since the Indian Meteorological
Department (IMD) gridded dataset is used for most of
the validation studies, in this paper we posit that these
observed data should be evaluated because of the two
reasons. First, due to the Himalayas’s complex terrain,
IMD has a sparse network (Parida et al. 2017) in the
region and only unequally scattered point stations are
available. IMD gridded data of resolution 0.258 3 0.258
are derived through interpolation of stations available
up to 1.58, with the weight assigned to each station which
decreases as the distance increases from the interpolation point to the station (Pai et al. 2014). The resultant
interpolated values in complex terrains are likely to
have more errors due to more dispersed station density
(Roy Bhowmik and Das 2007; Mishra 2013; Hofstra
et al. 2010). Therefore, it becomes essential to evaluate
this dataset as extreme events are more sensitive to interpolation errors (Herrera et al. 2012). To the best of
our knowledge, IMD gridded data had not been evaluated for cloudburst events. Second, IMD gridded data
are the only available source of the observed data for
monitoring and model evaluation, owing to the frequent
occurrence of cloudbursts in ungauged locations, and it
subsequently brings forth the importance of the evaluation of gridded data.
Further, satellite estimates are currently being used
as an alternate source of data for monitoring and validation purposes since they are available at high spatiotemporal scales as models (Dinku et al. 2014). Some of
these products are, Climate Prediction Center Morphing
technique (CMORPH), Precipitation Estimation from
Remotely Sensed Information Using Artificial Neural
Networks–Climate Data Record (PERSIANN-CDR),
Tropical Rainfall Measuring Mission (TRMM) Multisatellite
Precipitation Analysis (TMPA), Integrated Multisatellite
Retrievals for GPM (IMERG), Indian National Satellite3D (INSAT-3D) Multispectral Rainfall (IMR), Climate
Hazards Group Infrared Precipitation with Station Data
(CHIRPS), and PERSIANN–Cloud Classification System
(PERSIANN-CCS).
Across the globe, intercomparison and validation of
these products with ground observations have been
proved as a significant point of the study (Dinku et al.
2007; Feidas 2010; Qin et al. 2014; Hessels 2015; Beck
et al. 2011). For the Indian subcontinent, TRMM estimates have been mainly utilized for regional studies
(Nair et al. 2009; Rahman et al. 2009; Mitra et al. 2013;
Prakash et al. 2014, 2015, 2018). Recently conducted
studies over the Himalayan region illustrate the improved sign of rainfall in conjunction with the latest
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version of TMPA-3B42 version 7 (V7) (Bharti and Singh
2015; Bharti et al. 2016; Parida et al. 2017; Dahiya et al.
2020). A study carried by Parida et al. (2017) reported
that TMPA-3B42V7 estimates are more accurate compared to other satellite products such as CMORPH and
Global Satellite Mapping of Precipitation (GSMaP) for
cloudburst event over Uttarakhand during June 2013.
Recently, IMERG product has provided enhanced
spatiotemporal resolution data and assessed for heavy
rainfall detection against gauge-based observations over
India (Prakash et al. 2018; Beria et al. 2017). It has been
reported to show improvement over TMPA-3B42 V7
and INSAT-3D (Singh et al. 2018; Prakash et al. 2018).
Even though overall errors in IMERG were reduced, it
still has large uncertainty over orographic regions (e.g.,
Houze 2012; Derin and Yilmaz 2014; Mei et al. 2014;
Prakash et al. 2014), and it is reported to have highmagnitude biases for the rain intensities greater than
100 mm day21 over China and different regions in India
(Chen et al. 2018; Prakash et al. 2018). Further, Rao et al.
(2020) and Mitra et al. (2018) investigated the performance
of INSAT-3D over the Indian region. They suggested that
this dataset has the potential to be used for weather forecasting and nowcasting applications. However, it underestimates heavy rainfall and is unable to detect orographic rain.
On finescale satellite estimates, namely, CHIRPS, a
study conducted by Katsanos et al. (2016) over the
Mediterranean basin illustrated its relationship with
gauge-based rainfall estimates and reported a moderate
(,0.5) correlation exhibit between the two datasets.
Further, a study carried by Aadhar and Mishra (2017)
found that the CHIRPS underestimates the rainfall over
complex terrain like Western Ghats and Himalayas. In
turn, it suggests that the CHIRPS can detect high percentile rainfall over plain regions, whereas it fails to
recognize in the hilly and mountainous area. Further, a
study carried out by Hong et al. (2007) illustrated the use
of finescale PERSIANN-CCS in capturing spatial distribution, the timing of diurnal convective rainfall, and
elevation-dependent biases. It is found to underestimates the daily precipitation at high elevations and
overestimates it at low altitudes.
To summarize, several satellites have been successful
in facilitating the representation of the rainfall over
plains (Rahman et al. 2009), whereas for their mountainous counterparts they fail and incur significant errors
(Kumar et al. 2016; Prakash et al. 2018; Hong et al.
2007). This draws our immediate attention and focuses
on the evaluation of multisatellite products available at
high resolution to monitor and predict extreme rainfall
events over the mountainous terrain of NWH.
Also, from the literature, it is noticed that IMD observed data of 0.258 3 0.258 resolution has not been
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FIG. 1. The locations of 18 cloudburst events occurred during 2014–16 over NWH along with 77 functional
stations of IMD.

evaluated for highly prevalent events like cloudbursts
over NWH. Therefore, we intend to evaluate the performance of these observations against a predefined
threshold (which is generally perceived as 99.99th
percentile), thereby initially comprehending the success of IMD data in capturing the cloudburst events.
Further, seven satellite-retrieved precipitation products,
namely, CMORPH V0.x (0.258 3 0.258), PERSIANNCDR (0.258 3 0.258), TMPA 3B42RT V7 (0.258 3 0.258),
INSAT-3D IMR (0.18 3 0.18), IMERG V06B (0.18 3 0.18)
are evaluated against IMD gridded dataset of 0.258 3 0.258
resolution. And, two finescale resolution satellite products,
namely, CHIRPS V.2 (0.058 3 0.058), and PERSIANNCCS (0.048 3 0.048) are evaluated against gauge station
data as IMD gridded data of resolution 0.258 3 0.258 will
be too coarse to compare with finescale estimates.

2. Study region, data, and methodology
a. Study region
The present study focuses on the area of NWH that
includes three hilly states of India, namely, Uttarakhand
(U.K.), Himachal Pradesh (HP), and Jammu and Kashmir
(J&K). It spans from 28.58 to 378N in latitude and from
728 to 818E in longitude (Fig. 1). The study area includes
a region with complex orography influenced by the Hindu

Raj mountain range to the north, the Kunlun mountain
range toward the northeast, and Garhwal Himalayas in
the lower belt of NWH. This region is chosen for the
study because of the increasing instances of extreme
rainfall events in recent times (Dimri et al. 2017).

b. Data
1) OBSERVED DATA
The data utilized in the present study include IMD
observations of 0.258 3 0.258 latitude–longitude resolution, which are taken as ground truth (http://
www.tropmet.res.in).
This dataset has been developed using rainfall observations from 6955 gauge stations over India, whereas
there are approximately 77 stations over NWH. The
inverse distance weighted interpolation (IDW) method
developed by Shepard (1968) has been utilized to obtain
the gridded data from these stations (Pai et al. 2014).

2) DETAILS OF SATELLITE-BASED PRECIPITATION
ESTIMATES

The details about the satellite products utilized for the
present analysis along with their temporal and spatial
resolutions are mentioned in Table 1. These products
are as follows.
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TABLE 1. Summary of satellite precipitation products.
Station
No.

Dataset

Spatial
resolution

Temporal
resolution

Time period

1

TMPA 3B42RT V7 0.258 3 0.258

3h

Mar 2000 to
present

2

CMORPH V0.x

0.258 3 0.258

3h

Dec 2002 to
Oct 2017

3

PERSIANN-CDR

0.258 3 0.258

Daily

Jan 1983 to
Sep 2019

4

IMERG V06B

0.108 3 0.108

30 min

Jun 2000 to
present

5

INSAT-3D IMR

0.108 3 0.108

30 min

1 Jun 2014 to
present

6

CHIRPS V2.0

0.058 3 0.058

Daily

1981 to present

7

PERSIANN-CCS

0.048 3 0.048

Daily

Jan 2003 to
present

(i) TMPA 3B42RT V7
Released in December 2012, TMPA 3B42RT V7
(hereafter, TMPA) is the recent version that has been
updated with a new algorithm known to be V7 (Huffman
and Bolvin 2014). This dataset provides data at a
spatiotemporal resolution of 0.258 3 0.258 and 3hourly. It is a merged product of multisatellite precipitation available over the globe ranging from 608S
to 608N in latitude and from 1808W to 1808E in longitude
(Huffman et al. 2007, 2010). The TMPA provides two
products such as a near-real-time version (TMPA
3B42RT V7) with low latency (4 h) and a post-real-time
version with high latency (8 h) known to be TMPA 3B42.
TMPA 3B42RT V7 uses passive microwave (MW) and
infrared (IR) estimates that are combined by calibrating
IR measurements. The 3B42 V7 includes several significant changes over 3B42 V6, including the use of Global
Precipitation Climatology Centre (GPCC) analyses and
additional satellite data (Huffman and Bolvin 2014). This
TMPA version is available from March 2000 to present
(near-real-time, hereafter NRT) and is utilized in the
present analysis.

(ii) IMERG
IMERG V06B is a day-1 U.S. multisatellite precipitation estimation algorithm for the Global Precipitation

Data availability

References

NRT/4-h latency

Huffman et al. (2007, 2010);
https://pmm.nasa.gov/dataaccess/downloads/trmm
1-day latency
Joyce et al. (2004); https://
climatedataguide.ucar.edu/
climate-data/cmorph-cpcmorphing-technique-highresolution-precipitation60s-60n
4–6-month latency
Ashouri et al. (2015); Hsu et al.
(1997); http://chrsdata.eng.
uci.edu/
NRT (early run)/4-h Huffman et al. (2014); https://
latency
pmm.nasa.gov/data-access/
downloads/gpm
NRT/6–7-h latency
Kumar and Varma (2017);
https://www.mosdac.gov.in/
data/metaDataBrowse.do
NRT/1-day to 3-week Funk et al. (2015); Toté
latency
et al. (2015); http://
chg.geog.ucsb.edu/data/
chirps/
NRT/1-h latency
Hsu et al. (1997); http://
chrsdata.eng.uci.edu/

Mission (GPM) that is derived from three products:
TMPA, CMORPH, and PERSIANN (Huffman et al.
2014). IMERG data are obtainable from an early, a late,
and a final run. The early and late run products are
available in NRT, with a latency of 4 and 12 h, respectively. The final run product is a post-real-time research
product with a latency of about 4 h. In this study, the
NRT ‘‘early run’’ product has been considered for the
analysis, which is available over the globe ranging from
608S to 608N in latitude and from 1808W to 1808E in
longitude. This dataset provides data at a high spatiotemporal resolution of 0.18 3 0.18 and half-hourly.
IMERG precipitation estimates are computed using
passive microwave and infrared satellite sensors.
Further, precipitation estimates obtained from passive microwave are rectified using GPM combined
instrument product. Finally, monthly rain gauge analyses from the GPCC are used for bias adjustments in
the V06B product.

(iii) CMORPH
CMORPH has been developed by Joyce et al. (2004).
This algorithm is based on microwave observations, and
further, these estimates are interpolated by the motion
vectors derived from infrared observations. Using this,
precipitation accumulation estimates at different temporal scales (multihours) have been improved compared
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to the simple averaging of microwave-based estimates, which incorporate microwave and infrared information. The precipitation estimates are derived
from the four types of passive microwave instruments,
namely, AMSU-B, AMSR-E (Ferraro et al. 2000), SSM/I
(Ferraro 1997), and TMI (Kummerow et al. 2001).
CMORPH version 0.x provides the precipitation data
at a spatiotemporal resolution of 0.258 3 0.258 and
3-hourly in the range 608S–608N in latitude and from
1808W to 1808E in longitude. This is available from
December 2002 to October 2017 and has been used
for the analysis.

(iv) INSAT-3D
INSAT is a series of multipurpose geostationary satellites developed by the National Oceanic and Atmospheric
Administration/Center for Satellite Applications and
Research (NOAA/STAR) (Scofield and Kuligowski 2003),
launched by the Indian Space Research Organization
(ISRO) to achieve the purpose of telecommunications,
broadcasting, meteorology, etc. INSAT is the most extensive domestic communication system over the Asia–
Pacific region, in which INSAT-3D was launched on
26 July 2013 for meteorological applications (Kumar
and Varma 2017). There exist numerous established
retrievals techniques for INSAT-3D derived rain estimation (Barrett and Martin 1981). INSAT Multispectral
rainfall (IMR) is the most recent high spatiotemporal
rain estimation technique attempted to improve and
automat the Interactive Flash Flood Analyzer (IFFA).
It gives data in NRT (half-hourly) at a spatial scale of
0.18 3 0.18 (Table 1) in the range 58–408N and 608–1008E.
The IMR technique is operationally implemented in
INSAT-3D for rain estimation.

(v) PERSIANN-CDR
The PERSIANN-CDR has been developed by the
Center for Hydrometeorology and Remote Sensing
(CHRS) at the University of California, Irvine (UCI)
(Ashouri et al. 2015; Hsu et al. 1997). The core of
PERSIANN-CDR system estimates rainfall using infrared satellite imagery and ground-surface information
using an adaptive artificial neural network (ANN) model.
The PERSIANN-CDR has been bias-corrected using
the Global Precipitation Climatology Project (GPCP)
monthly product version 2.3 (GPCP v2.3) (Sadeghi et al.
2019). It provides daily rainfall estimates at a spatial
resolution of 0.258 3 0.258 in the range 608S–608N in
latitude and 1808W–1808E in longitude from 1983 to
30 September 2019. PERSIANN-CDR is designed to
provide a long-term consistent, high spatiotemporal
resolution global precipitation dataset, which is aimed
at studying the changes in extreme precipitation events

due to climate change and natural variability (Mondal
et al. 2018).

(vi) CHIRPS
In the present study, the CHIRPS V.2 is utilized.
These data have been produced by pentadal rainfall
estimates generated from regression models and calibrated using TRMM. Also, stations are blended with the
CHIRP data to produce CHIRPS (Toté et al. 2015). This
product provides data at a spatial resolution of 0.058 3
0.058 with a latency from 1 day to 3 weeks that are
available over the globe in the range 508S–508N, 1808E–
1808W and are available from 1981 to NRT at pentadal
(5-day total rainfall), decadal (10-day total rainfall), and
monthly temporal resolution (Funk et al. 2015).

(vii) PERSIANN-CCS
PERSIANN-CCS is developed by the Center for
CHRS at the University of California, Irvine (UCI)
(Hsu et al. 1997). It provides NRT data at a high spatial
resolution of 0.048 3 0.048 and daily scale with a latency of
1 h, in the range of 608S–608N, 1808E–1808W. Satellite precipitation product PERSIANN-CCS system facilitates
the categorization of cloud-patch features based on the
areal extent, cloud height, and variability of texture
evaluated from satellite imagery. PERSIANN-CCS
uses a cloud segmentation algorithm with a variable
threshold that identifies and separates patches of clouds.
The patches are then classified based on different properties, texture, and dynamic evolution (Hong et al. 2004).
These classifications assign rainfall values to pixels based
on the relationship between rain rate and brightness
temperature (Hong et al. 2004).
The IMD rainfall and satellite estimates have different
scales in both temporal and spatial domains. Indian standard time (IST) is 5 h and 30 min ahead of Coordinated
Universal Time (UTC).
Rainfall observations in India are monitored every
3-hourly from 0300 UTC of the previous day to
0300 UTC of the present day. Whereas, satellite estimates are obtained from 0000 UTC. For a fair comparison between satellite estimates with observations,
satellite data (available at an hourly scale) are considered from the same time as observations (i.e., from
0300 UTC). However, as some of the satellites provide
data at a daily level, it is not possible to make UTC
adjustment for them. Therefore, these satellite estimates
are rescaled to the hourly scale. A simple procedure is
followed for the same. Let Ri21 and Ri be the amount of
rainfall on (i 2 1)th and ith day, respectively. For this
purpose, it is assumed that R follows a uniform distribution, that is, R ; U(0, 24), the probability density of R
is given as

Unauthenticated | Downloaded 01/09/23 08:29 AM UTC

1554

JOURNAL OF HYDROMETEOROLOGY


9
1 
>
=
 0 # r # 24
24
2
0
.
f (r) 5

 otherwise >
>
;
:
0 
8
>
<

(1)

Further, UTC adjustment is made in the following way:



 
3ri21
3ri
3r 1 ri
6
12
5 i21
.
24
24
4

(2)

According to the day definition of rain gauge data, there
are six and two data points at a 3-h scale of the previous
day and present day, respectively. Therefore, the first
6(3ri21/24) indicates a cumulative sum of six data points
at a 3-h scale of the previous day and accordingly, the
second term indicates. Finally, the term (3ri21 1 ri)/4
shows that satellite estimates can be comparable with
gauge-based observations on a particular day.
In this method, it is assumed that rainfall is distributed
uniformly over each time (hour). It may induce some
biases in the representation of actual rainfall, that is,
time scale experiencing extreme rainfall may be treated
as normal. This limitation can be resolved in the following way: Satellite estimates at daily scale are partitioned into eight data points at a 3-h scale. On a
particular day (ith), the amount of rainfall is estimated
by considering six data points at a 3-h scale of the (i 2 1)
th day and two data points of ith day. The information
lost (amount of rainfall) during the ith day is added to
(i 1 1)th day. That is the amount of rain recorded for
18 h is cumulated into the next day. The use of IPOD
(refer to section 2) resolves this problem as it keeps
12–24 h as a buffer in both directions. So, the rainfall
extremes can be captured by the use of IPOD, and no
biases will be induced.
Finally, both the datasets are compared at a common
temporal scale, that is, daily for an event analysis.
Also, for comparative analysis, the satellites datasets
are rescaled using bilinear interpolation method on the
same spatial resolution 0.258 3 0.258 as of IMD gridded
data. However, two finescale resolution satellite products, namely, CHIRPS (0.058 3 0.058), and PERSIANNCCS (0.048 3 0.048) are evaluated against gauge station
data as IMD gridded data of resolution 0.258 3 0.258 will
be too coarse to compare with finescale estimates.
The details about the satellite products, along with
their temporal and spatial resolutions, are mentioned in
Table 1.

c. Details of events
The focus of the present study is an assessment of 18
cloudburst events that were reported in media during
2014–16 over NWH (Dimri et al. 2017). For the facilitation of uniformity between observed and satellite

VOLUME 21

data, the period of the present analysis is taken from
2014 to 2016. Societal impact, loss of lives, and destruction reported was the primary prerequisite required for choosing these cloudburst events (Table 2).
The spatial locations of these events are shown in Fig. 1
over the NWH region along with 77 functional stations of IMD.

1) CALCULATION OF THE RAINFALL THRESHOLDS
The percentile threshold is calculated thus:
1) The 95th, 98th, and 99.99th percentile value (prc) of
the daily rainfall is calculated for three different
states HP, U.K., and J&K, that is, we calculated
prcij,k , where i 5 {1, 2, 3} 5 {J&K, HP, U.K., and
NWH}, respectively, j 5 {95, 98, 99.99} percentiles,
and k 5 1, 2, . . . , n (total number of grids of the
corresponding region).
2) The prc is obtained over time 1998–2016.
n
3) thri 5 åk51 prcij,k /n, i 5f1, 2, 3g; j 5f95, 98, 99:99g.
The rainfall thresholds associated with the percentiles 95th, 98th, and 99.99th are calculated as
13.95, 25.8, and 137.71 mm day21, respectively, for the
whole of NWH and also separately for each region
(Table 3). The calculated thresholds at different
percentiles suggest that there is a significant variation
in the rainfall amount within the NWH region. It may
be due to the strength and monsoonal path of action.
As the monsoon strength decreases from south to
north along the mountain barrier and east to west
along a monsoonal way (Basistha et al. 2008), U.K.
experiences high percentile values followed by HP
and J&K as seen in Table 3.

2) STATISTICAL MEASURES
The statistical measures employed in the present work
for comparative analysis are listed in the appendix.

3) IMPROVED POD: A NEW METRIC
In this work, it has been discerned that observed
gridded and satellite-based estimates lag by certain
time units. The method of probability of detection
(POD) finds the probability of occurrence of an event
above a threshold by satellite estimates w.r.t. reference data. It assumes that an event is detected by the
reference and satellite estimates at the same time
point. However, it may happen that satellite estimates would detect an event after a particular time
step. This is quite possible as every satellite estimate has some latency time. Therefore, the present
work incorporates this time gap using a new metric defined as improved POD.
The improved POD (IPOD) is defined as
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22–28 Jul 9 Aug 2015 Baima, J&K (34.158N, 77.578E)

4 Aug 2015

3 Jun–2 Jul 2016
20 Aug 2016
28 May 2016
28 May 2016
14–15 Aug 2014

12

13

14
15
16
17
18

Uppar Ganglass, Saboo, J&K
(34.318N, 77.538E)
Pithoragarh, U.K. (30.0818N, 80.3658E)
Marchula, Pauri, U.K. (29.6068N,79.0928E)
Kemra, U.K. (30.578N, 78.688E)
Siliara, U.K. (30.468N, 78.628E)
Purala, Pauri, U.K. (30.1478N, 78.7758E)

Wakha village, J&K (34.168N, 77.68E)

28 Jul 2015

11

Dharampur, HP (31.8998N, 77.0198E)
Banjar, Kullu, HP (31.638N, 77.348E)
Dharampur, Mandi, HP (31.78N, 76.78E)
Srinagar, J&K (34.0848N, 74.7978E)
Mendhar, Poonch, J&K (33.608N, 74.148E)
Sonamarg, J&K (34.408N, 74.718E)
Pahalgam, J&K (34.018N, 75.318E)
Ganderbal, J&K (34.218N, 74.778E)
Baltal, J&K (34.68N, 74.78E)
Choskore village, J&K (34.198N, 76.358E)

Location (lat/lon)

7–9 Aug 2015
25 Jul 2015
8 Aug 2015
1–7 Sep 2014
23 Jul 2015
16 Jul 2015
12 Jul 2015
17 Jul 2015
24 Jul 2015
28 Jul 2015

Date

1
2
3
4
5
6
7
8
9
10

Station No.

1514
1814
2212
2175
1524

4149

3898

3710

1482
1356
1189
1585
1580
2800
2740
1619
2743
4361

Altitude (m)

India Today, Daily Bhaskar, 8 Aug 2015
The Times of India, 25 Jul 2015

Reference (newspaper/author)

30 humans
7 humans
120 houses, 100 animals
120 houses, 100 animals
16 humans

New 18th, 2 Jul 2016
The Indian Express, 21 Aug 2016
Millennium Post, 29 May 2016
Millennium Post, 29 May 2016
The Indian Express, 16 Aug 2016

Down To Earth, 18 Oct 2014
Rising Kashmir, 29 Jul 2015
Indian Express, 17 Jul 2015
PTI, 13 Jul 2015
Daily Excelsior, 17 Jul 2015
PTI, 24 Jul 2015
Kashmir Life, Greater Kashmir, 29
Jul 2015
20 houses
Kashmir Life, Greater Kashmir, 29
Jul 2015
Office-cum-residence of Water and Power Kashmir Life, 10 Aug 2015
Consultancy Services (WAPCOS)
damage
NR
National Institute of Hydrology (NIH)

215 humans
19 structures, 5 houses, 11 mud houses
4 humans
2 humans
3 humans
Not reported (NR)
20 houses

5 humans
Not reported (NR)

Damage (loss of lives, property)

TABLE 2. Location of the reported events.
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TABLE 3. Rainfall amount associated with 95th, 98th, and 99.99th
percentiles for NWH, U.K., HP, and J&K.
Region

95th

98th

99.99th

NWH
U.K.
HP
J&K

13.95
20.8
16.88
11.85

25.8
36.3
29.28
22.42

137.71
162.85
142.2
130.61

IPOD 5

A
,
(A 1 C)

(3)

where A and C are redefined as
A 5 I[(imdi $ thr) & (satj $ thr)],

i 5 t,

j 2 (t 2 1, t 1 1),

(4)

and
C 5 I[(imdi $ thr) & (sati , thr)] .

(5)

Parameter I is the indicator function for the success of
a hit, defined as IA(x) 5 1, if, x 2 A and 0, if x ; A.
Similarly, for the false alarm, it is defined as
IC (x) 5 1, if

x 2 C,

and 0, if

x;C:

(6)

Here, the interval of the localized time domain is taken
as (t 2 1, t 1 1). The value 1 represents a one-unit time
forward shift, while 21 is for one-unit time backward
shift from a particular time t. The one-unit shift refers to
one day in both forward and backward direction over
the time axis as the study considered daily data for the
evaluation and comparison analysis. It implies that at a
certain time t, three consecutive data points, that is, the
rainfall intensity of satellites, at t 2 1, t, and t 1 1 are
compared with the observed rainfall intensity at t.

3. Results and discussion
In this work, IMD gridded data are assessed for 18
cloudburst events taken from media and literature. At
the same time, the performance analysis of satellite estimates is done on the locations wherein IMD gridded
has performed successfully.

a. Evaluation of IMD gridded data
The IMD gridded data at daily scale are evaluated
based on two parameters such as accumulated and
maximum rainfall amount obtained at the location of
18 events. The accumulated rainfall is the sum of the
amount during an event period considering the effect
of adjacent grids to incorporate the cumulative impact
of rain in nearby locations (Bharti and Singh 2015).
Thus, accumulated rainfall shows the spatial distribution

FIG. 2. Maximum rainfall during an event period obtained from
IMD gridded data against a regional threshold. The thick horizontal line shows the 99.99th percentile threshold value of the
corresponding region. The numbers on the x axis correspond to the
cloudburst events mentioned in Table 2.

and reveals the location of the cloudburst events. In
contrast, maximum rainfall refers to the highest amount
obtained during an event period and displayed in the
bar plot.

1) MAXIMUM RAINFALL OBTAINED BY
IMD DATA
The exact amount of rainfall from ground stations is
not available for the 18 events as few occurred at
ungauged locations. We assume that these were the
cloudbursts based on the destruction caused as reported in the media. Therefore, we aim to evaluate the
merits of IMD gridded data using the regional threshold obtained at the 99.99th percentile from 19 years of
data (Table 3). The maximum rainfall is the highest
amount captured at a grid location, which has been
estimated by gridded data during the temporal period
of each event. Figure 2 represents the maximum rainfall of 18 events against the regional threshold. If
this threshold is crossed at an event location, the event
is assumed to be captured by the IMD. Our results
reveal that IMD data could capture the rainfall amount
for six events at Solan, Srinagar, Pithoragarh, Mandi,
Pahalgam, and Purala. That is, IMD gridded data can
capture 33% of the events, which may vary based on
the sample size. The maximum rainfall obtained from
IMD gridded data at these six event locations is shown
in Table 4.

2) SPATIAL DISTRIBUTION OF IMD
GRIDDED DATA

The accumulated rainfall is calculated for the 18
cloudburst events, and it is demonstrated that IMD can
pinpoint the location of six events, as shown in Fig. 3. It
is estimated that the event at Srinagar received the
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TABLE 4. Maximum rainfall that occurred during the cloudburst events. Rainfall amount that has crossed the 99.99th percentile is marked
in bold.
Station No.

Location

IMD

TMPA

CMORPH

PERSIANN-CDR

IMERG

INSAT-3D

CHIRPS

PERSIANN-CCS

1
2
3
4
5
6

Solan
Mandi
Srinagar
Pahalgam
Pithoragarh
Purala

382.7
400.8
598.8
135.9
484.1
184.5

152.85
139.03
400.28
23.94
292.65
120.38

1.09
0.015
66.03
1.50
15.82
0.31

90.38
50.41
266.38
1.91
111.57
107.27

1.85
0.1
40.31
1.44
105.87
0

0
0
38.04
0
13.85
0

214.37
70.90
406.45
0
510.45
258.60

264.91
97.32
68.14
9.21
134.83
263.33

highest accumulated rainfall of ;598.6 mm, Mandi
(;400.8 mm), Solan (;382.7 mm), Pahalgam (;135.9 mm),
Pithoragarh (;484.1 mm), and lowest in Purala (;184 mm).
It is noticed that there are a few IMD stations within the
range of event location at Srinagar, but the rainfall
amount above a regional threshold is captured by the
gridded data. On the contrary, there are large numbers
of rain gauge stations available around the Banjar;
however, this event location is not captured by the
gridded data. The possible reasons could be the location
of the rain gauge station or low maintenance of the
station. It may be noted that there are only a few instances at which nearby stations around Srinagar missed
to report the rainfall amount during the event period, as
shown in Table 5. On the other hand, it is found that
during an event period at Banjar (Table 6), most of the
stations have provided missing values during extreme
rainfall events. Similar observations are also seen in
other events at which IMD gridded data fails to capture

the events. Therefore, more than establishing a dense
network, IMD is required to take proper attention toward the quality of station data and also for technical
maintenance over remote hilly terrain. Further, we
evaluate satellites at these six locations for the entire
time where IMD has performed well.

b. Performance analysis of satellite products
The performance of satellite estimates is assessed
through maximum precipitation, the spatial distribution
of accumulated precipitation, and contingency information such as POD, VHI, and FAR.

1) MAXIMUM PRECIPITATION OBTAINED BY
SATELLITE ESTIMATES

The maximum precipitation captured by satellites
during the 18 events is estimated, and the values at six
locations where IMD has performed well are shown in
Table 4. It shows that the precipitation retrieved from the

FIG. 3. Spatial location of six cloudburst events as detected by IMD data. Here, the bar represents the accumulated rainfall (mm).
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TABLE 5. Data from rain gauge stations around Srinagar, J&K (34.0848N, 74.7978E), during the cloudburst event.
Station

Distance (km)

1 Sep 2014

2 Sep 2014

3 Sep 2014

4 Sep 2014

5 Sep 2014

6 Sep 2014

7 Sep 2014

Anantnag
Pahalgam
Gulmarg
Qazi
Kupwara
Banihal
Srinagar

51.4
53.6
39.8
57.8
59.4
68.8
32.8

10.6
33.4
0
8.2
2.3
0.4
13.6

6.4
3.2
0.6
7.3
1.8
15.6
0.4

58.4
40.2
34
80.4
2.8
93.7
20

180
58.6
106.6
156.7
45.6
106.8
51.8

—
—
128
156.7
68.2
188.8
0

—
—
98.2
206
15.4
86.1
—

—
—
—
—
—
53.8
—

satellites such as INSAT-3D, CMORPH, and IMERG
underestimated the maximum rainfall that occurred during
the events. In turn, these three satellites are unable to
detect any of the cloudburst events. Overall, TMPA
detected five cloudburst events at Solan, Mandi,
Srinagar, Pithoragarh, and Purala, whereas CHIRPS
detected four cloudburst events at Solan, Srinagar,
Purala, and Pithoragarh. Therefore, it is concluded
that TMPA and CHIRPS capture 27.7% and 22.2%
of the total events. Similarly, PERSIANN-CCS could
capture three events, that is, Solan, Pithoragarh, and
Purala with a success rate of 16.67%, while PERSIANNCDR has 16.67% success rate to capture such events
(Srinagar, Pithoragarh, and Purala).

2) SPATIAL DISTRIBUTION OF SATELLITE

detecting the accumulated rainfall during the event
period is better in comparison with others followed by
PERSIANN-CDR.

3) CONTINGENCY STATISTICS
The performance of satellites to detect a given rainfall
amount is achieved by evaluating the contingency information in terms of different statistics. In the present
study, the contingency information of satellites is calculated at six cloudburst locations over the entire time
domain (2014–16). The statistics of contingency information such as POD, volumetric hit index (VHI), and
false alarm ratio (FAR) are calculated using Eqs. (A2)
and (A3) over the cloudburst locations and shown in
Figs. 5–7, respectively. POD shows the probability of

ESTIMATES

The relative bias (RB) index between satellite estimates and IMD is calculated using Eq. (A1). In Fig. 4a,
it is shown that the TMPA and PERSIANN-CDR could
locate the event at Srinagar, although they overestimated
the amount of IMD rainfall by 37.2% and 26.7%, respectively. The INSAT-3D and IMERG have highest
RB (291%) followed by the CMORPH (262.2%).
Figure 4b shows that TMPA captured the location of
the event at Mandi with RB (8.8%) followed by
PERSIANN-CDR (260%), whereas other satellites
underestimated with RB approximately 290.9%.
Further, Fig. 4c reveals that satellites captured the event
at Pithoragarh with RB index as TMPA (236.0%),
CMORPH (293.4%), PERSIANN-CDR (267.9%),
IMERG (252.8%), and INSAT-3D (296.2%). It is
found that all the satellites underestimated the event
at Pithoragarh. However, TMPA has relatively less
RB value as compared with other satellites. Similarly,
TMPA and PERSIANN-CDR overestimated the accumulated rainfall at Purala with RB value 27.8% and
55.9%, respectively, as shown in Fig. 4d. Similarly,
other satellite estimates like IMERG, INSAT-3D, and
CMORPH produce significantly high RB (2100%) at
Purala (Fig. 4d) events. It is concluded that based
on the index of RB, the performance of TMPA in

TABLE 6. Data from rain gauge stations around Banjar, HP
(31.638N, 77.348E), during the cloudburst event.
Station

Distance (km)

25 Jul 2015

Bilaspur
Ghumarwin
Hamirpur
Sujanpur
Palampur
Nichar
Sangla
Banjar
Bhuntar
Kullu
Manali
Keylong
Janjehli
Jhungi
Jogindernagar
Karsog
Mandi
Sundernagar
Pachhad
Rajgarh
Arki
Dharampur
Kandaghat
Kasauli
Nalagarh
Solan

66.2
66.5
81.3
86.3
95.2
62.5
94.6
6.7
26.9
39.4
65.5
99.9
17.7
35.6
65.3
28.6
38.8
47.1
93.0
91.1
61.8
80.1
70.8
84.1
85.6
76.5

—
—
0
0
0
—
—
0
0.2
—
0
0
5
—
16.5
0
6.9
0.8
—
0
0
2
0
13
—
0
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FIG. 4. Spatial location of cloudburst event at (a) Srinagar as detected by satellite data. The bar represents the accumulated rainfall (mm).
(b) As in (a), but for Mandi. (c) As in (a), but for Pithoragarh. (d) As in (a), but for Purala.

success to detect rainfall events at various percentiles. In
contrast, VHI explores the ability of satellite estimates
to capture the fraction of rainfall occurring over an
event location. Further, FAR gives the information of
false detection about the satellites. The POD is calculated over 95th to 99.99th percentiles at six cloudburst
locations for five satellites where IMD gridded data was
able to detect the event. The results are shown in Fig. 5
and it reveals that the probability of satellites to detect

an event decreases as the amount of rainfall from 95th to
99.99th percentile increases. It is seen that all satellites
can detect 99.99th percentile rainfall; however, these
probabilities vary over the events. For example, at
Solan, it is seen that POD of PERSIANN-CDR is 78.7%
at the 95th percentile, and it decreases to 72.0% at the
99.99th percentile. Also, POD of PERSIANN-CDR is
81.0% at the 95th percentile at Mandi, and it decreases
to 76.0% at the 99.99th percentile. It is observed that
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FIG. 4. (Continued)

this satellite performed uniformly in the detection of
rainfall extremes overall events followed by TMPA
and IMERG. Also, it is noticed that the INSAT-3D
performed very poorly in the detection of rainfall extremes followed by CMORPH.
The extended version of contingency information
such as VHI is calculated over time (2014–16) and is
shown in Fig. 6. The results reveal that the PERSIANNCDR captures the highest fraction of the volume of

rainfall in comparison with other satellites at 99.99th
percentile overall events except at Purala. The range
of VHI for PERSIANN-CDR at the 95th percentile
is observed to be between 56.0% and 86.5%, and it
decreases to 46.3%–82.1% at the 99.99th percentile.
However, the performance of PERSIANN-CDR in capturing rainfall fraction over the percentiles is consistent
except at Purala. Similarly, the range of VHI for TMPA
at the 95th percentile is observed to be between 35.8%
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FIG. 5. The POD of satellites at six cloudburst locations calculated over entire time period 2014–16. The x axis represents the rainfall
threshold calculated at 95th–99.99th percentiles.

and 84.7%, while the range is decreased to 33.4%–
81.5% at the 99.99th percentile. Further, TMPA receives the highest rainfall fraction at Mandi (81.5%)
followed by 64.4% and 64.2%, at Purala and Solan
events, respectively. Also, it is observed that IMERG
captures a significant amount of fraction (36.9%) of
rainfall occurring at the Mandi event.
Further, the FAR of the satellites is calculated, and
the corresponding results are shown in Fig. 7. It reveals
that at the 99.99th percentile level, the range of FAR of
TMPA is 43.4%–82.0% over the cloudburst events, in
which the lowest (43.4%) and highest FAR (82.0%)
values are noticed at Pahalgam and Mandi, respectively. Similarly, the range of FAR of PERSIANN-CDR
is about 43.6%–68.2% over the cloudburst events,
in which the lowest is at Pahalgam and highest at
Mandi. CMORPH has the highest (41.6%) FAR
value at the event Pithoragarh and the lowest value at
Purala (20.3%).
The distribution of POD over the geographical stretch
of NWH is presented in the box-and-whisker plot, as
shown in Fig. 8a, and the median of the distribution is
shown in Fig. 8b. It reveals that the range of POD distribution decreases, that is, the median of distribution
decreases with increasing rainfall threshold from 95th to
99.99th percentiles. The satellite INSAT-3D performs

very poorly in detecting the rainfall extremes followed
by CMORPH. In contrast, TMPA has the highest
(34.11%) median value of POD distribution at 99.99th
percentile level, followed by PERSIANN-CDR (33.4%)
and IMERG (11.3%).
Similarly, VHI is calculated, and the results are shown
in the box-and-whisker plot presented in Fig. 9. It is
observed that the rainfall amount captured by satellites
reduces as the percentile level increases from 95th to
99.99th. For example, the median of VHI distribution
for TMPA reduces from 48.4% to 44.7% as rainfall
threshold increases from the 95th to 99.99th percentile.
The median value of VHI distribution suggests that
PERSIANN-CDR captures the highest rainfall amount
(32.2%) at the 99.99th percentile, followed by IMERG
(13.7%). It is found that INSAT-3D performs very
poorly followed by CMORPH. These poor values of
metrics may be due to the high variability of precipitation in space and time, and it shows that satellite
data are in agreement with observations only up to a
certain time lag. Taking this temporal variation into
account, it is assumed that the satellite products might
be following the observed phenomenon in a different
localized time. So, a new metric, defined as IPOD is
calculated to see the improvement in the detection of
extreme events.
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FIG. 6. The VHI of satellites at six cloudburst locations. The x axis represents the rainfall threshold calculated at 95th–99.99th percentiles.

The IPOD of satellites over six selected cloudburst
events are calculated using Eqs. (3)–(6) and the corresponding results are shown in Fig. 10. The result reveals that
an improvement in POD is seen for TMPA, IMERG, and
PERSIANN-CDR at all percentile levels. For example, the
range of IPOD of TMPA at the 95th percentile is obtained
to be 41.8%–81.9%, while it was 25.43%–71.9% in the
standard POD case. In case of the 99.99th percentile, the
range of IPOD is estimated to be 39.6%–78.9%, whereas it
was 23.13%–68.16% in standard POD. Similarly, a transition is seen in POD to IPOD in PERSIANN-CDR with
range variation from 52.976.4% to 70.0%–86.0% at the
99.99th percentile. Also, IMERG experiences such changes
from POD to IPOD with a range from 26.9%–36.5% to
40.9–57.9% at the 99.99th percentile. Likewise, CMORPH
and INSAT-3D experience change, as depicted in Fig. 10.
The results of IPOD over the geographical stretch of
NWH are shown in Fig. 11a, whereas the median of the
distribution is depicted in Fig. 11b. It reveals that there is
an improvement in the detection of rainfall extremes
from 95th to 99.99th by all satellites. The range of IPOD
of TMPA at 95th percentile is obtained to be 38.6%–
75.8%, while it is 22.4%–58.5% in the standard POD
case. In the case of the 99.99th percentile, the range of
IPOD is estimated to be 32.7%–74.4%, whereas it is
19.4%–53.9% in standard POD. Similarly, a transition is
seen in standard POD to IPOD in PERSIANN-CDR with
range variation from 31.6%–57.14% to 51.9%–76.6%.

Also, IMERG experiences such changes from standard
POD to IPOD with a range from 4.9%–17.8% to
15.2%–39.0% at the 99.99th percentile.

c. Performance analysis of finescale resolution
satellites
We have performed our analysis of previous sections on
the fine resolution data available from CHIRPS and
PERSIANN-CCS at 0.058 3 0.058and 0.048 3 0.048 resolution, respectively. The results obtained at six locations
against IMD nearby station data are shown in Fig. 12. It is
seen that the performance of CHIRPS in the detection of
rainfall extremes is consistent overall percentiles. Further,
the results obtained from IPOD reveals that the performance in the detection of rainfall extremes at the 99.99th
percentile of CHIRPS is highest (78.6%) at Srinagar, whereas
it shows lowest IPOD of 60.5% at Pithoragarh. Similarly,
PERSIANN-CCS detects the cloudburst event with the
highest IPOD of 77.17% at Srinagar and the lowest 56.9% at
Pithoragarh. Comparing these results with satellite estimates of coarser resolutions, it is concluded that the finescale satellite estimates perform quite well in the detection
of rainfall extremes. Our results are summarized in Fig. 13.

4. Discussion and conclusions
Evaluation of high-resolution data for monitoring the
events such as cloudbursts since they facilitate mayhem
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FIG. 7. The FAR index of all satellites at cloudburst locations. The x axis represents the rainfall threshold calculated at
95th–99.99th percentiles.

in the region is of utmost necessity. The critical concern
in the assessment of IMD gridded data is the only observed source beneficial in the detection and prediction
of these events at ungauged locations. As a result, the
present paper emphasizes the importance of evaluating
IMD high-resolution gridded observed data as well as
satellites like CHIRPS and PERSIANN-CCS, which

have not been evaluated over NWH region, particularly
for cloudburst events.
Critical rainfall thresholds are generally used for the
identification of extreme events that correspond to a
level above which the event may take place. The cloudburst events presented in this work are taken from the
media assuming they have crossed a 99.99th percentile

FIG. 8. (a) The distribution of POD at the geographical stretch of NWH; (b) median value of the POD. The x axis
represents the rainfall threshold calculated at 95th–99.99th percentiles.
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FIG. 9. (a) The distribution of VHI at geographical stretch of NWH; (b) median value of the VHI. The x axis
represents the rainfall threshold calculated at 95th–99.99th percentiles.

value that statistically defines a cloudburst event.
These thresholds are calculated as 130.61 mm for
J&K, 142.2 mm for HP, and 162.8 mm for the U.K.
from 19 years IMD data. Through such regional
thresholds, a conclusion is drawn stating that out of 18
reported cloudburst events, IMD gridded data can
detect six events. The main reason behind the poor
performance of the gridded set could be the low

density of rain gauge stations, or nonclimatic influences in remote areas like maintenance, quality control, drift correction, station replacement, etc. To
obtain more reliable climate data in such locations,
besides the possibility of establishing dense stations,
an improvement in interpolation techniques and station maintenance should be addressed for increasing
the quality of the data.

FIG. 10. IPOD at each of the cloudburst event. The x axis represents the rainfall threshold calculated at 95th–99.99th percentiles.
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FIG. 11. (a) The distribution of IPOD at geographical stretch of NWH; (b) median value. The x axis represents the
rainfall threshold calculated at 95th–99.99th percentiles.

Further, we have evaluated the performance of seven
satellites on the locations where IMD data has performed well. Therein it is assumed that IMD gridded
data has captured all the rainfall events associated with
the 99.99th percentile at these locations for the period
2014–16. Thereby contingency information like POD,
VHI, FAR values is calculated at six locations for the
entire period. The influence of time lag in the satellite

data is adjusted through a new metric defined as IPOD.
In the standard POD, the method does not consider the
temporal lag between the two datasets. But it may
happen that a satellite would detect an event after a
particular time step. Therefore, the present work incorporates this time gap using IPOD.
The following conclusions are drawn at the 99.99th
percentile:

FIG. 12. POD and IPOD obtained from fine-resolution satellites.
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FIG. 13. Summary of the performance of satellite estimates.
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The range of POD of TMPA is 19.4%–53.9%, followed by PERSIANN-CDR (18.6%–48.4%) and
IMERG (4.9%–17.8%) over the NWH.
Using IPOD metric, the performance of the satellite in
detecting the cloudburst event is enhanced. The range
of IPOD of TMPA is 32.8%–74.4%, followed by
PERSIANN-CDR (34.4%–69.11%) and IMERG
(15.3%–39.0%).
The median value of standard POD distribution in
TMPA is 37.8%, whereas it is 55.9% in IPOD.
Finescale satellite product CHIRPS can detect a cloudburst event with a probability of 60.5%–78.6% using
IPOD metric.
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RB 5

(satellite 2 IMD)
3 100:
IMD

(A1)

The measure RB is a dimensionless quantity used to
quantify the overestimation and underestimation after
multiplying by 100. Similarly, the other measures are
defined as (Dinku et al. 2010; Wilks 2006)
A
A1C

(A2)

B
.
A1C

(A3)

POD 5
and
FAR 5

Equation (A2) gives the fraction of observations detected correctly by the satellites. The range of POD and
FAR lies in between 0 and 1; the value of 0 gives that the
satellite has no skill to detect rainfall events whereas 1
indicates a high score of the satellite.
In Eqs. (A2) and (A3), A, B, and C represent
number of hits, false alarms, and miss rate, respectively.

APPENDIX
Statistical Measures
The statistic metrics used in the present analysis are
relative bias (RB) and the probability of detection (POD).
RB is defined as follows:

TABLE A1. Contingency information of the satellites (obs 5
observed and sat 5 satellite).

Sat $ threshold
Sat , threshold

Obs $ threshold

Obs , threshold

A
C

B
D
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Hit means both the observation and the satellite detect
the cloudburst events, whereas false alarm means the
observation missed but the satellite detects and miss rate
C refers to events detected by observation but missed by
the satellites. The contingency information of the satellites is mentioned in the Table A1.
The statistics calculated from the Eq. (A2) provides the performance of the satellites based on the
categorical measures. For example, a POD of 0.9 indicates that the satellites detect 90% of events. However,

it fails to provide information about the fraction of the
volume of precipitation detected by the satellites. For
this reason, one may need to improve the statistical
score obtained by the original contingency table metrics
and estimate the fraction of the total volume of the climate variables of interest detected correctly. Therefore,
the extended version of the Eq. (A2) is proposed by
(AghaKouchak and Mehran 2013). The volumetric hit
index (VHI), which is the extended version of the POD,
can be defined as follows:

n

VHI 5

å (sati jobsi . thr & sati . thr)

i51
n

n

i51

i51

å (sati jobsi . thr & sati . thr) 1 å (obsi jobsi . thr & sati # thr)

where sat refers to satellite observations being evaluated,
whereas obs represents observations. In Eq. (A4), n is the
sample size, which is the total number of events, considered in this study, and thr is the threshold value. The value
of VHI lies between 0 and 1 in which 1 is the perfect score.
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