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Abstract

A new methodology is developed to construct a global (60°S–60°N) long-term (2000-2019)
high-resolution (~10-km, hourly) mesoscale convective system (MCS) database by tracking
MCS jointly using geostationary satellite infrared brightness temperature (Tb) and precipitation
feature (PF) characteristics from the Integrated Multi-satellitE Retrievals for GPM (IMERG)
precipitation datasets. Independent validation shows that the satellite-based MCS dataset is able
to reproduce important MCS statistics derived from ground-based radar network observations in
the U.S. and China. We show that by carefully considering key PF characteristics in addition to
Tb signatures, the new method significantly improves upon previous Tb-only methods in
detecting MCSs in the midlatitudes for all seasons. Results show that MCSs account for over
50% of annual total rainfall across most of the tropical belt and in select regions of the
midlatitudes, with a strong seasonality over many regions of the globe. The tracking database
allows Lagrangian aspects such as MCS lifetime and translational speed and direction to be
analyzed. The longest-lived MCSs preferentially occur over the subtropical oceans. The land
MCSs have higher cloud-tops associated with more intense convection, and oceanic MCSs have
much higher rainfall production. While MCSs are observed in many regions of the globe, there
are fundamental differences in their dynamic and thermodynamic structures that warrant better
understanding of processes that control their evolution. This global database provides significant
opportunities for observational and modeling studies of MCSs, their characteristics and roles in
regional and global water and energy cycles, as well as their hydrologic and other impacts.

Plain Language Summary

Convective storms of mesoscale dimension are a key component in the Earth’s energy and
hydrological cycle. Mesoscale storms grow to hundreds of kilometers in size and can last for
more than a day, and produce a majority of the annual rainfall in many regions of the world. Past
studies of mesoscale storms have been limited to the tropics and used methodologies not
appropriate in the midlatitudes. Here, we develop a new methodology to track mesoscale storms
globally using high-resolution satellite observations of both cloud and precipitation. The
satellite-based storm tracking reproduces important storm statistics derived from ground-based
radar observations. Our new method significantly improves the detection of mesoscale storms in
the midlatitudes. This new storm tracking database is the first to cover both the tropics and
midlatitudes for all seasons. Results show that mesoscale convective storms account for over
50% annual rainfall across the tropics and many regions of the subtropics and midlatitudes.
Storms over land have more intense convection, while those over ocean produce heavier rainfall
and last longer. This global mesoscale storms tracking database supports a broad range of
applications such as their role in global extreme rainfall and the evaluation of global weather and
climate model simulations.
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Deep convection, especially when it takes on mesoscale dimensions, plays an important
role in the global energy and hydrological cycle. Mesoscale convective system (MCS) is the
largest form taken by individual convective cloud systems. It consists of an ensemble of
cumulonimbus towers that produce a contiguous precipitation area of 100 km or larger (Houze,
2004; 2014 Chapter 9; Houze, 2018). MCSs are ubiquitous in the tropics, particularly over the
west Pacific warm pool, the intertropical convergence zone (ITCZ), tropical Africa, and the
Amazon (Laing & Fritsch, 1997; Yuan & Houze, 2010; Huang et al., 2018). Previous studies
estimate that MCSs account for over half of the tropical precipitation (Yuan & Houze, 2010,
hereafter referred as YH10), and in certain seasons over land regions the fraction can exceed
80% (Nesbitt et al., 2006; Roca et al., 2014).

Compared to most deep convective clouds, MCSs are of a larger horizontal scale and
longer-lived, often persisting many hours with particularly long-lived storms lasting for more
than a day. In addition to producing significantly larger volume of rainfall per storm, a key
distinction of MCS is its large proportion of stratiform precipitation (Houze, 1997; Schumacher
& Houze, 2003), resulting in a top heavier latent heating profile as opposed to a bottom heavy
heating from convective precipitation (Schumacher et al., 2004; Liu et al., 2015). The top heavy
heating profiles associated with tropical MCS have profound impact on the global circulation,
extending beyond the tropics into midlatitudes (Schumacher et al., 2004).

MCSs are often embedded within various tropical waves such as convectively coupled
Kelvin waves (Haertel & Kiladis, 2004), synoptic easterly waves (Schumacher & Houze, 2006),
and the Madden-Julian Oscillation (MJO; Moncrieff, 2010). Tropical MCSs are thought to be an
important building block for large-scale convective organizations such as the MJO due to its
optimum upscale cascade effect for energy and momentum (Moncrieff, 2010). In midlatitudes, a
type of strong MCS, known as mesoscale convective complexes (MCC; Maddox, 1980), tends to
frequently occur within prominent baroclinic zones downstream of major mountain ranges such
as the Rocky Mountains in the U.S., the Andes in South America, Ethiopian Highlands in Africa,
and Tibetan Plateau in China (Laing & Fritsch, 1997, 2000).
MCSs in the U.S. have been extensively studied via weather satellites and the national
weather radar network. Not only do MCSs contribute to comparable fractional total rainfall as
those in the tropics, particularly in the Central U.S. (Fritsch et al., 1986; Feng et al., 2016; Feng
et al., 2019; Haberlie & Ashley, 2019), but they also produce hazardous weather including
flooding, large hail, tornadoes, and damaging winds (Doswell et al., 1996; Ashley & Mote, 2005;
Smith et al., 2012; Stevenson & Schumacher, 2014). Regional studies have documented the
characteristics of MCSs in China (Yang et al., 2015; Chen et al., 2019), central and south
America (Machado et al., 1998), west Africa (Klein et al., 2018) and Europe (Morel & Senesi,
2002).
Satellite observations make it possible to study MCSs at the global scale. Two distinct
methods are generally used in previous global MCS studies. The first type makes use of
geostationary satellite data to track the evolution of MCSs based on their low cloud-top
brightness temperature signatures in successive images (Laing & Fritsch, 1997; Roca et al.,
2014; Huang et al., 2018). The second type is based on low-orbit satellite data, where advanced
instrumentations such as spaceborne radar and microwave radiometers provide additional
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measurements of cloud and precipitation structures, to characterize MCSs (Nesbitt et al., 2006;
YH10; Liu & Zipser, 2013).
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There are advantages and drawbacks for both methods. Geostationary satellite data can
capture the entire lifecycle evolution of MCSs, including their initiation, upscale growth, and
mature and decay phases (e.g., Machado et al., 1998; Roca et al., 2017; Feng et al., 2019). The
lifetime, propagation speed, growth rate of MCSs can also be obtained to better understand their
evolution. However, geostationary satellite data usually lack information on the detailed internal
structure of convection such as precipitation and vertical structures. Low-orbit satellite data, on
the other hand, can provide richer information such as 3D convective/stratiform features (Liu &
Zipser, 2013; Houze et al., 2015), precipitating and non-precipitating cloud characteristics
(Nesbitt et al., 2006; YH10), and estimates of latent heating profiles (Tao et al., 2006; Shige et
al., 2007). But low-orbit satellite data have long revisit intervals and therefore lack temporal
continuity. The “snapshot” nature of low-orbit satellite data necessitates the use of size and/or
intensity of large precipitation features alone to characterize MCSs without considering their
lifetimes, which is a key distinction between MCS and regular deep convection.
The two fundamentally different approaches in documenting global MCS distributions
result in discrepancies. For example, comparisons of collocated observations from convective
features observed by the Global Precipitation Measurement (GPM) Dual-frequency Precipitation
Radar (DPR) and an MCS tracking database incorporating ground-based radar network data over
the U.S. show that only ~70% of the GPM detected mesoscale convective features coincide with
tracked MCSs (Wang et al., 2019), suggesting that using low-orbit satellite data without
considering temporal evolution could overestimate MCS frequency and rainfall contributions.
Previous works that combine geostationary satellite and low-orbit/ground-based platforms (e.g.,
Futyan & Del Genio, 2007; Feng et al., 2019) provide a more comprehensive approach to
examine the lifecycle evolution and vertical structure of MCSs, but they are limited to certain
regions and would require significant effort to be conducted globally over long time periods.

Past studies that use geostationary satellite data for tracking MCSs globally are mostly
limited to the tropics (e.g., Roca et al., 2014; Huang et al., 2018), although MCSs are also
commonly observed in midlatitudes (Laing & Fritsch, 1997; Machado et al., 1998; Wang et al.,
2019). Tracking of MCSs using geostationary satellite infrared (IR) brightness temperature (Tb)
in previous studies is based on the assumption that any long-lived (greater than several hours)
cold cloud system (CCS) that reaches mesoscale dimensions is an MCS. This assumption is
especially problematic in midlatitudes, because synoptic systems such as extratropical cyclones
and frontal systems can also produce large CCSs, but they may not be associated with convection
or even precipitation (Feng et al., 2019). The lack of global MCS studies that cover both the
tropics and midlatitudes limits our understanding of the global distribution and the importance of
MCSs in various geographic regions, as well as our ability to evaluate emerging high-resolution
weather and climate models that can potentially simulate MCSs across the globe.

The recent availability of two long term high-resolution global satellite datasets presents
an opportunity to address this gap. The NASA merged geostationary satellite Tb data (Janowiak
et al., 2017) and the GPM Integrated Multi-satellitE Retrievals (IMERG; Huffman, Stocker, et
al., 2019) precipitation data V06 (Tan et al., 2019a) have been made publicly accessible. The two
global datasets combined provide half-hourly and 0.1° resolution between 60°S and 60°N for 20
years. The IMERG dataset has been demonstrated to provide consistent precipitation retrievals to
resolve the diurnal cycle comparable to that derived from ground-based radar observations (Tan
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et al., 2019a). The goal of this study is to develop a new approach combining these two highresolution satellite datasets to track MCSs globally for both tropics and midlatitude, to evaluate
the satellite-tracked MCSs against available ground-based radar observations, and present global
MCS characteristics obtained by tracking them in this new high-resolution database.
This paper is organized as follows: section 2 describes the observation datasets used in
the study; section 3 presents the MCS tracking methodology development and its evaluation;
section 4 discusses the application of the methodology to the global datasets and demonstrate the
advancement of our new method compared to previous IR-only tracking methods; results of
global MCS characteristics are provided in section 5; summary and conclusions are given in
section 6.

2 Observational datasets
2.1 Satellite data for global MCS tracking

The two global high-resolution satellite datasets used in this study to track MCSs globally
(60°S – 60°N) are the NASA Global Merged IR V1 infrared brightness temperature (Tb) data
(Janowiak et al., 2017) and the GPM IMERG V06B precipitation data (Tan et al., 2019a). Both
datasets are available from 1 June 2000 to 31 March 2020 as of the writing of this manuscript.

The merged geostationary satellite Tb dataset combines all available operational
geostationary satellite data and includes viewing angle and parallax corrections. It provides
continuous global coverage from 60°S – 60°N with a horizontal resolution of about 4 km and a
temporal resolution of 30 min. The hourly Tb data (using the images at 30 min past the hour) is
used to identify and track deep convective clouds associated with MCS similar to our previous
studies (Feng et al., 2018; Feng et al., 2019). The NASA Global Merged IR Tb dataset does not
perform intercalibration among different geostationary satellite sensors, which could cause some
differences among regions covered by different satellites. As demonstrated by Fiolleau et al.
(2020), more work is needed to homogenize the global IR Tb datasets collected from the fleet of
multiagency meteorological geostationary satellites, especially for studying convective clouds
with cold IR Tb. More detailed discussions on the impact of uncertainties in the IR Tb dataset on
MCS tracking are provided in Section 5.1.
The GPM IMERG V06B precipitation data is a unified precipitation retrieval dataset
from a network of partner satellites in the GPM constellation (Huffman, Bolvin, Braithwaite, et
al., 2019; Huffman, Bolvin, Nelkin, et al., 2019; Huffman, Stocker, et al., 2019). The primary
precipitation estimates in IMERG are from passive microwave (PMW) sensors using the
Goddard Profiling algorithm (Kummerow et al., 2001; Kummerow et al., 2011; Kummerow et
al., 2015). A quasi-Lagrangian interpolation scheme (i.e., morphing) is applied to the gridded
PMW precipitation estimates to fill in the gaps between PMW overpasses using motion vectors
derived from total precipitable water vapor from numerical models in V06 (Tan et al., 2019b).

The IMERG precipitation data used in this study is the “Final Precipitation L3 Half
Hourly 0.1° × 0.1° V06B” data (Huffman, Stocker, et al., 2019). To facilitate joint use of the Tb
and IMERG precipitation data for MCS tracking, the 4 km Tb data is regridded to match the
IMERG 0.1° grid using ESMPy, a Python interface to the Earth System Modeling Framework
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(ESMF) regridding software (https://www.earthsystemcog.org/projects/esmpy/). While both the
Tb and IMERG precipitation data are available at half hourly, we only use hourly data for MCS
tracking to reduce the computational cost. Previous work in tracking MCSs using hourly data
suggests such temporal resolution is sufficient for these large convective storms (Feng et al.,
2019). A snapshot from one of the 30 min Tb data is used to represent convective clouds in an
hour, and the two 30 min IMERG precipitation data are averaged to represent the hourly
precipitation amount. After this preprocessing, a global Tb and IMERG precipitation data
covering 60°S – 60°N at 0.1° × 0.1° and 1 hourly resolution is obtained for MCS tracking. In this
study, we use 16 years of Tb and IMERG precipitation data (2001-2019, excluding 2003-2005,
see Section 5.1 for details) to demonstrate our technique and examine the climatological
characteristics of global MCSs.
2.2 Regional ground-based radar data for validation

Ground-based S-band weather radar data from the U.S. and China are used in this study
to develop and validate the MCS tracking algorithm from satellite data. In the U.S., we use the
recently developed 13-year (2004-2016) high-resolution (~4 km, 1 hourly) MCS database east of
the Rocky Mountains (Feng, 2019) as the reference MCS dataset. The reference MCS database
also uses the NASA Global Merged Tb data and synthesizes the Next-Generation Radar Network
(NEXRAD) 3D mosaic radar reflectivity (Bowman & Homeyer, 2017) and the Stage IV radarbased precipitation estimates (Lin, 2011) with rain gauge bias correction. MCSs in this database
are defined as a large CCS (Tb < 241 K) area exceeding 6 × 104 km2, with a radar-defined
precipitating feature (PF) of at least 100 km, containing convective feature radar reflectivity > 45
dBZ at any vertical level, and persisting for at least 6 hours. The Stage IV precipitation estimates
are used to compare with the GPM IMERG precipitation data.

In China, a similar S-band ground-based operational radar network dataset over northern
China is used. A 3D mosaic radar data has been generated by Chen et al. (2020) using the
preprocessing module of the Advanced Regional Prediction System, which combines 21
individual radars to produce a gridded radar dataset with a 2 km horizontal and 500 m vertical
resolution every 30 min. The China radar data used in this study is from 1 April 2016 to 13 July
2016. To identify MCSs consistently with those in the U.S., the China 3D mosaic radar data are
regridded to match the 4 km NASA Global Merged Tb data following the same procedure used
by Feng et al. (2019). Subsequently, the FLEXible object TRacKeR (FLEXTRKR) algorithm
(Feng et al., 2019) is applied to the combined Tb and 3D reflectivity data at hourly resolution to
track MCSs in China. This consistent radar data processing and MCS tracking framework
facilitates comparison with the satellite data between the two different geographic regions.

3 Methodological development and evaluation
3.1 The global MCS tracking methodology

Most previous studies using automated tracking techniques to identify MCS regionally or
globally only used geostationary satellite Tb data. When employing a tracking technique, an
MCS is defined as a CCS that exceeds a certain area threshold continuously for some duration
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(e.g., Machado et al., 1998; Jirak et al., 2003; Fiolleau & Roca, 2013; Huang et al., 2018). In this
study, the FLEXTRKR algorithm (Feng et al., 2019) uses Tb primarily to track CCS, but we have
developed a new approach that further incorporates precipitation characteristics associated with
CCS to more accurately identify the MCSs. A similar method using collocated Tb and
precipitation data from polar orbiting satellites has been used previously to develop an MCS
climatology over the whole tropics (YH10). However, mesoscale tracking was not possible from
polar orbit information, and therefore the YH10 method could only identify MCSs at their
mature stage. Our method of tracking the time dependency of the collocated Tb and precipitation
signatures associated with MCSs takes into account the whole lifecycle of MCSs. In addition, by
applying the method to a wider range of latitudes we extend the MCS climatology globally to
allow comparison of midlatitude and tropical MCS behavior.

Figure 1. Schematic flowchart of MCS identification using collocated satellite infrared brightness
temperature (Tb) and precipitation observations in this study. (a) Identification of cold cloud system
(CCS) based on Tb signatures, (b) tracking of CCS between two consecutive times, (c) linking all
consecutive times to produce tracks, (d) matches tracked CCS with associated precipitation feature (PF),
and (e) identification of MCS based on PF characteristics. The yellow shading in (e) denotes the
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mesoscale period as defined by CCS > 40,000 km2, with a PF major axis length larger than 100 km for
longer than 4 continuous hours. During this period, the PF area, mean rain rate and rain rate skewness
must exceed the thresholds denoted by the magenta dash lines, and the heavy rain volume ratio during this
period must be larger than X% (a function of lifetime, see Figure 3d) to qualify as an MCS. See text for
more details.

In this study, we define an MCS as a convective system with:

1) CCS > 4 × 104 km2 containing a PF with major axis length > 100 km,
2) PF area, mean rain rate, rain rate skewness and heavy rain volume ratio larger than
corresponding lifetime dependent thresholds,
3) Both 1) and 2) last continuously for longer than 4 hours.

Figure 1 shows a schematic flowchart of MCS identification developed in this study which is
explained in detail as follows.

Tracking convective systems using satellite Tb data typically starts with defining a CCS
associated with deep convection. In the FLEXTRKR algorithm, a “detect and spread” approach
to identify CCS has been implemented (Feng et al., 2018). As illustrated in Figure 1 a, cold
cloud cores (Tb < 225 K) are first identified and labeled. They are then spread out iteratively to
reach a secondary Tb threshold < 241 K to define a CCS. The iterative procedure starts from the
largest cold cloud core in a given scene, spreading it by one pixel at a time outward surrounding
the cold core to reach warmer Tb, followed by the second largest cold core, and so on. This
procedure is based on the assumption that larger (mature) cold cloud cores have more time to
detrain and form upper-level anvil clouds around them than smaller (young) clouds. Spreading of
adjacent CCSs stops when the cloud boundaries of the CCSs touch each other. The iterative
procedure ends when no cold cores in a scene can be spread within areas of Tb < 241 K. The
remaining cold clouds (Tb < 241 K) with no cold cores that have not been identified are labeled if
the cold cloud pixels form a contiguous area of > 800 km2.
An update to use a coherent PF to connect multiple CCSs that share the same PF (Feng et
al., 2019) has been implemented for precipitation data in this study. A coherent PF is defined as a
contiguous area with hourly rain rate > 3 mm h-1, whereas in previous work a PF was defined
using low-level radar reflectivity data. The rain rate threshold, while admittedly arbitrary, is
meant to retain contiguous areas of significant precipitation to assist in defining a coherent
precipitating convective system for tracking. The precipitation field is first smoothed using a
moving window (~30 km × 30 km) to reduce the noisiness of the hourly precipitation data. This
“PF-assisted CCS definition” feature takes advantage of both the relative smoothness of the Tb
field and the important PF associated with convection to identify individual CCSs, and better
preserves coherent PFs during major precipitating stages of the MCS lifecycle to improve
tracking fidelity and estimation of various storm statistics such as PF area in subsequent tracking
steps.

The FLEXTRKR tracking of features in time uses a simple area overlap method. CCSs
with an area overlap of more than 50% between two consecutive hours are linked as the same
CCS (Figure 1 b). Tracking terminates when no other CCSs can be linked to the track.
FLEXTRKR handles the track merging/splitting explicitly. When more than one CCS at time n
are linked with one CCS at time n+1, tracking of the largest CCS at time n continues at time n+1,
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and the smaller CCSs at time n are flagged as merging and their trackings are terminated.
Splitting of tracks is handled in a similar way, where the largest overlapping CCS at time n+1 is
a continuation from the track at time n, but smaller overlapping CCSs are treated as newly
generated tracks. The merge/split tracks are recorded such that they can be linked in the
subsequent step.

Among all the tracked CCSs, a candidate MCS is defined as CCS area > 40,000 km2 for
longer than 4 continuous hours (Figure 1 d). The duration criterion is an important aspect of
MCS because longer-lived MCSs not only produce 2-3 times the amount of rainfall compared to
short-lived ones, but they also develop more robust stratiform precipitation and top-heavier
diabatic heating profiles, thus exhibiting much stronger dynamical feedback to the large-scale
environments through quasi-balanced mesoscale convective vortices (Yang et al., 2017; Feng et
al., 2018). After identifying MCS candidates, non-MCS tracks with duration ≤ 12 hours are
included as part of an MCS if they are mergers or splits of the MCS candidates. Manual
examinations of the automated tracking results suggest including smaller mergers/splits often
improves the tracking fidelity by correcting occasional over-segmentation of clouds during the
CCS identification step. Such over-segmentation usually occurs in the decaying stage of MCS
when cloud-top heights are decreasing at variable rates, as reflected by unevenly increasing Tb
within tracked CCS.
The next step is to identify robust MCS from MCS candidates based on their PF
characteristics. At a given hour, the PFs associated with an MCS candidate are defined as
contiguous areas within the MCS with hourly rain rate > 2 mm h-1. We determine the rain rate
threshold by evaluating the global MCS tracking results with the U.S. NEXRAD MCS database
described in Section 3.2. A suite of PF characteristics is calculated for each PF, including major
axis length, area, mean rain rate, rain rate skewness, total rainfall volume, heavy rainfall (rain
rate > 10 mm h-1) volume, etc. The PF characteristics are used in the final step to determine if an
MCS candidate can be identified as an MCS. For each MCS candidate, we define an “MCS
period” as times when a PF major axis length > 100 km for > 4 continuous hours (Figure 1 e).
This period denotes convection growing upscale to reach mesoscale dimension and produces
major precipitation during the MCS lifecycle.
The conceptual evolution of an MCS viewed from its PF characteristics is shown in
Figure 1 e. An MCS typically contains a large PF with high mean rain rate, especially during the
upscale growth stage when most of the precipitation is convective, followed by a positive
skewness of the rain rate distribution during the mature stage when mixed convective and
stratiform rainfall coexist. During the “mesoscale period” (yellow shading in Figure 1 e), if the
PF area, mean rain rate, and rain rate skewness, and heavy rain volume ratio (heavy rain
volume/total rain volume) all exceed the lifetime-dependent thresholds, the MCS candidate is
defined as an MCS. This approach is similar to our previous work in jointly using Tb and PF to
identify MCS in mesoscale resolution (horizontal scale between 10-50 km) datasets (Feng et al.,
2020). The PF area and mean rain rate criteria are designed to capture mesoscale PFs that have
moderate-to-higher mean rainfall intensity, while the positive rain rate skewness (calculated from
native pixel-level data) constrains the PFs to contain some intense convective-like precipitation
(Feng et al., 2016). Our algorithm considers general mesoscale PF associated with MCSs, the
definition of which has been evolving over the years (Houze et al., 1990; Houze, 2014; Houze,
2018). Compared to our previous work, one difference is the requirement of an additional
criterion of the heavy rain volume ratio, which is designed to require that a fraction of the total
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rainfall volume must be from convective precipitation (approximated by hourly rain rate > 10
mm h-1). This is particularly relevant for midlatitude precipitation characteristics during the cold
and/or transition seasons, when passages of baroclinic waves often produce persistent large
CCSs, some of which can be associated with large PFs with moderate mean rain intensities, but
the precipitation is stratiform in nature and consists of little convective/heavy precipitation (e.g.,
post-frontal rainbands in the cold sector) and hence should not be defined as MCSs.
Nevertheless, the definition of MCSs in mid-and-high latitude rainbands, and/or atmospheric
rivers (AR), especially over oceans, is a new use of the concept. Considering the nature of these
mid-latitude weather systems, whether they should be defined as MCSs is ambiguous. Further
work is needed to improve the understanding of such systems and whether the specific definition
of MCS used in this paper should be refined. We discuss our approach in handling ambiguous
mesoscale cloud systems in more detail in Section 4.1.

To determine the PF characteristics thresholds, we use the U.S. NEXRAD MCS tracking
database from Feng et al. (2019) as a reference, which represents a more accurate identification
of MCSs and their associated precipitation compared to the satellite Tb and IMERG precipitation
datasets. In this analysis, data from the period of 2014-2016 between the NEXRAD MCS
database and IMERG data are used. NEXRAD identified hourly MCS locations (~4 km
resolution) are regridded to the IMERG precipitation grid (~10 km resolution). Figure 2 shows
an example of MCS in the U.S. Great Plains observed by the NEXRAD network, and the
associated precipitation estimates from the Stage IV and IMERG dataset. The IMERG hourly PF
morphology from this MCS is similar to that observed by NEXRAD radars (Figure 2 a,b), as the
IMERG estimated PFs contain small regions of intense precipitation (rain rate > 10 mm h-1) and
broad regions of moderate-to-weak precipitation, in agreement with the expected distribution of
convective and stratiform rainfall. The MCS event accumulated precipitation from IMERG
generally agrees with that from Stage IV, albeit differences exist in detailed geographic locations
receiving high rainfall amounts (Figure 2 c,d).
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Figure 2. Example of a tracked MCS over the U.S. Great Plains depicted by NEXRAD radar network and
GPM IMERG observations. (a) Snapshots of NEXRAD radar reflectivity at 2 km MSL during various
MCS lifecycle stages, (b) similar to (a) except for IMERG instantaneous rain rate, (c) Stage IV
accumulated precipitation for the tracked MCS, and (d) same as (c) except for IMERG accumulated
precipitation.

The IMERG observed PF parametric characteristics within the NEXRAD-identified MCS
locations during three warm seasons (March-October, 2014-2016) are shown as a function of
MCS lifetime in Figure 3. It is clear that various PF parametric thresholds generally increase
with MCS lifetime, suggesting that longer-lived MCSs typically have larger and more heavily
precipitating PFs and larger rain rate skewness, denoting more convective-like precipitation. The
linear fit lines in Figure 3 represent various thresholds that can be used. Choosing higher PF
parametric thresholds means only MCSs with larger and more intense PF are identified as MCSs,
and vice versa.
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Figure 3. IMERG derived PF characteristics as a function of MCS lifetime. (a) PF area, (b) PF mean rain
rate, (c) PF rain rate skewness, and (d) heavy rain volume ratio. Dots are specific percentile values shown
in the legend, solid lines are linear fits to each set of percentile values. The fit intercepts and slopes are
shown in the legends as well.

We use the NEXRAD MCS database to calibrate the PF parametric thresholds. By
choosing increasingly lower thresholds (e.g., 10th, 5th, 3rd percentile fit lines), a larger population
of MCSs is identified from the IMERG precipitation dataset. Through statistical comparisons
with the NEXRAD MCS database, we determine the PF parametric thresholds that produce the
best agreement in the number of MCS and the fraction of MCS precipitation to the total
precipitation. These thresholds are the 5th percentile values for PF area, mean rain rate, rain rate
skewness, and 10th percentile values for heavy rain volume ratio, respectively (thresholds given
in the legends in Figure 3). For example, for an MCS that lasts 15 hours, the thresholds for PF
area, mean rain rate, rain rate skewness and heavy rain ratios are approximately 4200 km2, 3.2
mm h-1, 0.3, and 10%, respectively. Calibrating these PF parametric thresholds against the
NEXRAD-defined MCS database in the U.S. means the PF parameters are more tailored for midlatitude continental MCS. However, such calibration should not affect detecting oceanic MCSs
as our analysis results in Section 5 show that oceanic MCSs produce much heavier precipitation
(both local rain rate and rainfall volume) than their land counterparts, making oceanic MCSs
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easier to exceed the PF parametric thresholds and captured by our method. We will validate the
IMERG-based MCS tracking statistics against U.S. NEXRAD observations in Section 3.2, and
further compare them with an operational radar network observations in northern China. Our
efforts to validate the IMERG-based MCS data are limited by availability of radar network data
in other regions.
3.2 Evaluation with the NEXRAD MCS database in the U.S.

The U.S. NEXRAD radar network provides the largest ground-based weather radar
coverage in the world, which is excellent for evaluating the satellite coverage over this region
and for calibrating the ability of the methodology for detecting midlatitude continental MCS.
Comparisons of the spatial distribution of warm season (March – August) MCSs from the
NEXRAD MCS database and the IMERG dataset during 2014-2016 are presented in Figure 4.
In this comparison, the CCS area and duration thresholds for IMERG are adjusted to 60,000 km2
and 6 hours to be consistent with that used in the NEXRAD MCS database (Feng et al., 2019).
This means that only a subset of the longer-lived and more robust MCSs from the IMERG MCS
tracking are included in the comparison, although including the shorter-lived and smaller MCSs
only increase the MCS precipitation fraction by ~10% in this region.

Figure 4. Comparison of the spatial distribution of observed warm season (March - August) MCSs
tracked by NEXRAD radar dataset (top row) and GPM IMERG dataset (bottom row) for 2014-2016. (a,d)
Number of MCSs, (b,e) MCS precipitation amount, and (c,f) MCS precipitation percentage to total
precipitation. The number of MCSs in (a,d) is calculated by adding each swath of an MCS PF during its
lifetime (counted as one sample over each grid point within the swath) over 3 warm seasons divided by
the total number of seasons (3).

The comparison results show a good agreement between the IMERG-based MCS dataset
and the NEXRAD MCS database over the continental U.S. The number of MCS passing over a
given location and the average MCS precipitation amount both maximize in the middle of the
Central U.S. (Figure 4 a-b, d-e), and the MCS precipitation fraction ranges between 40%-60%
over the Great Plains and parts of the Midwest, with a consistent reduction in the Southeast and
Eastern U.S. (Figure 4 c,f). Beyond the continental region, differences in the number of MCSs
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and their associated precipitation increase with the distance from the coastal region, primarily as
a result of the reduced NEXRAD radar coverage beyond the coastline. A secondary peak in MCS
frequency occurs east of the Southeast coastline in the Atlantic where climatological sea surface
temperature is high. While there is evidence of such enhancement in the NEXRAD MCS
database, the IMERG MCS database shows MCS accounting for 40%-50% of the total rainfall in
that region. This comparison highlights the advantage of the IMERG MCS database that
provides complete coverage beyond ground-based radar asset regions.

Figure 5. Comparison of MCS statistics over Central U.S. tracked by NEXRAD radar dataset and GPM
IMERG dataset during 2014-2016. (a) Monthly average number of MCS (bars) and standard deviation
(error bars), probability density function (PDF) of MCS properties are shown in (b-g) for MAM (left
column) and JJA (right column), respectively. (b-c) MCS lifetime, (d-e) MCS PF diameter, (f-g) MCS PF
mean rain rate. The region of comparison is shown as the red box in the inset of (a).

Detailed comparisons of the MCS seasonal cycle and PF characteristics in the Central
U.S. are shown in Figure 5. The total annual mean number of MCS initiated within the Central
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U.S. is around 180 in both datasets. The monthly average number of MCS are also comparable
between the two datasets (Figure 5 a), although the IMERG-based MCS numbers are slightly
lower during the warm season (April – October) and slightly higher during the cold season
(November – March). This bias suggests that some convectively intense MCSs identified by the
NEXRAD radar data during the warm season may not satisfy the precipitation criteria from the
IMERG precipitation data, while some heavily precipitating mesoscale cloud systems identified
by IMERG data as MCSs during the cold season may not meet the radar-based convective
intensity criteria (> 45 dBZ). Nevertheless, the distributions of the MCS PF characteristics from
the IMERG-based MCS dataset, including the MCS PF lifetime, diameter and mean rain rate
agree remarkably well with those from the NEXRAD MCS database, except the PF mean rain
rate in spring from the IMERG-based dataset is slightly higher. These results are encouraging
because the IMERG data is able to estimate important PF characteristics for a variety of PF sizes
and intensities. As such, the IMERG data should be able to identify MCSs in other parts of the
world where large-scale conditions might favor MCS with sizes and intensities are different than
those in the U.S. We note that the above comparisons are sensitive to the rain rate threshold used
to define a PF. As mentioned in Section 3.1, we use 2 mm h-1 as a threshold to define PF in the
IMERG data, which is higher than that used in the NEXRAD Stage IV precipitation data (1 mm
h-1). This is because the IMERG data is found to overestimate areas with weak rainfall intensity
in MCSs (Cui et al., 2020). Using slightly higher rain rate thresholds can mitigate the bias in
estimating PF parameters in the U.S. We note that this choice of rain rate thresholds is likely
product-dependent and that using a different satellite precipitation product may require different
thresholds. The diurnal cycle of warm-season MCS vs. non-MCS precipitation from IMERG
compares quite well with the NEXRAD MCS dataset (Figure S1), demonstrating the advantage
of IMERG with a high temporal resolution.
3.3 Evaluation with weather radar observations in China

To assess the robustness of the IMERG-based MCS dataset in other geophysical regions,
we compare the MCSs tracked with the IMERG data to those tracked with the 21 ground-based
operational radar network data in northern China during 1 April – 13 July in 2016 (see
descriptions in Section 2.2).

The IMERG-tracked MCS lifetime generally compares well with the radar-tracked data,
although the IMERG-based dataset produces more longer-lived MCSs lasting beyond 15 hours
(Figure 6 a). This could be partially attributed to the limited radar coverage in northern China.
Some longer-lived MCSs that initiate inland continue to propagate eastward into the Yellow Sea
(between mainland China and the Korean Peninsula). As they move beyond the range of the
ground-based radar, PFs estimated from the ground-based radar become unavailable while they
can still be detected from the IMERG data, causing some discrepancies in the long-lived MCS
lifetime estimates between the two tracking datasets. The monthly number of MCSs also agrees
well, with most of the MCSs in this region occurring in June (Figure 6 b). Comparisons of the
time series of MCS detection show that most MCS events, particularly those with larger PFs, are
consistently identified in both datasets (Figure S2).
The above evaluation results in two different geographic regions suggest that our new
MCS tracking algorithm jointly using the geostationary satellite Tb and GPM IMERG
precipitation data can provide consistent MCS tracking results with those obtained by using
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ground-based radar data. Despite these encouraging agreements, we emphasize that satellitebased precipitation retrievals such as GPM IMERG used in this study are not a replacement of
surface radar network in providing high spatiotemporal resolution depiction of convective cloud
systems. Radar observations provide important 3D characteristics of MCSs, allowing separation
of convective and stratiform regions that have distinctive precipitation and latent heating
characteristics that cannot be obtained from IMERG precipitation data. Further, both evaluations
described above are conducted in midlatitude continental regions based on the radar data
available to us, future work should further validate IMERG data in other geographic regions,
particularly over tropical oceans. Considering no ground-based radar exists over majority of the
ocean except limited island locations, such validation will likely rely more on comparisons with
other satellite observations such as the GPM DPR, the Tropical Rainfall Measuring Mission
(TRMM) Precipitation Radar, or the A-Train satellites (Stephens et al., 2002). Some
comparisons between our results with past studies are discussed in Section 5. Nevertheless, the
evaluations presented above show that our technique based on IMERG data over land captures
MCSs of a variety of sizes and intensities, giving us more confidence that our method will
produce reasonable MCS tracking results over remote tropical regions.

Figure 6. Comparisons of MCSs over northeastern China tracked by using ground-based radar network
data and GPM IMERG data during 2016. (a) Distribution of MCS lifetime, and (b) number of MCSs per
month. The region of comparison is shown as the red box in the inset of (b).
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4.1 Exclusion of TC and AR in MCS tracking dataset
The global merged Tb and IMERG precipitation data covering 60°S – 60°N with 0.1° ×
0.1° spatial and hourly temporal resolution consist of 3600 × 1800 pixels and 8760 frames per
year. Running the MCS tracking algorithm on the entire globe at the same time is possible, but
not computationally efficient for developing a long-term dataset. Therefore we divide the Earth
into three regions (Figure S3) to conduct the MCS tracking on each region separately: AsiaPacific (35°E – 180°E, 60°S – 60°N), Europe-North America (180°W – 50°E, 20°N – 60°N), and
Africa-South America (180°W – 50°E, 60°S – 30°N). These three regions are large enough to
contain most MCSs with minimal impact from those MCSs crossing from one region to another.
The overlapping areas between the three regions further allow a “buffer zone” to reduce
discontinuity when the regional data are stitched together to develop the global data. Tracking is
run continuously from 1 January to 31 December of each year for each region to minimize the
impact of artificial termination of MCSs that span two different tracking periods.
Figure 7 shows an example of the MCS tracking results over the Maritime Continent
(also see the included animation in the supplementary information). CCSs associated with the
tracked MCSs are indicated by the magenta contours in Figure 7 a and the various color
shadings on top of the GPM IMERG precipitation field in Figure 7 b. This example shows that
most mesoscale PFs that produced heavy precipitation were associated with tracked MCSs. In
addition, the detect-and-spread CCS identification technique in FLEXTRKR (Feng et al., 2018)
is able to separate nearby MCSs that shared cold anvil cloud shields but have separate PFs (e.g.,
the two MCS clusters around 10°S, 125°E).

Figure 7. Example snapshot of tracked MCSs over the Maritime Continent at 10:30 UTC on 21 January
2019. (a) Infrared brightness temperature, (b) GPM IMERG precipitation. The magenta contours in (a)
and the color shadings behind large clusters of PFs in (b) denote each tracked MCS. Weak rain rates < 2
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mm h-1 in (b) are excluded for clarity. Animation for this day is provided in the supplementary
information.

Since our MCS tracking only considers CCS with low Tb and mesoscale PF signatures,
other large precipitating cloud systems that are not MCSs but exhibit similar characteristics
could have been included as MCSs. The most obvious example is tropical cyclone (TC).
Although TC bears similarity with MCS in both Tb and precipitation characteristics, their
formation and maintenance mechanisms are different from MCS. To exclude TCs in our MCS
tracking database, we use the International Best Track Archive for Climate Stewardship
(IBTrACS) TC v4 database (Knapp et al., 2010; Knapp et al., 2018). The IBTrACS database
contains global TC information at a minimum of 3 hourly resolution (certain regions contain
higher temporal resolution). Each TC has a centroid location, time, and a series of TC
characteristics such as the maximum wind speed, minimum pressure, etc. We use the estimated
mean radius of the outermost closed isobar as the radius of a TC. When the radius of the last
closed isobar is unavailable, the maximum radius of 30/34 kt wind among all four quadrants is
used. This decision is made such that we exclude the potential influence of TC in our MCS
database as much as possible. For MCSs in our tracking dataset, if the CCS mask (e.g., color
shading areas in Figure 7 b) associated with a tracked MCS overlaps with the TC radius mask at
any given time during the MCS lifetime, that MCS is excluded from our tracking database. This
stringent requirement is designed to exclude any MCSs in the proximity of a TC.
In close examination of the geographic distribution of MCSs from our tracking database,
we find two regions commonly affected by AR during the cool season (September – February) in
the Northern Hemisphere, the North American West Coast and European West Coast (Rutz et
al., 2019), showing higher numbers of MCSs identified than expected. This is likely due to
orographic enhancement of precipitation when AR makes landfall in regions of complex terrain,
and the high intensity PFs and the expansive frontal stratiform clouds are aliased as MCSs. As
orographic enhancement during AR events in the cool season is often associated with seederfeeder clouds (Creamean et al., 2013), such PFs should not be included as MCS, although MCSs
have been found in associated with ARs during the warm season (Moore et al., 2012). To
identify AR events, we use a high-resolution global AR dataset (Rutz et al., 2019) based on the
tracking of ARs in the Modern-Era Retrospective Analysis for Research and Applications,
Version 2 (MERRA-2) data. The AR dataset has hourly and 0.5° × 0.625° (latitude × longitude)
resolution. Similar to the procedure for excluding TCs, MCSs (using the CCS mask) that overlap
with an AR are excluded from our database. We only exclude MCSs within landfalling ARs over
the two West Coast regions with sigifinicant topography changes as defined by Rutz et al. (2019,
Figure 4). This is because over the ocean, cyclone genesis and frontogenesis associated with AR
often produce intense precipitation over a strengthening cold front. The vertical structure of
convective and stratiform precipitation and associated latent heating generated by forced ascent
in frontogenesis environment closely resemble MCS (Cannon et al., 2020). Therefore, MCSs in
our database over the Northeastern Pacific and Northeastern Atlantic Oceans are retained even if
they are within ARs. These heavily precipitating rainbands and mesoscale cloud systems in the
midlatitudes, particularly those over the ocean, should be re-examined in future research to better
understand their nature and to determine whether the definition of MCS used in this study should
be refined.
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The annual averaged numbers of excluded MCSs near TCs in Asia-Pacific, Europe-North
America, and Africa-South America regions are 332, 202 and 83, respectively. These excluded
MCSs only account for 1%-3% of the total MCS populations in each region. In contrast, the
annual averaged number of excluded MCSs in landfalling ARs is 369, ~10% of the MCS
populations in Europe-North America, suggesting that intense precipitation systems within
landfalling ARs play a non-negligible role in the West Coast of North America and Europe.
During the 16-year study period (2001-2019, excluding 2003-2005), the average number of MCS
tracked in the globe is approximately 29,073 per year. Asia-Pacific and Africa-South America
have a similar number of MCSs, averaging ~13,257 year-1 and ~13,340 year-1, respectively,
while Europe-North America has ~2,476 year-1. Separating by latitudes, the tropics (20°S –
20°N) has ~19,915 MCSs per year, followed by the Northern Hemisphere (20°N – 60°N) with
~4,952 year-1, and the Southern Hemisphere (20°S – 60°S) with ~4,206 year-1.

4.2 Comparison with previous IR-only method

Compared to previous IR-only MCS tracking methods (Laing & Fritsch, 1997; Roca et
al., 2017; Huang et al., 2018), the key feature of the algorithm developed in this study is the use
of precipitation characteristics in addition to IR signatures to identify MCSs. MCSs in the IRonly methods are commonly defined as a cloud system (a contiguous area with IR Tb below
some temperature threshold values) larger than some area thresholds and persists for at least a
few hours. This method has some validity in the tropics where most long-lived cloud systems
with cold cloud tops reaching the mesoscale dimension are associated with MCSs. However,
combining cloud-top temperature with precipitation observed by satellite produced a more
accurate census of MCSs in the tropics (YH10). In this study we have further improved the
approach by adding time-dependent tracking to the combination of Tb and precipitation. In
midlatitudes, the IR-only method has been useful for MCSs during the warm season in the
Americas (Fritsch et al., 1986; Machado et al., 1998; Jirak et al., 2003), China (Yang et al., 2015;
Chen et al., 2019) and Europe (Morel & Senesi, 2002). Outside of summer when baroclinic
forcing is much stronger in the midlatitudes, large and long-lived cloud systems viewed from IR
data alone are often insufficient to identify MCS, as many synoptically-forced clouds not
associated with MCS bear similarity with large and long-lived MCSs in IR signatures (i.e., large
and long-lived).
To demonstrate the advance of our new algorithm compared to previous IR-only MCS
tracking methods, we compare the MCS populations identified by IR-only method and our new
IR+PF method over Asia. MCSs identified by the IR-only method are the “MCS candidates” that
are described in Section 3. Figure 8 shows the spatial distribution of the difference in seasonal
mean number of MCS between the two methods. Over the tropics (south of 20°N) the largest
difference is ~10% across all seasons, suggesting that most tracked mesoscale cloud systems in
the tropics produce precipitation that satisfies our PF criteria calibrated from midlatitude MCSs
(Section 3.1). It also means that our method should produce consistent MCS identification with
previous IR-only methods over the tropics, facilitating comparison with previous studies. In
contrast, in the midlatitude, particularly in non-summer seasons, significant differences in the
number of MCSs are found over Central Asia, extending to the Northern Pacific Ocean during
boreal spring (MAM) and winter (DJF). On average, the IR-only method identifies 30-50 more
MCSs (a factor of 5-20) over the Tibetan Plateau and the Tian Shan mountain ranges in spring
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and winter. Even during boreal summer (June-August), the IR-only method still identifies a
notably higher number of MCSs (15-20, or a factor of 2) over the Tibetan Plateau compared to
the new IR+PF method.

Tian Shan
mountain ranges

Tibetan Plateau

Figure 8. Spatial distribution of the average differences in the number of MCSs between IR-only method and
the new robust MCS method in this study during the four seasons for 2014-2019. (a) March–May, (b) June–
August, (c) September–November, and (d) December–February. Gray outlines in the background are terrain
elevations higher than 1000 m.

To help explain the discrepancy between the IR-only and IR+PF methods, we compare
four PF characteristics associated with MCS populations identified between the two methods.
Figure 9 shows the joint probability density functions (PDF) of Central Asian (28°N – 60°N,
50°E − 120°E) MCS lifetimes and the four PF characteristics that are used to define MCS in this
study (see Section 3.1), namely PF area, PF mean rain rate, rain rate skewness, and heavy rain
ratio. Results show that a large fraction of MCS defined by the IR-only method have PF area and
PF mean rain rate below their respective thresholds used in the IR+PF algorithm, followed by a
smaller fraction that fails the rain rate skewness and heavy rain ratio criteria. This finding
suggests that many tracked long-lived large CCSs in the IR-only method contain very small PFs
with low rainfall intensity and sometimes stratiform-like precipitation (weak spatial variability as
suggested by low skewness, and low fraction of heavy rainfall), inconsistent with MCS
characteristics. A typical example of large tracked CCS with scattered weak precipitation over
the Tibetan Plateau is shown in Figure S4. Similar joint-PDF analysis for summer season MCS
populations further finds that tracked convection from the IR-only method often has too small PF
areas, although mostly satisfying the other three PF criteria (not shown). The PF area thresholds
used in our algorithm are not particularly high. For example, for a system with 5-hour lifetime,
the PF area threshold (Figure 3 a) is 3467 km2, or 66 km equivalent diameter. Systems failing to
exceed this PF area threshold should not be identified as MCSs.
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These analyses, while only conducted over Asia, demonstrate that our new MCS tracking
algorithm that considers key PF characteristics in identifying MCSs is more accurate than
previous IR-only MCS tracking algorithms over the midlatitudes, particularly in non-summer
seasons. This new algorithm can be applied globally for both the tropics and midlatitudes over all
seasons to develop a global MCS tracking database.

Figure 9. Comparisons of the joint PDF of PF parameters between MCSs defined by IR-only method (left
column) and the new IR+PF method (right column) over Central Asia region (28°N – 60°N, 50°E −
120°E) for all seasons during 2014-2019. (a-b) PF area, (c-d) PF mean rain rate, (e-f), PF rain rate
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skewness, and (g-h) heavy rain ratio. Red lines denote thresholds used to define robust MCSs for each PF
parameter. The MCS lifetime here is defined by the tracked CCS duration. Mean values of the PF
parameters throughout each MCS lifetime is used.

5 Global MCS characteristics
5.1 MCS frequency and precipitation

Global distributions of the annual mean number of MCSs, MCS precipitation amount,
and MCS contribution to annual total precipitation during the 16-year period (2001 – 2019,
excluding 2003-2005) are shown in Figure 10. The number of MCSs is calculated by counting
the entire swath of precipitation at the 0.1° × 0.1° pixel associated with a tracked MCS once,
then summing up the count for all observed MCSs. The annual mean number of MCSs at a given
0.1° × 0.1° pixel refers to the number of MCSs passing over that pixel per year. MCS
precipitation amount is calculated by averaging all precipitation within the MCS cloud mask
(i.e., CCS).

Figure 10. Annual mean global distribution of (a) the number of MCS, (b) MCS precipitation amount,
and (c) percentage of MCS precipitation to total precipitation between 2001-2019. Dark gray contours
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show terrains higher than 1000 m. The gray shaded regions over the Southern Pacific Ocean have
frequent (> 25%) missing Tb data that affects MCS tracking and is therefore masked out.

MCSs occur both in the tropics and midlatitudes (Figure 10 a). The deep tropics (within
20°S – 20°N) have the largest number of MCSs, particularly over the Indo-Pacific warm pool,
Central Africa, the Amazon, and tropical Eastern Pacific, averaging over 70 MCSs per year over
broad regions. The geographic distribution of tropical MCSs found in this study is broadly
consistent with previous MCS climatology studies (YH10 Fig. 9; e.g., Huang et al., 2018 Fig. 4).
Huang et al. (2018) used IR Tb only to track MCSs in the tropics, while YH10 used joint Tb and
precipitation signature similar to this study to identify mature MCSs except without tracking.
The consistency between our results with these past studies that use different methodology lend
further credence to the application of our current method over the whole Earth, even though the
PF parameters were more tailored for midlatitude continental MCSs (Section 3.1). In the
midlatitudes, the Central U.S., Argentina, Eastern China and Central Europe, are the major
continental regions that favor MCS developments. Over ocean, MCSs are also frequently
observed offshore of the east coast of North America, South America, East Asia, and South
Africa, where influence of warm ocean currents, gravity wave generation, synoptic disturbances,
flow over mountain ranges, or some combination of these factors affect MCS occurrence.
The distribution of MCS precipitation amount largely follows the MCS density (Figure
10 b), with the largest annual mean MCS precipitation amount found over tropical Eastern
Pacific offshore from the Columbian coast, Indo-Pacific warm pool west of Sumatra and
surrounding oceans near the Solomon Islands. MCS contribution to annual total precipitation
exceeds 50% across the majority of the tropical belt (15°S – 15°N), with several ocean basins
reaching above 60%, including the Indo-Pacific warm pool, Bay of Bengal, tropical Eastern
Atlantic, and tropical Eastern Pacific (Figure 10 c). Using a similar combination of Tb and
precipitation data, YH10 also found that mature MCSs account for 56% of total tropical rainfall,
consistent with our results. Over continents, the most notable region with the highest MCS
rainfall fraction is the West African Monsoon region, exceeding 70% of the annual rainfall,
followed by Argentina, Amazon, Central North America, and India with MCS rainfall fractions
around 40-60%. Interestingly, in offshore regions of the east coast of North America and East
Asia where enhanced MCS occurrence is observed, MCSs only account for 40% or less of the
total rainfall, suggesting other types of precipitation such as those related to extratropical
cyclones are more dominant in these regions.

The spatial distribution of MCS rainfall contribution found in this study is qualitatively
consistent with previous studies that use different methodologies or observing platforms. Roca et
al. (2014) used IR-only tracking to identify MCS during one season (June-September) and
showed that MCSs account for 40-60% of tropical rainfall, with a higher percentage over Africa,
Bay of Bengal and subtropical Western Pacific. Using low-orbit Microwave Imager overpass
precipitation retrieval onboard the TRMM satellite, Nesbitt et al. (2006) defined an MCS simply
as a PF with major axis length exceeding 100 km. They also found MCSs dominate precipitation
in the tropics with a similar geographic distribution to Figure 10 c, although their magnitudes are
generally higher (tropics-wide MCS contribution is 60%-70%). This discrepancy could be
caused by the lack of temporal continuity of low-orbit satellite observations, or the simplicity of
the MCS definition used by Nesbitt et al. (2006). Short-lived convection could grow to reach
mesoscale dimension but quickly decay, thus failing the 4-hour duration criterion and not
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included as MCS in this study, as demonstrated by Wang et al. (2019). Results from Nesbitt et al.
(2006) possibly overestimated the MCS contribution to the total precipitation, as estimates from
YH10 using similar Tb and precipitation data with a more comprehensive method to identify
mature MCSs also found a 56% tropical MCS rainfall contribution, more consistent with the
current study.

Figure 11. Percentage of MCS precipitation to total precipitation in (a) March-May, (b) June-August, (c)
September-November, and (d) December-February.

This article is protected by copyright. All rights reserved.

Accepted Article

MCS contribution to regional rainfall displays a strong seasonality over many regions of
the globe, except for the Indo-Pacific warm pool and the ITCZ, where MCS consistently
accounts for 50-60% of total rainfall throughout the year (Figure 11). Regions with higher MCS
seasonal rainfall fractions generally have more MCS occurrence (Figure S5) although there are
some exceptions (e.g. Northwest Atlantic and Northwest Pacific storm track regions). The MCS
numbers shown in Figure 10a and Figure S5 include the effect of MCS PF area, which are
larger during the cold season (Figure S6) associated with stronger midlatitude baroclinic forcing
(Feng et al., 2019). Counting the number of MCS using only the geometric center of MCS PF, a
method commonly used in previous studies, results in similar patterns in the tropics, but the
midlatitude MCS occurrences during cold seasons are reduced (Figure S7), reflecting the
impacts of their larger size. During the transition seasons, MCS contributions to total rainfall are
higher over the U.S. Great Plains and Eastern China in spring and over the South Asian Monsoon
region in both spring and fall. During boreal summer (JJA), MCSs dominate the rainfall over the
Central U.S., offshore regions east of North America, South Asian Monsoon region particularly
over the Bay of Bengal, East Asian Monsoon region, and the Sahel and Central Africa. During
boreal winter (DJF), MCSs account for up to 80% of rainfall in northern Argentina and over 50%
offshore to the east of South America and South Africa, the Australian Monsoon region, and
subtropical Central Pacific. MCSs account for the smallest total rainfall during the winter season
in the respective hemispheres, suggesting non-deep convective synoptic systems are more
important in winter when the jet stream moves equatorward and convective instability needed to
support MCSs decreases without surface heating and ample moisture. In Europe, while MCSs
are less common, they tend to occur more often over the continent in summer and over the
Mediterranean Sea during fall and winter, consistent with a previous study that finds a peak in
late August to September (Morel & Senesi, 2002). The strong seasonal contrast of MCS
occurrences found in this study is quite consistent with previous works that use similar Tb and
precipitation data to identify mature MCSs (YH10), and those that use spaceborne radar
observations to depict organized convection with deep and/or wide convective features (Wang et
al., 2019) and broad stratiform rain regions (Houze et al., 2015).

5.2 MCS lifetime, motion, and rainfall

The more unique aspects of the global MCS tracking database developed in this study are
the Lagrangian perspective of the MCSs, the high spatiotemporal resolution, and the collocation
of the IR Tb and precipitation data. MCS lifetime and translation speed and direction are two
important Lagrangian aspects supported by the analysis of our database. Figure 12 shows the
spatial distribution of average MCS lifetime for JJA and DJF, and the zonal mean MCS lifetime
for oceanic and land MCSs. MCS lifetime here is defined by the duration when a significant PF
(major axis length > 20 km) is detected within a tracked MCS. This lifetime definition represents
the active convection (or precipitation) period of the storm, which is shorter than the lifetime
calculated using IR Tb, as the upper-level anvil cloud would persist continuously for some time
after convection/precipitation has ended. Results show significant contrast between land and
oceanic MCS lifetime in addition to regional and seasonal variability. Long-lived MCSs (lifetime
> 36 hours) are primarily found over tropical and subtropical oceans. During JJA, the tropical
Eastern Pacific and Eastern Atlantic, the Bay of Bengal and the South China Sea show the
longest-lived MCSs (Figure 12 a). These regions feature enhanced synoptic transient
disturbances (periods of several days) associated with tropical easterly waves in the summer
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(Lau & Lau, 1990) that potentially create coherence and propagating environments that support
long-lived MCSs (Mapes et al., 2006). It is also possible that over ocean multiple convective
complexes growing and decaying in close proximity could prolong the MCS lifetime, where such
mechanism may be less likely to occur over land. The shortest-lived summer MCSs are found
over the interior of the Northern Hemisphere continents such as Canada, Europe, and Siberia. A
recent study using GPM DPR data finds extreme deep and wide convective features sometimes
occur in these high-latitude continental regions during summer (Houze et al., 2019), suggesting
that these extreme convective storms are associated with relatively short-lived MCSs.

Figure 12. Spatial distribution of mean MCS lifetime during (a) JJA and (b) DJF, (c) box-whisker plot of
the zonal MCS lifetime distribution for oceanic and land MCSs. Areas with average number of MCS < 1
are excluded in (a-b). To calculate the spatial distribution, each MCS PF (rain rate > 2 mm h-1) swath
during its entire lifetime is assigned a single lifetime value (in hours) on the native 0.1° pixel, and then
averaged over time in a season. Regions with long-lived MCS are marked in black boxes, see discussions
in the text. In (c), boxes are the interquartile range, horizontal bars are median values, circles are mean
values, and whiskers denote 5th and 95th percentile values. The two thick lines in (c) are the number of
MCS per latitude bin.
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During DJF, long-lived MCSs are more commonly observed near subtropical Eastern
Pacific, the tropical Indian Ocean, the Pacific warm pool north of the Maritime Continent and the
Southern Pacific Convergence Zone (SPCZ, Figure 12 b). Large-scale precipitation systems
(duration > 7 days), sometimes associated with the Madden Julian Oscillation (MJO; Madden &
Julian, 1972; Zhang, 2005), are frequently observed over the Pacific warm pool during DJF
(Kerns & Chen, 2020). The regions with particularly long-lived MCSs are near the fringe of
these large-scale precipitation systems or MJOs, suggesting interactions between intraseasonal
variability and extra-tropical disturbances may favor long-lived MCS during DJF, which
warrants future study. Globally, tropical oceanic MCSs typically last 3-4 hours longer than those
over land, but the extreme MCS lifetimes over ocean can be more than 10 hours longer than their
land counterparts, particularly around the subtropics (Figure 12 c). The land-ocean MCS lifetime
contrast gradually diminishes in the mid- and high-latitude where the number of MCSs decreases
significantly.

Figure 13. Same as Figure 12 except for MCS translation speeds and directions. The shadings denote
mean translation speed, the vectors show the translation direction and magnitude, which are estimated by
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using a 2D cross-correlation map between two consecutive hours of the MCS precipitation features (Feng
et al. 2018).

Global distributions of MCS translation speed and direction during JJA and DJF are
shown in Figure 13. The motion of MCSs is estimated by a 2D cross-correlation map between
two consecutive hours of the MCS PFs (Feng et al., 2018) rather than the centroid location
difference used in previous methods. This method is less prone to the large fluctuations caused
by morphological changes of the MCS cloud or precipitation field that impact the centroid
location calculations. There is a strong latitudinal dependence of MCS speed and direction:
tropical and subtropical MCSs generally move westward with moderate speeds of 6-12 m s-1,
while mid- and high-latitude MCSs move eastward with significantly faster speeds of 12-26 m s1
. The MCS mean translation speeds are generally higher in regions with stronger upper-level
zonal wind (e.g., North Atlantic and North Pacific storm tracks during DJF, and Southern Ocean
storm tracks during both seasons), suggesting MCSs that occur in traveling disturbances in the
stronger westerly jets tend to move faster. However, advection by mid-level wind is only one
factor affecting MCS movement. The mid-level wind also affects MCS motion through MCSinduced mesoscale circulations. Other factors such as gravity waves and availability of
environmental moisture also affect MCS motion. Using ground-based radar-observed PFs to
estimate MCS movement speeds over the U.S., Feng et al. (2019) found similar latitudinal
dependence and attributed the probable cause to mesoscale downward transport of stronger
background zonal wind velocity at higher latitudes. Compared to the MCS translation speed
estimated using NEXRAD radar observations in the U.S. (see Figure 13 and Figure S6 in Feng et
al., 2019), the IMERG-based translation speeds are slightly larger during the cold season,
suggesting that uncertainties in IMERG precipitation retrievals could potentially affect the
translation speed estimates. Interestingly, tropical MCSs over land generally move slightly faster
than those over ocean (Figure 13 c), particularly over Africa during JJA, suggesting stronger
cold pools driven by more rain evaporation over land may help with faster storm movement
under relatively weak background wind. This land-ocean contrast in MCS translation speed
diminishes in the subtropics and reverses in the mid- to high-latitudes. Cold season MCSs
primarily associated with the strongest baroclinic forcing (Feng et al., 2019) show the fastest
movement in both respective hemispheres (Figure 13 a,b).
The MCS convective intensity and precipitation characteristics between land and ocean
across the globe are compared in Figure 14. We use the minimum IR Tb (proportional to the
deepest cloud-top height) during the entire duration of each MCS as a simple proxy for
convective intensity, and similarly use the maximum rain rate during the MCS lifetime to
represent the heaviest rainfall intensity. In general, land MCSs have stronger convective intensity
than oceanic MCSs (Figure 14 a), especially over the subtropical zone (20°-33° in both
hemispheres) where land MCSs grow significantly deeper than oceanic MCSs. In contrast,
oceanic MCSs produce much more intense precipitation than land MCSs (e.g., median rain rate
differs by 10-15 mm h-1, and 95th percentile rain rate differs up to 35 mm h-1), with the largest
difference occurring again near the subtropics (Figure 14 b). MCSs with the largest maximum
rain rates are typically found near the periphery of subtropical highs over the ocean (Figure S6)
where MCSs are relatively less common (Figure S5). These differences in MCS convective
intensity and precipitation intensity are likely affected by the fundamental difference in
atmospheric environments over land and ocean. For example, higher convective potential
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available energy (CAPE) over certain continental regions where deep mixed layer are formed
and/or subsidence is produced in the lee of mountain ranges with steep lapse rate and capping
inversions can support more intense convection for land MCSs. Intense and highly organized
convection such as supercells can produce extreme rainfall in addition to other hazardous
weather such as hail and tornadoes (Smith et al., 2001; Nielsen & Schumacher, 2018). It is not
immediately clear why oceanic MCSs have significantly higher maximum rainfall intensity
compared to their land counterparts. While uncertainties in IMERG precipitation retrieval in
intense precipitating MCSs could affect these results (more discussions in Section 5.3), similar
land/ocean contrast in maximum MCS rainfall rates is found using the GPM DPR radar-derived
surface precipitation data (Figure 4 in Liu et al., 2021). It is possible, however, that both
retrievals overestimate ocean rain rates or underestimate land rain rates. More work is needed to
systematically compare environmental differences between land and oceanic MCSs to better
understand various factors that modulate these MCS characteristics.

Figure 14. Box-whisker plot of the zonal distribution of (a) minimum IR Tb for each MCS, and (b)
maximum rain rate for each MCS. Boxes are the interquartile range, horizontal bars are median values,
circles are mean values, and whiskers denote 5th and 95th percentile values.

5.3 Uncertainty of the results

Since various PF criteria are used in this study to identify MCS (Section 3.1), here we
briefly examine the sensitivity of the results to the PF parametric thresholds. We lower all four
PF parametric thresholds shown in Figure 3 to examine their impact on MCS frequency and
rainfall contribution over different geographic regions. Results show that while the number of
MCSs shows a small increase as expected, the impact on MCS precipitation amount and fraction
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to total precipitation is less than 10% over most regions (not shown). In Europe, the lower PF
criteria increase the annual MCS precipitation fraction by more than 10%, suggesting MCS PF
characteristics in Europe are generally weaker, hence lowering the PF parametric thresholds
allows more MCSs to be included in that region. This sensitivity test suggests that while using
universal criteria to define MCS globally facilitates cross-comparisons among different
geographic regions, such an approach may miss some storms in specific regions. In our MCS
tracking database, all MCS candidates that satisfy the CCS area and duration are archived, along
with their corresponding PF characteristics used to further identify MCS. Therefore, the database
allows adjustments of MCS criteria for MCS identification in specific regions without re-running
FLEXTRKR, providing more flexibility for future research.

In addition to our MCS tracking methodology, missing geostationary IR Tb data and
uncertainties in the IMERG precipitation dataset, including rainfall area and intensity, could also
affect the MCS results. Throughout the 20-year period (2000-2019), several generations of
geostationary satellite fleets have been used to produce the global MergIR Tb dataset (for a
complete list of satellites see https://docserver.gesdisc.eosdis.nasa.gov/public/project/GPM/CPC4kmIR-Sats.pdf). During the early 2000s, certain regions have larger fractions of missing Tb data
(Figure S9), such as the West Pacific (130°E - 180°E) and the Southeast Pacific (140°W - 80°W,
60°S - 5°S). We have examined the missing IR Tb data and their impacts on the MCS tracking
results on a monthly timescale and found that the impact in the West Pacific region during 20032005 is significant. Frequent missing IR Tb data at 4 hours of the day (03, 09, 15, 21 UTC) in
that region during those 3 years results in a noticeable reduction of long-lived MCSs and a
significant increase of short-lived (5-hour lifetime) ones. Therefore, data between 2003-2005 are
excluded in the MCS climatology presented in Section 5. As for the missing data in the
Southeast Pacific west of South America (from the Geostationary Operational Environmental
Satellite, GOES), while there is a modest amount of missing data (on average 20-30%), the
impact on MCS should be relatively small as that region is expected to have few MCSs due to
the climatologically low sea surface temperature. In addition, the lack of intercalibration of the
MergIR Tb dataset among the multiagency geostationary satellite fleet suggests this database may
not be suitable for studying long term trends.

Although MCS statistics obtained from IMERG data have been extensively evaluated
over the U.S. and China against ground-based radar datasets, both regions are over midlatitude
continents. More evaluations over oceanic regions are needed, as the microwave rainfall
estimates used in IMERG were produced using different algorithms for land and ocean. The
IMERG data also have known issues such as lack of consistency in consecutive frames,
particularly in the near-realtime version of the product (e.g.,
https://svs.gsfc.nasa.gov/vis/a000000/a004200/a004285/imergert_1080p_30.mp4). Such
inconsistency is likely related to the limited availability of microwave-based retrievals at subhourly time scale and the “morphing” interpolation technique employed in the IMERG
algorithm. Although the final version of the product used in this study with the complete
microwave constellations and rain gauge bias correction has improved temporal consistency,
fluctuations of hourly rainfall values may affect the accuracy of MCS identification since
temporal evolution of PF characteristics is used in our algorithm. However, the PF parameters
we use to define MCS are a combination of statistical moments (PF area, mean rain rate, rain rate
skewness, heavy rain volume ratio) that are less sensitive to fluctuations of the native pixel-level
rainfall values. In addition, our algorithm examines individual continuous sub-periods of each
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tracked cloud system when a PF reaches mesoscale dimension (PF major axis length > 100 km).
If the PF parameters during that sub-period exceed their respective thresholds determined by the
sub-period duration (at least 5 hours), the entire tracked cloud system is identified as an MCS. As
long as the IMERG-derived PF parameters do not consistently drop below the minimum
thresholds more frequently than 5 hours, the fluctuations should not impact MCS identification.
The IMERG microwave rainfall retrievals are calibrated against the combined radarradiometer algorithm, which could transfer the limitations of the radar retrieval scheme
(Huffman, Bolvin, Braithwaite, et al., 2019; Huffman, Bolvin, Nelkin, et al., 2019). Previous
studies have shown that the TRMM radar retrieved surface precipitation in intense convective
cores over land are underestimated due to biases in attenuation correction associated with
hail/graupel (Rasmussen et al., 2013; Gingrey et al., 2018). Since similar radar-radiometer
rainfall retrieval scheme is used in GPM rainfall products, such biases could potentially affect
microwave retrievals that are used in the IMERG precipitation data. More comparisons on
intense convective precipitation retrievals both over ocean and land from IMERG against
ground-based radar estimates, such as radars located on coastal regions and remote islands in the
tropics and subtropics could further shed light on intense MCS rainfall contrast between land and
ocean.

Newly available high-resolution satellite precipitation data product such as GPM IMERG
should be treated as experimental global datasets. Uncertainties in these retrievals may impact
the accuracy of the global MCS climatology results presented in this study. Nevertheless, the
physically sound MCS features, including their geographical and seasonal variations, land vs.
ocean contrasts and consistency with previous studies using independent satellite observations
suggest that the IMERG dataset is capable of supporting our effort in developing a long-term
high-resolution global MCS tracking database and providing a global survey of MCS
characteristics. When improved versions of IMERG products become available in future, the
global MCS dataset developed in this study will be updated accordingly.

6 Summary and Conclusions

In this study, we develop a new methodology to construct a global (60°S – 60°N) longterm (2000-2019) high-resolution (~10 km, 1 hourly) MCS database by jointly using
geostationary satellite infrared brightness temperature (IR Tb) and the GPM IMERG
precipitation datasets. The method characterizes MCSs by both combining Tb and precipitation
feature (PF) fields and tracking the features over time. Previous techniques have used either
tracking only Tb features in time (e.g., Roca et al., 2014; Huang et al., 2018) or combining Tb and
precipitation without tracking (YH10).

MCSs in this study must satisfy both large cold cloud shield and mesoscale PF
requirements for longer than 4 hours (see details in Section 3.1). The PF characteristics are
calibrated with a long-term MCS dataset based on the NEXRAD radar network in the U.S.
(Feng, 2019). MCS statistics obtained using the satellite-based IMERG data are validated against
two midlatitude continental ground-based radar networks (NEXRAD in the U.S. and the
operational radar network in northern China). The validation results show that our methodology
detects MCSs with a wide range of sizes and strengths comparable to those observed by radar
networks. In addition, the MCS climatology obtained in the near-equatorial latitudes is consistent
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Our analyses show that previous IR-only tracking method significantly overestimates
MCS occurrences in the midlatitudes in all seasons except summer compared to the new IR+PF
method (Figure 8). The false identification by the IR-only method is related to many large and
long-lived cloud systems containing very small PFs with low rainfall intensity and stratiform-like
precipitation, inconsistent with MCS precipitation characteristics. Such comparisons highlight
the advancement of our new method that carefully considers key PF characteristics in addition to
the cloud-top IR signature to identify MCS. We apply this new algorithm on the global satellite
Tb and IMERG data obtained during 2001-2019 to examine the climatology of global MCS
characteristics.

Our results are consistent with YH10 in showing that in the deep tropics the largest
number of MCSs are over the Indo-Pacific warm pool, Central Africa, the Amazon and Eastern
Tropical Pacific. In midlatitudes, the most MCSs occur in the central U.S., Argentina and
offshore of the east coast of North America, South America, East Asia and South Africa. MCS
precipitation contributions exceeds 50% of the annual total precipitation across a majority of the
tropical belt, such as the Indo-Pacific warm pool, Bay of Bengal, tropical Eastern Atlantic and
tropical Eastern Pacific. Over continents, MCS rainfall fraction over the West African Monsoon
region exceeds 70%, followed by Argentina, the Amazon, Central North America and India with
fractions around 40-60%. A strong seasonality of MCS occurrence and rainfall contribution is
found over many regions of the globe (Figure 11).

In addition to regional and seasonal variability, a significant contrast between land and
oceanic MCS lifetime is found. Long-lived MCSs (lifetime > 36 hours) are primarily found over
tropical and subtropical oceans, particularly over the tropical Eastern Pacific and Eastern
Atlantic, the Bay of Bengal and South China Sea during JJA, and subtropical Eastern Pacific,
tropical Indian Ocean, and the Pacific warm pool and SPCZ during DJF (Figure 12). We find a
strong latitudinal dependence of the speed and direction of MCS movement. Tropical and
subtropical MCSs generally move westward with moderate speeds of 6-12 m s-1, while mid- and
high-latitude MCSs predominately move eastward with significantly greater speeds of 12-26 m s1
(Figure 13). Convective intensity and precipitation characteristics also show notable contrasts
between land and oceanic MCSs. Land MCSs have stronger convective intensity than oceanic
MCSs for most regions of the globe, particularly over the subtropics (Figure 14). In contrast,
oceanic MCSs produce more heavy precipitation than land MCSs, suggesting the fundamental
differences in favorable storm environments such as atmospheric instability and moisture
availability that could affect these MCS characteristics, although further studies are needed to
better understand the relative importance of various environmental factors.
With the global MCS tracking database developed in this study we have produced a fully
global climatology of MCSs. Past studies have generally been limited to certain regions or have
been limited by the inadequacy of tracking only Tb features. This global climatology based on
Tb, precipitation, and tracking, has high spatiotemporal resolution, a large sample size (~30,000
MCSs per year), and long-term availability (2000-2019). These properties allow for a broad
range of regional and global research applications. For example, the diverse environmental
factors that impact MCS formation, evolution, and strength over different geographic regions
may now be pursued in follow-on studies. The role of MCSs in global and regional hydrologic
cycles, and their interactions with large-scale circulations such as monsoon systems and modes
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of variability such as the MJO are already under investigation. The global MCS dataset is also
suitable for evaluating the performance of both global and regional climate models, particularly
in regions without extensive ground-based observation networks. Combining this database with
TRMM and GPM radar PF and latent heating products, we are developing a new dataset to
characterize the spatiotemporal variability of global MCS latent heating (Liu et al., 2021) to
support observational and modeling studies of MCSs and their characteristics.
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