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An Application of Quantile Regression Neural Networks to
Retrieve Precipitation from Geostationary Satellites
LILIAN HEE
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract

With an increasing change in Earth's climate, global precipitation assessments are
essential to understand the hydrological cycle and prepare society for extreme weather
events. As of today, many countries are equipped with networks of weather stations
that individually measure precipitation over small areas. However, adequate spatial
coverage is not feasible for large regions like the African continent. This problem
can be overcome by utilising geostationary satellites. They scan large surfaces of
the Earth with a short revisit period, making them suitable for global nowcasting.
Unfortunately, direct measurements cannot be made as surface precipitation rates
need to be derived from an indirect relation to measured infrared (IR) and/or visible
radiation.

The problem is addressed by applying a Quantile Regression Neural Network (QRNN)
to predict the a posteriori distribution of precipitation rates over Africa. The prob-
abilistic retrievals yield not only estimated precipitation rate values but also their
associated uncertainties. Surface precipitation rate estimates with a3 km � 3 km
spatial resolution are achieved for Africa every 15 minutes. The QRNN is imple-
mented with a convolutional neural network (CNN) trained on thermal IR data from
the SEVIRI instrument onboard the geostationary Meteosat-11 satellite. Addition-
ally, the GPM DPR and GMI combined precipitation product retrieved from the
low Earth orbit GPM Core Observatory satellite is used as reference data.

Two set-ups are trained, �rst using all thermal IR channels of the SEVIRI instru-
ment, and secondly using only two (6:2µm and 10:8µm). The second set-up indi-
cates promising use of historical data, while the �rst set-up shows the overall best
performance. Comparisons are made with IMERG, a leading global precipitation
product. The posterior distributions retrieved by the QRNN are shown to be more
revealing than the scalar-valued estimations from IMERG. Moreover, it is possible
to increase the spatiotemporal resolution as well as reduce the latency of the re-
trievals. The relative simplicity of the methodology hints at potential improvements
in global precipitation products available today.

Keywords: quantile regression, neural networks, CNN, precipitation, SEVIRI, GPM,
nowcasting, Africa.
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Acronyms

CDF Cumulative distribution function
CHIRPS Climate Hazards Group InfraRed Precipitation with Station
CNN Convolutional neural network
CRPS Continous ranked probability score
DPR Dual-frequency Precipitation Radar
GMI GPM Microwave Imager
GPM Global Precipitation Measurement
GPM-CO GPM Core Observatory
IMERG Integrated Multi-satellitE Retrievals for GPM
IR Infrared
MAE Mean absolute error
MLP Multi-layer perceptron
MSE Mean squared error
MSG Meteosat second generation
NaN Not a number
PDF Probability density function
QRNN Quantile Regression Neural Network
SEVIRI Spinning Enhanced Visible and InfraRed Imager
TAMSAT Tropical Applications of Meteorology using SATellite data and

ground-based observations
TIR Thermal infrared
UTC Coordinated Universal Time

Glossary

Convective precipitation Precipitation from clouds that develop vertically.

Diurnal cycle Here, precipitation pattern that recurs every 24 hours.

Geostationary orbit Orbit in which a satellite is in �xed position relative to
Earth.

Low Earth orbit Orbit in lower altitudes where satellites are in motion
relative to Earth.

Nadir Point on Earth 90° below a satellite.

Precipitation Any liquid or frozen water that forms in the atmosphere
and falls to the Earth.

Product The results of processed data.

Reanalysis Estimation given by combining physical models with ob-
servations.

Revisit period The time it takes for a satellite to observe the same
location on Earth.
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Satellite zenith angle The angle between a straight line from a point on the
Earth's surface to the satellite and a line from the same
point on the Earth's surface that is perpendicular to the
Earth's surface at that point.

Stratiform precipitation Precipitation from clouds that develop horizontally.

Thermal IR Infrared radiation that is emitted from Earth. Here
we consider wavelengths between4� 15µm without so-
lar contribution as thermal infrared.
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1
Introduction

This thesis concerns precipitation and, more speci�cally, the challenges of measur-
ing precipitation satisfactorily over large regions. In this chapter, we motivate the
need for better measurements and introduce approaches that can address challenges
present in existing methods today.

1.1 The importance of rain

Human life and culture have been a�ected by rain for as long as they have existed.
Historically, rain has acted both as a symbol of blessings and curses; conversely,
the same can be said for the absence of it (Cauteruccio, Colli, et al., 2021). Rain
provides us with fresh water, dictates how we grow our food and build our houses,
and not least, a�ects our day-to-day life (Handmer et al., 2012). As the Earth's
climate changes, we are expected to face the extreme ends, with wet events as well
as dry spells (Held and Soden, 2006; Alexander et al., 2006; Allen and Ingram,
2002). These episodes can entail severe repercussions for life all over the globe, as
the consequences of a disrupted hydrological cycle due to increasing temperatures
can have a more signi�cant impact on life than the warming of global temperatures
by itself (Jiménez Cisneros et al., 2014).

Heavy and unexpected rain, in particular, is of extra importance in numerous appli-
cations. For example, when it comes to issuing weather warnings or navigation, early
detection of hazardous rain events can save lives and minimise the damage caused.
In such applications, short-term forecasts of up to two hours may be desired (WMO,
2017). These short-term forecasts are called nowcasting and are di�cult to accu-
rately assess using traditional numerical weather predictions (Browning and Collier,
1989). Instead, better estimates are often achieved by merely observing the current
state of the weather. In order to quantify these observations, measurements must
be made. However, since precipitation is a complex environmental variable that
involves several processes, such measurements can prove to be a challenging task.

1.2 Measuring rain from space

Precipitation encompasses every form of water that accumulates in the atmosphere
and falls to the Earth. Measuring precipitation is not only important for validating
climate models but crucial for nowcasting. Available methods today for measur-
ing precipitation all have their unique advantages and disadvantages. The most
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1. Introduction

accurate way of measuring precipitation that reaches the ground is done with rain
gauges (Michaelides et al., 2009). However, these gauges only provide point mea-
surements, and the number of o�cial rain gauge sites is highly scarce in relation
to the surface of the Earth (Kidd, Becker, et al., 2017). Europe, in general, is well
equipped with weather stations consisting of rain gauges or weather radars, which
operate using remote sensing techniques. The issue is more severe for oceans or
large land areas such as the continent of Africa, where networks of weather sta-
tions with su�cient spatial coverage are not feasible. Therefore, the use of in situ
methods like rain gauges and weather radars is not enough for global measurements.

Luckily, satellite observations make it possible to achieve a global coverage. The
Global Precipitation Measurement (GPM) mission is dedicated to measuring pre-
cipitation from space on a global scale. It is the most advanced precipitation mission
in space we have today (Kidd, Takayabu, et al., 2020). The primary satellite in the
GPM constellation carries a precipitation radar, allowing more direct interaction
with precipitation particles. This satellite is in a low Earth orbit, and it observes
only a swath of the Earth. Then, as the Earth rotates, it successively covers most
of the Earth's surface. However, the time between observations for a single location
is too long for the measurements to be useful for global nowcasting. To solve this
problem, we aspire to make use of geostationary satellites. Illustrated in �gure 1.1
together with a low Earth orbit, geostationary satellites are �xed in position relative
to the Earth at a high altitude. With these, observations with an extensive spatial
coverage and at a high temporal frequency can be obtained. The drawback is that
they cannot carry radars due to physical constraints. Instead, they are equipped
with instruments that passively sense radiation in the visible and infrared spectrum.
Since no one-to-one mapping exists between such observations and precipitation,
measuring rain with these instruments becomes much less direct.

36 000 km

N

S

Geostationary orbit
Low Earth orbit

Figure 1.1: Illustration of geostationary and low Earth orbits. Black dots represent
satellites. The satellite in the low Earth orbit moves in its orbit relative to the Earth,
while the geostationary satellite is �xed in position relative to the Earth. Satellites in
low Earth orbits have an altitude of less than2000 km, while geostationary satellites
orbit at an altitude of 36 000 km. Figure is not to scale.

In this project, we will address this problem by applying a machine learning method
to retrieve precipitation rates over Africa from a geostationary satellite. With su-
pervised machine learning, a network will be trained on input data consisting of
geostationary infrared images from Meteosat-11. Precipitation measurements from

2



1. Introduction

GPM will be used as ground truth. Since precipitation is highly variable, retrieval
outputs should be probabilistic in order to be useful for interpretation (Palmer and
Räisänen, 2002). With quantile regression, the posterior probability distribution
is approximated, and a neural network can be adapted to perform quantile regres-
sion. We call such networks Quantile Regression Neural Networks (QRNNs), and
with these, more informative retrievals in the form of probability distributions are
obtained.

1.3 Previous and related works

Despite the di�culty of measuring precipitation using observations from geosta-
tionary satellites, these data have been available since the late 70s, incentivising
their use. Di�erent methods for deriving precipitation rates from infrared or vis-
ible radiation have been developed since then. Arkin and Meisner (1987) used
a relatively simple threshold technique to discriminate between precipitating and
non-precipitating pixels in the satellite image. Sco�eld (1987) and Adler and Negri
(1988) both derived precipitation based on inferred cloud types. Sco�eld (1987)
estimated convective rainfall by looking at the temporal changes in two consecutive
observations, and Adler and Negri (1988) estimated both convective and stratiform
precipitation by empirically eliminating non-precipitating clouds and assigning rain
rates based on the sensed radiation. The screening of non-precipitating clouds in
Adler and Negri (1988) was further developed in M. B. Ba and Gruber (2001),
which improved upon Arkin and Meisner (1987). Because of the indirect relation-
ship, these mentioned works rely on empirical correlations with reference data. As
neural networks are e�cient at modelling complex non-linear relationships, the data
could perhaps be better correlated using a machine learning approach.

Applying machine learning methods to interpret satellite data is a well-motivated
measure as satellite data are often plentiful, and data-driven machine learning meth-
ods improve with increased data. In the case of precipitation, machine learning
methods have previously been applied to retrieve precipitation from geostationary
satellites. An early and prominent example is the PERSIANN algorithm published
in 1997 (Hsu et al., 1997). Its family has since evolved to improved products such
as PERSIANN-CSS (Hong et al., 2004), which is now being replaced by PDIR-Now
(Nguyen et al., 2020). Geostationary satellites have also been used in Lebedev et al.
(2019), where a machine learning approach using a U-Net architecture was applied.
Finally, a probabilistic approach to precipitation nowcasting using machine learning
was employed in Ravuri et al. (2021), although here, a di�erent task since weather
radar data was used.

The intent of QRNNs is to retrieve informative probabilistic outputs with included
uncertainties. Previous studies related to QRNNs applied to retrieve atmospheric
variables include Ingemarsson (2021), Amell (2021), and Pfreundschuh, Ingemars-
son, et al. (2022). Ingemarsson (2021) applied QRNNs to retrieve precipitation
from a geostationary satellite over Brazil. It was investigated whether a convo-
lutional neural network (CNN) or a multi-layer perception (MLP) would be more

3



1. Introduction

suitable for the task, and the CNN was found to outperform the MLP. The CNN was
further developed in Pfreundschuh, Ingemarsson, et al. (2022), and slight changes
were made to the network. Lastly, the work of Amell (2021) applied QRNNs to
retrieve ice water path in clouds from a geostationary satellite. Here, the advantage
of a CNN, as opposed to an MLP, was also suggested.

1.4 Aims and scope

This project aims to apply the methodologies of previous studies related to QRNNs
to retrieve precipitation over Africa for the purpose of nowcasting. The project is
conducted by training a machine learning model with input data from the Spinning
Enhanced Visible and InfraRed Imager (SEVIRI, Schmid, 2000), the main instru-
ment onboard Meteosat-11. For ground truth, GPM data is used. Further, we seek
to explore the importance of input data. Two set-ups are therefore compared, one
using fewer channels. This is interesting partly because of the reduced input size,
but perhaps more motivating are the implications for the potential use of historical
data. The considered channels are limited to wavelengths that do not have a solar
contribution, and this is to avoid di�erences in day and night observations.

Figure 1.2: De�ned region of interest for the project. The region coordinates
range from40°N� 40°S, 20°W� 55°E and encompass the continent of Africa including
Madagascar.

The work is carried out by closely building on previous studies. Since the main
objective is to apply suggested methods, not much focus is on exploring di�erent

4



1. Introduction

network architectures. For the trainings, we de�ne our region of interest as40°N�
40°S, 20°W� 55°E. These coordinates encompass the continent of Africa, including
Madagascar and are illustrated in �gure 1.2. Rain gauge data were not possible to
acquire for the region of interest in the scope of this work. Assessment of the model
is then limited to evaluations on the test set and comparisons with a leading global
precipitation product.

5



2
Data

As of today, an abundance of freely accessible satellite datasets and products exist.
In this project, we wish to make use of this fact by training a neural network with
data from geostationary and low Earth orbit satellites. The data sources, processing
and properties of our produced dataset are described in this chapter.

2.1 Data sources

The input data to train our model consists of data from infrared sensors onboard the
geostationary Meteosat-11 satellite. As ground truth, data from spaceborne passive
and active microwave sensors from GPM are used. The retrievals are compared with
IMERG, a leading global near real-time precipitation product.

2.1.1 Input data: Meteosat-11 SEVIRI

Meteosat-11 from the EUMETSAT Meteosat series is a geostationary satellite lo-
cated above0° latitude and longitude. The satellite is the fourth and last of the
Meteosat Second Generation (MSG) satellites (Schmetz et al., 2002), also referred to
as MSG-4. It started operating from its position on 20 February 2018 and has since
provided images of the Earth in the visible and infrared spectrum. From Meteosat-
11, we can obtain a full disc view of the Earth, encompassing both Europe and
Africa, every 15 minutes.

The primary instrument onboard is the Spinning Enhanced Visible and InfraRed
Imager (SEVIRI), equipped with 12 spectral channels (Schmid, 2000). The chan-
nels of the SEVIRI instrument were designed to estimate atmospheric properties
from which variables such as precipitation can be derived (Levizzani et al., 2001).
In this project, we limit the channels of interest to 7 out of the 12 available ones
as explained in section 1.4. The considered channels measure the intensity of ther-
mal emission from Earth and its atmosphere, expressed in brightness temperature.
Table 2.1 presents the relevant SEVIRI channels of this project. Here, the channels
are assigned to a channel number which they will be referred to in this work. As
seen in the table, 'window' in the absorption band column refers to an atmospheric
window, meaning that these wavelengths can pass through the Earth's atmosphere.

6



2. Data

Table 2.1: SEVIRI channels used in this project.

Channel SEVIRI Nominal centre
Absorption band

number channel name wavelength (� m)

5 WV6.2 6.25 Water vapour
6 WV7.3 7.35 Water vapour
7 IR8.7 8.70 Window
8 IR9.7 9.66 Ozone
9 IR10.8 10.80 Window
10 IR12.0 12.00 Window
11 IR13.4 13.40 Carbon dioxide

While channels 5 and 6 in the presented table can be used to estimate water vapour
in the atmosphere, the remaining channels range in wavelengths typically used to
assess the temperature of the Earth's surface and atmospheric elements (Cermak,
Trigo, and Fuchs, 2021). Because liquid water and ice absorb all of these emitted
wavelengths, clouds in the satellite's view will block Earth's emitted radiation and
emit their own radiation (Seman, 2020). Thus, the considered channels are left to
sense cloud top temperatures. For future reference, the channels in table 2.1 will be
referred to as all thermal infrared (TIR) channels1.

The TIR channels have a spatial resolution of3 km � 3 km, which progressively be-
comes lower further out from the nadir point and degrades to at most6 km� 6 km for
our region of interest (EUMETSAT, 2017). In order to account for the di�erence in
resolution, the satellite zenith angle is computed for each retrieval. It is then fed as
input to the network together with the channel data. The zenith angle is computed
for each retrieval because there are minor oscillations in the position of the satellite
so that it can vary slightly for each retrieval.

Level 1:5 image data (EUMETSAT, 2022b) of the scans can be downloaded through
the EUTMETSAT Data Store (EUMETSAT, 2022a). These data are given in binary
�les and can be read using thesatpy Python library (Raspaud et al., 2022). The
data are gridded in their native geostationary projection. Pixels toward the grid's
boundaries are pixels where the SEVIRI instrument has scanned space, and these,
together with any pixels with missing information, are masked out (EUMETSAT,
2017). An example image retrieved from channel 5 of the SEVIRI instrument is
shown in �gure 2.1, together with the ground truth data presented in the upcoming
section. We note to the reader that any future illustrations of brightness tempera-
tures in this thesis are normalised to[� 1; 1] when a colour bar is not presented.

1Although the 3:9µm channel of the SEVIRI instrument can be considered a TIR channel,
this wavelength is also emitted by the Sun. The channel is then excluded because of the solar
contribution.
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2. Data

Figure 2.1: Brightness temperature as sensed from the water vapour channel 5
of the SEVIRI instrument overlaid by a swath from the GPM combined product.
Darker values in the channel 5 data indicate radiation absorbed by water vapour in
the atmosphere and thus the presence of water vapour. Invalid 'space pixels' are
visible on the plate carrée projection, coloured in dark grey. GPM swath is visible in
white where no precipitation is detected and graduates to blue as precipitation rates
are measured. At the top are the observations projected on the geostationary view
of MSG-4, and the same observations on the plate carrée projection are illustrated
at the bottom.
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2. Data

2.1.2 Ground truth data: GPM combined product

The Global Precipitation Measurement (GPM) is a joint mission between interna-
tional actors with the purpose of measuring precipitation globally using satellites
(Hou et al., 2014). The mission comprises a constellation of satellites, and the
primary satellite, the GPM Core Observatory (GPM-CO), was developed in collab-
oration between NASA and JAXA. This satellite was launched on 28 February 2014
and operates in low Earth orbit at an altitude of407 kmand with a 65° inclination
from the equator. The orbit takes approximately 1.5 hours to complete, and its
swath successively covers about91%of the Earth's surface (Kidd, Takayabu, et al.,
2020). Furthermore, due to its orbiting nature, it takes, on average, roughly2:5
days for the satellite to revisit the same location on Earth (Kirschbaum, n.d).

It carries both a passive and an active microwave sensor designed to detect precip-
itation. These microwave sensors give more direct information about precipitation
as these wavelengths can penetrate clouds. The passive sensor onboard is the GPM
Microwave Imager (GMI), comprising 13 channels that sense emitted microwave ra-
diation in the 10� 183 GHzrange (Draper et al., 2015). The second instrument is
the Dual-frequency Precipitation Radar (DPR) which actively emits pulses to inter-
act with matter (Iguchi, 2020). It does so in two frequencies, one in the Ku-band
(13:6 GHz) and one in the Ka-band (35:5 GHz). With these frequencies, the two
instruments were developed with the intent of measuring precipitation rates ranging
in 0:2� 111:0 mm=h (Kidd, Takayabu, et al., 2020).

Table 2.2: Summary of the GPM DPR and GMI combined product used in this
work. Here we use version 6 and KuPR refers to the Ku-band of the DPR.

GPM K uPR and GMI combined product V06

Swath width 245 km
Spatial coverage � 67° to 67° latitude1, all longitudes
Temporal coverage 8 March 2014 to 2 December 2021
Spatial horizontal resolution 5 km � 5 km
Sensitivity threshold 0:2 mm=h2

1 Iguchi et al. (2018)
2 Tan et al. (2018)

The DPR interacts more directly with precipitation while the GMI senses a broader
range of wavelengths. In order to bene�t from both instruments, the retrievals
are combined into one product (Grecu et al., 2016). This combined product holds
retrievals of the currently most advanced instruments in space designed to measure
precipitation and is thus suitable to use as ground truth data. The combined level 2B
product (NASA, 2022b) can be downloaded via NASA's Earthdata Search website
(NASA, 2022a), where it is possible to �lter according to location and time. Version
6 and the swath matched with the Ku-band of the DPR is used in this project.
A summary of the product is presented in table 2.2, where KuPR refers to the
Ku-band of the DPR. An example swath of the combined precipitation product

9



2. Data

is shown in �gure 2.1, together with a SEVIRI retrieval. Here, it is also noted
that �gures illustrating precipitation in the remainder of the thesis are in the range
10� 1� 102 mm=h when no colour bar is provided.

2.1.3 Data comparison: IMERG

For comparing our retrievals, there are several potential datasets to choose from.
The global dataset CHIRPS (Funk et al., 2015) has shown good performance over
complex topography in the mountainous regions of Ethiopia (Geleta and Deressa,
2021). Additionally, there is TAMSAT (Maidment et al., 2017), which was speci�-
cally developed for Africa. Both CHIRPS and TAMSAT make use of geostationary
thermal infrared data and rain gauge data, while CHIRPS also incorporates satel-
lite microwave retrievals and reanalysis. These two datasets are however intended
to use for long-term analyses and have a low temporal resolution and high latency
compared to the retrievals of this work.

A precipitation product closer in temporal resolution is Integrated Multi-satellitE
Retrievals for GPM (IMERG, Hu�man, Bolvin, Braithwaite, et al., 2020). IMERG
is a global near real-time precipitation product developed by the US GPM Science
Team. The algorithm used to produce this dataset integrates data from numer-
ous sources such as DPR and GMI retrievals, geostationary infrared sensors, vari-
ous spaceborne passive microwave instruments and rain gauge analyses (Hu�man,
Bolvin, Nelkin, et al., 2020). The dataset has a spatial resolution of10 km� 10 km
and temporal resolution of 30 minutes and is considered one of the most reliable
global precipitation products derived from satellites (Beck et al., 2019).

IMERG comes in three di�erent runs; early, late and �nal with a minimum latency
of 4 hours, 12 hours and 3.5 months, respectively. For the time period considered
for comparison, the �nal run had not been released. Furthermore, as near real-time
products are of interest in this project, the run chosen for comparison is the late
run, and version 6 of it is used. While the early and late run do not incorporate
rain gauge data, the late run has the advantage over the early run that it has both
back and forward propagation incorporated in the merging, while the early only has
forward propagation. The �nal run includes any microwave overpasses that were
missed when computing the other two runs and also adjusts the estimates according
to a monthly gauge data analysis. The �nal run is considered the most accurate
among the three, but because of the reasons stated above, this run was not used.

2.2 Dataset preparations

In order to create the dataset used for training, validating and testing the network
model, the GPM swaths need to be spatially and temporally matched with SEVIRI
data. The data fed to the network for training will consist of images with a height
and width of 256� 256pixels, so data over our region will be cropped into smaller
portions. Data are collected over nearly four years, from 20 February 2018 until 30
November 2021, with the former date bounded by the availability of SEVIRI data
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and the latter bounded by the time availability of the GPM combined product.

2.2.1 Spatial resampling

The considered channels of the SEVIRI instrument have a spatial resolution of
3 km � 3 km at nadir, while the GPM combined product has a spatial resolution of
5 km� 5 km. Furthermore, SEVIRI data are projected on a geostationary grid, where
positions are expressed in the shortest distance (metres) away from0° longitude and
latitude, while swaths in the GPM combined product are given in longitude and
latitude. In order to correspond input data with ground truth data, the pixels in the
SEVIRI observations are matched with GPM precipitation retrievals. Resampling
the GPM swath onto the SEVIRI grid can be done with thesatpy library, and it
was done using the nearest neighbour algorithm with a constant radius of in�uence
of 3:6 km. A schematic illustration of the spatial resampling is shown in �gure 2.2.

Figure 2.2: Schematic illustration of the nearest neighbour resampling of the GPM
swath onto the SEVIRI grid. Figure is not to scale.

2.2.2 Cropping GPM boxes and matching SEVIRI observa-
tions

When the GPM data are resampled onto the SEVIRI grid, the input and reference
data are provided in two equivalent grids. Each GPM swath that overpasses the
region of interest is cropped into nine boxes, each with a256� 256pixels resolution.
The cropping of the boxes adheres to the methodology of Ingemarsson (2021) and
is done in the following way:

i) Sample a random vertical o�setymid .

ii) Stack nine squares of256� 256 pixelsvertically, with the mid square centred
about ymid .

iii) Centre each square horizontally about the GPM swath if one exists in the
same horizontal plane else disregard it.

iv) Save all squares that lie entirely within the region.

An example of cropped boxes is illustrated in �gure 2.3. The SEVIRI observations
and the GPM combined product are both given in UTC; thus, temporal matching
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is done more easily. The GPM timestamps in and out of the box are used to �nd
the closest matching SEVIRI retrieval in time. The retrieved SEVIRI data are then
cropped to the same box. Any box with SEVIRI data containing NaNs is discarded.

Figure 2.3: Shown is an example of how a GPM swath is cropped into boxes. For
each box, a SEVIRI retrieval was matched temporally and cropped onto the same
square. Note that the GPM swath is �rst resampled onto the geostationary SEVIRI
grid.

2.3 Dataset properties

The data collocations over the selected time period and region resulted in nearly
50; 000 samples. These were, in turn, split randomly into training, validation and
test sets with a 60/20/20 ratio, respectively. Properties of the sets are summarised
in table 2.3.

Table 2.3: Properties of data subsets.

Set Train Validation Test

Number of samples 29944 9982 9981
Disk space (GB) 67 23 23

The distributions of precipitation rates for the training and validation sets are shown
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in �gure 2.4. Noting the logarithmic scaling of the y-axis, most of the precipitation
rates take place in the low range. There was no balancing being done to the datasets
since a representation of the actual frequency distribution is relevant information to
the network.

Figure 2.4: Precipitation rate distributions of the training (blue �lled) and valida-
tion (orange line) sets. The entire range of distributions is shown to the left, while
the right �gure only displays low range rates. The GPM sensitivity threshold of
0:2 mm=h is visible in the right panel.

Each sample contains 8 input channels of size256� 256pixels, consisting of the 7 TIR
SEVIRI channels and the computed satellite zenith angle. All input channel values
are standardised using statistics computed from the training set. The reference input
comprised of the GPM swath is also a256� 256 pixel image, where invalid pixels
outside the swath are masked. The loss function is only computed for valid pixels in
the reference image, consisting of the GPM swath. An example of input channels is
shown in �gure 2.5 and the corresponding reference is displayed in �gure 2.6. From
observing the example inputs in �gure 2.5, it can be noted how the channels o�er
rather similar information. The most distinguishable di�erence appears between the
two water vapour channels (5 and 6) and the rest. This project additionally explores
the necessity of using all TIR channels; as a set-up, only using two channels (5 and
9) is evaluated. This is further explained in chapter 3.
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Figure 2.5: Example of input channels fed to the network model. All input values
are standardised. Images here are overlaid with lines of the GPM swath boundary
for illustration purposes.

Figure 2.6: The corresponding reference image for inputs shown in �gure 2.5.
Masked out area is in dark grey, and parts of the swath in light grey are pixels
where no precipitation was detected.
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The challenge with our obtained data is that there is no direct relation between
the geostationary SEVIRI data and the combined precipitation product from GPM.
Therefore, we approach the problem using a machine learning method with Quan-
tile Regression Neural Networks. In this chapter, we �rst motivate the choice of
methodology by describing the underlying problem. This is followed by introducing
the basic principles behind the method to illustrate how the problem is approached.
Lastly, it is described how an assessment of our machine learning retrievals is made.

3.1 The retrieval problem

Deriving atmospheric parameters from remote sensing observations often involves
indirect measurements of the atmospheric properties of interest. In this project,
we sought to determine precipitation rates from measured thermal IR radiation, a
retrieval problem that can be regarded as an inverse problem. If we de�ne the for-
ward function f as the function that characterises the physical relationship between
surface precipitation ratesy and our observed thermal IR radiationx, we have

x = f (y) + �;

where � is a random error arising because of the fact that all real measurements
include some error (Rodgers, 1997). Here, we are interested in the quantityy, which
can be obtained by inverting the forward functionf , and we are thus dealing with
an inverse problem. A di�culty with inverse problems is that the forward function
is generally not invertible. Furthermore, well-posed problems are characterised by
the following properties;

i) a solution to the problem exists,

ii) the solution is unique,

iii) a small pertubation in the initial conditions results in a small pertubation in
the solution's behaviour.

An ill-posed problem, on the other hand, is any problem for which at least one of the
stated properties is absent. Our problem at hand cannot be uniquely determined
because of the random noise� present in measurements, and so it is an ill-posed
inverse problem. In order to tackle ill-posed inverse problems, it is common to
adopt a Bayesian approach. Instead of determining an exact solution, we treat
the state y and the observationsx as random variables and assess the conditional
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probability density function p(yjx). In the Bayesian framework, prior knowledge is
combined with observations to determinep(yjx) through Bayes' theorem

p(yjx) =
p(xjy)p(x)

p(y)
: (3.1)

Bayesian retrieval methods typically approximatep(yjx) by dealing with the right-
hand side of equation 3.1. A drawback of these methods is that they are often
computationally expensive, and it is therefore of interest to explore alternatives. In
Pfreundschuh, Eriksson, et al. (2018), a machine learning method with so-called
Quantile Regression Neural Networks (QRNNs) was used to directly approximate
p(yjx). This was shown to yield consistently satisfactory results compared with
traditional Bayesian methods, with the added bene�t of computational e�ciency
and �exibility. Consequently, this is the approach taken for this project.

3.2 Quantile regression

The principle behind QRNNs is quantile regression, where the quantiles of a dis-
tribution function are found by minimising a quantile loss. We �rst recall that for
any real-valued random variableX with probability density function (PDF) p(x),
we denote its cumulative distribution function (CDF) by F (x) and

p(x) =
dF(x)

dx
: (3.2)

Using F (x), we de�ne the � th quantile of X as the valuex � such that

x � = inf f x : F (x) � � g; 8� 2 (0; 1):

In other words, the � th quantile is the smallest valuex for which F (x) is at least � .
Koenker (2005) shows that the� th quantile minimises the expectation with respect
to x of the function

L � (x � ; x) =

8
<

:
� jx � x � j; x� < x

(1 � � )jx � x � j; x � � x
(3.3)

and we refer to this function as the quantile loss. IfL � is minimised for many values
of � , we then obtain an approximation of the distribution function from which we
can reconstruct the probability density function via equation (3.2).

3.3 Supervised machine learning

Arti�cial neural networks are sets of connected computational units. They have
gained much attention due to their adeptness at modelling complex non-linear re-
lationships. In supervised machine learning with arti�cial neural networks, the net-
work is provided input and reference data. The input data propagates through the
computational units, and the output is subsequently compared against the reference
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data. The network is trained to map input data to reference data by adjusting its
internal parameters to minimise some de�ned loss between the learnt output and
the reference data. Moreover, if the loss function is chosen to be the quantile loss
function de�ned in equation (3.3), the network can solve our retrieval problem by
learning multiple quantiles of the CDF of precipitation rates given the emitted IR
radiation. Thus we do not only retrieve a scalar quantity but numerous quantiles
from which we approximate the CDF.

Solving regression problems in satellite data with machine learning is a relatively
recent practice, and it is not generally widespread. Because of the limited explo-
ration, a standard network model has yet to be established. Entering this new �eld
of satellite data, it is then sensible to draw inspiration from approaches taken to
similar problems. For image data, it is common to consider multi-layer perceptrons
(MLPs), convolutional neural networks (CNNs) or a combination of the two. In
Ingemarsson (2021), it was shown that a CNN outperformed an MLP in retrieving
precipitation rates from geostationary data over Brazil. The same was seen in Amell
(2021) for a related task. Since we have intricate cloud structures in our input data,
it is reasonable to consider CNNs as they are advantageous at capturing spatial
features. While it is possible to further explore network architectures suitable for
this task, it was settled for a CNN in this project.

3.3.1 Convolutional neural networks

x1;1 x1;2 x1;3

x2;1 x2;2 x2;3

x3;1 x3;2 x3;3

y1;1 y1;2

y2;1 y2;2

Input ( 3 � 3)
Feature map (2 � 2)

Figure 3.1: Input and feature map of a convolution. x i;j and yi;j are elements of
the input and feature map respectively. The kernel is highlighted in orange, and the
working convolution produces the element in the feature map highlighted in blue.

Convolutional neural networks use convolutional layers as building blocks and were
designed for tasks such as image classi�cation and object detection (Lecun et al.,
1998). Convolutional layers take tensors as input, typically images with two spatial
dimensions (height and width) and a depth re�ecting the number of channels. The
input elements are convolved with a kernel which produces a feature map. Each
element in the feature map represent the convolution obtained from a speci�c region
in the input image, and this region is also called the local receptive �eld. While
the size of the feature map is partly determined by the size of the kernel, it is also
in�uenced by two hyperparameters; padding and stride. The padding adds elements
surrounding the border of the input, and the stride determines the step size used
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when sliding the kernel along the spatial dimensions of the input. An example of a
simple convolution using a two-dimensional kernel is illustrated in �gure 3.1. In the
presented example, the input layer is a3 � 3 matrix convolved with a 2 � 2 kernel,
highlighted in orange. With a stride of 1 and no padding, the convolution produces
a 2 � 2 feature map.

The neuron outputsyi;j of the example in �gure 3.1 are computed as

yi;j = g

0

@
2X

p=1

2X

q=1

wpqxp+ i � 1;q+ j � 1 � b

1

A ;

whereg is some non-linear activation function and weightswpq and biasb are learn-
able parameters of the kernel.

Whether it be the input data or between layers, the input to a convolutional layer
often includes a depth dimension. Employing a kernel with a depth increases the
number of learnable parameters, which can take longer to train and can addition-
ally lead to over�tting. A depthwise convolution is done by convolving each channel
separately, resulting in one feature map for each input channel. If this is done using
one kernel for each input channel, the number of internal parameters is kept low. An
illustration of a depthwise convolution with a stride of 1 and no padding is shown
in �gure 3.2. Furthermore, when producing many feature maps, it is sometimes de-
sired to reduce their dimensionality. This can be done with a pointwise convolution,
which is a convolution with a kernel of size1 � 1 � C, where C is the number of
channels or depth of the input. In �gure 3.3, a pointwise convolution with a stride
of 1 and no padding is shown.

Input ( 3 � 3 � 3)
Feature map (2 � 2 � 3)

Figure 3.2: Depthwise convolution on a3 � 3 � 3 input with one 2 � 2 kernel for
each channel. The convolution results in three feature maps of size2 � 2.
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Input ( 3 � 3 � 3) Feature map (3 � 3 � 1)

Figure 3.3: Pointwise convolution on a3� 3 input with one 1� 1 � 3 kernel. The
resulting feature map is of size3 � 3 � 1.

3.4 Network model architecture

The decision of a network model was made from what was known to have previously
worked for the implementation over Brazil in Ingemarsson (2021) and Pfreundschuh,
Ingemarsson, et al. (2022), which resulted in a fully convolutional network. The ar-
chitecture consists of a downsampling and upsampling path with long skip connec-
tions between stages, similar to the U-Net architecture described in Ronneberger,
Fischer, and Brox (2015). With the downsampling path, the model learns to extract
features at multiple scales and with the upsampling path, it localises the features in
the input. The feature extraction and localisation are done with modules contain-
ing Xception blocks (Chollet, 2017). These blocks perform e�cient convolutions by
assuming that depth correlations are independent of spatial correlations and con-
volve these dimensions separately. Such convolutions are called depthwise separable
convolutions and consist of a depthwise convolution followed by a pointwise convo-
lution. By doing so, the number of learnable parameters is reduced together with
the complexity of the model.

The architecture summarised in �gure 3.4 was implemented using thequantnn li-
brary (Pfreundschuh, 2022b) and the network model is available from Pfreundschuh
(2022a). The �gure shows that the input goes through an asymmetric downsampling
and upsampling path. The path is asymmetric in the sense that the downsampling
blocks (DXception) are followed byn Xception blocks while the upsampling stages
are not. Our model usedn = 2 Xception blocks after each downsampling block. The
data is normalised between layers with layer normalisation (LN, J. L. Ba, Kiros, and
Hinton, 2016). Unlike the otherwise commonly used batch normalisation (Io�e and
Szegedy, 2015), layer normalisation is independent of batch size. This is suitable
for our task as we have large amounts of data, and our batch size is restricted. The
activation function used for each output is the Gaussian Error Linear Units (GELU)
function (Hendrycks and Gimpel, 2016), which is similar to the basic ReLU function
(Glorot, Bordes, and Bengio, 2011) but with the added bene�t of some regularisa-
tion e�ects. For each convolutional layer, we use128 kernels, except for the very
last pointwise convolution whereM = 99 is the number of quantiles to predict.
MaxPool in the �gure refers to a pooling layer which downsamples the input using
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the maximum value in the local receptive �eld.

DXception n Xception

n Xception
UXception

DXception
UXception

n Xception

UXception
DXception

1 � 1 Conv

Input
H � W � C

Depth concatenation

1 � 1 Conv
LN

GELU

+

1 � 1 Conv, M kernels

Output
H � W � M

DXception and
Xception blocks3 � 3

SepConv

LN

Only for DXception

Symmetric
Pad 1

3 � 3
MaxPool
stride 2

1 � 1 Conv
stride 2

GELU

3 � 3
SepConv

LN

GELU

+

UXception
blocksBilinear

upsample
Depth

concatentation

3 � 3 SepConv

LN

GELU

Figure 3.4: Network architecture consists of a downsampling path followed by an
upsampling path, shown to the left. The blocks in the paths consist of Xception
blocks, where DXception is used for downsampling and UXception for upsampling.
Each DXception block is followed byn = 2 Xception blocks. All convolutional layers
have 128kernels, except for the output layer, which hasM = 99 kernels.

3.5 Evaluation metrics

Our network minimises the quantile loss for multiple quantiles, and we thus obtain
multiple outputs for each pixel over the region. In contrast, our reference precipi-
tation rate is a single scalar value for each pixel of the GPM swath. Because the
loss can be di�cult to interpret, additional performance metrics are used to better
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understand the trends during training and evaluation on validation and test sets.

Three common regression metrics are bias, mean absolute error (MAE) and mean
squared error (MSE) de�ned below

Bias(x̂; x) =
1
N

NX

i =1

(x̂ i � x i );

MAE(x̂; x) =
1
N

NX

i =1

jx̂ i � x i j;

MSE(x̂; x) =
1
N

NX

i =1

(x̂ i � x i )2:

These metrics require a scalar-valued estimatêx for comparison with the reference
value x. The predicted posterior mean will be used for computing these metrics.
The bias gives information about the average under- and over-estimation of rain
rates, while the MAE and MSE are the average absolute and squared di�erences,
respectively.

Though the posterior mean can be used to represent the predicted distribution
function, assessing how the model performs on each quantile level is also of interest.
To do this, we use the continuous ranked probability score (CRPS), de�ned as

CRPS(F̂ ; F ) =
Z 1

�1

h
F̂ (x) � F (x)

i 2
dx;

whereF̂ is the estimated cumulative distribution function andF is the true distri-
bution. Since the actual distribution is not known and we only have point values
for our reference, we will assumeF to be the indicator function 1x� y(x) = f 1 if x �
y; 0 otherwiseg, wherey is the reference value. While this is not the true distribu-
tion, it poses a good assumption for our metric. This is because we ideally would
want the predicted probability distribution to have a small uncertainty (sharp) and
for the probability to be concentrated around a value close to the reference (well-
calibrated). These features are found in the indicator function. The CRPS measures
the di�erence between our estimated distribution function and the ideal. All metrics
used are interpreted as satisfactory for values close to zero.

3.6 Training set-up

Hyperparameters and training methods were decided through an iterative process of
trial and error. The initial trial was based on the set-up in Ingemarsson (2021). It
was then progressively adjusted and changed until an adequate result on the valida-
tion set was obtained using all TIR channels. The resulting set-up is a combination
of settings and techniques from previous works relating to similar tasks (Ingemars-
son, 2021; Amell, 2021; Pfreundschuh, Ingemarsson, et al., 2022). A summary of
�nal hyperparameters used is found in table 3.1. In this table, the Adam optimiser
refers to the algorithm described in Kingma and J. Ba (2014).
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Table 3.1: Summary of chosen settings and hyperparameters used for training.

Training speci�cations

Optimiser Adam
Scheduler None

Initial learning rate 10� 3

Batch size 64
Quantiles � 0:01; 0:02; :::; 0:99

With the �nalised parameters, the same training was done for one set-up using
all TIR channels and one only using channels 5 and 9. The two channels were
chosen based on instruments of earlier generation Meteosat satellites. These earlier
satellites carried the MVIRI instrument, which had three channels, of which two
in the infrared spectrum (Rüthrich et al., 2020). Channels 5 and 9 of the SEVIRI
instrument are the closest match in wavelength to the two MVIRI infrared channels,
which is why they were chosen for the second set-up. For ease of reference, we will
refer to the training using all TIR channels as the main set-up and the second set-up
only using channels 5 and 9 as the two-channel set-up.

Furthermore, because the precipitation rate values vary di�erently on di�erent or-
ders, a log-linear transformation was applied to the rain rates. Zero-valued rates
were replaced with values drawn from a log-uniform distribution between10� 3�
10� 2 mm=h, such that they fell between rates lower than the0:2 mm=h sensitivity
threshold of the GPM combined product. The log-linear transformation was subse-
quently applied as follows

f (x) =

8
<

:
log(x); if x < 1

x + 1; otherwise
:

At last, data augmentation methods were employed as they were seen to improve
generalisation. The input channels were randomly rotated0� ; 90� ; 180� or 270� , and
also randomly mirrored vertically and horizontally. In addition, the inputs were ran-
domly cropped to128� 128 images, such that the network was training on inputs
of size64� 128� 128� (N + 1) , whereN is the number of SEVIRI channels used
and the +1 term signi�es the addition of the satellite zenith angle.

Both trainings were run on an NVIDIA Tesla V100 32 GB SMX2 GPU. They were
each kept running for three weeks as the validation loss was not seen to increase,
though both training and validation losses converged within the �rst few days. Some
computed metrics for the trainings can be found in appendix A. The training infras-
tructure was implemented with thequantnn library (Pfreundschuh, 2022b) using a
pytorch backend (Paszke et al., 2019).
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Instead of a scalar-valued output, our retrievals estimate a cumulative distribution
function for every pixel in a retrieved image. In this chapter, the retrieval outputs
are illustrated, and the performance is evaluated on the test set. Finally, the QRNN
retrievals are compared to IMERG for three di�erent sub-regions.

4.1 The retrieval output

A prediction with our QRNN on a single sample result in a tensor of sizeH � W � 99,
where H; W is the height and width of the input, respectively, and we predict 99
quantiles for each pixel. With the99 predicted quantiles, we can approximate the
cumulative distribution function from which we derive the corresponding probability
density function. An example of a single-pixel output is shown in �gure 4.1. Here,
the approximated CDF and the corresponding PDF are plotted. Also shown are the
reference value and the posterior mean value.

Figure 4.1: QRNN output for a single pixel in a sample. To the left is the CDF
approximated by the predicted quantiles. The PDF can be derived from the CDF
and is plotted to the right. Vertical lines represent the reference value in solid blue
and the posterior mean in dashed grey.
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Predictions can be visualised both using the posterior mean and the predicted quan-
tiles. In �gure 4.2, an example prediction is illustrated. The outputs are shown for
the main set-up, with the reference image in the top panel of the �gure. The corre-
sponding inputs can be found in �gure 2.5 from chapter 2. In the bottom left �gure,
the posterior mean for each pixel is plotted, and the bottom right �gure shows a
contour plot of probabilities for heavy precipitation (>10 mm=h).

Figure 4.2: Retrieval outputs for a single sample. The top �gure is the reference,
and the bottom �gures show outputs from the main set-up. The �gure to the bottom
left shows the posterior mean for each pixel. In the bottom right, the probabilities
for heavy precipitation rates (>10 mm=h) are shown in a contour plot for di�erent
levels. The reference �gure and posterior mean output have the same colour bar.

4.2 Evaluation on test set

First presented is a table of evaluation metrics in table 4.1. The test set images have
heights and widths of256� 256, and the model was trained on cropped images with
128� 128 height and width. To make a rough assessment of whether the inference
spatial dimension size has any impact, we also include an evaluation of the main
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set-up where the test images are split into four quadrants. The table shows that
the metrics are generally close to zero and close in value across di�erent set-ups.
The set-up with the best overall performance is the main set-up with inference on
256� 256image sizes. From the bias, it can be seen that the posterior mean slightly
overestimates low precipitation rates between0� 100 mm=h while underestimating
the remaining range and more severely for very high rates between101� 102 mm=h.
As can be seen from the table, the CRPS median was reported as0:0 mm=h for the
full and lowest range. An explanation for this is the dominating non-precipitating
pixels and the fact that the network detects them successfully. This information is
not as apparently re�ected in the other metrics as they are averaged quantities.

A more qualitative comparison of predicted posterior means of a single sample for
the di�erent set-ups is visualised in �gure 4.3. Here, all three set-ups seem to cap-
ture the same overall patterns. For the main set-up on128� 128, edge e�ects where
the image had been cropped are visible. This is expected as the CNN has less con-
text around the borders. Apart from this, the predictions are very similar, and the
128� 128 evaluation is not further presented in this chapter. More notable di�er-
ences can be seen between the two-channel and main set-up, and the predictions
from the main set-up seem to correspond better to the reference image. For exam-
ple, the high precipitation rates in the top centre of the images are placed more on
the left side of the cloud by the main set-up, while the two-channel set-up places
them to the right. Also noted are di�erences in low precipitation rates in the swath,
where the two-channel set-up seem to overestimate these.

We can also visualise the bias in terms of the distribution of errors, found in �g-
ure 4.4. The errors range in� 200� 50 mm=h for the main set-up, while the two-
channel has a very slightly longer tail past� 200 mm=h. The negative errors arise
from an underestimation of precipitation rates. As was noted from the bias, it is
also seen here that the posterior mean underestimates high precipitation rates more
gravely than it overestimates precipitation rates. The two set-ups are very alike
here, only noting minor di�erences.

The distributions of predicted precipitation rates on the test set are illustrated in
�gure 4.5. Since the posterior mean has its limitations in representing the full dis-
tribution, the sampled posterior is also included here. Instead of using the posterior
mean for each pixel, we here sample the approximated CDF. This way, rates that
are probable but to varying degrees are better represented. As seen in the �gure,
the sampled posterior is better at capturing the full distribution for both set-ups.
This illustrates how condensing a distribution to a single value such as the posterior
mean can be accompanied by a loss of information. The di�erence between the
two set-ups is once more minimal, with their sampled posteriors being very close.
Again, both posterior means can be seen to slightly overestimate low precipitation
rates and underestimate higher rates more signi�cantly.

25



4. Results

Table 4.1: Evaluation metrics on the test set. Bias, MAE and MSE are computed
using the posterior mean, while the CRPS is computed using the predicted quantiles.
The metrics are computed for di�erent intervals of the ground truth data. About
97%of the data points are in the0� 10� 1 mm=h range,1:3%in 10� 1� 100 mm=h, 1:2%
in 100� 101 mm=h and only 0:13%of the data points are in the101� 102 mm=h range.
Bold font marks the value closest to zero in each row.

Ground truth
interval
(mm=h)

Main Two-channel

Metric 128� 128 256� 256 256� 256

Bias (mm=h) All values � 8:83 � 10� 4 � 1:58� 10� 3 � 4:54� 10� 3

0 � 10� 1 1:84� 10� 2 1:76 � 10� 2 2:16� 10� 2

10� 1 � 100 5:27� 10� 1 5:10� 10� 1 4:31 � 10� 1

100 � 101 � 5:13� 10� 1 � 5:08 � 10� 1 � 8:80� 10� 1

101 � 102 � 13:3 � 13:2 � 14:1

MAE ( mm=h) All values 7:34� 10� 2 7:21 � 10� 2 7:66� 10� 2

0 � 10� 1 1:84� 10� 2 1:77 � 10� 2 2:16� 10� 2

10� 1 � 100 8:36� 10� 1 8:15� 10� 1 7:63 � 10� 1

100 � 101 2:08 2:05 2:07
101 � 102 13:8 13:7 14:6

MSE (mm2=h2) All values 7:21� 10� 1 7:10 � 10� 1 7:46� 10� 1

0 � 10� 1 3:63� 10� 2 3:35� 10� 2 3:25 � 10� 2

10� 1 � 100 2:55 2:43 2:01
100 � 101 8:93 8:82 8:85
101 � 102 333 330 359

CRPS (mm=h)

mean All values 5:26� 10� 2 4:57 � 10� 2 6:28� 10� 2

0 � 10� 1 1:24� 10� 2 1:22 � 10� 2 1:77� 10� 2

10� 1 � 100 4:40� 10� 1 4:33� 10� 1 4:18 � 10� 1

100 � 101 1:57 1:56 1:63
101 � 102 11:2 11:2 11:7

median All values 0:0 0:0 0:0
0 � 10� 1 0:0 0:0 0:0

10� 1 � 100 3:07� 10� 1 3:04 � 10� 1 3:13� 10� 1

100 � 101 1:10 1:09 1:13
101 � 102 8:68 8:63 9:13
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4. Results

Figure 4.3: Posterior mean outputs on a single test sample for the two set-ups.
The top �gure shows the corresponding reference, and the bottom �gures show
predicted posterior mean retrievals. The bottom left �gure shows the main set-up
when inferring on images with128� 128height and width, while the centre bottom
�gure is the same set-up but inferring on the entire256� 256 image. The two-
channel set-up is shown in the bottom right �gure. All �gures share the same colour
bar.
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4. Results

Figure 4.4: Error distribution for the main set-up in �lled orange and two-channel
in the green line. To the left is the full range, and the right �gure is zoomed in on
a mid range. Note the logarithmic scaling of the y-axis.

Figure 4.5: Predicted precipitation rates on the test set. The distributions are
plotted for the full range to the left and for a lower range in the right �gure. Y-axes
are logarithmically scaled.
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4. Results

To visualise how the set-ups perform on a pixel-level, logarithmically binned 2D-
histograms are found in �gure 4.6. The �gure reveals notable contrasts between the
two set-ups, as the main set-up predictions follow a much more coherent diagonal
line. Common for both set-ups is the high spread of low precipitation rate predictions
and low frequency of high precipitation rate predictions. The low precipitation rates
which are frequent can be seen to be di�cult for the model to distinguish. The low
frequency of high precipitation rate predictions is expected as these rates seldom
occur.

Figure 4.6: 2D-histogram plots of posterior mean predictions. Y-axes show the
posterior mean predicted precipitation rate, and x-axes show the corresponding ref-
erence rate. The dashed grey diagonal line represents where correct predictions
would lie. Note logarithmic scaling of both axes.

The predictions of the lower and higher rates are better illustrated when normal-
ising the plots column-wise, and this is shown in �gure 4.7. From the �gure, we
can observe that both set-ups seem to underestimate high precipitation rates and
overestimate low precipitation rates, as was also previously noted. Further, it can
be seen that the main set-up follows the dashed diagonal grey line rather well and
has a relatively constant spread for most precipitation rates. In contrast, while the
two-channel set-up does follow the line, the spread is less consistent. This reveals
the model's lower con�dence in predicting higher and lower precipitation rates.
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