
Received: 19 June 2017 Revised: 19 December 2017 Accepted: 08 January 2018

DOI: 10.1002/qj.3248

A D V A N C E S I N R E M O T E S E N S I N G O F R A I N F A L L A N D S N O W F A L L

Towards an along-track validation of HOAPS precipitation using
OceanRAIN optical disdrometer data over the Atlantic Ocean

Jörg Burdanowitz1,2 Christian Klepp1 Stephan Bakan2 Stefan A. Buehler1

1Faculty of Mathematics, Informatics and Natural

Sciences, Department of Earth Sciences,

Meteorological Institute, Universität Hamburg,

Hamburg, Germany
2Max Planck Institute for Meteorology, Hamburg,

Germany

Correspondence
J. Burdanowitz, Universität Hamburg, Faculty of

Mathematics, Informatics and Natural Sciences,

Department of Earth Sciences, Meteorological

Institute, Bundesstraße 55, 20146 Hamburg,

Germany.

Email: joerg.burdanowitz@uni-hamburg.de

Funding information
Cluster of Excellence CliSAP; EXC177, German

Federal Ministry of Education and Research;

O1LK1502B; O1LK1505D), DFG HALO research

program; BU2253/3-1,

The Hamburg Ocean Atmosphere Parameters and fluxes from Satellite data

(HOAPS) passive-microwave precipitation scan product is compared with the

Ocean Rainfall And Ice-phase precipitation measurement Network (OceanRAIN)

surface-based precipitation reference dataset over the global ocean. For the first

time, we apply statistical point-to-area adjustments and along-track averaging to

ship-based OceanRAIN precipitation data over the Atlantic Ocean to represent col-

located precipitation rates better within a HOAPS satellite pixel. The statistical

adjustments reduce the HOAPS–OceanRAIN root-mean-square error strongly from

2.65 to 1.01 mm/hr. Overall, the point-to-area effect impacts HOAPS–OceanRAIN

differences more strongly than the precipitation regime. Higher-resolution satellite

data indicate that these adjustments work best for the most convective-like pre-

cipitation cases, while some rather stratiform-like precipitation cases would need

no adjustment. Excluding precipitation rates below the HOAPS sensitivity thresh-

old of 0.3 mm/hr reduces the difference in average precipitation rates between

HOAPS hits and false detections combined and OceanRAIN hits and misses com-

bined to 2%. This precipitation-rate difference lies below the uncertainty obtained

from resampling of about 10%. Without false detections, the HOAPS precipita-

tion rate of hits-only exceeds that of OceanRAIN by 50%. Most of the HOAPS

false detections follow from cases when precipitation occurs within the HOAPS

pixel but off the ship track. Consequently, these apparent false detections lead to an

overestimation of HOAPS precipitation rates compared with OceanRAIN, partic-

ularly in the inner Tropics and partly the midlatitudes, where clustered convective

precipitation occurs most frequently. Misses cause underestimated HOAPS precip-

itation rates, mainly in mid and high latitudes. However, for a HOAPS validation,

apparent false detections need to be considered in addition to hits of Ocean-

RAIN precipitation rates, to which we successfully applied statistical point-to-area

adjustments.
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1 INTRODUCTION

Satellite-derived precipitation estimates contribute strongly

to completing the global picture of the precipitation distri-

bution (Kidd and Levizzani, 2011; Tapiador et al., 2012).

The global precipitation distribution serves not only to vali-

date climate models but also to monitor long-term changes in

the spatial distribution and amount of precipitation. However,

satellite-derived precipitation estimates themselves require a

rigorous validation using surface-based precipitation refer-

ence data.

Over the global oceans, surface-based precipitation ref-

erence data have so far largely been limited to gauges

deployed on buoys or ships exposed to high wind speeds
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(Maggioni et al., 2016). After some early efforts to equip

research vessels with shipboard polarimetric radars (Web-

ster and Lukas, 1992), more recently, increasing efforts are

being put into using high-quality polarimetric radars on board

research vessels (e.g., Thurai et al., 2014; Neiman et al.,
2017) to obtain valuable along-track areal information in the

near future. However, optical disdrometers deployed on board

research vessels (RVs) can provide high-quality surface pre-

cipitation measurements and particle size distribution (PSD)

data (Grossklaus et al., 1998; Taylor, 2000). Collected in the

Ocean Rainfall and Ice-phase precipitation measurement Net-

work (OceanRAIN: Klepp, 2015; Klepp et al., 2017) since

2010, these valuable surface-based precipitation reference

data are used in the present study to validate a satellite-derived

oceanic precipitation dataset.

The Hamburg Ocean Atmosphere Parameters and fluxes

from Satellite data (HOAPS: Andersson et al., 2010; 2017)

ingests exclusively passive microwave (PMW) satellite data to

retrieve the precipitation rate through a neural net algorithm.

Among other parameters, 33 years of precipitation data

exist over the global ice-free ocean from the Fundamen-

tal Climate Data Record (FCDR) of brightness tempera-

tures (Fennig et al., 2017). HOAPS agrees well as regards

the main precipitation patterns compared with other satel-

lite datasets in the subtropics (Burdanowitz et al., 2015) and

against reanalyses (Andersson et al., 2011) on a monthly

scale. This work targets the first detailed validation of

oceanic precipitation from the HOAPS scan product using

OceanRAIN.

HOAPS and OceanRAIN exhibit a large discrepancy in

their spatio-temporal resolutions, leading to the point-to-area

(p2a) problem (Loew et al., 2017). Whereas a typical PMW

satellite overpass used in HOAPS represents a snapshot as

a pixel of about 50 km in diameter, OceanRAIN samples

precipitation PSDs from a volume of much less than 1 m3

every minute along a ship track a few hundred metres in

length, depending on the RV’s speed. This resolution dif-

ference matters strongly for precipitation, due to its high

spatio-temporal variability and intermittency. To unveil the

sub-pixel variability of HOAPS off the OceanRAIN track,

the METEOSAT Second Generation (MSG) Cloud Physical

Properties (CPP) infrared–visible (IR–VIS) product can help

to bridge the knowledge gap between precipitation estimated

by HOAPS and OceanRAIN. To relieve the resolution dif-

ference, individual OceanRAIN precipitation rates along the

ship track can be averaged within one collocated HOAPS

pixel. With along-track averaging, Burdanowitz et al. (2017)

obtained a halved root-mean-square error (RMSE) compared

with non-averaged precipitation rates in a point-to-area sim-

ulation using island-based radar data. The same study pre-

sented two statistical adjustments from the radar simulation

that serve to make the OceanRAIN reference data more rep-

resentative of a HOAPS satellite pixel and reduce the RMSE

by another 50%.

A validation of the HOAPS precipitation parameter could

help to explain the unbalanced atmospheric freshwater bud-

get in HOAPS, found to be positively biased in evaporation

minus precipitation (E − P) by 0.2–0.5 mm/day (Romanova

et al., 2010; Andersson et al., 2011). Errors contributing

to the HOAPS evaporation parameter have been quantified

by means of multiple triple collocation in Kinzel et al.
(2016). Having reached a reasonable sample size of more

than 4 million minutes of quality-checked oceanic precipita-

tion data until December, 2015, OceanRAIN enables a more

systematic validation of HOAPS precipitation estimates on

the level of individual satellite pixels.

Several factors account for precipitation differences

between HOAPS satellite data and OceanRAIN surface ref-

erence data. These factors include instrument characteristics

and sensitivity, as well as representativeness differences

between areal satellite pixels and surface-based reference

point measurements, among others. Attributing these indi-

vidual error sources to the overall error budget represents a

major step towards improved oceanic precipitation estimates

in HOAPS.

The article is structured as follows. The datasets HOAPS,

OceanRAIN and MSG-CPP, as well as the collocation

method, are explained in section 2, followed by the results

(section 3). The results separately address firstly the different

spatial representativeness between HOAPS and OceanRAIN

precipitation estimates in section 3.1, secondly the contribu-

tion of spectral precipitation-rate differences to the average in

section 3.3 and thirdly regional differences between HOAPS

and OceanRAIN in section 3.4. The article finishes with a

summary and concluding remarks (section 4). The Appendix

illustrates a decent number of interesting cases of HOAPS

sub-pixel precipitation variability taken from MSG-CPP.

2 DATA AND METHODS

2.1 OceanRAIN

Since 2010, the Ocean Rain And Ice-phase precipitation mea-

surement network (OceanRAIN) has collected precipitation

data complemented by atmospheric ancillary data on several

RVs. Current permanent deployments include the German

RVs Polarstern (since June, 2010), Meteor (since March,

2014) and Sonne (since November, 2014). RV Maria S.
Merian recorded data from October, 2010 until June, 2014.

Klepp (2015) describes the OceanRAIN data post-processing

and quality-checking in detail, while Burdanowitz et al.
(2016) introduce the algorithm to distinguish between rain,

snow and mixed-phase precipitation. The OceanRAIN dataset

is publicly available free of charge (Klepp et al., 2017); more

information is listed at http://oceanrain.org/.

The backbone of OceanRAIN is the optical disdrometer

ODM470, manufactured by the German company Eigenbrodt

GmbH & Co KG. ODM470 consists of a near-infrared (NIR)

http://oceanrain.org/


BURDANOWITZ ET AL. 3

light-emitting diode (LED) and a photo diode receiver (Lem-

pio et al., 2007). The entire ODM470 system was developed

in such a way as to minimize undesired influences on mea-

sured precipitation by changing wind directions and high

wind speeds. The ODM470 sensitive optical volume has a

cylindrical shape 22 mm in diameter. The cylindrical shape

guarantees an independence from the incidence angle of

falling hydrometeors, which becomes crucial under high wind

speeds and superstructure-induced local turbulence. Mounted

on a pivotable axis, a wind vane ensures that the optical vol-

ume adjusts perpendicular to the instantaneous local wind

direction. The ODM470 mounting height typically ranges

between 30 and 45 m, depending on the RV. The elevated

deployment reduces influences on the measured precipita-

tion by splashing wave water. Besides precipitation rates, this

study mainly uses navigation data to collocate OceanRAIN

and HOAPS and to determine the ship speed between two

time steps.

2.2 HOAPS

The Hamburg Ocean Atmosphere Parameters and Fluxes

from Satellite data (HOAPS: Andersson et al., 2010; Fen-

nig et al., 2012) precipitation parameter relies entirely on

retrieved brightness temperatures from seven PMW chan-

nels of the Special Sensor Microwave / Imager (SSM/I)

and Sounder (SSMIS), deployed on board satellites of the

US Air Force Defense Meteorological Satellite Program

(DMSP). The recently released HOAPS 4.0 (Andersson et
al., 2017), based on FCDR V003 (Fennig et al., 2017), cov-

ers the period from 1988–2014 and overlaps with 4.5 years

of OceanRAIN. To add one more year of overlap, the Satel-

lite Application Facility on Climate Monitoring (CM SAF)

kindly provided an extended HOAPS 3.2 version until

December, 2015 based on FCDR V002 (Fennig et al., 2015)

that is available on request. For the years overlapping with

OceanRAIN, this extended HOAPS version deviates negli-

gibly from HOAPS 4.0 (< 0.1 mm/hr on average; validation

report in Andersson et al., 2017 and Kathrin Graw, personal

communication, 6 November 2017).

HOAPS provides three different products with different

resolutions: HOAPS-S (scan-based, ungridded), HOAPS-C

(0.5◦ grid, six-hourly) and HOAPS-G (0.5◦ grid, monthly).

We employ the scan-based HOAPS-S, which contains

pixel-wise precipitation estimates in line with precise infor-

mation regarding time and location of the retrieved precipita-

tion estimates. The spatial resolution depends strongly on the

frequency of the channels used in the HOAPS precipitation

retrieval, which only ingests SSMIS data for the colloca-

tion period 2010–2015. The lowest frequency of 19.35 GHz

constrains the HOAPS spatial resolution to about 50 km in

diameter (Wentz, 2013). Precipitation rates below 0.3 mm/hr

are generally excluded in HOAPS-S, because their precipi-

tation signal is no longer reliably distinguishable from noise

(Andersson et al., 2010).

HOAPS

Space [km]

Time [min]
–20 – 10 20

–30             –20              –

10             0

10 0 10 20 30

OceanRAIN

FIGURE 1 This schematic drawing depicts the collocation procedure and

collocation boundaries, set to ±20 km in space (green) and ± 30 min in time

(purple), as well as the along-track averaging of OceanRAIN (blue markers)

in HOAPS-S satellite pixels (red dashed circle) [Colour figure can be

viewed at wileyonlinelibrary.com]

2.3 MSG-CPP

The MSG-CPP algorithm derives cloud, precipitation and

radiation parameters from the Spinning Enhanced Visible

and Infrared Imager (SEVIRI) on board MSG (Roebeling

et al., 2006). Besides CM SAF as one of the developers,

Koninklijk Nederlands Meteorologisch Instituut (KNMI)

offers real-time and archived precipitation data, among other

cloud and radiation parameters. The precipitation rate is

calculated from the cloud water path, cloud phase, cloud

particle effective radius and cloud column height, all of

which are taken from MSG-CPP. The combination of these

cloud-microphysical properties strongly improves the gen-

erally low skill to separate non-precipitating clouds with

small particles from precipitating clouds with larger particles

or ice crystals (Roebeling and Holleman, 2009). MSG-CPP

offers a high spatial resolution of about 3 km and a temporal

frequency of 15 min. All parameters exist for daytime only,

because the CPP algorithm relies on solar backscattered radi-

ation. MSG-CPP covers an area from −80 to 80◦N and −50 to

50◦E (MSG full disc), starting on January 1, 2004. A detailed

product description can be accessed on the MSG-CPP web

page (KNMI., 2011).

2.4 The collocation procedure

For validating HOAPS with OceanRAIN reference observa-

tions, both datasets need to be matched in space and time.

We achieve the space–time matching with the help of a col-

location procedure. For each OceanRAIN measurement (blue

markers in Figure 1), the collocation ensures a minimum spa-

tial distance (green circle) from the centre of a HOAPS pixel

(red circle) as well as a minimum time lag (purple line) to

the satellite overpass time, so that both precipitation estimates

represent approximately the same scene.

Considering equal scenes of precipitation necessitates the

fulfilment of both collocation criteria at once by requiring

each individual minute of data from OceanRAIN to match

a HOAPS satellite pixel. As a useful measure for these

http://wileyonlinelibrary.com
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collocation boundaries, spatial decorrelation lengths can be

used that denote the distance at which the spatial correla-

tion of a signal with respect to a location decreases to 1∕e.

Bumke et al. (2012) found decorrelation lengths of 46–68 km

for frontal and stratiform precipitation and 18–46 km for con-

vective precipitation. Based on these decorrelation lengths,

Bumke et al. (2012) chose ±25 km and ±30 min for collocat-

ing precipitation derived from the same optical disdrometer

ODM470 on board RV Alkor with HOAPS over the Baltic Sea

for the period 1995–1997. For snowfall over the Norwegian

Sea, Klepp et al. (2010) successfully applied more generous

collocation boundaries of ±55 km and ±45 min with an accu-

racy of 0.99. Due to global ocean coverage of the OceanRAIN

data, we choose ±20 km and ±30 min to establish a compro-

mise between convective precipitation and rather stratiform

precipitation.

Over land, the recommended number of gauges to repre-

sent precipitation in a typical area of a satellite pixel ranges

from 5 (Xie and Arkin, 1995) to more than 20 (Krajew-

ski et al., 2000; Ciach and Krajewski, 2006; Villarini and

Krajewski, 2007; Villarini et al., 2008), depending on reso-

lution and accumulation times. Typically, distances between

these gauges reach a few hundred metres. In light of these

studies, a large random error according to the point-to-area

(p2a) representation is expected for the HOAPS–OceanRAIN

comparison. In particular, single collocated point-like Ocean-

RAIN ship measurements generally cannot represent the area

of a HOAPS satellite pixel 50 km in diameter well. A syn-

thetic radar study revealed a halved RMSE for an averaged

simulated ship track of at least 24 km in length compared with

unaveraged single point measurements with respect to a sim-

ulated satellite pixel of the spatial resolution of HOAPS (Bur-

danowitz et al., 2017). Therefore, we apply an along-track

averaging to all OceanRAIN measurements collocated to the

same HOAPS satellite pixel, so as better to represent the pre-

cipitation rate in the HOAPS pixel, leaving 24,990 matches

in total.

To justify our chosen collocation boundaries, we use four

skill scores calculated from the number of hits (h: Ocean-

RAIN and HOAPS detect precipitation), misses (m: Ocean-

RAIN detects precipitation while HOAPS does not), false

detections (f : HOAPS detects precipitation while Ocean-

RAIN does not) and correct zeros (z: both detect no pre-

cipitation), recommended by the International Precipitation

Working Group (IPWG) and the World Weather Research

Programme (WWRP)/Working Group on Numerical Experi-

mentation (WGNE) Joint Working Group on Forecast Veri-

fication Research. These four skill scores, used in Figure 2,

include accuracy, probability of detection, odds ratio and Hei-

dke skill score, among others. While the accuracy denotes

the fraction of correctly detected precipitation h and correctly

detected no-precipitation events z with respect to Ocean-

RAIN, the probability of detection denotes the fraction of

correctly predicted precipitation h. The Heidke skill score

expresses the accuracy of HOAPS detections with respect to
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FIGURE 2 (a–d) Relative change with respect to the maximum of skill

scores for combinations of space/time collocation boundaries (format:

km/min) as a function of 20◦ latitude bands. The size of the grey dots in the

box denotes the number of collocations relative to the highest number in all

latitude bands out of 7,229. Red (grey) boxes indicate a significant

difference of 𝛼 = 0.05 (0.5) of a skill score from the reference 20 km/30 min

with respect to the internal uncertainty estimated from 1,000 realizations of

a randomly chosen halved sub-dataset. (e) The graph exemplifies

significance levels for accuracy at −10 to 10◦N, where boxes denote 25th

and 75th percentiles and whiskers 2.5th and 97.5th percentiles [Colour

figure can be viewed at wileyonlinelibrary.com]

random chance. The odds ratio relates the number of agreeing

HOAPS precipitation detections h + z to the number of dis-

agreeing HOAPS precipitation detections m + f , both with

respect to OceanRAIN. Details on these skill scores are listed

at http://www.cawcr.gov.au/projects/verification. Skill scores

can vary strongly with latitude, due to differing ratios of

widespread light-to-moderate precipitation and more intense

small-scale precipitation in different climate regimes. These

latitudinal differences demand a normalization per latitude to

be able to identify the most suitable collocation boundaries

http://wileyonlinelibrary.com
http://www.cawcr.gov.au/projects/verification
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per latitude. Therefore, the four skill scores in Figure 2a–d

have been normalized with the highest score per latitude,

leading to a perfect value of 1 in dark blue, while lighter

colours depict lower scores. To verify the chosen colloca-

tion boundaries of ±20 km and ±30 min (reference), we test

stricter boundaries for both space (±15 and ±18 km) and time

(±20 and ±25 min) in order to check whether they perform

better, specifically in regions dominated by convective pre-

cipitation. Overall, we obtain nine possible combinations of

spatial boundaries s and temporal boundaries t for colloca-

tion, whereby a better performance corresponds to a higher

skill score of a collocation boundary per latitude. Resam-

pling with 1,000 realizations of a randomly chosen 50% of all

collocations allows us to test whether a skill score performs

significantly better compared with the reference collocation

boundaries per latitude, with grey-framed boxes for 𝛼 = 0.5

and red-framed boxes for 𝛼 = 0.05. Figure 2e illustrates this

simple significance test, showing the distribution of all 1,000

realizations per collocation boundary and latitude in the form

of box-whiskers for accuracy between −10 and 10◦N. Skill

scores (red dots) above the uppermost red-dashed line indicate

a significantly better performance for 𝛼 = 0.05 with respect to

the reference collocation boundaries on the right. Unframed

boxes in Figure 2a–d should be neglected, as they mark differ-

ences rather related to random chance instead of skill. Thus,

only skill scores that perform significantly better for stricter

collocation boundaries can justify the evolving reduction of

the collocation sample size.

The probability of detection indicates that the ratio of hits

and all precipitation events detected by OceanRAIN varies

by 15–20% in the Southern Hemisphere midlatitudes and

the inner Tropics while staying about constant elsewhere

(Figure 2a). The inner Tropics mark an area in which the

lowest collocation boundaries of “15 km/20 min" lead to the

highest probability of detection. In mid and high latitudes,

except for the northern polar regions, more generous colloca-

tion boundaries are sufficient. However, the non-significant

(𝛼 = 0.05) improvements resulting from stricter collocation

boundaries in the inner Tropics do not yet suggest application

of stricter collocation boundaries globally.

With less than 10% relative change per latitude, the accu-

racy varies much less compared with the other skill scores

(Figure 2b). The main reason for the lower variability lies

in the contribution of non-precipitating cases, which account

for about 80% of all cases and are not used in the other skill

scores. The markedly lower variability per latitude causes the

improvement when choosing stricter collocation boundaries

to be significantly better everywhere but in the midlatitudes.

The polar regions and the Northern Hemisphere subtrop-

ics, in particular, indicate a statistically significant improve-

ment from using “15 km/20 min” as collocation boundaries,

whereas the inner Tropics and the Southern Hemisphere mid-

latitudes suggest use of “18 km/20 min” and “18 km/25 min”.

The Northern Hemisphere midlatitudes and Southern Hemi-

sphere subtropics, however, do not justify using stricter

boundary conditions, which rules out changing the colloca-

tion boundaries on a global scale.

The odds ratio indicates the ratio of the probability

that HOAPS correctly predicts precipitation compared with

the probability that HOAPS incorrectly predicts precipi-

tation with respect to OceanRAIN (Figure 2c). The best

HOAPS performance in the polar regions as well as in

the inner Tropics occurs again for the strictest colloca-

tion boundaries, though it is not statistically significant

(𝛼 = 0.05). In contrast, in the Northern Hemisphere midlati-

tudes, the standard collocation boundaries of “20 km/30 min”

perform best. These results match the performance indi-

cated by the Heidke skill score (Figure 2d), which also

does not justify applying stricter collocation boundaries

globally.

All skill scores considered tend to support stricter colloca-

tion boundaries predominantly in the inner Tropics and partly

in the polar regions. To confirm these results robustly, more

HOAPS–OceanRAIN collocations are required to obtain sta-

tistically significant results. The tendency for lower maxi-

mum distances of 15 and 18 km, in particular, to lead to

an improved performance of HOAPS might be explained

by the small-scale phenomena of higher convective precip-

itation fraction in the Tropics (Houze, 1997) and the ten-

dency towards cellular cloud structures resulting from cold

air advection over warmer ocean surfaces in the polar regions

(Klepp et al., 2010). While spatial scales of convective precip-

itation usually range far below 50 km, stratiform precipitation

remains relatively constant over areas typically larger than

50 km, such as warm-sector precipitation in typical mid-

latitude cyclones. However, widespread areas of stratiform

precipitation also occur in the Tropics (Peters et al., 2013).

The tendency towards stricter collocation boundaries in areas

of predominantly convective precipitation supports markedly

lower correlation lengths for convective precipitation com-

pared with stratiform precipitation (Bumke et al., 2012). We

find most HOAPS–OceanRAIN collocations in the Atlantic

Ocean (Figure 3), particularly in Arctic and Antarctic regions

outside 70◦S–70◦N (42% of all 24,990 collocations). These

regions coincide with the highest fraction of missed precipi-

tation (about 20%), whereas the inner Tropics fall below 5%

of missed precipitation collocations by HOAPS with respect

to OceanRAIN. The high-latitude regions receive more than

half of their sampled precipitation occurrence in the form of

mixed-phase precipitation and snowfall, which are more chal-

lenging to detect for PMW sensors compared with rainfall

(Levizzani et al., 2011).

The collocation of HOAPS with OceanRAIN represents a

major first step for a meaningful comparison of both datasets.

In this first step, both datasets were matched in time and space

using appropriate collocation boundaries. However, despite

the collocation, HOAPS and OceanRAIN still represent areas

of largely different size and their instruments used differ in

sensitivity to detect precipitation. These crucial differences
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FIGURE 3 Map of all 24,990 HOAPS–OceanRAIN collocations from available long-term RVs in OceanRAIN from June, 2010 to December, 2015 (cyan

dots), misses (RH = 0 and RO > 0; purple) and hits (RH > 0 and RO > 0; orange) using ±20 km and ±30 min as collocation boundaries [Colour figure can be

viewed at wileyonlinelibrary.com]

between HOAPS and OceanRAIN are approached in the

following sections.

3 RESULTS

3.1 Spatial representativeness

Even after the along-track averaging of collocated Ocean-

RAIN measurements in a HOAPS pixel, a largely different

spatial representation remains that needs to be considered

when comparing the precipitation rate of HOAPS, RH, and

that of OceanRAIN, RO. To reduce the spatial-scale RH − RO

difference, we apply two statistical adjustments derived from

a simulation using island-based radar data in Burdanowitz

et al. (2017) (henceforth B17). The first statistical adjust-

ment uses the average duration, TE, of a precipitation event in

minutes as observed by a RV along its track as

R∗
O
∶= RO ⋅

[
9.32 ⋅ (TE)−2.14 + 0.48

]
(1)

Note that TE does not refer to the life cycle of an individ-

ual precipitation event, but to the time it takes an RV to move

through a shower. Therefore, TE depends strongly on the RV

movement relative to the movement of the precipitation field

(see Figure A6 in Appendix). Adjusting RO reduces the ten-

dency for short events to underestimate RO and for longer

events to overestimate RO, both with respect to a simulated

RH after B17. Though regional differences exist, the purely

statistical feature in Equation 1 occurs globally being largely

independent of the climate regime.

The second statistical adjustment uses R∗
O

normalized by

the median precipitation rate r = 0.18 mm/hr of the radar

training dataset as

R∗∗
O

∶= R∗
O
⋅

[
0.731 ⋅

(R∗
O

r

)−0.789

+ 0.306

]
(2)

Normalizing the radar-derived precipitation rate from B17

by its median value r ensures that the adjustment remains

independent of the radar’s instrument features. Adjusting the

TE-adjusted OceanRAIN precipitation rate R∗
O

reduces the

tendency for low R∗
O

to be underestimated and for high R∗
O

to be overestimated, both along the track with respect to a

simulated RH as derived in B17.

Before applying these statistical adjustments, we consider

three scenarios from B17 that cause particularly unrepresen-

tative precipitation rates of OceanRAIN in the HOAPS pixel

area. First, very low RV speeds tend to transform the track’s

line structure into a point-like structure, usually represent-

ing areal precipitation much less accurately compared with

longer-track averages. Second, collocated OceanRAIN tracks

that consist of very few measurements also lead to more

point-like structures. Third, in borderline cases the precipi-

tation phase distinction algorithm explained in Burdanowitz

et al. (2016) might assign an erroneous precipitation phase

that could lead to an order-of-magnitude different precip-

itation rate; e.g. snowflakes misclassified as rain strongly

overestimate the precipitation rate. For these three reasons,

we exclude 43 out of 885 hit cases that fulfil at least one

of the following conditions: (a) the RV’s speed lies below

5 km/hr while the number of measurements per track is less

than 30; (b) the number of measurements per track lies below

5; or (c) the precipitation phase probability that rain was

observed lies between 0.4 and 0.6. Excluding these unrep-

resentative cases changes the overall bias of RH − RO from

−0.64 to −0.53 mm/hr, while the RMSE decreases from 3.12

to 2.65 mm/hr.

After excluding particularly unrepresentative cases, a

considerable number of OceanRAIN precipitation rates

inevitably over- or underrepresent precipitation events within

a HOAPS pixel. This limited spatial representation mani-

fests in a ratio of RO and RH that often deviates from the

perfect ratio of 1 (Figure 4a,b). From B17, we infer that

along-track precipitation rates of observed low TE under-

estimate the areal precipitation rate on average, whereas
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FIGURE 4 HOAPS–OceanRAIN precipitation-rate ratio RH∕RO as a function of (a,c,e) the mean along-track precipitation event duration TE and (b,d,f) the

along-track average precipitation rate, as (a,b) unadjusted RO, (c,d) TE-adjusted R∗
O

and (e,f) R∗
O

-adjusted R∗∗
O

, respectively. The solid red line indicates the

binwise mean [Colour figure can be viewed at wileyonlinelibrary.com]

along-track precipitation rates of observed relatively high TE

overestimate the areal precipitation rate on average. HOAPS

and OceanRAIN exhibit a similar relation, where for short

precipitation events of 1–3 min duration RH exceeds RO by a

factor of 20–100 on average, while for events of more than

20 min duration RH remains slightly below RO on average.

Note that the absolute difference of RH and RO in Figure 5a,b

for relatively long events with about −1 mm/hr stronger devi-

ates from 0 than the absolute difference of relatively short

events with about 0.5 mm/hr. Overall, this difference results

in a RMSE of 2.65 mm/hr. The different spatial representation

of precipitation by OceanRAIN found in both relative and

absolute differences of RH and RO cannot be corrected

explicitly, because the actual precipitation distribution in

the HOAPS pixel remains unknown. However, the statistical

adjustments derived in B17 allow us to adjust OceanRAIN

at least statistically to HOAPS, in order to achieve a more

meaningful validation of HOAPS precipitation. Adjusting

OceanRAIN with respect to the average precipitation event

duration (Figures 4c,d and 5c,d) decreases the averaged over-

estimation factor of RH∕RO with respect to TE from up to 100

toward factors ranging between 4 and 40 for 1 < TE < 3 min

and shifts the maximum overestimation from 1 to 3 min. For

TE > 20 min, the relative difference in RH and R∗
O

remains

below 2, while the absolute difference decreases strongly,

leaving a difference of about 0.2 mm/hr for the highest TE. The

decreased HOAPS–OceanRAIN difference marks a first step

towards an improved spatial representation of precipitation

http://wileyonlinelibrary.com
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in OceanRAIN compared with HOAPS, though no perfect

agreement is expected due to other differences between both

datasets.

The average precipitation event duration certainly depends

on the direction and speed of the RV relative to the move-

ment of clouds as precipitation sources. Statistically, these

influences introduce an additional uncertainty in the spa-

tial difference between HOAPS and OceanRAIN that goes

beyond the scope of our study. We concentrate exclusively on

the spatial representation of precipitation as measured along

an OceanRAIN ship track compared with a HOAPS satel-

lite pixel by neglecting the cloud movement. However, this

limitation should not introduce a bias, as OceanRAIN sam-

pled RV movements with various speeds and directions over a

sufficiently long period of more than 5.5 years; nevertheless,

it adds to the random uncertainty.

Applying the TE adjustment leaves an RMSE of 1.44 mm/hr

and large relative differences for RH∕R∗
O

with respect to R∗
O

,

ranging from 0.02 to about 1,000 (Figure 4c,d). These rel-

ative precipitation-rate differences of more than four orders

of magnitude indicate that OceanRAIN cannot yet repre-

sent the area of a HOAPS pixel statistically. To achieve a

better spatial representation of OceanRAIN, we apply the
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additional R∗
O

adjustment proposed in B17. The R∗
O

adjust-

ment reduces the relative difference strongly to values hardly

exceeding the range 0.1 < RH∕RO < 20 (Figure 4e,f). As a

second effect, the R∗
O

adjustment removes the trend in the

HOAPS–OceanRAIN difference almost entirely with respect

to TE. However, HOAPS overestimates OceanRAIN on aver-

age by an almost constant factor of 2–4 (Figure 4e) and an

absolute difference of 0.2–0.6 mm/hr (Figure 5e), both with

respect to TE. This overestimation corresponds to an over-

all bias of 0.46 mm/hr, while the RMSE decreased further to

1.01 mm/hr. Both the removal of the trend in the spatial repre-

sentation of precipitation between HOAPS and OceanRAIN

with respect to TE and R∗
O

and the reduced RMSE reflect the

successful adjustment of most of the OceanRAIN along-track

precipitation rates to represent HOAPS pixel precipitation

rates better.

3.2 Does the precipitation regime influence the
agreement between HOAPS and OceanRAIN?

After improving the ability of OceanRAIN to represent

areal precipitation in HOAPS pixels, it remains open whether

different precipitation regimes have a smaller or larger impact

on the HOAPS–OceanRAIN difference than the p2a repre-

sentation and whether the statistical adjustments work equally

well for all types of precipitation regimes. Addressing these

questions demands the high resolution both in time and

space that CPP can provide. Firstly, we use only those cases

that include at least 100 non-missing CPP pixels within a

HOAPS pixel to exclude strongly tilted viewing angles in

high-latitudes; secondly, only hit cases in which all three of

the products indicate precipitation are considered. These two

conditions leave 73 cases with a variety of different precipi-

tation regimes sampled according to precipitation intensity as

the 90th percentile from CPP (RC,90%) and the fractional area

covered by precipitation (fC). Different precipitation regimes

are separated by the upper bound

bu ∶= (5 ⋅ fC + 2)mm/hr (3)

and the lower bound

bl ∶= (0.5 ⋅ fC + 0.2)mm/hr (4)

Together with fC = 0.5, they classify five precipitation

regimes shown as coloured markers in Figure 6a. Weak pre-

cipitation of RC,90% < bl and small area fractions of fC < 0.5

(brown circles) characterize small showers and sampled edges

of larger rather weak precipitation areas (for a typical case,

see Figure A3 in Appendix). A small number of cases sam-

pled have tiny area fractions below 0.1 with RC,90% = 0 (green

triangles in Figure 6; see Figure A6). More widespread pre-

cipitation fields of stratiform type (fC > 0.5) can be of weak

to medium intensity (bl < RC,90% < bu, light blue crosses; see

Figures A1 and A2). Cases of similar intensity with smaller

area fractions might denote partly sampled rather stratiform

precipitation or less intense barely organized and convectively

driven showers (fC < 0.5, yellow squares; see Figure A4).

Stronger convectively driven precipitation systems are char-

acterized by the highest precipitation rates (RC,90% > bu, dark

blue triangles; see Figure A5). All these cases span a precipi-

tation intensity range for RC,90% of three orders of magnitude

and precipitating area fractions range from smaller than 0.01

up to 1.

To analyze whether or not the precipitation regime influ-

ences the agreement between HOAPS and OceanRAIN, we

choose the ratio between RC,90% and fC as an indicator. Its

influence on the precipitation-rate difference RH−RO depends

mainly on a few cases of comparatively high RC,90%, lead-

ing to RH − RO <−10 mm/hr, while most other cases deviate

by less than 2 mm/hr (Figure 6c). Accordingly, the precipi-

tation regime seems to play a minor role in influencing the

absolute differences between HOAPS and OceanRAIN pre-

cipitation rates, except for the strongest precipitation cases

sampled. However, the precipitation regimes seem to scale

better with the relative precipitation-rate difference RH∕RO

(Figure 6e). A trend can be recognized for HOAPS to overesti-

mate OceanRAIN precipitation estimates more often for high

fC and low RC,90%, while for low fC and high RC,90% HOAPS

is more likely to underestimate OceanRAIN precipitation. A

large variance of two to three orders of magnitude occurs and

makes the precipitation regime a less reliable indicator of the

agreement between HOAPS and OceanRAIN. However, most

of this variability might be explained by the p2a representa-

tion of OceanRAIN ship tracks in a HOAPS satellite pixel.

Comparing the area fractions fC and fO reveals a strong vari-

ability in the p2a representation of OceanRAIN with respect

to the HOAPS pixel area indicated by CPP (Figure 6b). For

every precipitation regime classified, we find at least one

case in which OceanRAIN has a 100% precipitation cover-

age along its track. Even for some of the cases with tiny

CPP area fractions (green triangles), OceanRAIN sampled

full track coverage (e.g. Figure A6 in Appendix). When com-

paring the HOAPS–OceanRAIN difference against the p2a

representation, it seems to be more strongly related to the

difference between HOAPS and OceanRAIN than the precip-

itation regime, in particular for the relative difference between

both (Figure 6f). The steeper slope of the regression line

in Figure 6f combined with its lower RMSE of 7.4 mm/hr

(9.3 mm/hr for Figure 6e) supports the stronger influence of

the p2a representation on the HOAPS–OceanRAIN differ-

ence compared with the precipitation regime. Together with

the larger variability against the HOAPS–OceanRAIN dif-

ference, these factors highlight the need to adjust for spatial

misrepresentation due to the p2a effect.

The question still remains as to whether the statistical

adjustments work equally well under different precipitation

regimes. To answer that question, we compare the RMSE

for the different precipitation regimes before and after apply-

ing the statistical adjustments. Except for the stratiform-like

precipitation regime (RMSE increases by 31%), the RMSE

decreases for all regimes by 25–81%. We find the strongest
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decrease in the convective precipitation regime, with the high-

est precipitation intensity. Figure A5 in the Appendix exem-

plarily describes one of these scenes in which the OceanRAIN

precipitation estimate strongly exceeds that of HOAPS.

3.3 How does detectability add to differences in
precipitation rate?

After removing most of the bias related to spatial-scale differ-

ences between OceanRAIN and HOAPS, the question arises

as to which precipitation rates contribute most strongly to the

remaining HOAPS–OceanRAIN precipitation-rate difference

when adding false detections and misses to the hits. To com-

pare the contribution of individual precipitation rates with the

average precipitation rate, we consider the cumulative precip-

itation rate C(Ri) per precipitation rate class Ri (Figure 7).

The comparison includes both, hits for HOAPS RH(h) and hits

for OceanRAIN RO(h), as well as hits and false detections for

HOAPS RH(h∧ f ) and hits and misses for OceanRAIN RO(h∧
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m). The HOAPS–OceanRAIN difference for hits confirms the

bias of about 0.5 mm/hr by which HOAPS overestimates the

precipitation rate compared with OceanRAIN (Figure 7a). For

RH(h∧ f ) and RO(h∧m), the difference lies in the same range

but reaches somewhat lower average precipitation rates com-

pared with the hits. These average precipitation rates remain

below those of the hits, because additionally they contain

lower-intensity cases in which the other dataset detected no

precipitation.

The cumulative distributions of HOAPS and OceanRAIN

differ mainly in their minimum precipitation rates, deter-

mined mostly by the instrument sensitivity. The sensitiv-

ity of the SSMIS radiometers decreases the signal-to-noise

ratio towards low precipitation rates. Whereas the HOAPS

algorithm considers this limitation in using a relatively high

threshold of 0.3 mm/hr (Andersson et al., 2010), the disdrom-

eters in OceanRAIN can resolve an order of magnitude lower

precipitation rates. The different instrument sensitivity causes

65% of the collocated OceanRAIN precipitation cases to lie

below the HOAPS minimum resolvable precipitation rate.

These 65% of hits reduce the average precipitation rate RO(h)
by more than half (−0.39 mm/hr), while RH(h) reduces by

only 30% (−0.35 mm/hr; see Figure 7). Generally, the HOAPS

minimum resolvable precipitation rate limits the ability to

resolve light precipitation. Here, we account for the differ-

ent instrument sensitivity by excluding precipitation rates of

0 < RO < 0.3 mm/hr.

Excluding these low precipitation rates yields a much better

agreement between RH(h∧f ), RO(h∧m) and RO(h) (Figure 7b).

RH(h∧ f ) exceeds RO(h∧m) by about 2%, whereas the uncer-

tainty obtained from resampling of the data (bootstrapping)

lies higher, at about 10%. However, the slope of RH(h∧f ) com-

pared with RO(h ∧ m) reveals a slight tendency for HOAPS

to underestimate precipitation rates between 1.5 and 3 mm/hr,

while HOAPS tends to overestimate precipitation rates above

3 mm/hr. Nevertheless, this tendency needs to be investigated

further as soon as more oceanic precipitation data become

available.

RH(h) stands out and exceeds the other three average precip-

itation rates by more than 50%. This large difference mainly

indicates that adding false detections to hits balances the

higher precipitation rates of hits by HOAPS compared with

OceanRAIN. Whether false detections by HOAPS represent

actual cases that indicate precipitation erroneously remains

questionable. This issue again concerns the point-to-area

problem in the sense that OceanRAIN ship tracks might com-

pletely miss precipitation that occurred within a HOAPS

satellite pixel, as demonstrated in a case study of Bur-

danowitz (2017). Such cases are classified as false detections

by HOAPS, though many of them actually needed to repre-

sent hits. However, not knowing the sub-pixel precipitation

distribution within each HOAPS pixel, these apparent false

detections cannot be identified and corrected explicitly.

Instead of identifying or correcting apparent false detec-

tions, we assume that an unknown fraction somewhere

between no and all false detections was classified as hits (blue

shading in Figure 8). The lower edge of the blue-shaded area

assumes no false detections to be hits, while the upper edge

assumes all false detections to be hits. Note that assumed hits

are assigned the average precipitation rate of real hits, which

likely means an overestimation according to Figure 7 (top).

The assumed hits strongly improve the agreement between

HOAPS and OceanRAIN, specifically in the inner Trop-

ics, as well as in the southern-ocean midlatitude region.

The improved HOAPS–OceanRAIN agreement indicates that

apparent HOAPS false detections can likely explain most

of the difference in Figure 8. As the main reason, Ocean-

RAIN ship tracks represent the areal precipitation structure

within a HOAPS pixel insufficiently – a discrepancy to

be elaborated on with oceanic precipitation data of very

high spatial resolution, such as radars deployed on board

ships.
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(blue) as well as

HOAPS RH (red dashed). The blue-shaded area frames the uncertainty

range of misclassified false detections by HOAPS, with the upper edge

counting all false detections as hits [Colour figure can be viewed at
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3.4 Regional distribution

The latitudinal precipitation-rate difference points to system-

atically higher precipitation rates by HOAPS with respect to

OceanRAIN in the inner Tropics and southern-ocean sub-

tropics. This picture strengthens when considering the actual

distribution of precipitation-rate differences with respect to

location after gridding the collocated data on to a 2◦ by 2◦ grid

(Figure 9). Overall, HOAPS overestimates the precipitation

rate predominantly in the Tropics, while mid and high lati-

tudes show a more indifferent picture, with a slight tendency

of HOAPS to underestimate the precipitation rate (Figure 9d).

A subdivision into hits, misses and false detections can help

us to understand this regional distribution. Note that abso-

lute precipitation rates for hits, misses and false detections

are on average larger by an order of magnitude compared

with “all cases”, which also include no-precipitation cases.

For hit cases, HOAPS precipitation rates frequently exceed

OceanRAIN precipitation rates by about 0.2 mm/hr. Except

for a few outliers driven by particularly high precipitation

rates within the 2◦ by 2◦ grid box, the precipitation-rate differ-

ence between HOAPS and OceanRAIN does not vary much

with respect to the region (Figure 9a). The misses counteract

this overestimation by HOAPS slightly, but rarely lie below a

difference of −0.2 mm/hr (Figure 9b). However, the absolute

number of misses often exceeds 10 cases per grid box, giving

distinct weight to the overall difference (Figure 9e and f). The

relatively high number of misses can partly explain the ten-

dency to underestimate precipitation in mid to high latitudes

in boxes where not enough hits counteract this effect. False

detections with, per definition, the opposite sign as misses

mainly occur and contribute only significantly in the inner

Tropics, by differences of 0.1–1 mm/hr (Figure 9c and g).

They might, to a large extent, be able to explain the overall

higher average precipitation rates of HOAPS compared with

OceanRAIN in the inner Tropics in Figure 9d. Overall, hits

and false detections by HOAPS, where RVs in OceanRAIN

likely missed the precipitation observed by HOAPS, explain

most of the higher precipitation rates by HOAPS compared

with OceanRAIN in the inner Tropics. In mid and high

latitudes, the high number of misses leads to HOAPS under-

estimating the average precipitation rate from OceanRAIN

for mainly light precipitation; elsewhere, hits and false detec-

tions still lead to an overestimation by HOAPS, as in the inner

Tropics.

Generally, most HOAPS–OceanRAIN differences in pre-

cipitation rate result from differences in detection rather

than differences in estimation of the precipitation rate,

which is also an asset of applying the statistical adjustments

(section 3.2).

4 SUMMARY AND CONCLUDING
REMARKS

In our effort towards a validation of the HOAPS

satellite-derived precipitation product, we compared HOAPS

with collocated OceanRAIN ship data over the global ocean

with focus on the Atlantic Ocean. Three preparatory steps

serve to make the along-track OceanRAIN precipitation rates

most representative of the typical area (50 km diameter) of

the HOAPS precipitation estimates.

First, a collocation procedure ensures we are comparing

identical scenes, using boundaries of ±25 km in space and

±30 min in time. Stricter collocation boundaries turn out

to perform significantly better, particularly with respect to

accuracy, but only in the Tropics and at high latitudes. Our

experience, however, was that stricter collocation boundaries

do not perform significantly better on the global scale, but

would decrease the amount of available data.

Second, along-track averaging turns the OceanRAIN point

measurements into track-averaged precipitation rates that

represent the average precipitation pattern better within a

HOAPS satellite pixel. Among others, collocations of less

than five OceanRAIN measurements per ship track (i.e.

5 min) combined with ship speeds below 5 km/hr were

excluded, because these conditions again lead to point-like

structures with insufficient areal sampling.

Third, applying two statistical adjustments on the Ocean-

RAIN along-track precipitation rate reduces the effect of

OceanRAIN ship tracks not being representative of the areal

HOAPS satellite pixel. While the first adjustment using the

average along-track precipitation event duration reduces the

RMSE from 2.65 to 1.44 mm/hr, the second adjustment using

the median-normalized precipitation rate reduces the RMSE

further to 1.01 mm/hr. The RMSE reduction is caused mainly

by statistically adjusting outliers of strongly over- or under-

sampled precipitation along the ship track. In that respect,

both adjustments turn out to be valuable for a spatially

more meaningful validation of satellite-derived precipitation

estimates.

A comparison with higher-resolved precipitation esti-

mates from the VIS–IR satellite product CPP classifies a
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FIGURE 9 Maps of (a–d) average precipitation-rate difference of RH – R∗∗
O

in mm/hr and (e–h) number of cases n per 2◦ by 2◦ grid box, for (a,e) hits, (b,f)

misses, (c,g) false detections and (d,h) all cases. Grey boxes have no data available [Colour figure can be viewed at wileyonlinelibrary.com]

subset of HOAPS–OceanRAIN collocations into five differ-

ent precipitation regimes with respect to precipitation inten-

sity and areal coverage. CPP confirms that the statistical

adjustments work for most of the precipitation cases observed

– specifically for strong convective-like precipitation and

small-scale convection covering only a small part of the

HOAPS pixel. However, some of the widespread precipitation

events of spatially constant precipitation rates are decreased

too strongly, as they basically would not need any adjustment

at all. Nevertheless, the imprint of the point-to-area represen-

tation turns out to be stronger compared with that of different

precipitation regimes as classified according to precipitation

area and intensity from CPP.

Excluding OceanRAIN precipitation rates below

0.3 mm/hr, as in the HOAPS instantaneous precipitation

rates, enables us to investigate the contribution of cer-

tain precipitation rates to the average precipitation rate.

OceanRAIN precipitation rates for hits and false detec-

tions combined agree well with HOAPS precipitation rates

for hits and misses combined. However, the uncertainty of

about 10% obtained from resampling exceeds the average

precipitation-rate difference of about 2%. This indicates an

overall good agreement between HOAPS and OceanRAIN

when considering all detected precipitation cases from any

of the datasets. In contrast, the HOAPS precipitation rate for

hits-only differs strongly from the HOAPS precipitation rate

of hits and false detections combined by about 0.5 mm/hr.

This systematically higher HOAPS precipitation rate of hits

suggests that the systematically lower precipitation rates of

HOAPS false detections need to be added to obtain a more

complete precipitation-rate spectrum. Most of these HOAPS

false detections actually represent hits that were classified

as false detections, mostly in the Tropics when rain showers

occurred within the HOAPS pixel but off the RV track – yet

another form of the point-to-area problem.

Regionally, HOAPS–OceanRAIN average precipitation-

rate differences vary with location and climatic region.

Most of the underestimated HOAPS precipitation rates with

respect to OceanRAIN are located in mid to high latitudes,

caused by HOAPS precipitation misses. Similar results were

obtained in a comparison of other satellite products with

CloudSat by Behrangi et al. (2012). The overestimated

HOAPS precipitation rates in the inner Tropics result mainly
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from overestimated hits and apparent HOAPS false detec-

tions. The latter indicates that the problem of apparent

false detections dominates in regions of mainly clustered

convective precipitation, while in other regions the lower

precipitation-rate threshold limits the detectability and

correct estimation of precipitation in HOAPS.

Following up on the false detections, our case study illus-

trates precipitation events in the inner Tropics that challenge

the point-to-area representation strongly. Spatially limited

showers might favour either an underestimation along the

track when the RV is moving against the drift direction of pre-

cipitating clouds or an overestimation along the track when

RV and clouds move in a similar direction at similar speed.

In most cases, the statistical adjustment with the along-track

precipitation event duration help to make the along-track

precipitation more representative of the area. However, if

precipitation along the track is not spatially undersampled but

exhibits a markedly lower precipitation rate than off the track,

the statistical adjustment would reduce the precipitation rate,

though it would need to be increased to be representative of

the area. These kind of false adjustments cannot be ruled out

completely in a purely statistical adjustment, but they occur

comparatively rarely.

Though the so far limited sampling in OceanRAIN does

not yet allow us to provide explicit HOAPS precipitation-rate

error estimates, for the first time we successfully applied a

point-to-area adjustment to along-track reference ship data to

validate satellite-derived precipitation estimates. The quali-

tative validation obtained points to the following key issues.

The point-to-area adjustments derived in Burdanowitz et al.
(2017) improve the representation of along-track precipita-

tion strongly within the area of a satellite pixel. Nevertheless,

the underestimated detection of precipitation by along-track

ship measurements within the satellite pixel (i.e. satellite false

detections) also needs to be addressed. Further work may

include a region-dependent adjustment of precipitation occur-

rence along the ship tracks, in order to reduce the influence

of apparent false detections in satellite-derived precipita-

tion estimates, particularly in areas dominated by clustered

convective precipitation. The limited statistical sampling in

OceanRAIN, another key issue, can be solved by maintaining

the current and extending the future OceanRAIN ship fleet.
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APPENDIX: CASE STUDY

To gain a better understanding of the agreement between

HOAPS and OceanRAIN and how the statistical adjustments

perform, we consider several cases of collocated precipitation

estimates from OceanRAIN and HOAPS and compare them

with precipitation estimates from CPP that match the period

of the corresponding OceanRAIN ship track. We discuss a

number of map plots and time series to understand these cases

better. Overall, this case study should help us to understand,

first, how HOAPS and OceanRAIN compare under certain

precipitation regimes and, second, under which conditions the

statistical adjustments work particularly well or badly.

Figures A1 and A2 both represent a typical case for a rather

stratiform-like type of rain with an areal coverage from CPP

ranging between 0.4 and 0.95 (blue crosses in Figure 6).

These high areal fractions, combined with low-to-medium

intense precipitation rates, facilitate precipitation detection

for PMW satellite sensors. Located in the subtropical South-

ern Atlantic Ocean, the OceanRAIN ship track collocated
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FIGURE A1 Case from January 30, 2015 of four consecutive time steps from CPP with RC per pixel in mm/hr (colors) as a function of longitude and latitude

for the area of a collocated HOAPS pixel. The RV’s position from OceanRAIN matched by ±6 min to the CPP time step is displayed as red circles, while the

rest of the collocated OceanRAIN track is shown as grey circles. The bottom panel shows time series of individual OceanRAIN precipitation rate per minute

ROi
(black line), CPP area-averaged precipitation rate RC (red circles) and HOAPS precipitation rate RH (blue star), all as a function of universal time

coordinated (UTC). The red line depicts OceanRAIN track-averaged precipitation rate before adjustments RO = 2.4 mm/hr, while the orange-dashed line

depicts it after applying statistical adjustments R∗∗
O

= 0.5 mm/hr. All units are in mm/hr [Colour figure can be viewed at wileyonlinelibrary.com]

to HOAPS lasts from 1512–1611 UTC. The SSMIS sensor

used in HOAPS overpassed the scene at 1540 UTC, esti-

mating 3.8 mm/hr (Figure A1) and 4.5 mm/hr (Figure A2)

in two neighbouring HOAPS pixels. Six minutes later, CPP

estimates average precipitation rates of 0.9 and 1.3 mm/hr,

respectively. However, in both scenes there are CPP pix-

els exceeding 10 mm/hr, which is confirmed by Ocean-

RAIN, which experiences similarly high precipitation rates

after 1605 UTC (distance of RV from HOAPS pixel cen-

tre exceeds the collocation boundary in Figure A2). In

Figure A1, OceanRAIN mostly sampled precipitation rates

below 2 mm/hr and a short, more intense shower with

5 to almost 12 mm/hr. The statistical adjustment reduces

RO = 2.4 mm/hr to R∗∗
O

= 0.5 mm/hr, which agrees better

with the CPP estimates of 0.2–0.9 mm/hr during the collo-

cation. The HOAPS overpass with 3.8 mm/hr at 1540 UTC

mainly coincided with a comparatively strong shower in the

HOAPS pixel that might explain the difference from CPP

and the OceanRAIN average. In contrast, Figure A2 reflects

a higher CPP area fraction of more than 0.75 in all of the

collocated CPP scenes, which causes somewhat higher pre-

cipitation rates of 0.8–2.4 mm/hr. However, the OceanRAIN

track mainly sampled rather low precipitation rates, hardly

exceeding 4 mm/hr. The resulting low track-averaged precip-

itation estimate of RO of 1.7 mm/hr is further reduced to

R∗∗
O

= 0.4 mm/hr by the statistical adjustment. The difference

from CPP and HOAPS can be explained by the consistent

undersampling of precipitation along the OceanRAIN ship

track at the eastern edge of the HOAPS pixel. As the statisti-

cal adjustment expects a slight oversampling for a track with

constantly sampled precipitation, it lowers the track-averaged

precipitation rate instead of increasing it as needed. Conse-

quently, this case represents a typical weakness of the statis-

tical adjustment, which serves to reduce the overall error but

might increase the error for individual cases, as in Figure A2.

Figure A3 represents a tropical case of scattered small,

rather convectively driven showers with an areal coverage

from CPP ranging between 0.2 and 0.3 (brown circles in

Figure 6). The low areal precipitation fraction, combined

with the rather low precipitation rates of mainly below

1 mm/hr, challenges precipitation detection by a PMW satel-

lite sensor in HOAPS. Towards the end of the collocation,

the OceanRAIN track samples a weak shower of less than

0.8 mm/hr lasting for about 10 min, which corresponds to

http://wileyonlinelibrary.com
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FIGURE A2 Same as Figure A1, but for a neighbouring HOAPS pixel. After the statistical adjustment, RO = 1.7 mm/hr decreases to R∗∗
O

= 0.4 mm/hr

[Colour figure can be viewed at wileyonlinelibrary.com]

a precipitation track fraction of less than 0.2. This precip-

itation track fraction means that OceanRAIN undersamples

precipitation slightly with respect to the CPP fraction of

about 0.25 during the collocation. The statistical adjust-

ment increases the track-averaged precipitation RO from

0.05 mm/hr to R∗∗
O

= 0.1 mm/hr. As R∗∗
O

still remains distinctly

below the lower HOAPS detection threshold of 0.3 mm/hr,

either HOAPS with its estimated 0.45 mm/hr is slightly

high-biased or the statistical adjustment of OceanRAIN did

not adjust the precipitation rate sufficiently to the area of the

HOAPS pixel. The former is indicated by the CPP precipi-

tation rates of < 1 mm/hr surrounding the HOAPS overpass

time, which agree well with the OceanRAIN precipitation

rates during the shower.

Figure A4 shows another tropical case of larger, more orga-

nized showers than the previous case, with an areal coverage

from CPP of slightly less than 0.5, corresponding to the yel-

low squares in Figure 6. When CPP matches the overpass time

of SSMIS in HOAPS (1005 UTC), an areal precipitation frac-

tion below 0.5 and medium-intense precipitation rates, mainly

below 3 mm/hr, enable precipitation detection by the SSMIS

sensor in HOAPS. At the beginning of the collocation period,

a rather intense shower with peak precipitation rates exceed-

ing 30 mm/hr is moving northwestward out of the HOAPS

pixel domain. OceanRAIN just sampled 4 min of rain with

precipitation rates not exceeding 0.05 mm/hr at the edge of the

cluster. When the HOAPS overpass occurs, CPP indicates that

precipitation rates domain-wide do not exceed 3 mm/hr any

more. HOAPS estimates 0.58 mm/hr, which agrees well with

the CPP precipitation rate of 0.39 mm/hr. However, Ocean-

RAIN undersampled both the intensity and the areal fraction

of precipitation, leading to a track-averaged precipitation rate

of 0.001 mm/hr, which is increased to R∗∗
O

= 0.05 mm/hr.

Although this increase corresponds to a relative change of a

factor of 50, R∗∗
O

still indicates a precipitation rate one order

of magnitude lower compared with HOAPS and CPP. This

case highlights the fact that the statistical adjustments gen-

erally work to make undersampled along-track precipitation

rates more representative of the satellite pixel area, but they

are also limited in their absolute changes.

Figure A5 shows an intense case of organized convection

in the Mediterranean Sea, with a high areal precipitation cov-

erage from CPP of more than 0.6, corresponding to the blue

triangle in Figure 6.

The closest match between CPP and HOAPS at 0625 UTC

indicates a large difference between HOAPS, with

0.85 mm/hr, and CPP, with 6.3 mm/hr. To get an idea of

which satellite product to trust, we consider the OceanRAIN
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FIGURE A3 Same as Figure A1, but for May 4, 2014. After the statistical adjustment, RO = 0.05 mm/hr increases to R∗∗
O

= 0.1 mm/hr [Colour figure can be

viewed at wileyonlinelibrary.com]

track of the southward-moving RV, which indicates an intense

precipitation event right before the CPP image at 0625 UTC

with a maximum precipitation rate exceeding 80 mm/hr.

These high precipitation rates during the sampled event seem

to confirm the picture that CPP draws. However, CPP could

still overestimate the precipitating area, which would lead

to an overestimated areal precipitation rate. Unfortunately,

the previous CPP time step, when the RV position should

match the rain shower estimated by CPP, is unavailable due

to a lack of daylight at 0610 UTC. However, as OceanRAIN

estimates precipitation rates of 10–20 mm/hr for the CPP

time step considered, in which CPP indicates no precipita-

tion at the exact position of the track, it seems reasonable to

trust the order of magnitude of the CPP areal precipitation

estimate. Nevertheless, a direct CPP–OceanRAIN compar-

ison would be needed to investigate this in greater detail.

Such a study would also strongly reduce the p2a influence

compared with the HOAPS–OceanRAIN comparison. For

now and in light of the good agreement between CPP and

OceanRAIN in this case, the HOAPS precipitation esti-

mate seems low-biased – even when considering an areal

oversampling by OceanRAIN. The areal oversampling by

OceanRAIN, due to the very intense shower sampled at the

beginning of the collocation period and the rather low collo-

cation period of less than 30 min, leads to a precipitation rate

of RO = 24.9 mm/hr, which decreases to R∗∗
O

= 4 mm/hr when

applying the statistical adjustments. The adjusted precipita-

tion rate R∗∗
O

seems more reasonable than RO for the whole

area of the HOAPS pixel, though the exact value is hard to

judge. Nevertheless, the statistical adjustment performs well

in making OceanRAIN more representative of the whole

HOAPS pixel area.

The last case in Figure A6 represents a more challeng-

ing environment for a PMW satellite sensor to detect, with

very low CPP areal precipitation fractions of less than 0.2.

The precipitation originates from a few very small-scale,
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FIGURE A4 Same as Figure A1, but for October 30, 2012. After the statistical adjustment, RO = 0.001 mm/hr increases to R∗∗
O

= 0.046 mm/hr [Colour figure

can be viewed at wileyonlinelibrary.com]

convectively driven showers in the tropical Atlantic Ocean.

With an areal coverage below 0.1 for the CPP estimate clos-

est to the HOAPS overpass at 0834 UTC, this case falls

into the category of the green triangles in Figure 6 with

RC,90% = 0. In this case, the precipitating clouds move at

very similar speed and direction to the RV in OceanRAIN,

i.e. towards the northeast. This scenario favours an oversam-

pling of precipitation along the track whenever precipitation

is sampled. Along the OceanRAIN track, precipitation is

observed for about half the time of the collocation, confirm-

ing our expectation of overestimated precipitation against

the HOAPS pixel area. During the collocation period, three

separate showers are sampled with roughly 10 min breaks

between them. The maximum precipitation rates sampled by

OceanRAIN range between 2 and 10 mm/hr, which is about

the same range as indicated by CPP. Nevertheless, the cells

seem to develop rapidly and change, which might explain

the fact that the CPP pixels along the track do not match

the OceanRAIN minutes of precipitation directly, as shown

in Figure A6. For the closest match of CPP and HOAPS at

0836 UTC, HOAPS estimates 0.35 mm/hr and CPP estimates

0.09 mm/hr in the area. As HOAPS cannot have precipita-

tion rates below 0.3 mm/hr, due to its lower threshold, this

case reveals good performance by HOAPS in detecting rather

weak precipitation in the area. This might be explained by

the relatively high peak precipitation rates between 3 and

10 mm/hr observed locally. For OceanRAIN, the statistical

adjustments decrease the track-averaged precipitation rate

from 0.89 mm/hr to R∗∗
O

= 0.33 mm/hr. This seems a very rea-

sonable adjustment in light of the rather low CPP precipitation

rates and the strongly overestimated precipitation fraction of

OceanRAIN compared with CPP.
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FIGURE A5 Same as Figure A1, but for October 28, 2014. After the statistical adjustment, RO = 24.9 mm/hr decreases to R∗∗
O

= 4 mm/hr [Colour figure can

be viewed at wileyonlinelibrary.com]

RC

(mm/hr)

R
 (

m
m

/h
r)

RC

(mm/hr)

FIGURE A6 Same as Figure A1, but for September 19, 2015. After the statistical adjustment, RO = 0.89 mm/hr decreases to R∗∗
O

= 0.33 mm/hr [Colour

figure can be viewed at wileyonlinelibrary.com]
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