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Abstract

Accurate precipitation information is important for understanding the hydrological
cycle, improving weather forecasts and supporting hydrological applications. How-
ever, precipitation is difficult to observe with sufficient spatial and temporal coverage.
Rain gauges provide only local measurements and ground-based radars are limited
to regions where they are available. Satellite observations can complement these sys-
tems by providing precipitation information over larger and sparsely instrumented
domains.

Passive microwave observations are widely used for precipitation estimation, and
the newly launched Arctic Weather Satellite (AWS) offers a novel extension of this
capability. AWS is a compact satellite carrying a 19-channel microwave radiometer
and the first mission to include sub-millimetre channels around 325 GHz for this
purpose. This thesis primarily investigates whether AWS observations can be used
to retrieve surface precipitation rates using supervised machine learning. A secondary
aim is to determine if these novel sub-millimetre channels have a positive effect on the
retrieval performance. To achieve this, a dataset is constructed by matching AWS
antenna temperatures with Multi-Radar Multi-Sensor (MRMS) radar precipitation
estimates over the contiguous United States. Quantile regression neural networks are
trained to predict conditional quantiles of the surface precipitation rate, providing
both deterministic estimates and probabilistic estimates of retrieval uncertainty.

Results demonstrate that AWS antenna temperatures contain valuable information
for surface precipitation retrieval. The trained model captures broad precipitation
structures and achieves near-zero overall bias on the independent test set. Although
the predictions do not fully capture the intensity of the precipitation the spatial
mapping is consistent with the radar reference. An additional model trained with-
out the sub-millimetre channels evaluates the specific impact of these sensors. Com-
parisons indicate that the sub-millimetre channels provide a modest but consistent
improvement across the overall evaluation metrics. These findings serve as an initial
assessment of AWS-based precipitation retrieval. This investigation is particularly
relevant due to the upcoming launch of EPS-Sterna, a constellation of AWS satellites
which could significantly enhance the temporal sampling of global precipitation ob-
servations. Further efforts could explore using other reference precipitation products
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to expand the geographical domain, as well as incorporating longer data records as
newer AWS observations become available.
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1 Introduction

1.1 Remote sensing of precipitation

The monitoring of precipitation is an important component for understanding the
Earth’s hydrological cycle and improving numerical weather prediction. Precipitation
affects water availability, floods, droughts and the development of severe weather
systems. Accurate observations are therefore important both for scientific studies
of the climate system and for practical applications such as weather forecasting and
hydrological modelling (Michaelides et al., 2009).

Despite its importance, precipitation remains difficult to measure accurately. Rain
gauges provide direct measurements of precipitation at individual locations but only
represent a small area around the measurement point. Ground-based weather radars
provide broader spatial coverage and information about precipitation over larger re-
gions. However, radar observations are limited to regions where radar networks are
available and a dense radar network is required to cover a large area. This means that
large parts of the world remain poorly observed by ground-based systems, especially
over oceans, remote regions and sparsely instrumented land areas. Satellite obser-
vations can therefore complement ground-based systems by providing precipitation
information over larger and more spatially uniform domains (Kidd et al., 2017; Kidd
and Levizzani, 2011).

Satellite precipitation observations are commonly based on spaceborne radar, passive
microwave and, to a lesser extent, visible and infrared observations. Spaceborne pre-
cipitation radars provide more direct information about precipitation structure but
such instruments are only available on a limited number of satellites and have nar-
row swaths compared to passive sensors (Fabry, 2015). Visible and infrared sensors
can provide frequent information about cloud systems, especially from geostationary
orbit, but they mainly observe cloud-top properties. Passive microwave observa-
tions provide an important compromise because the measured radiation is affected
by emission from liquid water and scattering by frozen hydrometeors inside clouds.
For this reason, passive microwave observations are an important source of informa-
tion for satellite precipitation retrievals where retrieval refers to the estimation of
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precipitation from indirect satellite measurements (Stephens and Kummerow, 2007).

The Global Precipitation Measurement (GPM; Hou et al. 2014) mission is one of the
main current satellite missions for precipitation observation. It combines measure-
ments from the GPM Core Observatory which carries both a microwave imager and
a precipitation radar, with observations from a constellation of passive microwave
sensors. This makes it possible to provide global estimates of rain and snow. These
satellites are flown close to earth, primarily at altitudes 800 km and below, and only
observe a limited swath of the Earth at a time. As a result satellite precipitation
products depend on the number of available sensors and their corresponding orbital
sampling (Kidd and Levizzani, 2011).

The Arctic Weather Satellite (AWS), launched in 2024, is a small satellite carrying a
19-channel cross-track microwave radiometer measuring at frequencies that have been
typically used for precipitation retrievals (Eriksson et al., 2025). AWS demonstrates
a smaller and more cost-efficient concept for passive microwave observations and acts
as the proto-flight mission for EPS-Sterna. EPS-Sterna is an approved constellation
of polar-orbiting satellites based on the AWS concept. The first six satellites are
planned for launch in 2029 and the constellation is expected to improve the temporal
sampling of global microwave observations (EUMETSAT, 2026; SMHI, 2026).

The AWS radiometer differs from many previous sensors because it includes channels
around 325 GHz, referred to as sub-millimetre channels since their wavelengths are
smaller than 1 mm. These channels represent a new part of the spectrum for satellite
meteorology and are sensitive to scattering by frozen hydrometeors (Eriksson et al.,
2025; Duncan et al., 2025). They may therefore provide additional information for
precipitation retrieval compared with lower-frequency microwave channels.

1.2 Research context

Passive microwave observations are already widely used for satellite precipitation
retrieval. In the GPM processing system, the Goddard Profiling Algorithm (GPROF;
Pfreundschuh et al. 2022a) retrieves precipitation from the passive microwave sensors
of the GPM constellation, including the GPM Microwave Imager (GMI; Draper
et al. 2015). This demonstrates that passive microwave radiances contain useful
information about precipitation, even though the relation between the measured
radiances and surface precipitation is indirect.
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Machine-learning methods have recently been used to improve satellite precipitation
retrievals and better exploit such indirect information. Several studies have applied
deep learning to satellite observations to enhance the accuracy and spatial resolution
of precipitation estimates (Sadeghi et al., 2022; Gorooh et al., 2020).

A probabilistic formulation is particularly useful for precipitation retrieval because
the same satellite observation can correspond to different surface precipitation rates.
Quantile regression neural networks (QRNNs) address this by predicting several
quantiles of the conditional distribution rather than only a single deterministic esti-
mate. QRNNs have been shown to provide retrieval accuracy comparable to standard
neural networks while also producing statistically consistent uncertainty estimates for
non-Gaussian retrieval errors (Pfreundschuh et al., 2018). Neural-network-based ver-
sions of GPROF have shown improved retrieval performance for passive microwave
precipitation retrievals while retaining the ability to provide probabilistic outputs
(Pfreundschuh et al., 2022a). Related work has also applied probabilistic neural net-
works to precipitation retrieval from geostationary satellite observations (Pfreund-
schuh et al., 2022b; Amell et al., 2025). These specific studies provide the method-
ological background for the machine-learning approaches used in this thesis.

The new aspect in this thesis is the use of AWS observations for precipitation re-
trieval. AWS provides passive microwave observations in several sounding bands and
includes sub-millimetre channels around 325 GHz (Eriksson et al., 2025). Previous
studies of sub-millimetre microwave observations have mainly focused on their sensi-
tivity to ice clouds and frozen hydrometeors. For AWS the sub-millimetre channels
have been shown to add information in scenes with significant frozen water aloft
(Duncan et al., 2025). Since many precipitating systems contain frozen hydrome-
teors above the melting layer these channels may provide information relevant for
precipitation retrieval.

1.3 Aim and scope

The aim of this thesis is to investigate whether AWS observations can be used to
retrieve surface precipitation rates using supervised machine learning. The retrieval
models are trained and evaluated using collocations between AWS observations and
precipitation estimates from the Multi-Radar Multi-Sensor (MRMS; (Zhang et al.,
2016)) system. MRMS is a system that provides a radar-based precipitation prod-
uct with high-resolution surface precipitation estimates over the contiguous United
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States.

A second aim is to assess the contribution of the AWS sub-millimetre channels to the
retrieval. This is done by comparing models trained with all available AWS channels
to models where the sub-millimetre channels are excluded. The comparison is used to
evaluate whether these channels provide additional information for retrieving surface
precipitation from AWS observations.

The thesis focuses on data-driven precipitation retrieval using machine learning. The
retrieval models use AWS antenna temperature observations together with viewing-
geometry information. The main model type is the quantile regression neural network
(QRNN) which is used to produce probabilistic precipitation retrievals.

The scope of the thesis is limited by the availability of collocations between AWS and
MRMS. Since MRMS is only available over a limited geographical domain the re-
sults should not be interpreted as a global validation of AWS precipitation retrievals.
The MRMS product also contains uncertainties and should not be treated as perfect
truth. In addition, the study is affected by the early mission phase of AWS where
calibration uncertainties, data availability and possible instrument issues may influ-
ence the results. The results should therefore be interpreted as an initial assessment
of AWS-based precipitation retrieval over the contiguous United States.

The remainder of this thesis is structured as follows: Chapter 2 details the theory
behind remote sensing and and machine learning. Chapter 3 describes the data
sources used. Chapter 4 outlines the methodology. Finally, Chapter 5 presents the
results followed by a discussion and conclusions in Chapters 6 and 7.
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2 Theory

This chapter introduces the concepts needed to understand the retrieval developed
in this thesis. It first describes precipitation observing systems. It then introduces
passive microwave radiometry and explains why retrieving precipitation from satel-
lite radiances is an inverse problem. Finally, it describes quantile regression neural
networks as a probabilistic retrieval method.

2.1 Remote sensing of precipitation

Precipitation can be observed using several types of measurement systems, including
rain gauges, ground-based weather radars and satellite instruments. These systems
differ in what they measure, their spatial and temporal coverage and how directly
the measurements are related to precipitation rate. This is important because most
precipitation datasets are not direct measurements of precipitation everywhere but
estimates derived from observations through a retrieval or algorithm. Unless other-
wise stated, the general concepts of precipitation remote sensing in this section are
based on Michaelides et al. (2009), Stephens and Kummerow (2007) and Kidd and
Levizzani (2011).

2.1.1 Ground-based precipitation observations

Rain gauges provide one of the most direct measurements of precipitation at the
surface. They measure the amount of water collected at a specific location and
are therefore often used as reference measurements for accumulated precipitation.
However, a rain gauge represents only a very small area. Since precipitation can
vary strongly over short distances, a single gauge does not necessarily describe the
precipitation in the surrounding region. Gauge networks can reduce this problem but
their coverage is uneven and they are often sparse in remote regions, mountainous
areas and over the oceans (Kidd et al., 2017).

Ground-based weather radars provide spatially continuous information about pre-
cipitation over larger regions. A radar transmits microwave pulses and measures the
signal backscattered by atmospheric water particles, such as rain drops, snowflakes,
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ice crystals and graupel. These particles are collectively referred to as hydromete-
ors. The measured radar reflectivity is related to the amount, size and phase of
hydrometeors but it is not itself a direct measurement of surface precipitation rate.
A conversion from radar reflectivity to precipitation rate is therefore required. This
conversion depends on assumptions about the microphysical properties of the pre-
cipitation (Fabry, 2015).

Radar-based precipitation estimates can be affected by several factors. Attenuation
occurs when the radar signal is weakened as it passes through precipitation. Beam
blocking occurs when terrain partly or fully obstructs the radar beam. Bright-band
effects occur near the melting layer where melting snowflakes can produce enhanced
radar reflectivity. In addition, the radar beam samples higher altitudes with in-
creasing distance from the radar. Radar-based precipitation products are therefore
valuable reference datasets but they should still be interpreted as estimates rather
than perfect observations of surface precipitation (Fabry, 2015).

2.1.2 Visible and infrared satellite observations

Visible and infrared satellite observations are widely used to monitor cloud systems.
Visible sensors measure reflected solar radiation and are therefore mainly available
during daylight. Infrared sensors mainly measure thermal radiation emitted by the
Earth–atmosphere system and can be used both during day and night. From geo-
stationary orbit, visible and infrared sensors can provide frequent observations over
large regions which makes them useful for tracking the development and movement
of cloud systems.

The limitation for precipitation retrieval is that visible and infrared observations
mainly provide information about cloud-top properties such as cloud reflectance and
cloud-top temperature. These properties are related to precipitation only indirectly.
For example, very cold cloud tops can indicate tall clouds that may produce heavy
precipitation but they do not uniquely determine whether precipitation reaches the
surface or how large the surface precipitation rate is. Retrievals based on visible and
infrared observations therefore rely on statistical relationships between cloud-top
properties and precipitation.
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2.1.3 Spaceborne precipitation radar

Spaceborne precipitation radars are active instruments. They transmit microwave
pulses toward the atmosphere and measure the signal backscattered by hydrometeors.
The main advantage of spaceborne radar is that it provides direct measurements of
the vertical structure of precipitation by measuring how long emitted microwave
pulses take to return to the sensor. This makes radar observations highly valuable
for developing and evaluating satellite precipitation retrievals (Hou et al., 2014).
However, spaceborne precipitation radars typically have narrower swaths compared
to passive microwave radiometers, which limits their spatial coverage and temporal
sampling (Hou et al., 2014).

2.1.4 Passive microwave satellite observations

Passive microwave radiometers measure naturally emitted radiation from the Earth–
atmosphere system. In contrast to radar, they do not transmit a signal. Instead
they observe microwave radiances that are affected by the surface, atmospheric gases,
cloud liquid water and precipitation-sized hydrometeors.

Passive microwave observations are important for precipitation retrieval because mi-
crowave radiation can interact with hydrometeors inside the cloud, not only with
the cloud top. Liquid precipitation and cloud water can increase the measured ra-
diance through emission, especially over radiometrically cold ocean surfaces. Frozen
hydrometeors can reduce the measured radiance by scattering radiation away from
the sensor. These emission and scattering signals provide information about precip-
itation and precipitating cloud systems.

The relation between passive microwave observations and surface precipitation is
nevertheless indirect. The measured microwave signal depends not only on precip-
itation rate but also on the vertical distribution of hydrometeors, surface emissiv-
ity, atmospheric temperature and humidity, viewing geometry and sensor frequency.
As a result, different atmospheric scenes can produce similar measured radiances.
Passive microwave precipitation retrieval is therefore an inverse problem (further de-
fined in Section 2.3.1) with substantial uncertainty. Because of their complementary
strengths, passive microwave radiometers and spaceborne radars are often combined
to create synergistic precipitation products.
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2.2 Passive microwave radiometry

Unless otherwise stated, the physical principles of passive microwave radiometry
described in this section are based on Rees (2013) while precipitation signatures are
based on Stephens and Kummerow (2007) and Kidd and Levizzani (2011).

2.2.1 Brightness temperature and antenna temperature

A black body refers to an idealized physical body that perfectly absorbs and emits
all electromagnetic radiation. Brightness temperature, TB, is the temperature that a
black body would need to have in order to emit the same measured spectral radiance
at the observed frequency. It is therefore a radiance-equivalent temperature and
should not be interpreted as the physical temperature of the surface, a cloud or a
single atmospheric layer.

The relation between black-body radiance and physical temperature is given by
Planck’s law. Expressed per unit frequency, the spectral radiance of a black body is

Bν(T ) =
2hν3

c2
1

exp
(
hν
kT

)
− 1

, (2.1)

where h is Planck’s constant, k is Boltzmann’s constant, c is the speed of light and
ν is frequency. Brightness temperature is defined as the temperature that satisfies

Iν = Bν(TB), (2.2)

where Iν is the spectral radiance.

At microwave frequencies and terrestrial temperatures hν is much smaller than kT .
Planck’s law can then be approximated by the Rayleigh–Jeans relation:

Bν(T ) ≈
2kν2

c2
T. (2.3)

In this limit, radiance is approximately proportional to temperature. Brightness tem-
perature is therefore a convenient way to express radiance measurements, especially
in microwave remote sensing.

A passive microwave radiometer receives microwave radiation through an antenna
over a larger area. The antenna does not receive radiation from one exact direction
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only but has an angular response called the antenna pattern which describes how
strongly radiation from different directions contributes to the measured signal. In
this sense, brightness temperature is a property of the object being observed whereas
antenna temperature, TA, is the angularly weighted measure of the radiation actually
received by the instrument.

2.2.2 Microwave channel sensitivity

The information contained in a passive microwave channel depends strongly on fre-
quency because atmospheric gases, hydrometeors and the surface interact differently
with radiation at different wavelengths. At frequencies where gaseous absorption
is weak, radiation from the surface and lower atmosphere can reach the satellite
more easily. These frequency ranges are often called atmospheric window regions.
Window channels can therefore contain strong contributions from the surface, lower
atmosphere and hydrometeors.

At frequencies close to molecular absorption lines, gases absorb and emit radia-
tion efficiently. An absorption line is a frequency range where a molecule interacts
strongly with radiation. Near such a line, radiation from lower atmospheric layers
is partly absorbed before reaching the satellite. The measured radiance is therefore
dominated by emission from the layers from which radiation can still escape to the
sensor. Channels closer to the centre of an absorption line are generally sensitive to
higher atmospheric layers while channels farther from the line centre receive larger
contributions from lower layers.

This principle is used for atmospheric sounding. Oxygen absorption bands are used
for temperature sounding because oxygen is well mixed in the atmosphere. Its con-
centration is therefore comparatively well known, so variations in measured radiance
near oxygen absorption features are mainly controlled by the temperature of the
emitting atmospheric layers. Water-vapour absorption bands are used for humidity
sounding because water vapour varies strongly in both space and height. Measure-
ments near water-vapour absorption lines are therefore sensitive to the amount and
vertical distribution of humidity, as well as to atmospheric temperature.

The altitude dependence of a channel is described by a weighting function. A weight-
ing function shows how strongly different atmospheric layers contribute to the mea-
sured radiance. A channel should therefore not be interpreted as observing a single
altitude. Each channel receives contributions from a range of heights with the largest
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contribution coming from the layers where the weighting function is largest. For
AWS, the simulated temperature and humidity sensitivities illustrate this altitude-
dependent behavior across its specific sounding channels (Eriksson et al., 2025).

2.2.3 Precipitation signatures

Precipitation affects passive microwave measurements through emission, absorption
and scattering with their relative importance depending on the frequency. Liquid
water absorbs and emits microwave radiation. Rain drops and cloud liquid water can
therefore increase the upwelling microwave radiance, especially at lower microwave
frequencies. This emission signal is often easiest to detect over ocean where the
microwave emissivity of the surface is relatively low and spatially homogeneous.
The precipitation signal is then observed against a comparatively cold radiometric
background.

Over land, the emission signal from precipitation is harder to isolate. Land surfaces
usually have higher and more variable microwave emissivity than ocean surfaces.
Vegetation, soil moisture, snow cover, surface temperature and topography can all
affect the measured radiance. These surface effects can mask or resemble the radio-
metric signal from precipitation, especially for weak precipitation.

At higher microwave frequencies, scattering by frozen hydrometeors becomes more
important because the radiation wavelength approaches the size of the ice particles.
Ice particles, snow and graupel can scatter upwelling radiation away from the sensor
which often reduces the measured antenna temperature in channels sensitive to ice
scattering. The strength of this signal depends on the amount of ice, the particle
size distribution, particle shape and the vertical structure of the cloud.

Liquid-water emission and ice scattering provide complementary information. Emis-
sion is more closely related to cloud liquid water and rain water in the lower at-
mosphere while scattering provides information about frozen hydrometeors above
the melting layer. Since many precipitating systems contain ice above the melting
layer, scattering-sensitive channels can contain information related to precipitation.
The relation to surface precipitation is indirect and similar microwave signatures can
occur for different vertical cloud structures and surface precipitation rates.
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2.2.4 Radiative transfer and retrieval

The relation between the atmospheric state and the measured microwave radiance
is described by radiative transfer. Radiative transfer accounts for how radiation is
emitted, absorbed and scattered along the path from the surface and atmosphere to
the satellite. In a non-scattering atmosphere, the measured upwelling radiation can
be understood as the sum of attenuated surface emission and thermal emission from
atmospheric layers along the path.

Using the Rayleigh–Jeans approximation, a simplified non-scattering solution of the
radiative transfer equation can be written in terms of the brightness temperature TB

as

TB(τs) = TB(0)e
−τs +

∫ τs

0

T (τ ′)e−(τs−τ ′) dτ ′, (2.4)

where TB(0) is the brightness temperature of the radiation entering the atmosphere
at the lower boundary, T (τ ′) is the atmospheric temperature as a function of optical
thickness and τs is the total optical thickness between the lower boundary and the
sensor. Optical thickness is a measure of how much a given medium attenuates
light. The first term represents radiation from the lower boundary attenuated by the
atmosphere. The integral represents thermal emission from atmospheric layers also
attenuated before reaching the sensor.

This expression is only a simplified non-scattering case. In cloudy and precipitating
atmospheres scattering by hydrometeors must also be considered. The measured ra-
diance then depends on surface emissivity, atmospheric temperature and humidity,
viewing geometry and the vertical distribution and microphysical properties of hy-
drometeors. Radiative transfer defines the forward problem: given the surface and
atmospheric state, it provides the radiance that would be measured by the satellite.

2.3 Statistical retrieval theory

The statistical retrieval framework outlined in this section is primarily based on the
inverse methods described by Rodgers (2000) and Pfreundschuh et al. (2018).

2.3.1 Forward and inverse problems

A retrieval problem aims to estimate an unknown geophysical quantity from indirect
observations. In atmospheric remote sensing the observations are related to the
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atmospheric and surface state through radiative transfer and the properties of the
observing instrument. This relation can be written as a forward model,

o = F (s) + ϵ, (2.5)

where s is the atmospheric and surface state, o is the observation vector, F is the
forward model and ϵ represents measurement and modelling errors.

The forward problem is to compute the observations that would be measured for
a known state. The retrieval problem is the inverse problem: the observations are
known and the aim is to estimate a property of the state. In the context of this
study, this property is the surface precipitation rate denoted by r.

The inverse problem is ill-posed because similar observations can originate from
different atmospheric and surface states. This is further complicated by inherent
measurement and modelling errors. For passive microwave precipitation retrieval,
this means that surface precipitation cannot be determined uniquely from the mea-
sured radiances. A retrieval should therefore be interpreted as an estimate based on
the information available in the observations rather than as a direct reconstruction
of the true precipitation field.

2.3.2 Bayesian retrieval formulation

Bayesian retrieval theory provides a framework for representing uncertainty in ill-
posed inverse problems. Instead of assigning one exact value to the retrieval target
the Bayesian formulation describes the posterior distribution of the target given the
observation. For a scalar precipitation target r and an observation vector o, this can
be written as

p(r | o). (2.6)

This distribution describes the precipitation rates that are consistent with the ob-
servation and with the prior information used in the retrieval.

Bayes’ theorem relates the posterior distribution to the prior distribution and the
likelihood,

p(r | o) = p(o | r)p(r)
p(o)

. (2.7)

Here p(r) is the prior distribution of precipitation, p(o | r) is the likelihood of
observing o for a given precipitation rate and p(o) is a normalizing factor.
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In the context of this study, the primary target is surface precipitation, so this scalar
formulation is used as a simplification, even though the observations mathematically
depend on the full atmospheric state. A deterministic estimate such as a posterior
mean or median, can be derived from the posterior distribution, but a single value
does not represent the full retrieval uncertainty.

2.3.3 Approaches to solving the inverse problem

Retrieval methods can be understood as different ways of approximating the posterior
distribution or summaries of it. Simulation-based methods use a physical forward
model to generate observations from atmospheric states. Examples include optimal
estimation and Monte Carlo methods. These approaches are useful because they are
directly connected to the physics of the measurement and can be applied even when
real collocations are limited. These methods can be computationally expensive when
the forward model is complex, especially for cloudy or precipitating atmospheres
where scattering is important.

Database-based retrievals use a collection of atmospheric states and corresponding
observations which may be simulated or observed. A retrieval model can use the
database entries to infer the retrieved quantity for a new observation. This type of
approach has been used in passive microwave precipitation retrieval, including the
Goddard Profiling Algorithm (GPROF) framework (Pfreundschuh et al., 2022a).

Machine-learning methods are not separate from these categories. They can be used
with simulated databases or with empirical collocations. In both cases the trained
model provides a computationally efficient mapping from observations to retrieval
outputs.

2.4 Machine learning and quantile regression neu-

ral networks

2.4.1 Supervised learning and neural networks

Supervised learning is a machine-learning setting in which a model is trained from ex-
amples of inputs and corresponding target values. The purpose is to learn a mapping
that can be applied to new inputs. For a regression problem the target consists of
one or more continuous variables and the model output is a corresponding numerical
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prediction.

A neural network represents this mapping using a sequence of layers. Each layer
applies a linear transformation followed by a nonlinear activation function. A hidden
layer l can be written as

h(l) = σ
(
W(l)h(l−1) + b(l)

)
, (2.8)

where h(l−1) is the output from the previous layer, W(l) is a matrix of weights, b(l)

is a vector of biases and σ is the activation function. The weights and biases are the
trainable parameters of the model.

The activation function introduces nonlinearity. Without nonlinear activation func-
tions several layers would still be equivalent to one linear transformation. Activation
functions therefore allow neural networks to represent nonlinear relationships be-
tween inputs and outputs.

During training the weights and biases are adjusted to minimize a loss function. The
loss function measures the discrepancy between the model output and the target
values in the training data. The choice of loss function determines which statistical
property of the target distribution the model is encouraged to estimate (Goodfellow
et al., 2016).

2.4.2 Quantile regression

Quantile regression is a regression method for estimating conditional quantiles of
a target variable. For a target variable Y , an input vector x and a quantile level
τ ∈ (0, 1), the conditional quantile qτ (x) is defined by

P (Y ≤ qτ (x) | x) = τ. (2.9)

For a given input x, the quantile level specifies the probability that the target variable
lies below the corresponding conditional quantile.

A conditional quantile can be estimated by minimizing the quantile loss. For a target
value y, a predicted conditional quantile q̂τ and a quantile level τ , the loss is

Lτ (y, q̂τ ) =

{
τ(y − q̂τ ), y ≥ q̂τ ,

(1− τ)(q̂τ − y), y < q̂τ .
(2.10)
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The loss is asymmetric. For an upper quantile, observations above the predicted
quantile are penalized more strongly than observations below it. For a lower quantile,
the opposite is true. This asymmetry makes the minimizer of the expected loss
equal to the corresponding conditional quantile (Koenker and Bassett, 1978; Koenker,
2005).

Several conditional quantiles can be estimated simultaneously by minimizing the
average loss over a set of quantile levels {τj}Mj=1,

L(y, q̂) =
1

M

M∑
j=1

Lτj(y, q̂τj). (2.11)

When a neural network is trained with this loss it is referred to as a quantile regression
neural network (QRNN). The network outputs a vector of predicted conditional
quantiles,

f(x) = [q̂τ1(x), . . . , q̂τM (x)]⊤ . (2.12)

These predicted quantiles provide a discrete approximation of the conditional distri-
bution of the target variable given the input (Pfreundschuh et al., 2018).
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3 Data

3.1 Arctic Weather Satellite observations

This section describes the Arctic Weather Satellite (AWS) observations used in this
thesis. The focus is on the radiometer channel groups, the scan geometry and the
main variables contained in the Level-1B observation product.

3.1.1 Radiometer and channel groups

AWS carries a cross-track microwave sounder with four receiver chains covering sev-
eral microwave frequency regions. The instrument was designed as a compact passive
microwave sounder with a target orbit altitude of approximately 600 km. This alti-
tude was chosen as a compromise between antenna-size requirements, ground cover-
age, launch cost and end-of-life deorbiting considerations (Eriksson et al., 2025).

The first receiver group contains channels in the 50–57 GHz oxygen absorption band
and is used for temperature sounding. The second group contains the 89 GHz window
channel. The third group combines channels around 166 GHz and 183 GHz, including
a window-like channel and channels near the 183 GHz water-vapour absorption line.
The fourth group contains the sub-millimetre channels around 325 GHz (Eriksson
et al., 2025). Table 3.1 summarizes the AWS channel groups. The table is intended
as an overview; detailed channel specifications are given by Eriksson et al. (2025).

The receiver chains are spatially separated in the instrument. As a result the foot-

Table 3.1: Overview of the AWS radiometer channel groups. Footprint values are
approximate nadir full width at half maximum (FWHM).

Channel group Channels Frequency region Approx. nadir FWHM
AWS1X AWS11-AWS18 50-57 GHz < 40 km
AWS2X AWS21 89 GHz < 20 km
AWS3X AWS31-AWS36 166-183 GHz < 15 km
AWS4X AWS41-AWS44 325 GHz < 15 km
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prints of the channel groups are not fully co-located in the original Level-1B data be-
cause the feed-horns view the main reflector from slightly different directions (Eriks-
son et al., 2025).

3.1.2 Scan geometry and spatial sampling

AWS uses a rotating mirror to scan across the satellite track. The mirror rotates at
a frequency of 0.84 Hz, corresponding to 50.4 rotations per minute. This gives an
along-track distance between successive footprints of approximately 8.2 km (Eriksson
et al., 2025).

During each rotation the instrument records Earth-view samples as well as views of
cold space and the onboard calibration target. The Earth-view part of the scan con-
tains 145 samples distributed approximately between scan angles of ±55◦ resulting
in a swath width exceeding 2000 km. The sampling time is 2.5 ms and this sampling
is retained in the Level-1B data (Eriksson et al., 2025).

The cross-track geometry means that the viewing angle changes across the scan. Near
nadir, the line of sight is closest to vertical. Toward the swath edges, the viewing
angle increases, leading to a longer atmospheric path length and a larger projected
footprint on the surface. This scan-position dependence is an important property of
the observations and is represented in the Level-1B viewing-geometry variables.

Figure 3.1 shows an example AWS swath for one antenna temperature channel. The
figure illustrates the cross-track sampling of the instrument and the spatial structure
of the observations across an overpass. The difference between land and ocean is
visible, illustrating how this channel acts as a window channel.

3.1.3 Level-1B observation product

The AWS Level-1B product contains calibrated antenna temperatures together with
geolocation, time and viewing-geometry information. Antenna temperatures are pro-
vided for the radiometer channels listed in Table 3.1. Latitude, longitude and ob-
servation time describe the location and time of each field of view while the satellite
zenith angle describes the viewing geometry across the scan (Eriksson et al., 2025).
Table 3.2 summarizes the main Level-1B variables of interest to this study.
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Figure 3.1: Example AWS observations for one antenna temperature channel over a
12-hour period. The dotted lines indicate the contiguous United States (CONUS).

3.2 Multi-Radar Multi-Sensor precipitation data

The reference precipitation data used is taken from the Multi-Radar Multi-Sensor
(MRMS) system. MRMS is a radar-based and multi-sensor system that provides
precipitation products using information from multiple weather radars together with
additional observational and model data streams (Zhang et al., 2016). The MRMS
product used is the Surface Precipitation Rate product which provides near-surface
precipitation-rate estimates over the contiguous United States (NOAA, 2025).

The MRMS Surface Precipitation Rate product has a spatial resolution of approx-
imately 1 km × 1 km and a temporal resolution of 2 min. The precipitation rate
is expressed in mm h−1. Each MRMS field represents the estimated surface precip-
itation rate on a regular geographical grid at a specific valid time (NOAA, 2025).
Table 3.3 summarizes the main information provided by the product.

Radar-based precipitation products contain uncertainties related to radar calibration,
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Table 3.2: Main AWS Level-1B variables.

Variable Description

Antenna temperatures Calibrated radiometer observations for the AWS chan-
nels

Latitude and longitude Geolocation of the fields of view
Observation time Time of the AWS measurement
Satellite zenith angle Viewing angle relative to the local vertical

Table 3.3: Main information from the MRMS Surface Precipitation Rate product.

Quantity Description

Precipitation rate Surface precipitation rate in mm h−1

Latitude and longitude Geographical position of the MRMS grid cells
Time Time of the precipitation field

beam height, attenuation, beam blocking, bright-band effects and the conversion
from radar reflectivity to precipitation rate. While no dataset provides perfect truth,
ground-based radar is widely considered the most reliable option which justifies its
use as the reference target. These uncertainties are relevant when MRMS is used as
a reference dataset since differences between retrieved precipitation and MRMS can
originate from uncertainties in either dataset (Zhang et al., 2016; Fabry, 2015).

3.3 Additional comparison dataset

The Integrated Multi-satellitE Retrievals for GPM (IMERG; Huffman et al. 2020)
product is a global satellite precipitation product developed within the GPM mis-
sion. IMERG combines precipitation estimates from passive microwave sensors in the
GPM constellation with infrared observations and rain gauge information to produce
gridded precipitation estimates over large spatial domains.

The product is designed to improve the temporal sampling of satellite precipitation
estimates by combining observations from multiple satellites. Passive microwave
observations provide precipitation-sensitive information while infrared observations
from geostationary satellites help fill temporal gaps between microwave overpasses.
The Late Run IMERG product is available at 0.1◦ spatial resolution and 30 min
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temporal resolution (Huffman et al., 2020). The Late Run version is used because
the Final Run product was not available for the full evaluation period at the time of
analysis.
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4 Method

This chapter describes how the AWS and MRMS data are combined and used to train
machine learning models for precipitation retrieval. The purpose of the method is to
construct a supervised learning dataset where AWS observations are used as input
and MRMS surface precipitation rates are used as reference targets.

The workflow consists of three main parts. First, AWS observations are remapped,
filtered and collocated with MRMS precipitation fields, as presented in Section 4.1.
Second, the collocated data are transformed into input features and target values
suitable for neural-network training, as described in Section 4.2. Third, Quantile
Regression Neural Networks are trained and evaluated using deterministic metrics,
probabilistic diagnostics and qualitative visualizations, which is outlined in Sections
4.3 to 4.6. The final target variable in all experiments is the MRMS Surface Precip-
itation Rate.

4.1 Construction of the AWS–MRMS dataset

4.1.1 Study period and domain

The dataset is constructed from AWS observations and MRMS precipitation fields
covering the period from 1 January 2025 to 31 December 2025. It should be noted
that observations from the first three months of the year are expected to be of lower
quality. Only AWS observations overlapping the MRMS domain are considered.
Since MRMS is available over the contiguous United States the resulting dataset is
limited to this geographical region.

4.1.2 AWS remapping and scan-position selection

The AWS channel groups are not perfectly co-located in the original Level-1B data,
as described in Chapter 3. To construct one common input vector for each field of
view, the channel groups are remapped to a common field-of-view geometry before
collocation with MRMS. The AWS3X group, containing the channels around 166–
183 GHz, is used as the reference geometry. The other AWS channel groups are
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remapped to the AWS3X field-of-view grid.

After remapping the selected antenna temperature channels share a common set of
field-of-view locations. The latitude and longitude coordinates of the AWS3X grid
are then used for the spatial collocation with MRMS.

Of the 145 total cross-track measurements, only the 80 scan positions closest to
nadir are retained. The outer scan positions are excluded because the viewing angle,
projected footprint size and surface projection differ most strongly near the swath
edges. This reduces the influence of extreme scan-angle effects while retaining the
central part of the cross-track scan.

4.1.3 Temporal and spatial matching with MRMS

MRMS Surface Precipitation Rate fields are available every 2 min. For each AWS
observation the MRMS field closest in time is selected. The maximum time difference
to the nearest MRMS field is therefore approximately 1 min. This remaining time
mismatch is a source of uncertainty, especially for rapidly evolving or fast-moving
precipitation systems.

The MRMS product has a native grid spacing of approximately 1 km which is finer
than the AWS footprint size. The AWS3X footprint is approximately 10 km at nadir
and increases away from nadir. To reduce the scale mismatch between MRMS and
AWS, the MRMS precipitation field is spatially smoothed using a 5 × 5 grid-cell
moving average window corresponding to an area of approximately 5 × 5 km while
retaining the native 1 km grid spacing.

After averaging each AWS field of view is matched to the nearest MRMS grid point
in the averaged precipitation field. The resulting MRMS value is used as the refer-
ence surface precipitation rate for the corresponding AWS observation. This does
not explicitly model the exact spatial weighting of the AWS antenna footprint but
it reduces the mismatch between the native MRMS grid scale and the satellite ob-
servation scale.

4.1.4 Quality control and filtering

Samples containing missing or invalid values are removed before training. Invalid
measurements include not-a-number entries, infinite values or unreadable scans. This
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includes samples with missing AWS antenna temperatures, missing viewing-geometry
information or missing MRMS precipitation values.

The same filtering rules are applied before constructing the training, validation and
test datasets. After collocation and filtering the dataset contains approximately
4.18× 107 samples.

4.2 Feature and target construction

4.2.1 Input variables

Each remaining sample represents a single collocated point. These individual samples
contain a common AWS field of view, the selected AWS antenna temperatures, the
corresponding viewing-geometry information and one matched MRMS precipitation-
rate value. For each collocated sample, the input variables consist of AWS antenna
temperatures and satellite zenith-angle information. The antenna temperature in-
puts depend on the model configuration. The full-channel model uses all 19 AWS
antenna temperature channels. The reduced-channel model excludes the four sub-
millimetre channels around 325 GHz.

Satellite zenith angle is included to represent the viewing geometry across the scan.
One zenith-angle variable is retained for each AWS channel group. The two input
configurations are therefore

xfull = (TA,1, . . . , TA,19, θ1, . . . , θ4) , (4.1)

and
xreduced = (TA,1, . . . , TA,15, θ1, . . . , θ4) , (4.2)

where TA,i denotes an AWS antenna temperature channel and θj denotes the satellite
zenith angle for AWS channel group j. The full-channel model has 23 input features
while the model without the sub-millimetre channels has 19 input features. Figure 4.1
shows an example of the AWS antenna temperature input fields for selected channels.

Latitude, longitude and observation time are used for collocation but are not used as
model input features in the main retrieval models. This choice focuses the retrieval
on radiometric and viewing-geometry information rather than on explicit location-
specific or time-specific climatological information.
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Figure 4.1: Example AWS antenna temperature swaths of inputs for selected chan-
nels.

4.2.2 Target variable

The target variable is the MRMS Surface Precipitation Rate matched to each AWS
observation. It is denoted by

y = RMRMS, (4.3)

where RMRMS is the MRMS surface precipitation rate in mm h−1.

The target variable is non-negative and strongly skewed with many zero or near-zero
precipitation samples and comparatively few high-intensity precipitation samples.
This imbalance affects both model training and the interpretation of evaluation met-
rics.
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Figure 4.2: Distribution of MRMS surface precipitation rates in the full collocated
AWS–MRMS dataset.

4.2.3 Log transformation of the target

The MRMS rain-rate distribution contains many zero values and has a large dynamic
range. To reduce this dynamic range the QRNNs are trained in a log-transformed
target space. Let y denote the MRMS surface precipitation rate in mm h−1. The
transformed target z = ϕ(y) is defined as

z = ϕ(y) =

{
log y, y > 0,

u, y = 0,
(4.4)

where
u ∼ U(log 10−5, log 10−4). (4.5)

Non-zero precipitation values are transformed using the natural logarithm. Zero
precipitation values are assigned a random value in log space corresponding to a
rain rate between 10−5 and 10−4 mm h−1. This avoids undefined logarithms for
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zero precipitation while keeping no-rain samples close to zero rain rate after back-
transformation.

Predicted quantiles are transformed back to rain-rate units using the inverse trans-
formation

ŷτ = ϕ−1(ẑτ ) =

{
exp(ẑτ ), ẑτ > log 10−4,

0, ẑτ ≤ log 10−4.
(4.6)

This thresholding maps very small predicted rain rates to zero precipitation.

4.2.4 Feature normalization

The input features have different numerical ranges. Antenna temperatures are given
in Kelvin while zenith angles are angular variables. To improve the stability of
neural-network training each input feature is standardized. Each input feature is
standardized using statistics computed from the training set:

x∗
i =

xi − µi

σi

, (4.7)

where µi and σi are the training-set mean and standard deviation of feature i. The
same normalization parameters are applied to the validation and test sets.

4.3 Train, validation and test split

The collocated dataset is split by calendar day. A day-based split is used instead of
a random sample split to reduce temporal leakage between training and evaluation
datasets. If nearby observations from the same weather system were randomly split,
very similar samples could appear in both training and evaluation sets.

For each month observations from the 2nd, 10th, 18th and 26th day are used for val-
idation. Observations from the 11th and 21st day are used for testing. All remaining
days are used for training. This split keeps complete days separated between the
datasets while sampling validation and test cases throughout the year. The valida-
tion set is used for model selection and monitoring during training. The test set is
kept separate and used for final evaluation. Figure 4.3 shows the MRMS rain-rate
distributions for the training, validation and test datasets. Table 4.1 summarizes the
total number of samples in each dataset.
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Table 4.1: Total number of samples in the training, validation and test datasets.

Dataset Number of samples
Training 33,470,572
Validation 5,483,584
Test 2,866,678
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Figure 4.3: MRMS rain-rate distributions for the training, validation and test
datasets.

4.4 Quantile regression neural network

The QRNN predicts selected conditional quantiles of the log-transformed MRMS
rain-rate target. The quantile levels are

τ = [0.01, 0.05, 0.15, 0.25, 0.35, 0.45, 0.50, 0.55, 0.65, 0.75, 0.85, 0.95, 0.99]. (4.8)

For an input vector x, the network output is

f(x) =
[
ẑτ1(x), . . . , ẑτQ(x)

]⊤
, (4.9)
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where ẑτj(x) is the predicted conditional quantile of the transformed target z at
quantile level τj. The output dimension is therefore Q = 13.

The QRNN models are fully connected feed-forward neural networks. The architec-
ture used for the main experiments consists of four hidden layers with 256 neurons
in each layer. The rectified linear unit (ReLU) activation function is applied after
each hidden layer:

ReLU(x) = max(0, x). (4.10)

The quantile loss (Equation 2.10) is applied to the log-transformed target z. During
training the loss is averaged over the predicted quantile levels and over the samples
in each mini-batch as in equation (2.11). Both models use the same target transfor-
mation, normalization strategy, network architecture, loss function and evaluation
procedure. The comparison therefore isolates the effect of including or excluding the
AWS sub-millimetre channels.

4.5 Training procedure

Training is performed using mini-batch gradient-based optimization with a batch
size of 1024. The model parameters are optimized using AdamW (Loshchilov and
Hutter, 2019) with an initial learning rate of 10−4. A cosine learning-rate scheduler
is used during training to gradually reduce the learning rate over the training epoch.

The models are trained for a maximum of 20 epochs. After each epoch the model is
evaluated on the validation set. The model state with the lowest validation loss is
saved and used for later evaluation. Training is performed on a GPU because GPU
acceleration makes mini-batch optimization substantially more efficient.

4.6 Evaluation

4.6.1 Prediction summary

For deterministic metrics a posterior-mean estimate is derived from the predicted
quantiles. Let Q̂(τj) denote the predicted rain-rate quantile at quantile level τj after
back-transformation to mm h−1. The posterior mean is approximated by numerical
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integration of the predicted quantile function:

ŷmean ≈ 1

τQ − τ1

Q−1∑
j=1

Q̂(τj) + Q̂(τj+1)

2
(τj+1 − τj) . (4.11)

This approximation uses the available predicted quantile range from τ1 = 0.01 to
τQ = 0.99.

4.6.2 Deterministic metrics

Deterministic performance is evaluated by comparing the point estimate ŷi with the
MRMS reference value yi. The mean squared error is

MSE =
1

N

N∑
i=1

(ŷi − yi)
2. (4.12)

The root mean squared error is

RMSE =
√
MSE. (4.13)

The mean absolute error is

MAE =
1

N

N∑
i=1

|ŷi − yi|. (4.14)

The bias is

Bias =
1

N

N∑
i=1

(ŷi − yi). (4.15)

The Pearson correlation coefficient is

r =

∑N
i=1(ŷi − ¯̂y)(yi − ȳ)√∑N

i=1(ŷi − ¯̂y)2
√∑N

i=1(yi − ȳ)2
. (4.16)

4.6.3 Probabilistic diagnostics

The probabilistic predictions are evaluated using the continuous ranked probability
score (CRPS). For a predictive distribution F and an observation y, CRPS can be
written in terms of the quantile function Q(τ) as

CRPS(F, y) = 2

∫ 1

0

Lτ (y,Q(τ)) dτ, (4.17)
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where Lτ is the quantile loss defined in equation (2.10). Since the QRNN predicts a
finite set of quantiles this integral is approximated numerically using the predicted
quantile levels. The mean CRPS across all samples is reported as the final bulk
metric.

Calibration is evaluated by comparing predicted quantile levels with observed fre-
quencies. For a well-calibrated quantile prediction approximately a fraction τ of the
observations should fall below the predicted τ -quantile. Reliability diagrams are used
to visualize this relationship.
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5 Results

This chapter presents the training behaviour and retrieval results. The final retrieval
performance is evaluated on the independent test set. Unless otherwise stated, all
metrics and plots are computed after transforming the predicted quantiles back to
physical rain-rate units. The posterior mean is used as the deterministic precipitation
estimate. The all-channel model is treated as the main retrieval model while the
reduced-channel model is included in the figures and tables to support the assessment
of the sub-millimetre channels in Section 5.4.

5.1 Training behaviour

The learning curves of the models provide an initial diagnostic of training stability.
As shown in Figure 5.1, the validation curves decline rapidly during the first few
epochs. The minimum validation loss was achieved at epoch 9 for the all-channel
model and epoch 11 for the reduced-channel model. Beyond these epochs, while the
training losses continue to decrease, the validation curves exhibit a slight upward
trend. This behavior indicates mild overfitting which justifies selecting these spe-
cific earlier checkpoints. The models are stopped at these epochs and the resulting
network weights are used for all subsequent evaluation on the test set.
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Figure 5.1: Training and validation loss trajectories computed in log-transformed
target space for the all-channel and reduced-channel QRNN models.

The calibration of the predicted probability intervals is evaluated using the reliabil-
ity diagrams in Figure 5.2. Reliability diagrams are computed by calculating the
empirical frequency of observations that fall below each predicted quantile level.
The dashed yellow line represents the reliability of the training dataset computed in
the log-transformed training space. It tracks close to the perfect-calibration diag-
onal, verifiying that the model is well calibrated across the overall dataset. When
back-transformed to physical units and separated into individual bins the reliability
curves dip below the perfect calibration line. This indicates that the model’s pre-
dicted quantiles are systematically lower than the actual observed rain rates. The
deviation in the lowest rain-rate bin is a mathematical artifact of the zero-bound
threshold, as true no-rain observations will inherently fall below or equal to any
non-negative predicted quantile.
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(b) Reliability by rain-rate bin: reduced-channels
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Figure 5.2: Probabilistic reliability diagrams across specific MRMS reference precipi-
tation bins computed on the test set. The diagonal line represents perfect calibration
while the yellow dashed line, which overlaps the diagonal line, represents the relia-
bility for the training dataset in the log-transformed training space.

5.2 Performance statistics on the test set

Using the predicted quantiles we can approximate the continuous cumulative distri-
bution function (CDF) and from that CDF we can derive the probability density
function (PDF). Figure 5.3 displays this for one individual test sample. In this in-
stance, the calculated posterior mean tracks near the true reference value while the
spread of the predictive distribution expresses the physical uncertainty associated
with the antenna temperature inputs.
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Figure 5.3: Example probabilistic prediction for an individual test sample. The pre-
dicted discrete quantiles are smoothed via interpolation to approximate the contin-
uous cumulative distribution function (left) and then derive the probability density
function (right).

Table 5.1 summarizes the statistical performance across the entire test set. The base-
line all-channel model exhibits a global absolute bias close to zero (−0.002mmh−1)
indicating that positive and negative errors largely cancel out over the complete do-
main. The MAE is low (0.067mmh−1) reflecting a small average absolute error that
is heavily dominated by the highly frequent background no-rain conditions. The
RMSE is comparatively larger (0.655mmh−1) reflecting its mathematical sensitivity
to localized high-intensity errors. A Pearson correlation (Corr.) of 0.587 shows that
the model captures broad physical trends but a portion of the precipitation variance
remains uncaptured by the posterior mean prediction.
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Table 5.1: Test-set verification metrics using posterior mean predictions.

Model RMSE MAE Bias Corr. CRPS
[mm h−1] [mm h−1] [mm h−1] [mm h−1]

All-channel 0.655 0.067 -0.002 0.587 0.040
Reduced-channel 0.708 0.071 0.002 0.525 0.041

To separate the dominance of no-rain and low-rain samples from the active pre-
cipitating regimes, Figure 5.4 presents relative performance metrics across discrete
MRMS reference rain-rate intervals. The lowest rain-rate interval is excluded from
these subplots due to its large relative scaling effects, a mathematical consequence
where denominators near zero amplify small absolute differences. In the higher bins
the relative bias trends systematically downward, falling below −0.6 for the highest
categories. This structural decline indicates an underestimation of higher precipita-
tion intensities. The relative RMSE generally decreases across the higher rain-rate
bins. The relative CRPS and MAE reach their lowest values in the moderate 2.5–10
mm h−1 interval, rise in the 10–50 mm h−1 bin and then decrease again for the most
extreme precipitation.
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Figure 5.4: Relative binned test-set metrics using posterior mean predictions nor-
malized by the mean MRMS reference rain rate of each bin.

Evaluating how closely the models mirror the empirical population demographics
provides an indicator of retrieval consistency. Figure 5.5 compares the total contin-
uous rain-rate density of the true MRMS test reference against the predictions on
the same test dataset. The model effectively captures the high-density, low rain-rate
core of the distribution. However, the predicted density curves fall below the test
reference above 10mmh−1, producing fewer high-intensity precipitation estimates
than are present in the MRMS reference. The physical and statistical reasons for
this underestimation are explored further in Section 6.2.
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Figure 5.5: Observed and predicted rain-rate density distributions evaluated across
the complete test dataset.

Figure 5.6 expands this evaluation by plotting the conditional density of the posterior
mean predictions against the continuous MRMS reference field. A high concentra-
tion of points is visible at very low rain rates. In this region below 1.0mmh−1, the
conditional mean changes weakly and forms a plateau. Through the intermediate
regimes between 1.0 and 10mmh−1, the conditional mean tracks the identity line
closely. However, for higher rain rates above 10mmh−1, the highest density of pre-
dicted values flattens out, causing the conditional mean to diverge from the ideal
identity line. This behaviour is further discussed in Sections 6.1 and 6.2.
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Figure 5.6: Conditional density plots of posterior mean predictions against MRMS
reference values. The solid red line marks the conditional mean. The dashed line
represents the ideal 1:1 identity line. The yellow regions define areas where the
sample concentration drops to zero.

5.3 Comparison with MRMS reference swaths

Selected AWS overpasses are used to evaluate the spatial structure of the retrievals.
The three examples represent different precipitation regimes: a heavy-rain case, a
moderate-rain case, and a weak-rain case. These qualitative diagnostics examine how
the predictions compare with the collocated MRMS reference and the operational
gridded Late Run IMERG product. IMERG provides an independent comparison
source which is particularly useful for assessing scenes where the retrieval disagrees
with MRMS.

Figure 5.7 displays a heavy-rain case characterized by an active precipitation front.
The model reproduces the general precipitation pattern but exhibits distinct regional
differences. In the upper part of the swath the model generally underpredicts the
rain rate as demonstrated in Figure 5.7(e). This corresponds to the antenna temper-
ature inputs in Figure 5.7(h)–(k) where clear radiometric precipitation signatures are
largely missing. The lower part of the swath exhibits a strong and clearly visible sig-
nal in the antenna temperatures. In this active southern region, the difference map in
Figure 5.7(e) reveals a mixture of overestimation and underestimation. Additionally,
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the MRMS target and the IMERG product differ from each other, especially in the
upper portion of the swath. The MRMS target and the IMERG product differ from
each other in the upper portion of the swath where IMERG seems to underestimate
the spatial extent of the system. The AWS retrieval aligns more closely with the
broader structure of the MRMS radar reference, demonstrating an advantage over
IMERG in capturing the full scale of the precipitation.
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Figure 5.7: Swath comparison for the heavy-rain case. The top row presents absolute
predictions, the MRMS reference target and the Late Run IMERG field. The middle
row displays absolute differences, and the bottom row displays the AWS antenna
temperature inputs.
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Figure 5.8 displays a moderate-rain case captured over a structured precipitating
system. The retrieval captures the broad spatial pattern of the precipitation but
produces a smoother, more rounded field compared to the MRMS reference. This
structure closely mirrors the patterns observed in the antenna temperature inputs
with a particularly clear signal visible in the sub-millimetre channel shown in Fig-
ure 5.8(k). When examining the difference map in Figure 5.8(e), a mixture of both
overestimation and underestimation is present across the precipitating system. Fur-
thermore, the MRMS target and the IMERG product exhibit quite similar spa-
tial patterns in this scene although the IMERG field appears somewhat noisier and
coarser due to its lower spatial resolution.
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Figure 5.8: Swath comparison for the moderate-rain case. The top row presents
absolute predictions, the MRMS target and the Late Run IMERG field. The middle
row displays absolute differences, and the bottom row displays the AWS antenna
temperature inputs.
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Figure 5.9 displays a weak-rain case where the vast majority of the scene contains no
precipitation. The model correctly identifies the general location of the light rain in
the upper part of the swath but spreads it over a wider area than the MRMS target.
As shown in Figure 5.9(h)–(k) there is no clearly visible radiometric signal in the
antenna temperatures. This lack of a distinct signature is expected for such light
precipitation. Furthermore, it is notable that the IMERG comparison product does
not detect rain in this scene. In this specific instance, the AWS retrieval outperforms
the operational IMERG product by successfully identifying the presence of light
precipitation that IMERG misses. This illustrates both the capability of the QRNN
to extract subtle radiometric signals and the inherent difficulty of evaluating weak
precipitation when operational products disagree.
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Figure 5.9: Swath comparison for the weak-rain case. The top row presents absolute
predictions, the MRMS target and the Late Run IMERG field. The middle row
displays absolute differences, and the bottom row displays the AWS antenna tem-
perature inputs.
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Overall the swath examples show that the retrievals capture the general spatial
structure of the MRMS reference but with smoother fields and reduced local in-
tensity contrasts which will be discussed in Section 6.2. To complement these spatial
overpasses, Figure 5.10 visualizes the predicted probability of exceeding specific pre-
cipitation thresholds. This is shown solely for the same example as the heavy-rain
case.

Predicted P(Y > 1 mm/h) Predicted P(Y > 10 mm/h)

1% 25% 50% 75% 100%
Probability

Figure 5.10: Spatial mapping of the predicted probability of exceeding specific pre-
cipitation thresholds for the heavy-rain case in figure 5.7 using the all-channel model.

The probability maps align closely with the structural characteristics of the pre-
cipitation regimes. The 1mmh−1 map identifies the expansive boundaries of the
precipitating cloud mass. The 10mmh−1 threshold concentrates the highest proba-
bility values directly over the active cores. When comparing this to the heavy-rain
case, the regions with a high probability of exceeding 10mmh−1 align clearly with
the highest intensity precipitation features in the MRMS reference. This demon-
strates that even when the deterministic posterior mean does not capture the exact
intensity of rain, the probabilistic output successfully captures the behaviour of the
precipitation.
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5.4 Effect of the sub-millimetre channels

The impact of the sub-millimetre channels is quantified by comparing the all-channel
model against the reduced-channel configuration. A systematic improvement is vis-
ible across the bulk validation metrics detailed in Table 5.1. Including the sub-
millimetre channels drops the RMSE from 0.708 to 0.655mmh−1, reduces the global
CRPS from 0.041 to 0.040mmh−1 and increases the linear correlation coefficient
from 0.525 to 0.587. This baseline improvement is supported by the binned metrics
in Figure 5.4 where the all-channel model maintains a lower relative RMSE across
all active precipitation categories. The relative MAE is also lower in most bins, with
the slight exception of the 2.5–10mmh−1 interval.

The density distributions in Figure 5.5 show that the all-channel density tracks
slightly closer to the test reference above 10mmh−1 indicating a marginally bet-
ter recovery of the heavy tail. However, when evaluating the conditional density
(Figure 5.6) and the probabilistic calibration curves (Figure 5.2) both models ex-
hibit similar behaviour. The conditional mean plateaus and the reliability curves
overlap closely between the two models, showing that the sub-millimetre channels
do not produce obvious differences in the baseline probabilistic calibration or the
conditional response.

However, the spatial difference fields across the overpasses reveal that the sub-
millimetre channels provide useful localized updates. As shown in Figure 5.7(g)
for the heavy-rain case, distinct structural adjustments occur in the active southern
region. Furthermore, the all-channel model predicts slightly heavier precipitation
across the upper part of the swath.

In the moderate-rain case shown in Figure 5.8(g), the differences form a scattered
mix of positive and negative updates along the core structural paths of the precipitat-
ing system. This demonstrates that the sub-millimetre channels introduce localized
intensity shifts to the spatial geometry of the front.

In the weak-rain case, the difference map in Figure 5.9(g) shows that the all-channel
model predicts slightly heavier precipitation in the upper part of the swath where
the actual rain is located. It predicts lower rain rates across the rain-free regions
in the lower half. This suggests that the sub-millimetre channels help bound both
higher and lower rain areas more accurately.
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These metrics, distributions, and spatial comparisons indicate that the sub-millimetre
channels provide useful additional information, contributing to an overall improve-
ment of the precipitation retrieval.
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6 Discussion

This chapter discusses the main findings from the AWS precipitation retrieval. The
focus is on the retrieval performance, the underestimation of high precipitation rates,
the contribution of the sub-millimetre channels and the main limitations of the eval-
uation framework.

6.1 Retrieval performance

The results show that AWS antenna temperatures contain valuable information for
surface precipitation retrieval. The models successfully capture the general precipi-
tation regimes and the spatial structure of precipitation systems across the selected
swath examples. This indicates that the QRNN learns a meaningful physical relation-
ship between the satellite observations and the MRMS surface precipitation rates.
This success aligns with previous research demonstrating that passive microwave ob-
servations can provide highly effective surface precipitation retrievals (Pfreundschuh
et al., 2022a; Kidd and Levizzani, 2011).

When evaluating the spatial swaths, structural differences between the MRMS target
and the Late Run IMERG product can be seen. IMERG provides an independent
comparison source. This is valuable for scenes where the retrieval disagrees with
MRMS, helping to identify if the scene is inherently difficult to retrieve. As shown
in Figure 5.9 for the weak-rain case, IMERG can miss lighter events. Furthermore,
in the heavy-rain case shown in Figure 5.7, the precipitation in the upper part of
the swath is not as prevalent in IMERG compared to the MRMS target. These
disagreements might indicate an ambiguous radiometric scene rather than just a
model error.

When evaluating the conditional density (Figure 5.6) a plateau is observed below
1.0mmh−1. This horizontal structure indicates a loss of model sensitivity to low
physical rain rates. As the true target shifts across these near-zero values the model
predictions remain locked. This is likely related to the difficulty of differentiating
weak precipitation inputs from background surface emissivity variations and the
inherent instrument noise floor of the satellite sensors. Passive microwave retrievals
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frequently struggle with this thresholding effect over land as the emission signal of
liquid water is often masked by the variable surface emissivity, specifically when there
is very little rain (Kidd and Levizzani, 2011; Stephens and Kummerow, 2007).

6.2 Underestimation of high precipitation rates

A limitation of the retrieval is the underestimation of stronger precipitation. This
underestimation could stem from a combination of data sparsity, algorithmic prop-
erties, and sensor resolution limits.

First, there is a strong imbalance in the precipitation target. Most samples cor-
respond to no rain or weak precipitation while intense precipitation is rare. For
example, bins exceeding 50mmh−1 represent only a tiny fraction of the total dataset
population. This data sparsity makes it difficult for the network to confidently pre-
dict extreme values which is reflected in the reliability diagrams where the predicted
upper quantiles are systematically too low for heavy rain cases.

Second, a major contributing factor to the smoothed peak intensities is the mathe-
matical use of the posterior mean as the point estimate. Since the network predicts
a highly skewed, zero-bounded probability distribution, taking the expected value is
highly sensitive to this skewness. It naturally suppresses the extreme peak values in
the upper tail of the full distribution. This forces the deterministic estimate to be
inherently conservative.

Furthermore, the spatial scale difference between AWS and MRMS introduces an
unavoidable smoothing effect. While the MRMS data is kept on a fine 1 km grid,
it was smoothed prior to collocation. This smoothing ensures that when using the
nearest point method, errors from spatial mismatch are not as severe. However, the
AWS microwave sounder integrates radiances over a much broader area (∼ 10 km at
nadir). The combination of this large physical footprint and the target smoothing
naturally acts as a spatial filter that rounds off high-frequency peaks.

Finally, this underestimation of high precipitation rates is a recognized challenge
in passive microwave remote sensing. Previous studies evaluating operational satel-
lite algorithms, such as GPROF, have also noted difficulties in capturing the full
intensity of extreme precipitation peaks (Pfreundschuh et al., 2022a; Kidd and Lev-
izzani, 2011). The ambiguous relationship between upwelling microwave radiances
and surface precipitation means that highly intense, localized precipitation often do
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not produce a proportionally distinct signal compared to moderate rainfall, leading
to more conservative retrieval estimates (Stephens and Kummerow, 2007).

6.3 Contribution of the sub-millimetre channels

The comparison between the all-channel and reduced-channel models suggests that
the sub-millimetre channels provide useful additional information for the retrieval.
The all-channel model performs slightly better in the overall metrics and consistently
lowers relative errors across most active precipitation-intensity bins.

This contribution is visually confirmed in the swath comparisons from Section 5.3.
The absolute difference maps demonstrate that deviations between the two models
are highly localized. Rather than applying a uniform shift, the sub-millimetre chan-
nels adjust values locally. For example, they introduce structural changes directly
inside the active southern region for the heavy-rain case. In the weak-rain case, these
channels help bound the system by predicting slightly more rain where precipitation
exists and less rain in the dry regions.

This result is physically plausible. The sub-millimetre channels are expected to be
more sensitive to scattering by frozen hydrometeors than lower-frequency microwave
channels (Eriksson et al., 2025; Duncan et al., 2025). Information from these channels
can therefore help the model better identify existing cloud structures related to
precipitation and also help it more confidently identify clear-sky regions with no
rain.

The improvement should not be overinterpreted. Both models show similar broad
behaviour and both underestimate heavy precipitation. The added value of the
sub-millimetre channels should therefore be understood as part of a multi-channel
retrieval rather than as a complete solution on their own.

6.4 Limitations of the evaluation

The evaluation is limited by the use of MRMS as the reference product. While
MRMS provides a highly valuable, high-resolution reference dataset over the United
States, it can still contain uncertainties related to radar calibration, attenuation,
beam height and the conversion from radar reflectivity to surface precipitation rate
(Zhang et al., 2016). Differences between the AWS retrieval and MRMS are math-
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ematically treated as retrieval errors, although a portion of these differences may
originate from uncertainties in the MRMS product itself.

In the upper part of the swath for the heavy-rain case (Figure 5.7), the precipitation
structures present in the MRMS reference lack obvious corresponding signals in the
raw AWS antenna temperature inputs as shown in Figure 5.7(h)–(k). This could
indicate a limitation in the information content of the AWS observations themselves.
Passive microwave antenna temperatures can saturate or become highly ambiguous
over intense precipitation (Stephens and Kummerow, 2007). The AWS data may
not contain enough specific information to determine the exact level of precipitation.
Without clear, distinct signals in the input data, the network inevitably struggles to
reconstruct localized intensity peaks.

Additionally, this study is inherently affected by the early mission phase of the newly
launched AWS satellite. Initial calibration uncertainties, data availability constraints
and potential early instrument noise may influence the results. The size of the dataset
is also constrained by the limited temporal availability of AWS data. The collocation
procedure introduces another layer of uncertainty. Each AWS observation is matched
to the nearest MRMS field in time and to a spatially averaged MRMS neighbourhood.
Temporal mismatch can be particularly impactful for fast-moving or rapidly evolving
weather systems.

Finally, the geographical scope is a limitation. The dataset is restricted to obser-
vations collocated with MRMS over the contiguous United States. Other regions
may contain fundamentally different surface types, background emissivities and at-
mospheric conditions.
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7 Conclusion

This thesis investigated precipitation estimation from the Arctic Weather Satellite
(AWS) using quantile regression neural networks. The retrieval was trained and
evaluated using AWS antenna temperatures collocated with MRMS surface precipi-
tation rates. The main aim was to assess whether AWS observations contain useful
information for precipitation retrieval and to investigate the specific contribution of
the sub-millimetre channels.

The results show that AWS antenna temperatures contain valuable information re-
lated to surface precipitation. The retrievals effectively capture the general precipi-
tation regimes and the spatial structure of precipitation systems across the domain.
However, for heavier rain, the model does not achieve the same intensity as the radar
reference.

To isolate the impact of the sub-millimetre channels, a model using all available fre-
quency channels was compared against a baseline model without the sub-millimetre
channels. This comparison confirms that the sub-millimetre channels provide useful
additional information. The full model performs consistently better across the bulk
verification criteria, slightly reducing errors and increasing correlation. The spatial
analysis shows that these channels help refine the retrieved fields by adjusting values
locally rather than applying a uniform shift.

This evaluation serves as an initial regional assessment. While MRMS provides a
useful high-resolution reference it can still contain uncertainties and these results
do not establish global AWS retrieval performance. Future work could evaluate the
retrieval over longer multi-year time periods and expand to different geographical
regions by using the GPM mission. The retrieval methodology could be improved by
utilizing images as input, enabling the model to retrieve infromation from a region
of points.

Overall this thesis provides an initial demonstration that AWS observations can be
used for probabilistic precipitation retrieval. The results show that the retrieval cap-
tures meaningful structural trends and that the sub-millimetre channels contribute
useful, targeted information to the multi-channel passive microwave framework.
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