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Abstract
The measurement of precipitation (rainfall and snowfall) across the globe is important for a variety of scientific and social applications. Knowledge of the occurrence and amount of precipitation, together with its distribution and changes are crucial for improving our understanding of the global energy and water cycle, as well as for monitoring water resource availability and for hydrological modelling to help alleviate flood and drought impacts. The use of conventional instruments (gauge or radar) to map global precipitation is essentially limited to land areas and thus satellite observations must be used to provide estimates of global precipitation. Many satellite sensors operating over the last 50 years have provided data for a range of techniques, algorithms and schemes developed to generate quantitative precipitation estimates. Current satellite-based precipitation products can provide estimates at up to 4 km every 30 minutes. This chapter outlines the basis of satellite precipitation estimation, the satellites and sensors used, and the range of techniques and schemes used to generate the precipitation products.
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6.1 Introduction
The measurement of precipitation across the Earth’s surface is crucial for a range of scientific and societal applications (Kucera et al., 2013; Kirschbaum et al., 2017). For science, precipitation is a key component of the energy and water cycle through the evaporation of water, condensation and deposition as precipitation (Levizzani and Cattani, 2019). For society, monitoring and measuring precipitation is important for assessing groundwater storage, forecasting crop yields and combating water-borne diseases (Kirschbaum and Patel, 2016), and crucial for hydrological warning systems to mitigate the effects of, for example, flash floods. These applications necessitate measurements over a range of spatial (local to global) and temporal (instantaneous to climate) scales (Michaelides et al., 2009; Friedl, 2014). The challenge is to provide measurements of precipitation across the globe, with spatial and temporal resolutions and latencies that address the user requirements. Many scientific studies rely upon information on global precipitation, often contending with a range of values. For example, Herold et al. (2016) investigated how much rain falls over the land areas using both observational and model reanalysis products: they found that values range from about 5.5 mm day-1 (ERA40; Uppala et al., 2005) to 8.5 mm day-1 (HADEx2 - Donat et al., 2013; GHCNDEX-merged - Dittus et al., 2015). Most importantly, they showed that the differences in mean daily precipitation among the conventional observational datasets are as great as those among the models or reanalyses. These differences are crucial in studying the regional variability (Jurković and Pasarić, 2013) and long-term changes/trends in precipitation (New et al., 2001; Higgins and Kousky, 2013).

Conventional observations of precipitation from surface-based measurements, including rain gauges and weather radars, form the basis of many global precipitation products. However, the distribution of gauges over the Earth’s surface is generally confined to land surface areas (Kidd et al., 2017) and the timely availability of data from these gauges is often problematic. The most comprehensive gauge-based precipitation data set is the Global Precipitation Climatology Centre (GPCC) product available from 1901 to the present (Becker et al., 2013). The GPCC product incorporates gauge data from national networks as well as gauges that are included in other global or regional data sets, such as the Global Historical Climatology Network (GHCN; Menne et al., 2012) and the Asian-region APHRODITE data set (Yatagai et al., 2012). However, such global and regional gauge-based data sets must be generated with care to reduce errors and uncertainties in the final product.

The overall accuracy of the ‘standard’ accumulation gauge is discussed by Yang et al. (1998). Importantly, it should be noted that there is an element of random errors in any gauge measurements as noted by Ciach (2003) who, with a cluster of closely spaced gauges, noted that rain gauge errors are highly dependent upon on the local rainfall intensity and timescale. At the gauge scale, errors arise due to the deformation of the wind field around the gauge itself (Sevruk et al., 1991). Indeed, Chvíla et al. (2005) found wind-induced losses in thunderstorms while Duchon and Biddle (2010) noted under-catch using tipping bucket rain gauges in high intensity rain events and high winds. Some of these issues have been addressed through improving the design of gauges (e.g., Strangeways, 2004), although such design changes have generally yet to implemented and therefore challenges remain in providing reliable point rainfall measurements (Sieck et al., 2007), not least since different gauges lead to different responses (Saidi et al., 2014).

Beyond the individual gauge, the overall exposure of the gauge is also crucial: it should not be overshadowed yet should not be overly exposed (Sevruk and Kahlavova, 1994). At the region scale there are differences in gauge performance, especially over hilly or mountainous regions, which affect the precipitation-altitude relationships (Sevruk, 1997), even in regions of dense gauge networks (e.g., Dorninger et al., 2008). However, on a global scale the distribution of gauges is largely confined to land areas with dense population: consequently, much of the Earth’s surface has poor or no gauge information (Kidd et al., 2017).

The development of weather radar has provided a significant source of precipitation information, particular for near real time monitoring (Wilson and Brandes, 1979; Heiss et al., 1990). Radars provide frequent and regular spatial information on precipitation at regional scales (e.g., Kitchen and Illingworth, 2011), although errors and uncertainties arise from variable reflectivity-rainrate relationships (Seo and Krajewski, 2010). While such radar observations may be used to generate longer term products (Fairman et al., 2015) careful processing is required to avoid artefacts in the final product. Despite the usefulness of radar-derived precipitation products, the distribution of weather radars typically matches that of the gauge networks, and consequently large areas of the Earth’s surface are not covered by either gauge or radar measurements. There is therefore a need for precipitation measurements that are available across the whole of the Earth’s surface: satellite observations have the potential to fulfil this need.

6.2 Satellites and sensors
Since the launch of the first meteorological satellite in 1960, many satellites have carried sensors capable of observing the Earth and its atmosphere. However, most of these sensors have not necessarily been specifically designed to measure precipitation. Nevertheless, the precipitation community has been adept in developing schemes to retrieve precipitation from a variety of satellite observations. Not until the Tropical Rainfall Measuring Mission (TRMM; Kummerow et al., 1998; Simpson et al., 1988), launched in November 1997, and the Global Precipitation Measurement (GPM) mission (Hou et al., 2014) launched in February 2014, did dedicated satellite precipitation missions exist. 

To maximise the availability of precipitation data a range of different satellite systems are utilised that can be split broadly into the Geostationary (GEO) visible (VIS) and/or infrared (IR) -based and Low Earth Orbit (LEO) passive microwave (PMW) or active microwave (AMW) -based systems (see Figure 1). The operational GEO suite of sensors (Table 1) provides a consistent set of observations around the Equator with observations extending to about 60°N-60°S. A baseline for these observations is generally every 30 minutes at a nominal resolution of about 4 km (Janowiak et al., 2001), although new sensors can provide imagery every few seconds at 500 m resolution for limited regions and durations (Bessho et al., 2016). The more direct (passive) microwave measurements are available from about 10 LEO-based sensors: these provide less frequent observations (every few hours) with typically coarser spatial resolutions (5-15 km). These two complementary satellite systems are described in detail below. Observations made by the GEO and LEO based sensors are complementary and are often just used in conjunction with one another.

6.2.1 Satellite systems
The primary advantage of satellite observations is that they are capable of providing a global viewpoint, allowing regular observations of the Earth system including those related to clouds and precipitation. Observations used in the estimation of precipitation are typically derived from satellites in LEO or from GEO orbits: satellites in the former category orbit the Earth at about 850 km altitude or lower, while those in the latter group view the Earth from an altitude of about 36,000 km. Precipitation-capable LEO missions usually utilise sun-synchronous orbits that provide observations at the same local time each day. Current operational meteorological satellites in LEO include the European Organization for the Exploitation of Meteorological Satellites (EUMETSAT) Meteorological Operational satellite (MetOp) series (Klaes at al., 2007), the National Oceanic and Atmospheric Administration (NOAA) series (Goldberg et al., 2013), the Defense Meteorological Satellite Program (DMSP) series (Curtis and Adams, 1987) together with the Chinese FY-3 series (Yang 2012) and the Russian Meteor-M series (Asmus et al., 2014). While these LEO satellites (Table 2) provide the foundation for the precipitation retrievals, the observations are limited to typically two per day per sensor, consequently multiple satellites are required to provide sufficient observations to capture the variability of precipitation. However, several LEO satellites occupy non-sun-synchronous orbits such as the TRMM, GPM and Megha-Tropiques missions. A useful feature of non-sun-synchronous orbits is that, over a period of time, they provide observations across different times of day, allowing the diurnal cycle to be sampled. Furthermore, their orbital path will intersect those of the sun-synchronous satellites, thus allowing the cross-calibration of instantaneous satellite observations from different satellite sensors.

The GEO satellites, as the name suggests, remain (nearly) stationary with respect to their sub-satellite location located around the Earth’s Equator. From their location their sensors are able to acquire frequent and regular images over a full (about 1/3) disc of the Earth (see Figure 2). To provide (quasi-) global coverage a constellation of about five GEO satellites located around the Equator is needed. The current operational geostationary satellites are provided by the US NOAA Geostationary Operational Environmental Satellites (GOES-15/16/17; Goodman et al., 2020; Schmit et al., 2017), the European Meteosat Second Generation (MSG) Meteosat-8/9/10/11 (Schmetz et al., 2002) and the Japanese Himawari (Bessho et al., 2016), with additional geostationary satellites provided by the China Meteorological Administration (CMA) Feng-Yun (FY)-series, the Indian National Satellite System (INSAT)-3 series (Patel et al., 2008) and the Chinese FY-4 series. (Jiang and Liu, 2014).

6.2.2 Sensors and retrieval basis
The first meteorological imaging sensors captured relatively simple VIS and/or IR pictures of clouds allowing the delineation of clouds, and thus precipitation-bearing systems to be identified. Despite the indirect link of VIS/IR observations to precipitation (they only provide information of the cloud top properties) VIS/IR instruments have become the mainstay of satellite imagery for meteorology due to the frequency of observations (particularly from GEO) and the spatial resolution (from LEO) together with the low latency of the data to the users.

VIS techniques rely upon the reflectance of radiation from the cloud tops (therefore limited by daylight), and essentially record the presence/absence of clouds. Since IR observations measure the cloud top (or surface) temperature, techniques have exploited this noting that by setting a temperature threshold, areas of precipitation could be obtained reasonably well. By combining both the VIS/IR observations bi-spectral schemes were developed to identify the types of clouds and their association with precipitation (Behrangi et al., 2010). For example, clouds that had a high reflectance in the VIS (‘bright’) and low cloud top temperatures in the infrared (‘cold’) were more likely to be associated with heavy precipitation than dull, warm clouds. More recently, multi-spectral VIS/IR techniques have been developed exploiting data from the new generation of multi-spectral sensors, such as those on GEO satellites: these techniques provide information on cloud top characteristics including not only temperature (and hence height and pressure), but also information on the cloud particle sizes and phase (liquid vs solid) (King et al., 1992; Lensky and Rosenfeld, 1997; Platnick et al., 2003; Rosenfeld and Lensky, 1998).

While VIS/IR techniques offer the advantage of having frequent and regular observations at good resolution, their main drawback is that the relationship between the cloud top properties and the rain falling at the surface is generally poor, particularly at instantaneous timescales. More direct observations of precipitation are possible by measuring the upwelling radiation from the Earth’s surface using microwave radiometers. At microwave frequencies the precipitation particles, rather than cloud particles, are the main factor affecting the radiation received by the satellite sensor. However, such sensors are currently only deployed on LEO satellites since a large antenna is required to obtain a sufficiently good spatial resolution. One consequence of the LEO-only sensors is that they only provide intermittent samples and therefore multiple satellites are required to provide adequate temporal sampling of precipitation (Huffman et al., 2016).

The frequencies that PMW sensors use fall into two main categories: ‘imaging’ which observe within atmospheric window channels and; ‘sounding’ which are at, or close to, the atmospheric absorption bands (and are typically less sensitive to the surface background) (Aonashi and Ferraro, 2020). While instruments are often described by the category they fall under (i.e., ‘imager’ or ‘sounder’) these sensors may include either or both imaging and sounding frequencies. Sensors are further categorised by their scan geometry: conically-scanning instruments, typically imagers, are usually preferred for precipitation retrievals due to consistent Earth incidence angle (EIA), polarization and resolution. Cross-track instrument, typically sounders, scan perpendicular to the satellite’s track and consequently have a variable EIA that affects the spatial resolution and polarization of the observations.

The basis for measuring precipitation at microwave frequencies is based upon observing the effects of the precipitation itself. Over water surfaces, such as the ocean, the surface emissivity is low resulting in a small amount of radiation being received by the radiometer. Over such ‘radiometrically cold’ surfaces rain droplets increase the amount of radiation received by the radiometer, thus allowing a measure of precipitation to be made, albeit a measure along the atmospheric column being observed. Land surfaces have a higher and typically more variable emissivity (‘radiometrically warm’): consequently, the additional radiation from the rain droplets is not discernible. However, by using higher frequencies, precipitation can scatter the upwelling radiation, and thus results in a decrease in the received signal. By using multi-frequency observations, a range of precipitation characteristics can be deduced.

The most direct satellite-based observations of precipitation come from AMW sensors (or radars). Similar to surface-based radar systems, the instruments emit a microwave pulse of energy that is then backscattered by any object it encounters, including precipitation: the backscattered radiation can then be converted into a precipitation measurement. Although this backscatter-to-precipitation relationship maybe ambiguous, one big advantage of these sensors is that they provide a vertical profile of the precipitation. However, precipitation radars have only been flown on the TRMM mission (Kummerow et al., 1998, 2000) with its Precipitation Radar (PR; Kozu et al., 2001), and more recently on the GPM mission (Hou et al., 2014) with the Dual-frequency Precipitation Radar (DPR; Kojima et al., 2012). The Cloud Profiling Radar (CPR) on the CloudSat (Stephens et al., 2002) mission has also provided valuable information on light rainfall and snowfall due to the sensitivity of the instrument. However, the small number of these radars and their narrow (or nadir-only) swath width result in poor temporal sampling.

6.3 Precipitation retrievals from satellite observations
Since the launch of TIROS-1, the first meteorological satellite with imaging capabilities (Anderson, 2010), a range of algorithms, techniques and schemes have been devised to generated precipitation measurements from satellite observations. Simple relationships between the satellite observations and surface precipitation may be used to generate an estimate of the precipitation based upon sound physical properties (e.g., Kidd et al., 1998; Kidd and Levizzani, 2011; Tapiador et al., 2012). As computational power increased, relationships based upon radiative transfer modelling were developed (Tripoli and Cotton, 1980; Cotton and Tripoli, 1986; Mugnai et al., 1990), together with multi-spectral, multi-sensor techniques to blend together satellite observations from different sensors, as well as those from surface observations (e.g., Adler et al., 1994; Huffman et al., 1997, 2007). Crucially, the development of techniques is often driven by the need to address user requirements, considering spatial and temporal scales and sampling, as well as the latency of the product. However, there is often a gulf between the expectations and requirements of the user community and the technical and feasibility of generating such precipitation products. Ultimately many schemes have to seek a compromise between providing a reasonable estimate of the surface precipitation to meet user requirements with the set of satellite observations available.
 
6.3.1 VIS/IR techniques
The range of techniques utilizing VIS/IR observations is now well established. VIS/IR retrieval schemes benefit from the frequent and consistent temporal sampling of observations that are available from GEO-based sensor, together with spatial resolutions (ca. 4 km) that are generally commensurate with many user applications. While VIS imagery has the best resolution, potential products are limited since they are limited to daytime use only. Consequently, the retrieval schemes have focused on IR imagery. IR-based techniques rely upon the notion that clouds with low cloud-top temperatures are taller/deeper and will therefore precipitate more. However, the relationship between cloud top temperature and the precipitation near to the Earth’s surface is somewhat indirect and affected by variations in regional regimes and of the life cycle of the clouds themselves. Multi-spectral infrared channels may be used to improve the retrieval of cloud top characteristics, such as particle size and phase (King et al., 1992), but the indirectness of cloud-top properties to surface precipitation persists.

With the exception of a few AVHRR-based schemes (Ebert, 1996), IR-only satellite precipitation retrieval techniques exploit GEO-based observations due to their high temporal and spatial sampling capabilities. The benchmark IR-only technique is the GOES Precipitation Index (GPI; Arkin and Meisner, 1987) which assigns 3 mm h-1 to any cloud top temperature below 235 K. The GPI was developed to work at monthly/2.5° resolution scales, although it works surprisingly well at a range of finer temporal/spatial scales. A number of schemes have used the GPI as a basis, generating adjusted GPI schemes to account for regional and temporal variations in the cloud-top temperature to precipitation relationships (e.g., Xu et al., 1999; Kidd et al., 2003). Other IR-based precipitation products have been developed to distinguish between the intense precipitation of convective cores and lighter stratiform precipitation regions (e.g., Adler and Negri, 1988; Scofield and Kuligowski, 2003). More recently retrieval schemes have exploited neural networks to better identify and retrieve precipitation. The PERSIANN-CCS technique (Hong et al., 2004) uses cloud texture information (e.g., spatial variability, minimum cloud top temperature, etc.) to better define the surface precipitation. However, the delineation of precipitation in IR products remains problematic since cold thin clouds may be confused with cold deep clouds leading to ‘false’ precipitation, while warm shallow clouds which are precipitating may be missed. Overall, IR-based products perform better in tropical regimes where the cloud-top temperature to surface precipitation relationship is more robust (Kidd et al., 2019).

6.3.2 Passive microwave schemes
Observations made by PMW sensors are sensitive to liquid water and ice in the atmosphere. Low frequency channels (up to about 40 GHz) are generally more directly sensitive to the liquid hydrometeors, while the higher-frequency channels (>40 GHz) are more sensitive to solid (ice) particles, although this is dependent upon the concentrations of liquid/ice and the particle sizes. Over the oceans the increased emission from the liquid water droplets at the lower frequencies leads to increasing brightness temperatures (Tb) which can be used to retrieve precipitation. However, increasing ice scattering is present at 37 GHz in high intensity events which can reduce the Tbs, thus leading to potentially ambiguous retrievals. The high emissivity of land surfaces reduces the utilisation of low frequency channels for the detection of precipitation and the high frequency channels must be used. Scattering by precipitation-sized ice particles results in a reduction in the brightness temperatures. Thresholding approaches of the Tb depression at the various PMW frequencies have been developed (e.g., Laviola and Levizzani, 2011) and have been shown to be simple to implement and suitable for operational environments (Laviola et al., 2013). However, it should be noted that not all clouds have ice present and that the ice in the upper levels of a cloud might be a good representation of precipitation at the surface. Ideally, techniques use a combination of PMW frequencies to retrieve precipitation over different surface types (Kummerow, 2020).

Many precipitation retrieval techniques using these basic radiometric properties have achieved a degree of success (Kidd et al., 1998). However, providing an unambiguous retrieval of precipitation over different surfaces is often difficult and compounded by non-unique radiometric signature to hydrometeor profile/surface rainfall relationships. Computing the hydrometeor-radiative transfer relationships provided not only a basic understanding of the basic relationships, but also allowed the investigation of using these relationships to develop retrieval techniques. In particular, not only can the surface precipitation be retrieved, but also the vertical profile of the hydrometeors through the atmosphere. An example of such a physically-based precipitation retrieval scheme, is the Goddard Profiling (GPROF) scheme (Kummerow et al., 2015), which is designed to provide estimates of surface precipitation and vertical profiles constrained by model information (2-m temperature and total precipitable water) and ancillary data sets (surface types). The GPROF scheme is designed to work across a range of observations from PMW sensors to ensure consistent precipitation estimates. Meanwhile the Precipitation Retrieval and Profiling Scheme (PRPS; Kidd, 2016, 2018) was developed for cross-track sounding instruments (such as the Microwave Humidity Sounder, MHS, and the Sondeur Atmosphérique du Profil d’Humidité Intertropicale par Radiométrie (SAPHIR) using the GPM DPR measurements as the calibrator. 

EUMETSAT’s Satellite Application Facility on Support to Operational Hydrology and Water Management (H-SAF; Mugnai et al., 2013) generates a suite of precipitation products. A Cloud Dynamics and Radiation Database (CDRD; Casella et al., 2013) was developed by using a regional/mesoscale model, within a cloud resolving model (CRM), to produce a large set of precipitation simulations and their associated meteorological/microphysical vertical profiles (Casella et al., 2015). Similarly, a large database of cloud-resolving model simulations over Europe and Africa is used by the Passive microwave Neural network Precipitation Retrieval (PNPR; Sanò et al., 2016). Based on a single neural network, it is designed to retrieve surface precipitation from cross-track sounding instruments.

Further development of the radiative transfer models also allowed the generation of 1-D variational approaches to compute not only precipitation (e.g., Boukabara et al., 2011), but also a range of other geophysical parameters (e.g., Schröder et al., 2018). The Microwave Integrated Retrieval System (MiRS; Boukabara et al., 2011; Grassotti et al., 2020) is an iterative physical inversion system to extract profiles of temperature, moisture, liquid cloud, and hydrometeors, together with the surface emissivity and skin temperature. Such schemes perform well over the ocean where the surface background is relatively homogeneous. The Unified Microwave Ocean Retrieval Algorithm (UMORA; Hilburn and Wentz, 2008) retrieves sea surface temperature, surface wind speed, columnar water vapour, columnar cloud water, and surface rain rate, while the Hamburg Ocean Atmosphere Parameters and Fluxes from Satellite Data (HOAPS-3; Andersson et al., 2010) provides turbulent heat fluxes, evaporation, precipitation, freshwater flux and related atmospheric variables over the global ice-free ocean. As with all schemes, careful inter-sensor calibration is required to ensure a homogeneous time series.

Despite the advantage of the basis of the PMW techniques being more direct, the resolutions of PMW sensors are much poorer than those of IR sensors. The most recent PMW instruments have resolutions of about 5 km at best at the high-frequency channels (ca. 89 GHz), while at lower frequency channels are typically about 20 km or coarser. Furthermore, PMW instruments are only available on low-Earth-orbiting satellites and therefore a maximum of only two observations per day per satellite are possible: a number of satellites and sensors are needed to adequately resolve the variability of precipitating systems (Huffman et al., 2016).

6.3.3 Active Microwave (radar) Retrievals
The launch of the TRMM mission in 1997 heralded a new era in the measurement of precipitation from space through the inclusion of the TRMM Precipitation Radar (PR; Nakamura et al., 1990), to be followed by the GPM Dual-frequency Precipitation Radar (DPR; Iguchi, 2020) from 2014 onwards, providing vertical profiles of hydrometeors down to about 1 km above the Earth’s surface. While the PR consisted of a single Ku-band radar, the DPR sensor has both of Ku- and Ka-band radars providing cross-track swaths of 245 km and 125 km (also 245 km after 21/05/2018; Iguchi, 2020), respectively, with a spatial resolution of ca. 5.2 km, and minimum detectable precipitation intensity of about 0.5 mm h-1. The processing of the radar backscatter from the hydrometeors is constrained by several factors, such as stratiform/convective fraction, presence/absence of a bright-band, etc, as well as accounting for path attenuation through the use of the surface return (Iguchi et al., 2015). However, the retrieval capabilities from such radar systems depends on the Ku-Ka-band sensitivities to precipitation (e.g., Toyoshima et al., 2015).

The AMW sensors provide the most direct measure of precipitation. However, the utility of their products is limited by long revisit times (typically days), and north-south extent of the data (37°N-37°S for the PR and 68°N-68°S for the DPR). Despite this, such radar data is invaluable for the generation of databases used by PMW retrieval schemes (such as GPROF and PRPS) and for their calibration/validation (You et al., 2020). In addition, the capability of these sensors to generate detailed three-dimensional information allows a greater insight and understanding into precipitation systems to be made. Furthermore, the longevity of the PR, and now the DPR, allows climatological distributions of precipitation rates to be developed (Liu and Zipser, 2015).

6.3.4 Combined satellite retrievals
No single satellite precipitation product is capable of completely capturing the true surface precipitation, not least since different users have different requirements. Combining observations is seen as a way of harvesting information on precipitation that can be combined into a single, improved product, such as through the use of multiple observations to provide a better understanding between the observations and the surface precipitation (e.g., cloud delineation or constraining retrievals). A good example is the use of active (PR) and passive (TMI) observations gathered by TRMM to reduce the retrieval ambiguities by minimising the differences in the physical modelling of precipitation (Haddad et al., 1997). A similar scheme forms the basis of the GPM COmbined Radar-Radiometer algorithm (CORRA) that uses observations from both the DPR and GMI (Grecu et al., 2016; Grecu and Olson, 2020). 

A main thrust of combining the information from various satellite observations has been to improve the temporal and spatial sampling of precipitation products, while ensuring that it is consistent and available frequently with low latency (observation to user). The PMW precipitation products, although more direct than the IR products, tend to be relatively infrequent and intermittent, while the IR products are less direct but more frequent and regular. Better precipitation products should then be possible through exploiting the strengths of each by combining both the IR and PMW measurements.

Several empirical schemes have been developed to exploit the directness of the PMW retrievals with the better temporal and spatial sampling of IR observations. Although simple IR techniques, such as the GPI product, are surprisingly good, particularly at relatively coarse temporal/spatial scales, many techniques have biases that vary by season and region. While it is possible to adjust the parameters within the GPI (such as the threshold and the rain rate), the key is to vary them spatially and through time. Examples of techniques that modify the IR thresholds and rain rates include those of Adler et al. (1993) and Xu et al. (1999), the latter forming the basis of the current PERSIANN suite of schemes (Hsu et al., 2020). Kidd et al. (2003) developed a combined PMW-IR algorithm that used regional/spatial histograms of PMW derived precipitation intensities to set the IR cloud top temperature thresholds for different rain intensities. The use of neural networks was explored by Tapiador et al. (2004a,b) to extract precipitation information from combined IR and PMW observations. Similarly, the Self-Calibrating Multivariate Precipitation Retrieval (SCaMPR) technique (Kuligowski, 2002, 2010) updates their IR-to-rainfall relationships based upon PMW observations.

The calibration of the IR observations by the PMW retrievals has shown a good degree of promise. However, such an approach has two main drawbacks. First, the spatial and temporal scale over which the calibration is undertaken is crucial for capturing the variations in the relationship yet providing sufficient information for a robust calibration (Kidd and Muller, 2010). Second, the distribution of the precipitation is determined by the cloud as observed by the IR and therefore may still not relate to the distribution of the precipitation at the surface. Since precipitation estimates derived from PMW observations are demonstrably better than those from the IR, particularly for instantaneous retrievals (Ebert, 1996), it is logical to use these PMW estimates and augment them with information from the IR observations. Schemes were therefore devised which generate motion vectors from the frequent/regular IR data to advect the PMW precipitation estimates (Joyce et al., 2004). These ‘merged’ schemes allow precipitation estimates to be produced at the temporal sampling of the IR data, but with the PMW precipitation estimates.

There are currently three main operational merged products available providing surface precipitation information at scales of about 10 km/30 minutes or better. These are the JAXA Global Satellite Mapping of Precipitation (GSMaP; Aonashi et al., 2009; Kubota et al., 2007, 2020; Ushio et al., 2009), the NOAA CPC Morphing Technique (CMORPH; Joyce et al., 2004), and the NASA Integrated Multi-satellitE Retrievals for GPM (IMERG; Huffman et al., 2014). Although these schemes differ, they are based around three similar algorithm stages: (i) individual PMW measurements are generated/acquired to estimate the surface precipitation; (ii) motion vectors are derived from IR imagery (or from models), to move the precipitation between the PMW estimates, and; (iii) if necessary, IR-derived estimates fill in gaps if no PMW estimate is available. Subtle differences arise between these schemes as a consequence of options taken at each of the three stages. For example, IR temperature change is used by GSMaP versus the IR-generated wind vectors of CMORPH; the morphing technique is used in different versions, with initial versions of CMORPH using just forward morphing, while later version of CMORPH and IMERG use both forward and backward morphing, with extended gaps between PMW estimates also being treated differently. Despite such schemes having the potential to provide a continuous record of precipitation over time, the complexities in the generation of such products should not be underestimated, primarily due to the reliance upon the original PMW retrievals, the accuracy of which varies between the sources of the data provided by the individual instruments. In addition, the mechanisms used to move/morph the precipitation between individual PMW retrievals and how one PMW retrieval is mapped (in time, space, and magnitude) onto the next PMW retrieval can lead to significant variations. Furthermore, these schemes do not necessarily cope well with situations such as orographic precipitation or short-lived precipitation events.

To meet the requirements of the user community many satellite precipitation products incorporate conventional surface data (e.g., gauges) to some extent: this of often necessary for final ‘research-quality’ to correct for any systematic bias in the satellite estimates. Indeed, the inclusion of surface data sets in long term precipitation records is essential to ensure consistency. Such an example is the TRMM Multisatellite Precipitation Analysis (TMPA). The TMPA combines precipitation estimates from multiple satellites, and gauge analyses (if available) to generate a precipitation product at 0.25° × 0.25° every 3 hours over 50°N-50°S. The near real time product is calibrated using TRMM precipitation products, while gauges are used for later versions. The TMPA is now superseded by the IMERG product that provides global precipitation products at 0.1° × 0.1° every 30 minutes. Although many techniques, such as TMPA and IMERG, combine multi-sourced datasets for global precipitation products, a number of studies have concentrated upon combining regional multi-sourced observations to generate improved precipitation products. For example, Tesfagiorgis and Mahani (2014) developed an approach to blend satellite, radar, and gauge products using a weighted successive correction method and Bayesian spatial model to fill gaps in the available ground‐based radar precipitation data over the Colorado basin. More recently Jurczyk et al. (2020) describes the development of a regional precipitation estimate over Poland that combines gauge data, radar data and satellite data to generate 1-km, 10-minute products.

Some newer techniques have started to incorporate model information into their combined precipitation products, thus generating a satellite-gauge-model product. For example, the Multi-Source Weighted-Ensemble Precipitation (MSWEP; Beck et al., 2017a,b) scheme generates a combined 3-hourly product at 0.1° resolution using the combined products themselves. At the regional scale, Zhu et al. (2019) used a Bayesian model averaging to combine the TMPA and PERSIANN-CDR satellite-based products with the National Centers for Environment Prediction-Climate Forecast System Reanalysis (NCEP-CFSR) data to improve their streamflow simulations. However, as noted above, all such combination schemes are only as good as their components: Awange et al. (2019) found, in a study over Australia and Africa, that the MSWEP product underestimated monsoon rainfall in northern Australia and had large uncertainties in eastern and southern Africa, missing some of the precipitation extremes.

6.3.6 Limitations to retrievals
The derivation of ‘precipitation’ from satellite observations encompasses rainfall, snowfall and hail, however, most retrieval schemes have concentrated upon rainfall since it is arguably the easiest of the three to measure (both from satellite and surface) to any degree of accuracy. As retrieval techniques have developed and improved in accuracy attention has shifted towards research into estimating snowfall and hail, not least due to the availability of data from the GPM mission aimed at improving mid- to high-latitude precipitation estimation. The measurement of snowfall, in particular, is crucial for applications such as weather monitoring and forecasting as well as hydrological applications to high-latitude/high-altitude basins: on the global scale it is deemed essential for closing the terrestrial water budget (Levizzani et al., 2011).

The challenges facing the retrieval of snowfall from satellite sensors relate to the signature of snowfall in the satellite observations. Over the Polar regions, clouds are often warmer than the surface background making the IR cold cloud-rainfall relationships obsolete. In the PMW the snowfall signature is often weak over ocean, while the signal over land resulting from the scattering by ice particles is often obscured by the emission of water vapour above particularly with low level/shallow precipitation (Liu and Seo, 2013). For AMW measurements the backscatter from snow particles is very small and often below the sensitivity of the radar. Furthermore, the rainfall-reflectivity relationships cannot be applied to snowfall, and if the precipitation layer is shallow (< 1 km) it will not be detected by the satellite-based radars.

Consequently, much research is currently being conducted into improving the estimates and measurements of falling snow. The identification of snowfall is largely restricted to the higher PMW frequencies (89 GHz and above) where scattering processes associated with precipitation dominate (You et al., 2017): in this region it is important to distinguish between the ice hydrometeors and water droplets. Furthermore, identification of snowfall is hindered by an incomplete understanding of snow microphysics in mixed-phase clouds, as well as the complexity of the radiative properties of snowflakes and ice crystals. High-frequency PMW radiometers, such as the Advanced Microwave Sounding Unit-B (AMSU-B) and the MHS has enabled snowfall to be detectable, although a priori constraints are often needed. Nevertheless, physical models have been developed to identify snowfall over land (Skofronick-Jackson et al., 2004). To overcome the negation of the scattering effect by upper level water vapour, Liu and Seo (2013) applied a statistical approach to improve retrievals, at least for certain snowfall situations. More recently, Ebtehaj and Kummerow (2017) showed that a combination of low (10-19 GHz) and high frequency (89-166 GHz) observations allows snowfall to be detected from GMI observations. Meng et al. (2017) retrieved snowfall using a 1D-Var approach, allowing multiple parameters to be assessed in the calculations, to optimise the final retrieval. Nevertheless, the combined availability of observations from the CPR on CloudSat and the GPM DPR has allowed significant advances both in terms of snowfall detection and retrieval (e.g., Casella et al., 2017; Panegrossi et al., 2017), but also through improved model simulations of snowflake shapes (Liu, 2008; Skofronick-Jackson et al., 2013). The CPR has also generated a global census of shallow cumuliform snow clouds (Kulie et al., 2016; Kulie and Milani, 2018), unobtainable from other satellite observations. A quantification of the causes of the differences among snow retrievals using DPR and CPR was recently provided by Skofronick-Jackson et al. (2019).

Although perhaps the least common form of precipitation, falling hail is of great importance not only for meteorology, but for agri-business where losses associated with hail damage can be significant. Studies by Cecil (2009, 2011) and Cecil and Blankenship (2012) have shown a strong relationship between the occurrence of hail and depressions in the TMI 37 GHz and 85 GHz Tbs, and showed that the satellite climatologies were consistent with those of surface observations. An AMSU-based hail detection algorithm developed by Ferraro et al. (2015) generated a 12-year climatology (2000-2011) of hail occurrence over the Continental US. The same climatology was used by Laviola et al. (2020) to design a probabilistic growth model of hailstones with the aim of a global application using the Tbs of the PMW sensors in orbit. Marra et al. (2017) demonstrated the capabilities of the GPM Core Observatory (CO) for intense hailstorm detection.

Precipitation retrievals from satellite over complex orography represent one more relevant source of error since retrieval schemes are not capable of capturing the orographic enhancement of precipitation through convection developing over mountain slopes. Several attempts to overcome this key problem have been recently made and most of them rely on models to describe orographic enhancement. The GSMaP product adopts some kind of real orographic correction (Yamamoto and Shige, 2015; Yamamoto et al., 2017).

In arid regions precipitation estimation schemes overestimate precipitation at the ground due to sub-cloud evaporation (Dinku et al., 2011) and this translates in a notable limitation in desert areas (e.g., Dinku et al., 2018).

6.4 Validation of satellite precipitation products
An essential part of the development of satellite precipitation retrieval schemes is the validation (or at least verification) of the products with surface reference data. This is both of importance to the algorithm developer to help ensure that the retrieval scheme is operating as expected, and to the product user as a measure of the accuracy of the precipitation product being developed (Kidd et al., 2018). Key to any validation exercise is the availability and robustness of the reference data to be used, generally derived from high quality gauge and radar networks. Ideally the validation is done over a range of scale, from the instantaneous through to monthly, and from footprint-scale through to 2.5° scale: this range of scales ensures the products are not scale dependent and therefore are useful to a range of applications.

Gauge data are the primary source of validation data. However, their time-integrated point measurements are not necessarily directly compatible with the satellite products, and consequently gauges tend to be used at relatively coarse temporal and spatial scales (e.g., daily 1° × 1°) to ensure sufficient gauges are available within the area of interest. In addition, the distribution of gauges across the Earth’s surface is poor (Kidd et al., 2017), resulting in most of the gauge-based validation studies being confined to specific regions, and hence specific climatic regimes. The instantaneous, spatial measurements of surface-based radars provide data at scales that are commensurate with the satellite products and therefore are ideal for finer scale validation (i.e., footprint/instantaneous scales), particularly when high density/resolution gauge data is also available (Kirstetter et al., 2015).

A number of concerted precipitation intercomparison and validation projects have been carried out, albeit many years ago. These include the NASA Precipitation Intercomparison Projects (Adler at al., 2001) designed to evaluate the (then) new SSM/I PMW retrieval schemes. At roughly the same time GEWEX organised the Algorithm Intercomparison Program that compared a range of retrieval products, including those from VIS/IR observations, PMW and combined schemes (Ebert et al., 1996). The outcome of these comparisons showed that at the instantaneous scales the PMW schemes were certainly best, although at the monthly scale, the same PMW schemes performed no better than the IR schemes as a result of their intermittent sampling, and certainly less well than the merged precipitation products. However, it was also noted that it was difficult to show that any single precipitation estimate to be best (Adler et al., 2001). Moreover, it was noted that the performance of the products varied over the different regions and seasons.

More recently the International Precipitation Working Group (IPWG; Levizzani et al., 2018) has led a program on continuous assessment of precipitation over a number of validation regions (Ebert et al., 2007; Kidd et al., 2012), with updates provided by Kidd et al. (2020). These intercomparisons, aimed at providing developers and users of their products with an assessment of their performance, are carried out in near real time with daily, 0.25° × 0.25° resolution, using surface gauge and/or radar data. It is acknowledged that validation is required at a range of different scales: as a complement to the IPWG validation work, the GPM mission had undertaken Ground Validation (GV) work, providing a multi-tier approach (Houze et al., 2017; Kirstetter et al., 2020; Petersen et al., 2020). These dedicated GV campaigns are designed to collect detailed information from multiple sensors carried on multiple platforms, including satellites, aircraft and at the surface (Hou et al., 2014; Skofronick-Jackson et al., 2015). This strategy gathers a comprehensive set of observations of precipitation enabling a better understanding of not only how the precipitation is observed by the satellite sensors, but also the detailed characteristics of the precipitation itself (Jensen et al., 2016; Skofronick-Jackson et al., 2015; Houze et al., 2015, 2017). A summary of the GPM GV field campaigns can be found in Table 26.3 in Petersen et al. (2020).

The quality of surface-based radar data has improved through the deployment of new equipment and through better processing of the radar data. In addition, the availability of and access to such radar data enables near real time validation to be carried out (see Figure 3). Long-term validation of instantaneous precipitation products from the GPM constellation was carried out by Kidd et al. (2018) using high quality radar and gauge data over Europe and the southeast US. Overall, there was good agreement between the satellite and surface products, typically with correlations of about 0.5 over both regions. The DPR-Ku radar product had the highest overall correlation and skill score, followed by the GMI product and then other sensors. However, time series of the statistical scores indicated that the results over Europe showed much more seasonal variability than those over the southeast US, suggesting that the meteorological regimes in the mid-latitudes still pose challenges. Large scale (global/monthly) validation analysis by Beck et al. (2017b) was carried out on several global precipitation products, including satellite-gauge and model reanalyses, finding they had varying degrees of correspondence to the surface gauge data over different regions.

One of the obstacles currently facing validation exercises is that the satellite precipitation products often contain the same gauge data that is used in the validation, consequently such products appear to work well. However, since the products and validation use similar gauges it becomes more of a comparison of how the gauge data was integrated into the product, rather than a validation of the product itself. Of course, any agreement between the precipitation product and gauge data is only valid for regions where the gauges exist, and is no measure of their performance in regions beyond the gauge coverage, particularly so over the oceans where little or no gauge data exists.

Finally, it is worth reiterating the conclusions of previous intercomparison/validation exercises, in that no single precipitation product stands out as being superior to any other: each product has its own subtleties and nuances, whether being better over some regions certain time scales or at particular resolutions than others.

6.5 Case study: Hurricane Laura observed by the GPM Core Observatory
One of the main goals of TRMM was the imaging and analysis of storms across the Tropics, a role that has been inherited by the GPM mission. The GPM CO (Hou et al., 2014; Skofronick-Jackson et al., 2017; Kidd et al., 2020) carries both AMW and PMW sensors, the DPR and GMI respectively. The combination of the two sensors allows accurate observations (Draper et al., 2015; Wentz and Draper, 2016) and consistent retrievals to be made (Wilheit et al., 2015; Berg et al., 2016). The GMI (PMW) sensor provides observation across a swath of 885 km in 13 channels from 10 to 183 GHz, allowing the retrieval of surface precipitation. The DPR, although having a narrower swath of 245 km, provides information on the horizontal and vertical distribution of the precipitation, thus generating a 3D field of precipitation observations. Since their launches, TRMM and GPM have observed hundreds of Tropical Cycles across the Tropics, one of the most recent ones being Hurricane Laura.

Tropical Cyclone Laura tracked across the Caribbean striking Haiti and Cuba before gathering strength over the Gulf of Mexico on 26th August 2020, where it rapidly intensified reaching hurricane strength with wind speeds of up to 241 km h-1. On 27th August 2020 it made landfall along the Louisiana coast of the US, causing at least 59 deaths along its path and many billions of dollars in damages.

The GPM satellite operates in a low-inclination, low Earth orbit. While this orbit allows the satellite sensors to provide observations with relatively good resolution, this type of orbit does not permit the continual observation of any part of the Earth’s surface, only intermittent observations when the satellite passes overhead. Therefore, capturing individual storms cannot be guaranteed. However, fortunately the orbit of the GPM allowed Hurricane Laura to be observed at 1311 UTC on 27th August 2020, shortly after it made landfall in Louisiana: the visualisation of this overpass is shown in Figure 4. The surface (2D) precipitation is obtained using observations made by the GMI and processing through the GPROF retrieval scheme, while the 3D precipitation field is generated by the DPR observations. The intense precipitation at the centre of the hurricane can be seen (red and purple colours) together with the precipitation associated with the convective cores, as shown by the vertical profiles. The blue colours at the top of the vertical profiles show the frozen precipitation at the top of the hurricane due to these being about the freezing level. The full visualisation can be accessed at https://svs.gsfc.nasa.gov/4855.

6.6 Recent developments and future directions
An overview of the most recent developments and a glimpse of the future of satellite precipitation observations can be found in Kummerow et al. (2020). While it is very difficult to speculate on the future of satellite missions, recent developments and future challenges are based on the needs to better understand and predict precipitation changes in weather hydrology, and the climate system. From the weather perspective it is clear that the improvement of future precipitation missions with regard to observing cycle, resolution, timeliness and uncertainty level are deemed necessary and translate into improvements on high quality individual products as well as merged products. Hydrological needs vary from monitoring and predicting water availability in water-scarce areas (especially developing countries) to ensuring an efficient use of water where it is often used without adequate plans (most of the industrialized countries). Thus, accurate observations are the key element of hydrological predictions (e.g., Lettenmaier 2017). Finally, the climate system understanding poses grand challenges (https://www.wcrp-climate.org/grand-challenges/grand-challenges-overview, last accessed 21 Sep. 2020), including those that are directly related to observations of precipitation: “understanding and predicting the extreme weather”, “clouds, circulation and climate sensitivity” and “water for the food baskets of the world”. Scientific/societal demands are broken down into specific science questions, such as: How does climate change affect precipitation, i.e. “is the total rainfall amount increasing?” or “is the extreme rainfall event increasing?” Another question is: “how climate change affects the global water cycle?” A deeper understanding of each element of the atmospheric water budget (e.g., water vapor, clouds and precipitation), hydrological processes (e.g., runoff, floods and droughts, and biogeoscience aspects such as vegetation and forest), must be combined into a unified view. This is the most important challenge that requires thinking the present and future missions having in mind not only “conventional” sensors and satellites, but also new observing systems that gather information on variables related with precipitation and neglected so far (e.g., evapotranspiration, river discharge, water storage, snow water equivalent).
On the technological side it is foreseen that precipitation radars will play a greater role. They will likely have any combination of higher sensitivity, wider swath, higher spatial resolution and reduced surface clutter extent than the current systems to meet the evolving requirements described above. The need for identifying more particle types and cloud processes also points to the desirability of simultaneous multi-frequency, polarization and Doppler velocity measurement (Kummerow et al., 2020). High sensitivity is essential for understanding the cloud-precipitation processes and observation of snowfall at high latitudes. Although the introduction of cloud radars is indispensable to detect drizzle and light precipitation, it is important to overlap the sensitivity ranges of radars to obtain more independent pieces of information, which are needed to better constrain largely underconstrained retrievals of cloud and precipitation properties. For very small drops, this may even require higher frequencies than are used today.
A number of radiometer advances have occurred or are occurring. Chief among these is the miniaturization of radiometer receivers that prompts for the launch of constellations of small satellites. Coupled with generally available CubeSats, this has led to a number of spaceborne PMW radiometers to be flown recently as well as manifested for the near future. Such small satellites can be launched and separated to form constellations that can increase sampling significantly at a reasonable cost. Yet, the requirement that the satellite remains small also points to small antenna system and thus limited spatial resolution. This key technological advance is likely to answer the need for maintaining PMW sensor constellations in orbit to serve the production of global precipitation data for the years to come.

6.7 Conclusion
Stephens and Kummerow (2007) articulated the need for a better definition of the atmospheric state and the vertical structure of clouds and precipitation to improve the information extracted from satellite observations. This has been the overarching reason for combining multiple frequency AMW and PMW measurements that offers some hope for constraining the atmospheric states needed to derive unique rain and snow rate signals. Radar improvements and the launch of constellations of high-quality radiometers for an adequate space-time sampling are likely to provide the observations needed for a substantial step forward in the quality of the retrieval algorithms. Without this step the available products will continue to show physical limitations that hinder their use in a number of applications.
One key aspect that underlies all aspects of climate and climate change is the need for long-term precipitation records that allow to extract changes in precipitation due to climate change. Accurate long-term (more than 30 years) data are necessary to reduce the effect of long-term variation of the Earth (El Niño Southern Oscillation-ENSO, solar cycle, Arctic oscillation, etc.). Given the time series that are available today, a significant requirement is thus to maintain and extend this time series of high-quality precipitation observations.
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Figure 1: The global observing system of geostationary (ca. 35800 km altitude) and low Earth orbiting satellites (ca. 850 km altitude).


Table 1: Geostationary satellites contributing the global observing system, allowing the capture of frequent, regular visible and infrared imagery.

	Current geostationary meteorological satellites (35786 km altitude)

	Country
	Name
	Acronym
	launch
	until
	position

	US
	Geostationary Operational Environmental Satellite (3rd generation) – GOES-East
	GOES-16
	19-Nov-16
	≥2027
	75.2°W

	US
	Geostationary Operational Environmental Satellite (3rd generation) – GOES-West
	GOES-17
	01-Mar-18
	≥2029
	137.5°W

	Japan
	Himawari (3rd generation)
	Himawari-8
	07-Oct-14
	≥2029
	140.68°E

	Europe
	Meteosat Second Generation (MSG) (Indian Ocean)
	Meteosat-8
	28-Aug-02
	≥2022
	41.5°E

	Europe
	Meteosat Second Generation (MSG) 
	Meteosat-9
	21-Dec-05
	≥2024
	3.5°E

	Europe
	Meteosat Second Generation (MSG) (Rapid scan)
	Meteosat-10
	05-Jul-12
	≥2028
	9.5°E

	Europe
	Meteosat Second Generation (MSG) (Rapid scan)
	Meteosat-11
	15-Jun-15
	≥2024
	0.0°
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Figure 2: Transformation of infrared imagery from the 5 operational geostationary satellite sensors to a quasi-global, 4 km product available every 30 minutes.


Table 2: Characteristics of GPM international partner PMW radiometers

	Sensor
	SSMIS
	AMSR2
	TMI
	GMI
	MHS
	SAPHIR
	ATMS

	Satellite
	DMSP-F16, F17, F18, F19
	GCOMW1
	TRMM
	GPM
	NOAA18,19, 
MetOp-A, B
	Megha-Tropiques
	NPP

	Type
	Conical
	Conical
	Conical
	Conical
	Cross-track
	Cross-track
	Cross-track

	frequencies
	-
-
19.35VH
22.235V
37.0VH
50.3-63.3VH
91.65VH
150H
183.31H
-
	6.925/7.3VH
10.65VH
18.70VH
23.80VH
36.5VH
 -
89.0VH
-
- 
-
	-
10.65VH
18.70VH
23.80VH
36.5VH
-
89.0VH
-
- 
-
	-
10.65VH
18.70VH
23.80V
36.5VH
-
89.0VH
165.6VH
183.31V(2)
	-
-
-
-
-
-
89V
157V
183.31H (2)
190.31V
	-
-
-
-
-
-
-
-
183.31H(6)
-
	-
-
-
23.8
31.4
50-3-57.3
87-91
164-167
183.31(5)
-

	Sampling resolution (km)
	12.79  XT
12.59 AT
	 4.65 XT
4.28 AT
	4.74 XT
13. AT
	5.13 XT
13.19 AT 
	16.87 XT
17.62 AT
	 6.73 XT
9.86 AT
	16.06 XT
17.74 AT 

	Retrieval resolution (km)
	50 x 40 km
	19x11 
km
	26 x 21 km
	16 x 10 km
	15.88 x 15.88 km
	10 x 10 km
	16 x 16 km
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Figure 3: Example of instantaneous validation of a GMI overpass for the GPROF retrieval scheme over western Europe using the Nimrod European surface radar network as ground validation. 11 August 2020 0257 UTC.
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Figure 4: Precipitation associated with Hurricane Laura shortly after landfall as measured by the GPM Core Observatory at 1311 UTC on 27 August 2020. The surface precipitation (foreground) is derived from the GMI while the 3D precipitation measurements are provided by the DPR sensor. The blue shading represents the ice above the freezing level. (still image from https://svs.gsfc.nasa.gov/4855)

image1.png
FY-2

(CHINA)
 los'e.  ELECTRO

(RUSSIA)
o 76°E.

Himawari

. (JAPAN)

GOES-W MOE
135°W. 3
METEOSAT-8
415°E. .

(EUMETSAT)

(CHINA)

GOES-17 METEOSAT-9
90" W. (EUMETSAT)
METEOSAT-10 95k
GOES-E (EUMETSAT)
0°E.

(UsA)
75°W.




image2.jpeg
GOES-W GOES-E METEOSAT-10 METEOSAT-8 Himawari-8
o g, e, S\ = »«r.%w L,

O, S e S0 W e
Iv

-~ -4 I S vc

Radlometrlcally corrected merged product
06:00Z 5 June 2018




image3.png
Fraction by occurrence
(rainfll occurrence by intensity)
Est

Fraction of total rain
(reinfall accumulation by intensity)

Est.

Estinated Estinated
zero  rain <lmm >=lmm
3 5[ 13766] 7 'sg 14495] 71
58| u6. |72 s§ 6. | 379
R
< . POD 0618 POD 0871
FAR 0085 FAR 0158
//«/ - f\g HSS 0672 HSS 0356
Observed Estimated
S . J Nbeopos 15 1381
0 005 01 025 05 10 25 50 10 Raining points 1168, 789,
Rt 8 Raining points >1mm 435 450.
~ | — EstOccurrence Mean rain total 018 018
2 1~ EstAccumlation Conditionalrsintorsl 235 352
- o — ObsOcenmence Madmmraintoral 2011 2746
2 8] Obs Accumulation /
gs %R Bias 000
g s Bg rd Ratio 1011
20 ?gc, L / RMSE 0713
8 ]
N ° e Conelation | 0832
o = Pl L #samples | 15001
w s
/ / /A
e 8 e ! Instantaneous
” e = 20200811 _0257
QU 5 10 15 20 25 30 35 40 45 SO cum 002 005 01 02 05 1 2 S 10
Observed (ramvhe) Rain intensity (rvh)

CKidd'16




image4.jpeg
p— 27 Aug 2020 13:11

> 023/033 o 3%





image5.jpg
Liquid Precipitation Rate

01 02 03 05 10 20 30 50 10 20 50
mm/hour





image6.jpg
Frozen Precipitation Rate

—D-

01 02 03 05 10 20 3.0 50 10 20
mm/hour




