
A ship-derived climatology of

oceanic precipitation, 1950–2019

Harrison Khanh Tran

A Thesis submitted in partial fulfillment of

the requirements for the degree of

Master of Science

(Atmospheric and Oceanic Sciences)

at the

University of Wisconsin-Madison

May 2024

http://www.wisc.edu


Thesis Declaration and Approval

I, Harrison Khanh Tran, declare that this Thesis titled ‘A ship-derived climatology of

oceanic precipitation, 1950–2019’ and the work presented in it are my own.

Harrison Khanh Tran

Author Signature Date

I hereby approve and recommend for acceptance this work in partial fulfillment of the

requirements for the degree of Master of Science:

Grant W. Petty

Committee Chair Signature Date

Daniel J. Vimont

Faculty Member Signature Date

Hannah Zanowski

Faculty Member Signature Date



ii
Abstract

A ship-derived climatology of oceanic precipitation, 1950{2019

by Harrison Khanh Tran

Shipboard observations of present weather (ww), reported voluntarily from vessels world-

wide, comprise the only source of in-situ information regarding precipitation over much

of the global ocean. While the current understanding of oceanic precipitation has largely

arisen from remotely sensed precipitation retrievals in recent decades, ships continue to

report ww and remain a key source of ground truth. Over 99 million non-automated

shipboard ww reports made during the 70-year period from 1950 to 2019 are used to

reconstruct relative frequencies and long-term trends in four classes of precipitation: i)

drizzle, ii) moderate or heavy intensity non-drizzle, iii) non-drizzle associated with deep

convection or thunderstorms, and iv) frozen-phase precipitation.

Following quality control of the shipboard weather data contained within the Interna-

tional Comprehensive Ocean-Atmosphere Data Set (ICOADS), a compositing procedure

is used to aggregate ship reports and estimate the annual and seasonal frequencies of these

phenomena on a global 1� � 1� grid where su�cient data exists. An ordinary least squares

regression is applied to these estimated frequencies to infer long-term trends, which are

subjected to signi�cance testing to evaluate the robustness of the ship observations.

The inferred frequencies of the precipitation classes using shipboardww produces geo-

graphically coherent results consistent with previous �ndings using similar data, as well
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as results derived from other instruments and techniques. Oceanic drizzle is closely linked

to distributions of marine stratocumulus, occupying a larger share of precipitation over

cool eastern boundary currents. The proportion of oceanic precipitation falling at heav-

ier intensities appears to be related with the mean distribution of precipitable water.

Signi�cant di�erences in estimated frequencies are found in all four precipitation classes

between the period with satellite-derived oceanic precipitation estimates (1979{2019) and

the pre-satellite era (1950{1978).

These changes are re
ected in the �nding of statistically signi�cant 70-year linear trends in

the relative frequencies of the four surveyed precipitation classes. Many of these trends

emerge in both annual and seasonal frequencies. Positive trends in the proportion of

drizzle are observed throughout the tropics with declines in areas with abundant marine

stratiform clouds. An increase in moderate and heavy intensity precipitation as a fraction

of non-drizzling precipitation is observed across the subtropical North Paci�c. Fractional

increases in both heavier precipitation and deep convection or thunderstorms are observed

over the Mediterranean Sea, Yellow Sea, and along the U.S. Atlantic coast. Negative

trends in oceanic frozen precipitation within the mid-latitude Northern Hemisphere sug-

gest a shrinking of the Arctic region receiving frozen precipitation. These ship-observed

changes are placed in the context of climate change and compared to �ndings from other

platforms and trends expected from climate models.
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\The question of the rainfall is, perhaps, the most unsatisfactory with which to deal in

ocean meteorology."

David Wilson Barker (1904)
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Chapter 1

Introduction

1.1 Oceanic precipitation

1.1.1 Overview

The state of the hydrological cycle and perturbations in its associated 
uxes engen-

der a wide range of consequences for both human civilization and the natural environ-

ment, a�ecting food security, water resource management, and ecosystem health (Grimm

et al., 2013, Huntington, 2010, Rast et al., 2014). The Global Climate Observing System

(GCOS) has identi�ed precipitation as one of 54 essential climate variables key to char-

acterizing and understanding climate (Ballari et al., 2023). The various characteristics

of precipitation, including its frequency, phase, intensity, and amounts, can be studied to

elucidate climate trends and the physical processes resulting in precipitation (e.g. Chou
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et al., 2012, Fowler and Hennessy, 1995, Shi and Liu, 2021). Observed trends in the

characteristics of precipitation may highlight the e�ects of climate change on the global

hydrologic cycle and help validate results from global climate models (Tapiador et al.,

2017), increasing con�dence in their projections and highlighting strengths or weaknesses.

Although aggregate precipitation amounts and characteristics in climate models tend to

align with observations, accurate modeling of precipitation variability and other �ner

details remains a challenge (e.g. Legates, 2014, Stephens et al., 2010). For example,

while precipitation amount and precipitation frequency are interlinked (Reed, 1979), es-

timations and projections of both quantities across model depictions di�er considerably.

Satellite data suggest that global dynamical models tend to greatly overestimate the

frequency of precipitation, depicting light rainfall too often, though accumulated precip-

itation totals tend to be in good agreement (Stephens et al., 2010).

A comprehensive understanding of the global hydrologic cycle cannot be achieved with-

out an accurate understanding of precipitation over the ocean, which covers over 70% of

the Earth's surface and receives around 77% of global precipitation (Marvel and Bon�ls,

2013). Precipitation constitutes a larger component of the hydrologic cycle over the ocean

compared to land given the vast oceanic extent and the relatively small contributions of

other 
uxes related to streams, groundwater, and transpiration (Levizzani and Cattani,

2019). Oceanic precipitation represents the movement of around 4:24� 105 � 10% km3

of water annually, representing the largest exchange of water between any of the ocean,

land, or atmosphere outside of oceanic evaporation (Douville et al., 2021). Over the
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ocean, changes to the hydrologic cycle directly impact oceanic salinity through the inter-

play between evaporation, precipitation, and to a lesser extent runo� (Yu et al., 2020).

Changes to salinity, a major component of seawater density, drives changes to the global

ocean circulation, highlighting a strong link between oceanic precipitation and the global

ocean state. In addition to shedding light on the hydrologic cycle, global precipitation

is fundamental to the global atmospheric energy budget, and the hydrologic cycle and

energy cycle are closely intertwined. The occurrence of precipitation is associated with

cloud formation, with oceanic evaporation serving as a signi�cant source for the water

vapor that eventually condenses and releases latent heat. Latent heat 
ux comprises a

sizable component of the surface energy budget, with a global mean 
ux over three times

that of surface sensible heat 
ux and roughly one-�fth of surface longwave emission. In

turn, the distribution and magnitude of precipitation can be used as a proxy for deter-

mining latent heat 
ux (Stephens et al., 2012). Uncertainty in precipitation amounts,

particularly over the ocean, thus propagates uncertainties to the rest of the global energy

cycle.

Despite the signi�cance of oceanic precipitation, the vastness of the global ocean makes

observing oceanic precipitation a challenge. In-situ measurement of precipitation over

most of the ocean is sparse to non-existent (Kidd et al., 2022), with available surface-

based precipitation datasets relying on spatially disparate dedicated buoys, vessels, or

observations on islands and atolls (Levizzani and Cattani, 2019). Data collected from

rain gauges characterizes precipitation over just 25{30% of the Earth's surface and only

about 4% of the ocean falls within 100 km of a rain gauge (Kidd et al., 2017a, New
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et al., 2001). These sampled areas are predominantly coastal and would thus provide

little information on precipitation over the open ocean.

Without the dense rain gauge networks available on land, our present understanding of

oceanic precipitation characteristics arises from satellite retrievals, oceanographic mea-

surements, climate models, and a sparse patchwork of surface-based observation plat-

forms such as ships and buoys. Spaceborne radars, which represent the most sensitive

and accurate remote sensing instruments for sampling precipitation over the ocean, sug-

gest a global average oceanic precipitation rate of nearly 3 mm day� 1 (Behrangi et al.,

2014). The greatest annual oceanic precipitation amounts occur over the tropical ocean

in association with the Inter-Tropical Convergence Zone (ITCZ) and the South Paci�c

Convergence Zone (SPCZ), where mean precipitation amounts exceed 5 mm day� 1 (Adler

et al., 2020). Precipitation amounts are generally lower over the subtropical latitudes and

are higher in the common storm track regions of the mid-latitude ocean. Over the tropi-

cal oceans, precipitation amounts may be either positively or negatively correlated with

sea surface temperature (SST) depending on which is the dominant in
uence between

the enhancement of convection from warmer SST or the warming of SST from increased

insolation (Trenberth, 2011). Oceanic precipitation frequency as inferred from satellite

estimates also shares a similar distribution, with the greatest frequencies (precipitation

exceeding 0.02 mm hr� 1 over 25% of the time, hourly-resolved) occurring over tropical

ocean and the most infrequent precipitation occurring over the subtropics, particularly

on the eastern portions of ocean basins (Trenberth and Zhang, 2018).
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1.1.2 Natural and anthropogenic in
uences and projections

Variability in global SST imprints strongly on regional precipitation trends as surface

temperatures tend to be positively correlated with evaporation (Adler et al., 2017, Ho-

erling et al., 2010); the opposite is true in areas where the dominance of subsidence

associates cloud-free periods with higher SST (Trenberth, 2011). Forcing from the El

Ni~no{Southern Oscillation (ENSO) is associated with opposing monthly anomalies in

precipitation quantity between the central/eastern tropical Paci�c and the Indo-Paci�c

Warm Pool (Wang et al., 2016). Similar dipolar correlations are also observed between

the equatorial Atlantic and western Indian oceans. Global mean precipitation amounts

are positively correlated with ENSO, with a 9%� C� 1 relationship between precipitation

amount and surface temperature inferred by satellite observations (Adler et al., 2017).

Multidecadal variability in Atlantic and Paci�c SST (e.g. Gu and Adler, 2012, Zhao et al.,

2022) and the variance of the Indian Ocean Dipole (e.g. Harou et al., 2006) also appear

linked to natural modulation of regional precipitation. Volcanic eruptions produce a more

irregular negative forcing on global mean precipitation amounts (Adler et al., 2017), with

a shallower but longer lasting response over ocean compared to land (Iles et al., 2013).

An increase in global mean surface temperature as a result of climate change stemming

from anthropogenic increases in greenhouse gas emissions is expected to result in an

increase in global mean precipitation amounts (Trenberth, 2011). This result directly

follows from the increased water vapor-holding capacity of warmer air described by the

Clausius-Clapeyron equation, though the corresponding increase in precipitation should
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lag behind the increase in water vapor to satisfy the global energy budget (Allan et al.,

2020). These anticipated changes are not globally uniform, with concurrent changes in the

atmospheric circulation accelerating moisture transport and generally leading to wetter

regions becoming wetter and drier regions becoming drier (e.g. Allan et al., 2020, Sarojini

et al., 2016, Yu et al., 2020). Increased global temperatures are expected to increase the

frequency of heavy precipitation relative to light precipitation (Chou et al., 2012), and

the global frequency of rainfall at all rain rates may increase (Pendergrass and Hartmann,

2014). An increase in the frequency of the heaviest precipitation events has also been

evident in observations and reproduced in modelling, and climate models project their

continued increase (e.g. Donat et al., 2016, Fischer and Knutti, 2016, O'Gorman, 2015).

Warming temperatures should also result in an increased frequency of liquid relative to

frozen precipitation, particularly towards the ends of an area's snow season and in areas

with mean temperatures near the freezing line (Trenberth, 2011). The reduction of frozen

precipitation manifests as a decrease in snowfall extremes, extent, and the snow-rain event

ratio, which has been evident in both observations and model simulations (e.g. Kunkel

et al., 2016, Mudryk et al., 2020, O'Gorman, 2014, Shi and Liu, 2021). In contrast,

the anthropogenic in
uence on lightning occurrence and the sign of trends in lightning

frequency remain unclear (e.g. Albercht et al., 2011, Finney et al., 2018, Price and Rind,

1994, Singh et al., 2017, Thornton et al., 2017), and historical trends in environmental

parameters related to thunderstorm development are inconsistent between rawinsondes

and model reanalyses (Taszarek et al., 2021).
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An intensi�cation of the global hydrologic cycle has been inferred from analyses of ocean

salinity (e.g. Yu et al., 2020), glacial mass (e.g. Radi�c and Hock, 2013), and other hy-

drologic variables (Huntington, 2006). While satellite datasets previously suggested little

to no signi�cant overall long-term trend in global mean precipitation amount since the

begninng of the credible satellite record in 1979 (Adler et al., 2017), a statistically sig-

ni�cant but weakly positive trend has become apparent in recent years (Gu and Adler,

2023). Seasonally, this trend is stronger in austral summer than boreal summer. Over

ocean, a weakly positive but not statistically signi�cant trend of around 0:0080 mm day� 1

per decade has been observed by satellites. However, the observed sensitivity of global

precipitation to surface temperature changes is comparable to climate model outputs,

and projections from those models suggest that the imprint of greenhouse gases on global

precipitation will become increasingly apparent in the near future. Within the satellite

record, interdecadal variability adds considerable noise to the long-term globally aver-

aged signal. Long-term precipitation trends interlinked with trends in temperature and

columnar water vapor are much more evident at regional scales. When masking out

the in
uence of Paci�c or Atlantic multidecadal variability, increasing trends have been

observed over the core region of the ITCZ and SPCZ and the Indo-Paci�c Warm Pool,

as well as in the tropical Indian and Atlantic oceans. Decreasing trends in precipita-

tion amount have been inferred primarily over the subtropics and on edges of the ITCZ

(Adler et al., 2017). While not as clearly captured in the satellite record, the freshen-

ing of the high-latitude ocean in both hemispheres suggests a corresponding increase in

high-latitude precipitation (Trenberth, 2011).
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Model reanalyses reproduce trends similar to those observed in the satellite record (Gu

and Adler, 2023). Regionally, renalyses depict a historical increase in precipitation

amounts over the tropical ocean (Dore, 2005). Historical simulations from Phase 5 of

the Coupled Model Intercomparison Project (CMIP5; Taylor et al., 2012) suggest an in-

crease in annual precipitation over the Arctic as a result of anthropogenic forcing (Sarojini

et al., 2012). Similar trends are also depicted over the high-latitude Southern Ocean, con-

sistent with an observed freshening of the Southern Ocean. The modeled signal is clearer

in the higher-latitudes than in the subtropics and tropics. RCP8.5 simulations from

CMIP5 suggest an increase in mean precipitation near the oceanic equator and decreased

precipitation over the subtropics, particularly over the eastern parts of oceanic basins,

out to 2100 (Pendergrass et al., 2017). Seasonal precipitation variability is also modeled

to change by similar sign over the aforementioned regions. Models in Phase 6 of the

Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016) also show similar

zonal patterns in total precipitation changes relative to pre-industrial baselines, with in-

creases in annual precipitation amount over the Arctic, Southern Ocean, and along the

equator, and decreases in annual precipitation amount generally over the eastern oceanic

subtropics, with the exception of the northeastern Paci�c. Annual snowfall amounts are

also projected to decrease over the high-latitude oceans, though model averages depict

slight increases over the Arctic and coastal Antarctic (Guti�errez et al., 2021).

Anthropogenic releases of aerosols also impact precipitation, which can be viewed through

the lens of their direct e�ect on the distributions of cloud condensation nuclei (CCN)

(e.g. Rosenfeld et al., 2008) or through the indirect impacts on cloud formation arising
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from the radiative e�ects of aerosols (e.g. Ming et al., 2010). However, the magnitude

of these e�ects are not well-understood and remain a signi�cant source of uncertainty

for climate forcing projections, producing bifurcating outcomes in both theoretical and

modeling results (Tao et al., 2012). In the microphysical framework, the increase in

CCN concentrations leads to the formation of smaller cloud droplets as liquid water con-

tent (LWC) is nucleated over more CCN, potentially delaying the formation of larger,

aggregating raindrops. This may lead to suppression of precipitation or favor increased

cloud evaporation, undercutting the precipitation process entirely (e.g. Leung et al., 2023,

Mann et al., 2014). However, observations suggest that this suppressive process holds for

submicrometer CCN entrained into shallow clouds but has the opposite e�ect on deep

convective clouds and for giant CCN (Rosenfeld et al., 2008). Aerosols may also enhance

precipitation in moist environments and suppress precipitation in arid environments (Li

et al., 2011). In the radiative framework, aerosols may either enhance precipitation by

modifying the atmospheric energy balance to enable increased surface heating and cloud

formation, or suppress precipitation by stabilizing the lower atmosphere (Fan et al., 2008,

Ming et al., 2010). L'Ecuyer et al. (2009) found evidence that precipitation frequency

and amount in maritime clouds was positively correlated with sea-salt concentration, but

that this may be counteracted by an opposing impact from sulfates. Still, a global obser-

vational understanding of the relationship between aerosols and clouds remains di�cult

to achieve due to the challenges associated with satellite retrieval of CCN and ice nuclei

concentrations (Rosenfeld et al., 2014).
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1.2 Current oceanic precipitation datasets

The gap between in-situ oceanic observations and our understanding of oceanic precip-

itation characteristics has been primarily �lled by indirect satellite-based precipitation

measurements. Such estimates have been obtained using visible and infrared radiome-

ters, passive microwave (PMW) sensors, and spaceborne radars, leveraging either the

radiative characteristics of precipitation or the relationship between precipitation and

cloud characteristics (Kidd and Levizzani, 2011, Levizzani and Cattani, 2019).

The earliest endeavours into estimating precipitation from satellites made use of the

relationship between the re
ectance of clouds at visible wavelengths or the temperatures

of clouds derived from infrared wavelengths and precipitation, with bright and cold clouds

being more likely producers of heavier precipitation (Kidd et al., 2022). These wavelengths

were frequently observed by early polar and geostationary satellites at reasonably high

resolutions, but struggled to identify non-convective precipitation and provided highly

uncertain estimates (Arkin and Ardanuy, 1989, Martin and Scherer, 1973).

Wilheit et al. (1977) provided a theoretical basis for quantitatively estimating precipita-

tion rates over the ocean at PMW wavelengths. The ocean radiates at those wavelengths

at relatively consistent and low emissivity, but the received power from spaceborne PMW

sensors is increased in scenes with rain droplets, allowing for the development of a more

physically direct relationship between microwave brightness temperature and precipi-

tation rate. This general principle has supported PMW-derived estimates, especially
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following the launch of the Special Sensor Microwave/Imager (SSM/I) in 1987 which pro-

vided for the �rst time operational, continuously operating, and multichannel microwave

imaging (Barrett et al., 1988). In 1997, the launch of the Precipitation Radar (PR) on-

board the Tropical Rainfall Measurement Mission (TRMM) ushered in an era of active

microwave, radar-based precipitation retrievals from space, which has since been con-

tinued with the launch of the Dual Precipitation Radar (DPR) as part of the Global

Precipitation Measurement (GPM) mission in 2014 (Kidd et al., 2022). The launch of

the CloudSat Cloud Pro�ling Radar (CPR; Stephens et al., 2002) mission in 2006 demon-

strated the sensitivity of millimeter-wavelength radars to clouds and lighter precipitation

(Battaglia et al., 2020). These radars o�er the most direct assessment of precipitation

from space and have served as calibration and validation standards for PMW retrievals

(e.g. Kidd et al., 2017b, You et al., 2020).

Due to the di�ering spatiotemporal resolutions and coverage of Earth-observing satellites,

construction of a long-term satellite-derived precipitation record requires the harmoniza-

tion of precipitation estimates derived from the wide range of observed wavelengths.

The Goddard pro�ling algorithm (GPROF; Kummerow et al., 2015) is one widely-used

physically-based Bayesian scheme that can be applied to data from a wide array of PMW

sensors to estimate surface precipitation, incorporating information about SST and total

precipitable water over the ocean. Other techniques like the Integrated Multi-satellite

Retrievals for the GPM Mission (IMERG; Tan et al., 2019) and the Climate Prediction

center morphing method (CMORPH; Joyce et al., 2004) blend data from both infrared
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and microwave wavelengths to achieve merged estimates of precipitation with relatively

high resolutions.

Nonetheless, the satellite record of oceanic precipitation remains relatively short for cli-

mate applications. The longest satellite precipitation record, provided by the Global

Precipitation Climatology Project (GPCP), covers only �ve decades from 1979 to the

present (Adler et al., 2018). The satellite-only IMERG algorithm, now applied to both

TRMM and GPM data, extends back only as far as 2000 as of version 6 (Tan et al., 2019).

While some precipitation datasets incorporate more than the minimum 30 years of satel-

lite observation recommended by GCOS for climate observation (Sun et al., 2018, Yang

et al., 2013), the overall satellite record may not allow reliable di�erentiation between

anthropogenic forcing and natural variability at decadal or multidecadal timescales.

One signi�cant caveat in our current understanding of the global hydrologic cycle is the

lack of closure present in current climate datasets (Dorigo et al., 2021). In other words,

some water is unaccounted for when considering the estimated or observed values for 
uxes

included in the hydrologic cycle. Gutenstein et al. (2021) assessed that uncertainties

in satellite-derived estimations of the di�erence between evaporation and precipitation

(the freshwater 
ux, E{P) over the ocean were large compared to estimates, making

improved assessment of E{P an important consideration in closing the water budget.

The uncertainty in oceanic precipitation based on satellite and model-derived datasets

is on the order of 5%, comparable to half of the global river discharge (Behrangi, 2021,

Rodell et al., 2015).
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Given the scarcity of observational data over the ocean, evaluation of satellite retrievals

over the ocean has been limited. Pradhan et al. (2022) found that only 3 out of 101 peer

review articles speci�cally examined the performance of IMERG over the ocean. Those

studies have shown both underestimations or overestimations of precipitation by the al-

gorithm (e.g. Khan and Maggioni, 2019, Prakash et al., 2017). Adler et al. (2017) posited

undersampling of intense tropical precipitation as a likely source of oceanic underestima-

tion in GPCP. The present, satellite-based view of oceanic precipitation, derived almost

entirely from infrared and PMW observations, calibrated in part by spaceborne radar, are

susceptible to large changes arising from algorithm modi�cations and calibration adjust-

ments (Liu, 2016). In contrast, satellite retrievals over land, particularly over areas with

a high density of gauges, permit e�ective calibration of satellite estimates not possible

over the global ocean. Petty (1997) identi�ed an inability to accurately capture showery

warm-rain oceanic precipitation among ten microwave-based precipitation algorithms.

Both PMW and spaceborne radars also face di�culties in detecting the light and shallow

precipitation characteristic of higher latitudes (Tapiador et al., 2017). This includes the

lack of selectivity in PMW sensors between drizzle and cloud droplets. Satellite-based

precipitation datasets tend to be constrained to 60� S-60� N due to algorithmic or obser-

vational limitations. Moreover, PMW and infrared-based precipitation estimates rely on

brightness temperatures arising from bulk radiative properties, blurring the distinction

between cloud properties, hydrometeors leaving the cloud base, and precipitation at the

ocean surface. For instance, virga may appear indistinguishable from rainfall, leading

to erroneous quantitative precipitation retrievals (Wang et al., 2018). Spaceborne radars
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may also face similar challenges identifying precipitation reaching the surface (Tan et al.,

2018).

The short data record of satellite-derived oceanic precipitation and the in
uence of non-

climatic factors on oceanic precipitation estimates suggests the need for an independent

dataset to both validate satellite results and potentially provide a longer climate data

record (CDR) for oceanic precipitation. A longer data record would improve understand-

ing of climate change and contextualize our current satellite-based view (Smith, 2013).

Reconstructions of oceanic precipitation may be achieved through correlations with other

observed �elds (e.g. Smith, 2013) or from model reanalyses (Sun et al., 2018). Nonethe-

less, these alternate datasets do not represent directly observed, open ocean precipitation.

Furthermore, intercomparisons between these disparate data sources show disagreement

at regional and seasonal scales, especially within the high-latitudes (Behrangi et al., 2016).

1.3 Shipboard weather observations

1.3.1 Overivew

The importance of oceanic weather conditions to maritime interests fostered a need for

sailors to systematically document oceanic weather (Woodru� et al., 1987). Shipboard

observations have served as a crucial component to understanding global climate, provid-

ing insight to the global atmospheric circulation as early as the 17th century (Webster,

2004). For much of the historical record and over much of the ocean, weather reports
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from ships serve as the only signi�cant form of in-situ observation of precipitation, par-

ticularly prior to 1970 (JCOMM, 2011). Despite their prevalence and unique role, ship

observations have not been integrated into many of the precipitation datasets commonly

used today. None of the 20 observation-based precipitation products surveyed by Sun

et al. (2018) incorporate shipboard weather reports, relying instead on satellite retrievals;

their gauge-based product counterparts are limited to land. Reanalysis products such as

ERA5 (Hersbach et al., 2020) also do not incorporate such observations (ECMWF, 2023).

Shipboard precipitation observations represent an independent and long-term data record

that can support validation of satellite-derived measurements or shed an in-situ perspec-

tive on oceanic precipitation well before the advent of satellites or newer observational

technologies such as Passive Aquatic Listeners (e.g. Li et al., 2023).

More broadly, surface marine observations obtained from ships may be useful in building

long-term CDRs (Kent et al., 2019). The combination of high-resolution satellite data

and the long record of ship observations may prove insightful in assessing the changing

characteristics of oceanic precipitation, particularly throughout the 20th century (Grois-

man and Legates, 1995). Ship observations may also help identify some weaknesses and

biases inherent in satellite precipitation estimation algorithms (Petty, 1997).

Shipboard observations of precipitation are almost entirely qualitative, describing their

occurrence and characteristics without reference to their quantitative amounts. Directly

measuring precipitation via shipboard rain gauge is di�cult due to possible contamination

of the data by sea spray, the movement of the rain gauge induced by the ship or the sea
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state, and perturbation of the local winds by the ship or instrument (WMO, 1962).

Gauges of di�erent sizes also capture rainfall di�erently in windy conditions (Elliott and

Reed, 1973). Although better-optimized shipboard rain gauges are now available (e.g.

Hasse et al., 1998, Klepp, 2015) and recommendations for reducing their uncertainty

have been developed (e.g. Yuter and Parker, 2001), their use remains highly limited. The

use of alternate devices to quantitatively measure precipitation, such as the disdrometer

used for the OceanRAIN dataset (Klepp et al., 2018), have also seen limited use.

1.3.2 History and current practice

The earliest maritime documentation of present weather was largely descriptive, cata-

loging atmospheric conditions as the observer saw �t. The maritime logbooks of the

British Royal Navy, Hudson's Bay Company, and East India Company in the 18th

and 19th centuries|one of the most expansive records of maritime conditions from the

era|reported the prevailing weather conditions among other meteorological parameters

(Wheeler and Wilkinson, 2005). Though less known than his eponymous wind scale,

Francis Beaufort, an admiral in the British Royal Navy, developed a coded system of

letters for characterizing weather conditions; his system included 26 types of weather phe-

nomena, including some classi�cations of precipitation, in its 1807 version (Wheeler and

Wilkinson, 2005). Beaufort's classi�cations drew from commonly used terms for weather

conditions in British maritime logbooks of the era. His scheme was widely adopted and

was also borrowed by the United States Weather Bureau in the �rst edition ofInstruc-

tions to Marine Meteorological Observers of the U.S. Weather Bureauin 1906 (Page,
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1906). The 1853 International Maritime Conference in Brussels sought to systematize

and standardize the collection and documentation of meteorological and oceanographic

data over the global ocean (Houvenaghel, 1990). A standardized tabulation of data en-

capsulating observed conditions was developed at the conference, including one column

dedicated to describing precipitation. Recognizing the di�culty of directly measuring

precipitation amounts at sea, the conference utilized a temporal estimate of precipitation

through which rain, snow, hail, or fog could be recorded in terms of the length of time in

which they were observed (Maury, 1854). Eighteen countries ultimately agreed to par-

ticipate in the maritime reporting e�ort envisaged by the conference (Rigby, 1965). A

numeric shorthand for indicating weather conditions became necessary as the practice of

transmitting weather observations through telegraphy became prevalent in the late-19th

century. Numeric schemes for documenting weather conditions were developed and re-

vised by the International Meteorological Organization (IMO) over the �rst half of the

20th century (Foken and R•ulke, 2021). The 1929 IMO meeting in Copenhagen adopted a

universal code for reporting observations and stipulated that participating nations select

ships to regularly document and relay observations at synoptic times (Calvert, 1930). A

numeric code for present weather with values from 00{99 was introduced to U.S.-recruited

observers beginning with the sixth edition ofInstructions to the Marine Meteorological

Observers of the U. S. Weather Bureau, borrowing from the conventions established by

the IMO (United States Weather Bureau, 1938). The phenomenon associated with each

value was generally similar in ordering and format to what would eventually become

the World Meteorological Organization's (WMO) code table for present weather in the
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WMO's 1971 Manual of Codes. By 1950, the present weather codes prescribed by the

IMO largely resembled the modern WMO code table, which serves as the current stan-

dard for reporting present weather conditions (Smith et al., 2016, United States Weather

Bureau, 1950).

The majority of shipboard observations available today arise from Voluntary Observing

Ships (VOS). Crews of VOS 
eets, which include commercial and research vessels, are

trained, recruited, and managed by National Meteorological and Hydrological Services

(NHMSs) (Kent et al., 2010). These ships record and transmit meteorological observations

within an international framework established by the WMO and managed by the Joint

WMO-IOC Commission for Oceanography and Marine Meteorology (JCOMM) (Vettor

and Soares, 2014). The combination of VOS and its predecessors form the longest in-situ

record of weather observation over the ocean (Kent et al., 2006), and these observations

have formed the backbone of atlases of marine climate (Kent et al., 1993). Observations

are typically taken at the standard synoptic times of 00:00, 06:00, 12:00, and 18:00 UTC,

but additional observations at intermediate times are encouraged (JCOMM, 2021). The

observations from ships today provide useful information for a wide array of both scienti�c

and mercantile applications (Smith et al., 2019).

There are no currently available spatiotemporal gridded datasets consolidating global

shipboard precipitation observations. Datasets of precipitation derived from quantitative

shipboard observations such as OceanRAIN, though exhibiting high temporal resolution,

are limited to along-track measurements from dedicated vessels (Klepp et al., 2018). The
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International Comprehensive Ocean-Atmosphere Dataset (ICOADS) is the most compre-

hensive freely-available collection of surface marine observations. With Release 3.0 of

ICOADS, the dataset includes over 455 million individual marine observations between

1662{2014 (Freeman et al., 2016). The dataset stores uniformly-represented observa-

tional data across numerous meteorological parameters. The breadth of data provided by

shipboard observations in ICOADS has been used to provide robust reconstructions or

validation of historical sea surface temperatures (e.g. Minobe and Maeda, 2005, Woodru�

et al., 2008), global heat 
ux (e.g. Berry, 2005, Berry and Kent, 2011), cloud cover (e.g.

Bedacht et al., 2007, Hahn and Warren, 1999, Hahn et al., 1992), marine fog (e.g. Daniel-

son et al., 2020, Dorman et al., 2019, Li et al., 2016), sea-level pressure (e.g. Ansell et al.,

2006), or regional climate characteristics (e.g. Clark et al., 1996, Garc��a-Herrera et al.,

2018). Synoptic shipboard observations have also been used to elucidate diurnal and

semidiurnal variability (Dai, 2001a).

Among the parameters included in ICOADS is present weather (ww), which borrows

its conventions from the WMO Manual on Codes (Freeman et al., 2016, Smith et al.,

2016). The WMO de�nes ww (code table 4677) in the synoptic code as the \present

weather reported from a manned weather station" (WMO, 2019).ww is reported as

a two-digit value encapsulating the qualitative characteristics of precipitation, with val-

ues 00{49 indicating no precipitation and values 50{99 indicating the present occurrence

of a variety of precipitation classes (WMO, 2019). The precipitation classes are gen-

erally organized in decades, with 50{59 describing drizzle, 60{69 describing rain, 70{79
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describing non-showery precipitation, and 80{99 describing showers or thunderstorm ac-

tivity. Values 20{29 indicate precipitation within the preceding hour but not at the time

of observation. While the descriptions associated with the precipitation classes provide

some sense of precipitation intensity, there are no quantitative thresholds associated with

the intensity descriptors, which include qualitative terms like \slight" or \moderate or

heavy" (WMO, 2019). Present weather is routinely reported but occurs less frequently

than some other meteorological parameters, including temperature (Cayan and Reverdin,

1994, Fuchs et al., 2001). Nonetheless, the record ofww in ICOADS contains over 99

million present weather observations from crewed vessels from 1950{2019. The WMO

synoptic code and ICOADS also include the previous weather codesW1 and W2 (code

table 4561), which characterize the preceding predominant weather conditions at a manu-

ally operated station. Each single-digit value associated with these parameters describes

broader phenomena than those described byww (Smith et al., 2016). About 61:1% of

ICOADS reports between 1950{2019 reportww, compared to only about 0:03% providing

a quantitative precipitation amount (RRR) during the same period.

1.3.3 Previous uses of shipboard present weather for precipita-

tion analysis

Present weather reports from ships have been previously used to infer oceanic precip-

itation characteristics or reconstruct precipitation distributions, using the state of the
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weather as a proxy for precipitation occurrence and frequency. These analyses of ship-

board data provided for the �rst time a picture of oceanic precipitation that was pre-

viously only inferred by spatially extrapolating coastal or insular observations over the

ocean (Jacobs, 1968), forming the primary means of constructing oceanic precipitation

climatologies before the advent of satellite precipitation retrievals (Adler et al., 2017). In

lieu of reliable or robust quantitative measurements of oceanic precipitation, quanti�ca-

tion of precipitation amount using shipboard present weather reports has been primarily

informed by land-based stations which can both report present weather and directly

measure precipitation amounts. Other methods have also attempted to incorporate other

meteorological shipboard measurements (e.g. Berry, 2005, Tsonis, 2002).

The earliest use of ship observations to infer oceanic precipitation distributions date

as far back as the early 19th century using observations from merchant vessels (Park

et al., 2017). Early analyses using the modern standardized coded system for weather

reporting constructed precipitation climatologies using observations from Ocean Weather

Ships (OWS), which operated at designated locations and documented present weather

regularly year-round (Austin and Geotis, 1980). Tucker (1961) usedww reports from

OWSs to construct a 1953{1957 climatology of precipitation amounts over the North

Atlantic. To quantify the present weather reports, nominal values were assigned based

on presumed relationships between the phenomena described by precipitating present

weather reports (ww � 50) and light, moderate, or heavy continuous rainfall. Empirical

coe�cients of 1.85 mm hr� 1, 5.66 mm hr� 1, and 8.13 mm hr� 1 were obtained for light,

moderate, and heavy continuous rainfall, respectively, based on 12 land stations in Britain.
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Monthly coe�cients were also developed to calibrate estimated monthly precipitation

totals. This novel technique was subsequently adapted to estimate annual and seasonal

oceanic precipitation using other regions and sets of ships (e.g. Elliott and Reed (1973)

using lightships o� the U.S. Paci�c Northwest coast, and Reed and Elliott (1973) using

OWSs across the North Paci�c).

Reed and Elliott (1977) assessed that the nominal precipitation coe�cients obtained by

Tucker (1961), extracted solely from land-based stations in Britain, were reliable pole-

ward of 40� latitude and possibly su�cient poleward of 25� latitude but greatly underes-

timated tropical rainfall. Two primary methods were developed to sidestep or augment

the limited regional utility of the Tucker (1961) coe�cients. Dorman and Bourke (1978)

developed a modi�cation to the coe�cients by regressing the residual between observed

precipitation amounts and Tucker's method on observed air temperature annually, sea-

sonally, and monthly at coastal stations. Their results empirically suggested a correction

to the coe�cients that scaled quadratically with temperature, with precipitation totals

exceeding those derived using the Tucker (1961) methodology by as much as a factor of 5

where the annual mean temperature was around 30� C. Oceanic precipitation climatolo-

gies constructed with these modi�ed coe�cients identi�ed for the �rst time mid-latitude

precipitation maxima associated with the Gulf Stream and Kuroshio western boundary

currents. These modi�ed coe�cients were applied by Dorman and Bourke (1979) to ship

observations over the Paci�c between 30� S{60� N on a 2� � 5� grid and by Dorman and

Bourke (1978) to ship observations over the Atlantic between 30°S{70°N on a 2� � 5� grid.

Goroch et al. (1984) applied the temperature adjustment method to commercial and U.S.



23
Navy ww reports to develop maps of rain rate covering the Indian, North Atlantic, and

North Paci�c oceans.

Reed (1979) proposed an alternate method of using overall precipitation frequency to

quantify oceanic precipitation amounts based on observations from 12 oceanic weather

ships in the Northern Hemisphere without intensity delineations or the use of individual

ww values. This methodology was applied by Reed and Elliott (1979) to precipitation

frequencies drawn from U.S. Navy marine climatic atlases, deriving distributions of quan-

titative precipitation totals throughout much of the North Paci�c and North Atlantic. A

global climatology of oceanic precipitation was obtained by Elliott and Reed (1984) using

the same technique. The temperature-weighted methodology developed by Dorman and

Bourke (1978) and the frequency-based methodology developed by Reed (1979) produced

disparate results, with the former method tending to produce greater precipitation totals

(Dorman, 1980, Dorman and Bourke, 1981). The temperature-weighted methodology

also resulted in a spurious decrease in precipitation in spring (da Silva et al., 1994). The

lack of robust quantitative oceanic precipitation data prior to the advent of satellite esti-

mation precluded determination of the relative accuracy of either method (Reed, 1980),

though a later analysis by Berry (2005) suggested temperature calibration overcorrected

at low latitudes and undercorrected at high latitudes when evaluated against GPCP.

Despite the inherent uncertainty in extrapolating quantitative precipitation information

from the occurrence of shipboardww reports, the general contours of the methodology

�rst utilized by Tucker (1961) formed the basis of oceanic precipitation maps published
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in the USSR and the United States (Sharova, 1990). Sharova (1990) produced global es-

timates of precipitation amounts using a blend of old and new methodologies, combining

the frequency of precipitation reported by ships with intensities derived from extrapo-

lating coastal and insular precipitation amounts out to sea. To reconcile di�erences in

the temperature-based methodology (Dorman and Bourke, 1979, 1981) and frequency-

based methodologies Jaeger (1983), Legates and Willmott (1990) assumed that their

di�erences were highly correlated with air temperature and developed a multiple linear

regression for each month converting frequency-based quantitative precipitation estimates

to temperature-based estimates to construct a global precipitation climatology.

The use of qualitative ship observations to infer oceanic precipitation amounts appears to

have declined after the 1980s, concurrent with the increasing prevalence of satellite PMW-

based estimates of oceanic precipitation. With increasingly accurate satellite-based tech-

niques �lling large spatiotemporal gaps in the understanding of oceanic precipitation, the

need forww-based quanti�cations of amounts diminished, particularly as the developed

methodologies for generating amounts fromww reports remained disparate. Instead,

subsequent precipitation studies using shipboard present weather focused primarily on

the frequencies and character of various precipitation types. Cayan and Reverdin (1994)

broadly considered the occurrence of all shipboard precipitation (ww � 50) to examine

correlations between precipitation frequency and mean sea-level pressure over the ocean.

Petty (1995) developed a classi�cation system for theww values based on their associ-

ated phase, intensity, and character, with combinations of those categorizations resulting

in 22 classes of precipitation. These categories were used to infer seasonal distributions
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of their occurrence across the global ocean. Dai (2001a) combined shipboard present

weather observations to derive global seasonal distributions for the occurrence of pre-

cipitation associated with drizzle, non-drizzle, showers, non-showers, and thunderstorms

between 1995{1997, adopting the Petty (1995)ww classi�cations. A similar analysis by

Dai (2001b) inferred diurnal variabilities from shipboard present weather data. Tsonis

(2002) attempted an empirical orthogonal function (EOF)-based reconstruction of oceanic

precipitation to improve quantitative precipitation estimates derived from shipboardww

but did not obtain reliable results. Shi and Liu (2021) usedww data from ICOADS

between 1978{2019 aggregated into 5� � 5� boxes to infer trends in the occurrence of

precipitation, snowfall, and the snow{precipitation event ratio. Their analysis observed

a decline in the average snow event to precipitation event ratio over the ocean, includ-

ing positive trends in precipitation occurrence over the tropical Atlantic, negative trends

in precipitation occurrence over the western and northern Paci�c, and negative trends

in snow occurrence between 30� N{60� N. Due to constraints imposed on the minimum

amount of data, their aggregated trends primarily arose from the Northern Hemisphere.

Shipboard ww reports have also been used to assess the temperature characteristics of

the rain{snow transition and the conditional likelihood of frozen precipitation (Liu, 2008,

Sims and Liu, 2015). In addition to constructing precipitation climatologies, shipboard

ww data have also been used as a source of validation for other quantitative precipitation

estimation techniques, including satellite-based retrievals (e.g. Ellis et al., 2009, Garand,

1989, Petty, 1997).
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1.3.4 Ship data limitations

There are several possible weaknesses in a dataset relying on qualitative manual observa-

tions from mobile platforms like ships. Although the identi�cation of broad precipitation

types may be understood by weather observers, the characterization of present weather

is ultimately subjective. In particular, di�erentiation between qualitative precipitation

intensities and the continuous, intermittent, or showery nature of precipitation may be

inconsistent between observations and subject to the observer's experience, biases, or

local practices. The most recent update to the WMOManual on Codes, published in

2019, provides no speci�c guidance in determining the intensity of precipitation (WMO,

2019). The Manual on Codes does, however, provide instructions on when to indicate

a thunderstorm in the ww code. The WMO'sGuide to Meteorological Instruments and

Methods of Observationincludes descriptions of precipitation and visual di�erences be-

tween precipitation intensities and characteristics tailored for shipboard observers (WMO,

2021). While such guidance may constrain the range of phenomena conceivably classi-

�ed by a particular ww value, their mostly qualitative nature intrinsically leaves room

for inconsistent reporting. Instructions from the United States Weather Bureau and the

National Oceanic Atmospheric Administration (NOAA) have historically provided some

recommendations for determining precipitation intensity, such as the reduction in visi-

bility caused by snow or the ability for the observer to resolve individual rain droplets

(e.g. National Weather Service, 1971, O�ce of the Federal Coordinator for Meteorological

Services and Supporting Research, National Oceanic and Atmospheiric Administration,
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2019, United States Weather Bureau, 1959). Despite the delineations in visibility used

to determine snowfall intensity, the in
uence of the time-of-day and characteristics of the

hydrometeors complicates the relationship between snowfall intensity and visibility (Ras-

mussen et al., 1999). Nonetheless, these recommendations represent only one country's

recommended practices and do not eliminate the subjectivity of present weather report-

ing. Additionally, changes in recording practices over time may introduce non-climatic

variability for speci�c present weather classi�cations, though distributions and trends

concerning broader categorizations of present weather conditions are likely to be more

robust.

Ship observations do not represent a spatially or temporally uniform dataset. As ships

tend to cluster around shipping lanes, areas between shipping lanes are often much less

sampled (Berry and Kent, 2011), as detailed in Section 2.2.1. The areas most sampled by

ships globally include the northwestern Paci�c, northern Atlantic, and North Sea where

the sampling density exceeds 5 observations per 100 km2 per year. The availability of ship

observations has also varied throughout the 20th and 21st centuries. Observations from

VOS, which constitute a majority of manual ship observations, have declined since about

1984{85, when the VOS 
eet included around 7,700 ships (Vettor and Soares, 2014).

Unlike land-based stations and �xed marine observation platforms, ships are prone to

seek calmer conditions when possible. Extreme events may be entirely unsampled (Berry

and Kent, 2011). Thus, the meteorological data provided by shipboard observations may

be subject to this \fair-weather bias." This tendency may impact wind observations (e.g.
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Gulev et al., 2003), wave heights (e.g. Grigorieva et al., 2020), and estimates of sensible

heat 
ux (e.g. Gulev et al., 2007), though it is uncertain whether or not such a bias

signi�cantly and systematically impacts global shipboard observations (Kent et al., 2012,

Kent and Taylor, 1995). Estimates of precipitation using shipboard observations alone

may underestimate the magnitude or frequency of oceanic precipitation (Willmott and

Legates, 1991), though B�eranger et al. (2006) assessed that a shipboard-based oceanic

precipitation climatology developed at the Center for Climatic Research (CCR) indicated

higher precipitation values in the equatorial Paci�c compared to other datasets. Ships

also tend to slow down but remain on course during episodes of inclement weather (Gulev

et al., 2007, Kent and Taylor, 1995). A \foul-weather bias" may also arise from the

data as ships may overreport inclement conditions if they are traversing slowly through

them (Warren et al., 2015) or if observers report signi�cant weather and disregard non-

signi�cant weather disproportionately (Petty, 1995). The tendency for ships to report

more during the day compared to night also introduces another possible bias in shipboard

present weather data (Warren et al., 2015). However, analysis of these potential biases

using cloud cover comparisons between transient ships and stationary weather ships by

Warren et al. (1988) suggested that these biases were generally small.

Despite the quality issues inherent in shipboard present weather observations, Ellis et al.

(2009) found good concordance between ICOADS-based precipitation frequency and

CloudSat precipitation frequency between 2006{2007 across the global ocean.
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1.4 Research objectives

This thesis represents a step in a broader research e�ort to infer long-term climatological

information on oceanic precipitation from shipboard present weather reports, with the ul-

timate goal of inferring quantitative precipitation amounts from the historical ship record

calibrated using modern satellite-derived estimates. The lengthy, globally-spanning, and

uniquely in-situ record of shipboardww reports provides an opportunity to explore key

questions about oceanic precipitation that this research e�ort seeks to address, including:

ˆ Can the shipboardww record be used to reconstruct physically-sensible historical

data on oceanic precipitation?

ˆ Are modern satellite-based precipitation retrievals over the ocean consistent with

in-situ observations?

ˆ How has oceanic precipitation changed since 1950?

ˆ Where have changes to oceanic precipitation been most evident?

In Petty and Tran (2023), long-term trends in the overall fractional time precipitating in

the period 1950{2019 were identi�ed using the shipboardww record, �nding signi�cant

positive trends in precipitation frequency within the subtropics and tropics and negative

trends at higher latitudes. This study extends the �ndings of Petty and Tran (2023)

and employs similar techniques to explore selected subtypes of precipitation, providing

a closer look at the changing character of oceanic precipitation. These ship-inferred
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characteristics|independent of precipitation estimates from other platforms|are used

to identify long-term trends in oceanic precipitation incorporating data predating modern

instrumentation.

Chapter 2 characterizes the data and details the methods used in reconstructing ship-

derived precipitation frequencies, including quality control of ship-based data and the

derivation of frequencies and trends. Chapter 3 presents the frequencies and trends

ascertained from shipboard present weather reports. Chapter 4 places these �ndings in the

context of climate change, reconciling ship observations with our current understanding

of the behavior of oceanic precipitation and highlighting areas where the ship-inferred

data is discordant with other datasets. Chapter 5 summarizes this research and suggests

avenues for future investigation.
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Chapter 2

Data and Methods

2.1 Data sources

This analysis of shipboard present weather observations relies primarily on individual

observations from the International Comprehensive Ocean-Atmosphere Dataset. Gridded

SST data from the Extended Reconstructed SST and Kaplan Extended SST datasets are

also used to shed light on the relationships between SST and oceanic precipitation. The

use of two SST datasets with di�erent data sources, methodologies, and resolutions is

used to better increase con�dence in the validity of the precipitation-SST relationships.
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2.1.1 International Comprehensive Ocean-Atmosphere Dataset

(ICOADS)

ICOADS began as the Comprehensive Ocean-Atmosphere Dataset (COADS), emerging

from a collaborative e�ort launched between the National Oceanic and Atmospheric Ad-

ministration (NOAA) and the National Center for Atmospheric Research (NCAR) in

1981 (Woodru� et al., 1987). The �rst datasets collated in COADS were primarily pro-

vided by the National Climatic Data Center (NCDC) and the �rst release of COADS

included observations from 1854{1979. The project was renamed the International Com-

prehensive Ocean-Atmosphere Dataset in 2002 in re
ection of the increasing international

cooperation and the archive's growing number of multinational data sources (Diaz et al.,

2002) The current iteration of the ICOADS database is composed of Release 3.0, covering

observations from 1662{2014 (ICOADS R3.0 Freeman et al., 2016), and Release 3.0.2, a

preliminary, near-real time archive of marine observations from 2015{present from Global

Telecommunications System (GTS) sources (ICOADS R3.0.2 Liu et al., 2022). The com-

pendium of datasets constituting of ICOADS is actively evolving and may incorporate

newly recovered or digitized datasets in the future (e.g. Teleti et al., 2023).

This analysis is based on ICOADS data from 1950{2019, drawing upon both ICOADS

components and spanning 70 years of shipboard observational records. This period was

chosen to seek more global consistency in observations without the possible e�ects on

shipping due to major naval con
icts and with greater global coordination following
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World War 2 and the formation of the WMO. The International Maritime Meteorolog-

ical Archive (IMMA) �le format encoding the conventions and de�nitions for values in

ICOADS are described by Smith et al. (2016). ICOADS Release 3.0 and 3.0.2 are freely

available from NCAR at https://rda.ucar.edu/datasets/ds548.0/ . Several meta-

data and meteorological parameters are extracted from the dataset, including present

weather (ww), dry-bulb air temperature (AT ), and total cloudiness (N ), among others.

Present weather is encoded with a two-digit value associated with a characteristic weather

condition. The present weather parameter is used as the primary determinant for the oc-

currence of precipitation, as allww values exceeding 50 indicate ongoing precipitation at

the time of reporting and take precedence over other ongoing phenomena. To begin with

as many observations as reasonably available from the outset, the data was retrieved with

\enhanced" �ltering applied, which has relaxed constraints for data inclusion compared

to the \standard"-�ltered dataset.

ICOADS monthly summary products are also available for some observational parameters.

Present weather is not included in these products, though its inclusion in future releases

of ICOADS has been discussed (Joint WMO-IOC Commission for Oceanography and

Marine Meteorology, 2011).

2.1.2 Extended Reconstructed SST (ERSST)

The United States National Oceanic and Atmospheric Administration (NOAA)'s Ex-

tended Reconstructed SST, version 5 (ERSSTv5) dataset provides monthly estimates of

SST on a global 2� � 2� latitude-longitude grid spanning the period from January 1854
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to the present (Huang et al., 2017). The ERSSTv5 reconstruction uses SST observa-

tions from ICOADS R3.0, GTS reports, and Argo 
oats, with the data adjusted in part

using sea ice concentrations from the Hadley Centre Sea Ice and Sea Surface Tempera-

ture dataset, version 2 (HadISST2; Titchner and Rayner, 2014) and the Hadley Centre

Nighttime Marine Air Temperature, version 2 (HadNMAT2; Kent et al., 2013).

2.1.3 Kaplan Extended SST

The Kaplan Extended SST V2 dataset maintained by the UK Met O�ce provides monthly

estimates of SST on a global 5� � 5� latitude-longitude grid spanning the period from

January 1856 to the present (Kaplan SST; Kaplan et al., 1998). Kaplan SST uses ship

and satellite-derived observations subjected to optimal smoothing, Kalman �ltering, and

optimal interpolation. The underlying data for Kaplan SST are based on an adjustment

of gridded SST from the ship-based Meteorological O�ce Historical Sea Surface Tem-

perature dataset (Parker et al., 1994) for the period 1856{1991 and multiplatform-based

optimally interpolated SST dataset described by Reynolds and Smith (1994).

2.2 ICOADS �ltering

There are numerous maritime platforms that record meteorological information, including

various automated platforms that have become increasingly prevalent in recent decades.

However, shipboard present weather observations provide the most global coverage of in-

situ precipitation available today (Kent et al., 2010). Characterization of present weather

has also been subject to automation (e.g. Landolt et al., 2019, Merenti-V•alim•aki et al.,
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2001). The quality controls used in this analysis were used in Petty and Tran (2023),

except where noted. In order to minimize heterogeneities introduced by incorporating

di�erent platforms|particularly temporal heterogeneities produced by newer observing

technologies throughout the period of record|the analysis presented here is limited to

manual observations of present weather taken onboard ships. This excludes buoys, 
oats,

or other automated platforms. To tailor the analysis to ships, ICOADS observations

with platform types (PT) of either 0 (U.S. Navy, \deck" log, or unknown; 37.4 million

observations), 1 (merchant ship or foreign military; 4.3 million observations), or 5 (ship;

121.3 million observations) were used. The inclusion ofPT = 0 and PT = 1 as part

of the ship record follows the recommendation from Smith et al. (2016) to treat such

observations as equivalent toPT = 5 due to their poor documentation. Observations

from dedicated ocean station vessels (PT = 2 or 3) and lightships (PT = 4), despite

having human observers, were excluded to ensure a more spatially homogeneous dataset;

such ships make a large majority of their observations in proximity to select locations for

a limited number of years. Observations with missingPT, indicating unknown platform

type, were also excluded from the analysis.

Before 1982, a \/" value for ww the synoptic code indicated that the present weather

observation was unavailable (Hahn et al., 1992). A WMO rule change came into e�ect

on 1 January 1982 that permitted aww value of \/" if there was no signi�cant present

weather observed by a human observer (Dai, 2001a, Hahn et al., 1992, Petty, 1995). This

rule change implied that a wet-bias would be observed if only extantww reports were

considered in the early 1980s (da Silva et al., 1994). A new station/weather indicator
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iX was added to the synoptic code to clarify whether the omission ofww was due to

insigni�cant weather or the lack of data availability. While ship reports quickly adopted

the practice of omitting ww given insigni�cant weather, usage ofiX was not reliably

consistent until 1985 (Hahn et al., 1992). Previous e�orts to address this discrepancy

have typically used reporting of cloud coverN (encoded in oktas) as a proxy for valid

observations. da Silva et al. (1994) and Petty (1995) both utilized the assumption that

an accompanying mandatory report of total cloud coverN implied that ww was either

available or intentionally omitted. Dai (2001a) assumedww = 3 (\clouds generally

forming or developing") in cases whereww and iX were missing and accompanied by

N � 7. This analysis borrows the conjecture from Petty (1995), in that the presence

of non-missing N in a report was evidence that a human observer had made a sky and

present-weather observation, with an accompanying missingww presumed to suggest non-

signi�cant phenomena and thus no precipitation. The same ad hoc scheme was applied

to this analysis. All observations with eitherww or N were thus kept in cases whereiX

was missing. WhereiX was available, only ship observations withiX � 3 were kept; these

values explicitly indicate manned observations. Between 1950{2019, within the selected

platform types, 37.0 million observations were explicitly manual (iX � 3), 10.5 million

observations were explicitly automated (iX > 3), and 115.5 million observations did not

include an iX value.

Although small in comparison to the overall dataset, 11,724 crewed ship observations of

ww report snow accompanying air temperatures greater than 10� C, accounting for about

1:1% of all snow observations. Using ICOADS data between January 1950 through May
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2007, Sims and Liu (2015) suggested that the globally-averaged conditional probability

of oceanic snowfall was 50% with an accompanying air temperature of 1.9� C, as well as

determining a 5.0� C temperature range between the 90% and 10% conditional probabil-

ities. The conditional probability of oceanic snowfall falls below 5% at around 5� C and

diminishes to near 0% at around 10� C. Additionally, 2,090 ship observations ofww report

frozen precipitation over the tropical ocean between 10°N{10°S, though many of these ob-

servations are not accompanied by air temperature measurements. CloudSat retrievals

suggest that the conditional mean snowfall rate over the ocean between 30� N{30� S is

approximately 0% (Liu, 2008). Shipboard frozen precipitation reports in anomalously

hot or tropical conditions are thus likely erroneous. To eliminate these reports, the entire

ICOADS dataset was �ltered to only include ship observations with an accompanying

report of AT , and observations of frozen precipitation withAT > 10� C were discarded.

This analysis also excluded all observations originating from the Inter-American Trop-

ical Tuna Commission (IATTC), which are indicated in ICOADS with a deck number

(DCK ) of 667. COADS observations matching this criteria introduced large temporal

and spatial inhomogeneities to the underlying dataset. These observations were initially

introduced to COADS to improve coverage of SST and cloudiness �elds within the eastern

tropical Paci�c (Wolter, 1997, Woodru� et al., 1993). This data was quality-controlled

and provided by the IATTC and was �rst added to COADS Release 1a under pseudony-

mous IDs (Woodru� et al., 1998, Worley, 1992). Woodru� et al. (1993) attributed a

bias towards weaker winds within the IATTC data to fair weather bias, and excluded

IATTC data from published enhanced statistics concerning winds for COADS Release
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1a. IATTC data continues to be selectively excluded from COADS Monthly Summary

Group products due to these biases. The excluded IATTC observations consist of around

1.148 million observations between 1971{1997 (Smith et al., 2016).

The analysis also excluded observations from the Russian Marine Meteorological Data

Set (MORMET), which are indicated with DCK = 732 and consist of roughly 7.5 mil-

lion marine observations between 1888{1995, with a higher volume of reports between

1950{1990 (Smith et al., 2016). Their inclusion introduced large spatial and temporal

inhomogeneities in the analysis, particularly over the eastern Paci�c. Observations from

deck 732 have been previously excluded from other analyses using ICOADS (e.g. Kennedy

et al., 2011, Minobe and Maeda, 2005).

2.2.1 Dataset characteristics

Taken together, the �nal, �ltered ICOADS dataset used for this analysis includes 99.7

million ship observations, representing an average of around a thousand ship observations

globally every six hours for 70 years. The annual number of ship observations were highest

between the 1960s and 1990s, with a maximum annual count of 2.4 million in 1967 (Fig-

ure 2.1). No year in the period features less than 500,000 ship observations. The merid-

ional distribution of reports has remained relatively consistent throughout the 70-year

period and with ship observations taken in the mid-latitudes of the Northern Hemisphere

persistently accounting for the majority of observations in a year (Figure 2.2). Reports

are primarily clustered around major shipping lanes (Figure 2.4), with better coverage

across the mid-latitudes of the Northern Hemisphere and more sparse observations over
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the Arctic, Southern, and southeastern Paci�c Oceans. Each season is approximately

equally represented in the counts of global reports (Figure 2.3), though reports in the

higher latitudes are heavily concentrated in the summertime (Figure 2.5).

Figure 2.1: Annual counts of ship observations used in this analysis aggreggated by
latitudinal region. The Arctic and Antarctic regions are areas poleward of 66:56� lati-
tude in the Northern (NHEM) and Southern (SHEM) hemispheres, respectively, while
the tropics cover the region between the Tropics of Cancer and Capricorn. The mid-
latitudes cover the region between the tropics and polar regions in either hemisphere.
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Figure 2.2: Percentage of global annual observations within each of the latitude bands
described in Figure 2.1.

Figure 2.3: Annual percentage of global observations occurring within each season.
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Figure 2.4: Mean count of annual ship observations per 1� � 1� area.

Figure 2.5: Fraction of shipboard observations occurring in each season per 1� � 1�

area.
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Table 2.1: Selected groupings of precipitation used in this analysis and their associ-
ated ww values. Refer to Table 1 in Petty (1995) for standardized interpretations of

individual ww codes.

Precipitation category ww values
All precipitation ww � 50
Drizzle 50, 51, 52, 53, 54, 55, 57, 65, 77, 78
Moderate/heavy non-drizzle 59, 62, 63, 64, 65, 67, 69, 72, 73, 74, 75, 81, 82, 84,

86, 88, 90, 94, 95, 96, 97, 98, 99
Deep convection and thunder-
storms

82, 89, 90, 91, 92, 93, 94, 95, 96, 97, 98, 99

Frozen-phase 70, 71, 72, 73, 74, 75, 76, 77, 78, 85, 86

2.2.2 Selected precipitation groupings

This analysis focuses on four categories of precipitation described in Petty (1995): 1)

drizzle-intensity precipitation, 2) moderate- and heavy-intensity non-drizzling precipita-

tion, 3) precipitation accompanying thunder and deep convection, and 4) frozen-phase

precipitation. The ww values associated with each category are described in Table 2.1.

For shipboard observers, the WMO recommends precipitation be classi�ed as drizzle

when consisting of \fairly uniform precipitation of very �ne drops of water very close to

one another that fall from a cloud" (WMO, 2021). The intensities of non-drizzling liquid

precipitation are distinguished by visual accumulation on the ship deck, the sound of the

rainfall, and whether individual raindrops can be discerned. For frozen precipitation, the

WMO recommends distinguishing intensities by their e�ect on visibility.
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2.3 Frequency estimation

The shipboard observations used in this analysis describe conditions at the ship solely at

the time and place of observation, providing spatiotemporally limited information. Thus,

ship reports must be aggregated in both time and space to provide climatologically infor-

mative precipitation estimates. The use of the categoricalww from ICOADS precludes

the use of techniques tailored to estimating amounts and errors associated with quanti-

tative shipboard measurements (e.g. Kent and Berry, 2005, Morrissey and Greene, 2008,

Vettor and Soares, 2021). Instead, a composited Bayesian approach is applied to gridded

and aggregated ship observations to infer estimates of the frequency of precipitation. In

this analysis, \frequency" refers to the fractional time precipitating.

For a selected temporal subset of total observations, and within any one grid cell, there are

ntotal valid ship observations in the selected time period. Among these aren � ntotal ship

observations reporting a desired subset ofww observations, and of these,m � n report

a narrower subset ofww observations. The simple ratiom=n provides one estimator for

the frequency ofm conditioned onn. For example, givenn = 50 observations of rain and

m = 10 observations of drizzling rain, the frequency of occurrence for drizzle given rainy

conditions within the target area may be approximated bym=n = 0:2. Past estimates

of precipitation frequencies using ship observations have been largely computed in this

manner (e.g. Dai, 2001a).
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However, this method of frequency estimation can produce unrealistic depictions of pre-

cipitation distributions, particularly when the underlying physical phenomena is rare or

if the spatiotemporal subset is not well sampled by ships, such thatm may be quite

small, if not 0. This is especially true over the open ocean far from major shipping lanes

and for relatively infrequent phenomena such as mixed-phase precipitation. In these cir-

cumstances, the sample probability of occurrence may undesirably be 0% within a grid

cell. Alternatively, Bayesian estimates forf may be more e�ective in reconstructingf for

poorly sampled events (Basu et al., 1996). In this analysis, the estimation off is derived

from determining the probability of randomly observing the target phenomenonm times

out of n observations, assuming f is equiprobable between [0; 1]. This choice of a uniform

distribution for f as a non-informative Bayesian prior corresponds to a Beta distribution

with � = 0 and � = 1. The resulting Bayesian probability estimator for f , f̂ and the

corresponding estimator for the error� , �̂ is thus given by

f̂ =
m + 1
n + 2

(2.1)

�̂ =
�

(m + 1)( n � m + 1)
(n + 3)( n + 2) 2

� 1=2

(2.2)

Equation 2.1 is a suitable approximation forf̂ when m and or f are small and converges

towards m=n for large m and n. When n . 5 and m = 0, the uncertainty is considered

too large to be useful, andf̂ is treated as indeterminate. Further details of the derivation

for Equation 2.1 can be found in Appendix A.
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Ship observations were initially tabulated on a 1� � 1� global grid, excluding lakes and

landmasses using the Pythonglobal-land-mask module. To generate maps of overall

frequencies and trends,̂f and �̂ were computed at varying spatial resolution by mapping

ship reports to global grids with square 1� , 3� , 5� , 7� , 9� , 11� , and rectangular 13� x

26� cells. The values were initially computed for the coarsest spatial resolution and

progressively replaced with the results obtained at �ner resolutions at each 1� gridbox

so long as the �ner sampling did not considerably increase the relative uncertainty given

by �̂= f̂ . The result of this procedure is a smoothed 1� � 1� grid of estimated frequencies

for the precipitation groupings of interest. This procedure was independently computed

for each precipitation grouping and each seasonal period. This compositedf̂ re
ects an

aggregation of observations over a broader surrounding area for data-sparse regions and

�ner resolution in data-rich regions such as shipping lanes and coastal areas.

70-year mean frequencies were not computed for grid cells where more than 5 years

of aggregate ship observations were missing or where ^�= f̂ � 0:4. As this parameter

varies depending on the number of relevant ship observationsm, the data coverage di�ers

betweenww groupings even if they share the samen. A two-tailed Student's t-test was

applied to the mean frequencies to gauge the signi�cance of di�erences between 1950{

1978 (the period predating the GPCP, the longest satellite precipitation record) and

1979{2019 (the period spanned by the GPCP and other satellite-based datasets) at the

95% con�dence level.
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2.4 SST correlation

To produce correlation maps between the 1� � 1� resolution gridded shipboard data and

coarser 2� � 2� and 5� � 5� resolutions of ERSSTv5 and Kaplan SST, respectively, the ship

data were �rst upscaled to match the gridded SST dataset resolutions using the conser-

vative method (Jones, 1999) implemented via the Pythonxesmf package (Zhuang et al.,

2023). To assess the correlation between the two datasets, each dataset was detrended by

subtracting the ordinary least-squares regression (OLR) for the period 1950{2019 before

computing the Pearson correlation coe�cientr between the yearly relative precipitation

frequencies and the yearly mean Kaplan SST anomaly. A two-tailed Student'st-test was

applied to the correlation data to evaluate signi�cance relative to the null hypothesis of

r = 0 at the 95% con�dence level. Though the length of either the SST or ship obser-

vation data at each gridboxS = 70 years, a reduced e�ective independent sample size

S0 = S(1 � � )=(1 + � ), where � is the lag-1 autocorrelation, was used for the signi�cance

test (Box et al., 2015).

2.5 Trend estimation

Temporal trends in frequency were computed using the composited frequency grids. At

each gridpoint, OLR was performed to identify decadal trends. The signi�cance of the

linear trend was tested using a two-tailed Student'st test against the null hypothesis of

zero trend evaluated at the 95% signi�cance level using the same e�ective sample size

procedure as for SST correlation. The results of the OLR trend analysis did not di�er
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considerably from a weighted least squares regression of the same data weighted by ^� .

As with frequencies, 70-year trends were not computed for grid cells where more than 5

years of aggregate ship observations were missing or where ^�= f̂ � 0:4.
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Chapter 3

Results

3.1 Drizzle

Shipboard drizzle-intensity ww observations are most prevalent in the subtropics and

in the eastern halves of oceanic basins annually and in all seasons (Figure 3.1). In

particular, the relative frequency of drizzle as a fraction of all precipitation peaks during

the summer in either the Northern and Southern hemispheres. Where su�cient data

are available, the zonal mean annual drizzle fraction reaches peaks of 0:39 � 0:09 in

the Southern Hemisphere and 0:33� 0:01 in the Northern Hemisphere, with both peaks

occurring near 47� latitude (Figure 3.4a). The relative proportion of drizzle is reduced

over the tropics, with mean annual fractions near 0:15 typical of the region. Drizzle

accounts for a majority of annual shipboard precipitation reports along the Atlantic

coast of southern Africa and along the equatorial Paci�c coast of South America, and
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accounts for a majority of shipboard precipitation reports during JJA for much of the

northern Paci�c (Figure 3.4c). Annually, the proportion of precipitation reports with

drizzle is generally positively correlated with SST over the western Paci�c and negatively

correlated over the Eastern Paci�c (Figure 3.2), with the strongest negative correlations

over the equatorial East Paci�c, wherer < 0:5. This bifurcation in correlation is more

meridionally oriented in the Atlantic, with positive correlations over the mid- to higher-

latitude North Atlantic and negative correlations over the equatorial and tropical South

Atlantic, particularly near Africa. Over the Indian Ocean, the observed drizzle fraction

shows generally weaker negative correlations (r < � 0:3).

The ship-based drizzle record indicates a greater preponderance of drizzle over most re-

gions during the period spanned by satellite-based precipitation datasets compared to the

pre-satellite era (Figure 3.3c), with statistically signi�cant positive di�erences prevalent

over the Indian Ocean, western Paci�c, and central Atlantic. Meridional mean increases

in the drizzle fraction are greatest over the Indian Ocean (Figure 3.3d). The ship record

suggests that slight but nonetheless statistically signi�cant decreases in the prevalence of

drizzle over the mid-latitude northern Paci�c during the satellite era compared to the pre-

satellite era, re
ected by a decrease in the zonal mean drizzle fraction between roughly

40{60� N by around 2{4 percentage points (Figure 3.4c).
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Figure 3.1: Mean (a) annual and (b-e) seasonal fractions of precipitation events
occurring with drizzle intensity. Gray shading denotes areas with more than 5 years of
missing values or excess uncertainty after the compositing procedure is performed. Gray
shading denotes areas with more than 5 years of missing values or excess uncertainty

after the compositing procedure is performed.
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Figure 3.2: Correlation coe�cient between the detrended annual fraction of precipi-
tation events occurring with drizzle intensity, regardless of phase, with detrended SSTs
using (a) Kaplan SST and (b) ERSSTv5. Hatching indicates areas with statistically
signi�cant trends at the 95% con�dence level. Correlations were only computed for

areas with su�ciently low uncertainty.

Figure 3.3: The mean annual fraction of precipitation events occurring with drizzle in-
tensity, regardless of phase, during (a) 1950{1978, the period preceding satellite-derived
precipitation estimates, and (b) 1979{2019, the period overlapping with satellite-derived
precipitation estimates. (c) shows the di�erence between (b) and (a), with hatching
indicating statistically signi�cant di�erences in means between the two periods at the
95% con�dence level. Means are only computed for areas with su�ciently low uncer-

tainty.
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Figure 3.4: The zonal (a, c) and meridional (b, d) mean annual fraction of precip-
itation events occurring with drizzle intensity, regardless of phase, during 1950{2019
(a, b) and for the periods 1950{1978 and 1979{2019 (c, d). The estimated mean zonal
and meridional uncertainty � �̂ is shaded for each timeseries. Means are only computed

over areas with su�ciently low uncertainty.
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Over the 70-year period from 1950 through 2019, statistically signi�cant positive trends

in the drizzle fraction have been observed throughout the tropics of both hemispheres

annually and seasonally, with positive fractional trends of up to 15% per decade in the

equatorial Indian Ocean, and the tropical South Atlantic (Figure 3.5). These trends

represent absolute increases between about 1{4 percentage points per decade. Where

statistically signi�cant, the 70-year trend is positive in virtually all areas equatorward of

25� outside of a small portion of the eastern North Paci�c.

Weakly negative but statistically signi�cant negative trends have been observed the mid-

latitude North Paci�c and in limited portions of the eastern subtropical North Paci�c

and eastern mid-latitude Atlantic, with fractional decreases mostly less than 4% per

decade. The decrease in the annual fraction over the mid-latitude North Paci�c and

North Atlantic has been largely driven by negative trends during JJA. For many areas,

the positive trend in drizzle fraction has been marked by a gradual increase in fraction

over the 70-year period. Much of the high positive tendency calculated for the tropical

Atlantic east of Brazil may be due to uncharacteristically large drizzle fractions observed

in JJA 2016 and DJF 2018 (Figure 3.6b). However, a slight positive trend is still apparent

for the region's annual fraction outside of those years across the 70-year period. Shipboard

observations capture a possible signal of multidecadal variability in the drizzle fraction

over the Tropical Indian Ocean (Figure 3.6d) and East China Sea (Figure 3.6e), with

broad peaks in the annual and seasonal drizzle fractions occurring around 1970, 2000,

and 2015.
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Figure 3.5: 70-year relative linear trend in the (a) annual and (b) seasonal fraction
of precipitation events occurring with drizzle intensity, regardless of phase. Hatching
indicates areas with statistically signi�cant trends at the 95% con�dence level. Gray
shading denotes areas with more than 5 years of missing values or excess uncertainty

after the compositing procedure is performed.
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Figure 3.6: Regionally-aggregated and area-weighted year-to-year annual and sea-
sonal fractions precipitation events occurring with drizzle intensity (left) for the se-
lected region outlined by the rectangular region (right). Gray shading denotes areas
with more than 5 years of missing values or excess uncertainty after the compositing

procedure is performed.
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3.2 Moderate or heavy intensity non-drizzle

Precipitation reported as having either \moderate" or \heavy" intensity accounts for a

larger share of non-drizzling shipboardww reports over the tropics and higher latitudes

seasonally and annually compared to the subtropics, with the highest annual values ob-

served over the tropical Indian Ocean, equatorial Central Paci�c, and near the Maritime

Continent (Figure 3.7a). The annual zonal mean fraction reaches a maximum just north of

the equator, peaking at 0:46� 0:04 near 4:5� N (Figure 3.10a). The subtropical northeast-

ern Paci�c and subtropical southern Atlantic are regional minima in the annual fraction,

with moderate and heavy intensity precipitation accounting for as low as 20% of non-

drizzling precipitation reports. Over the mid-latitude North Paci�c and North Atlantic,

this proportion of moderate and heavy intensity non-drizzle is greatest during DJF and

SON and reaches a minimum in JJA (Figure 3.7b-e). The Yellow Sea and East China

Sea are also a regional minimum for this precipitation class, though this distinction is

most evident in DJF (Figure 3.10b).

The annual zonal mean relative fraction of moderate or heavy intensity non-drizzle reaches

minima of 0:38� 0:05 near 25� S and 0:37� 0:02 near 26� N (Figure 3.10a). Over the mid-

latitude Northern Hemisphere, where data coverage is more widespread compared to the

Southern Hemisphere, a broad zonal minimum is captured between 20{50� N, with the

fraction increasing poleward. Shipboardww reports suggest possible di�erences in the

relationship between SST and the annual preponderance of moderate or heavy intensity

precipitation between the Northern Hemisphere and Southern Hemisphere (Figure 3.8).
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The fraction is generally negatively correlated over much of the Northern Hemisphere,

outside of parts of the eastern subtropical Paci�c and the eastern subtropical Atlantic.

In contrast, positive correlations prevail over much of the Southern Hemisphere, though

in most part these correlations are not statistically signi�cant.

Shipboard reports of moderate or heavy non-drizzle have accounted for a larger share of

non-drizzling precipitation during the satellite era than the pre-satellite era over parts of

the tropical and subtropical North Paci�c and the western North Atlantic (Figure 3.9).

These changes are marked by a shrinking of the regional minimum over the subtropi-

cal northeastern Paci�c and an expansion and increase in the fraction straddling Cen-

tral America and o� the East Coast of the United States. Shipboard fractions are also

signi�cantly higher during the satellite era over the Mediterranean Sea and along the

Paci�c coast of Asia. These increases are re
ected by an increase in the zonal mean

fraction across the Northern Hemisphere, particularly between the equator and 50� N

(Figure 3.10c) .The zonal minimum in the Northern Hemisphere is shifted northward rel-

ative to the pre-satellite era, occurring near 50� N. A decrease in the satellite era relative

to the pre-satellite era was observed throughout the Indian Ocean and over the eastern

Atlantic, but this di�erence was not statistically signi�cant.
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Figure 3.7: As in Figure 3.1, but for moderate/heavy intensity precipitation as a
fraction of non-drizzle precipitation.
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Figure 3.8: As in Figure 3.2, but for moderate/heavy intensity precipitation as a
fraction of non-drizzle precipitation.

Figure 3.9: As in Figure 3.3, but for moderate/heavy intensity precipitation as a
fraction of non-drizzle precipitation.
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Figure 3.10: As in Figure 3.4, but for moderate/heavy intensity precipitation as a
fraction of non-drizzle precipitation.
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The clearest 70-year trends in the fraction of non-drizzle precipitation with moderate

or heavy intensity are over the subtropical North Paci�c, Mediterranean Sea, Yellow

Sea, where statistically signi�cant and positive trends have been observed annually and

seasonally with relative magnitudes on the order of 5{10% per decade (Figure 3.11). The

mean zonal trend peaks annually and seasonally between 20{35� N, with a mean relative

increase of around 3{4% per decade. The pattern of trends is not zonally symmetric about

the equator, with the positive trends in the subtropical Northern Hemisphere contrasted

by weakly negative trends in the tropical Southern Hemisphere.

A belt of positive trends in the subtropical Paci�c is only present in the North Paci�c

between 15{30� N, with a lack of clear trend in the subtropical South Paci�c. Over the

central and eastern North Paci�c, a sharp increase in the share of non-drizzle intensity

occurring at higher intensities was reported by ships during the latter half of the 1960s,

particularly along the Paci�c coast of Northern America (Figure 3.12b, c). Since 1970,

this fraction has held relatively steady for these areas. For the Mediterranean and Yellow

seas, the positive 70-year trends observed re
ect a more gradual increase throughout the

period (Figure 3.12a, d). Globally, the area covered by statistically signi�cant decreasing

trends in the proportion moderate or heavy intensity precipitation is generally smaller

and lower in magnitude than positive-trending regions.
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Figure 3.11: As in Figure 3.5, but for moderate/heavy intensity precipitation as a
fraction of non-drizzle precipitation.




	Abstract
	Acknowledgements
	Contents
	List of Figures
	Abbreviations
	Symbols
	1 Introduction
	1.1 Oceanic precipitation
	1.1.1 Overview
	1.1.2 Natural and anthropogenic influences and projections

	1.2 Current oceanic precipitation datasets
	1.3 Shipboard weather observations
	1.3.1 Overivew
	1.3.2 History and current practice
	1.3.3 Previous uses of shipboard present weather for precipitation analysis
	1.3.4 Ship data limitations

	1.4 Research objectives

	2 Data and Methods
	2.1 Data sources
	2.1.1 International Comprehensive Ocean-Atmosphere Dataset (ICOADS)
	2.1.2 Extended Reconstructed SST (ERSST)
	2.1.3 Kaplan Extended SST

	2.2 ICOADS filtering
	2.2.1 Dataset characteristics
	2.2.2 Selected precipitation groupings

	2.3 Frequency estimation
	2.4 SST correlation
	2.5 Trend estimation

	3 Results
	3.1 Drizzle
	3.2 Moderate or heavy intensity non-drizzle
	3.3 Deep convection and thunderstorms
	3.4 Frozen precipitation

	4 Discussion
	4.1 Drizzle
	4.2 Moderate/heavy intensity non-drizzle
	4.3 Deep convection and thunderstorms
	4.4 Frozen precipitation

	5 Conclusions and Future Research
	A Fraction estimation
	Bibliography

