C o 0 o
@ FernUniversitat in Hagen EEa—F
e P 1K
Faculty of Artificial Deutscher ~ Potsdam Institute
Mathematics and Intelligence Wetter- for Climate Impact

Computer Science Group dienst Research

Machine Learning Techniques for
Inpainting of Climate Data: A
Comparative Study

Master’s Thesis

in partial fulfilment of the requirements for
the degree of Master of Science (M.Sc.)
in Data Science

submitted by
Merlin Jo Hosak

First examiner: Prof. Dr. Matthias Thimm
Artificial Intelligence Group

Advisor: Dr. Philipp Hef3
Potsdam Institute for Climate Impact Research






Statement

I declare that I have written the master “s thesis independently and without unau-
thorized use of third parties. I have only used the indicated resources and I have
clearly marked the passages taken verbatim or in the sense of these resources as
such. The assurance of independent work also applies to any drawings, sketches or
graphical representations. The work has not previously been submitted in the same
or similar form to the same or another examination authority and has not been pub-
lished. By submitting the electronic version of the final version of the master ’s the-
sis, I acknowledge that it will be checked by a plagiarism detection service to check
for plagiarism and that it will be stored exclusively for examination purposes.

I explicitly agree to have this thesis published on the webpage of the artificial intel-
ligence group and endorse its public availability.

Software created for this work has been made available as open source; a corre-

sponding link to the sources is included in this work. The same applies to any
research data.

| ( -
O
Balangoda, 6th of February 2026 /M H\J 4%
(Place, Date) ‘ (Signature)

1ii


Merlin
Balangoda, 6th of February 2026





Graphical Abstract

Stations Inpainted Radar

Abstract

Due to climate change, the frequency of extreme weather events is increasing.
High resolution and quality precipitation field data is necessary for accurate wea-
ther forecasts, but the available historic data is limited to specific stations and ti-
mestamps. Precipitation data is right skewed, highly localized and non Gaussian,
making it hard to estimate precipitation between measurement stations.

In Germany, the statistical REGNIE method is currently used by the German Wea-
ther Service for this purpose. This thesis compares REGNIE to two machine learning
methods: a newly implemented denoising diffusion probabilistic model (DDPM),
and a U-Net based inpainting approach from another investigation.

Whilst the statistical method performs better than the machine learning models,
an improved version of the DDPM performs comparably to REGNIE. This study
suggests several improvements, including the use of more spatio-temporal context
information as well as the use of LSTM cells in the architecture.

It outlines the potential of these models, particularly DDPMs, for use in climate
data estimation as well as their limitations. The work consists of an in-depth model
comparison for inpainting climate data and provides a basis for future AI method
comparison in this field.
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1. Introduction

On the morning of the 14th of July 2021, the water level of the Ahr river in the
south-west of Germany slowly but steadily started to rise. The upcoming rain had
been expected, but the immense impact it would have was unforeseen by the local
meteorological institutes [49]. The flood would take more than 180 lives and cost
more than 40 billion euros [7]

Meanwhile, the rise of artificial intelligence (Al) has led to significant improve-
ments in weather and climate models [61] (see e.g. [19, 27, 9]). However, unlike in
other areas such as Natural Language Processing (NLP) and image generation, the
available data for climate models is often much more limited.

Hence, elaborate data cleaning and augmentation of available climate and weather
data is crucial to create models that can predict catastrophes like the Ahrtal flood
earlier and more accurately, and thereby potentially save lives and limit other dam-
age.

1.1. Motivation

The main aim of this thesis project is to analyse how machine learning techniques
can be used to estimate missing climate data, in general referred to as inpainting.
In particular, it will explore which ML models are promising, what considerations
need to be made, how effective they are, and how they compare to traditional inter-
polation methods.

Specifically, German precipitation datasets will be examined. Complete, high-
quality, and high-volume precipitation data are critical not only for elaborate climate
models but also risk assessments. At the same time, inpainting of precipitation data
is a particularly challenging task. It is characterised as non-linear [51], with a right
skewed distribution (and is therefore not Gaussian) [59] and highly localised around
specific spots [35].

Due to this, machine learning methods might be more promising than traditional
statistical approaches. In particular, generative ML techniques, such as image in-
painting techniques, have shown significant advancements in recent years, but are
underexplored in meteorological applications [27].

After examining the terms inpainting and interpolation in Section 1.2, a brief re-
view of recent work in this field is presented in Section 1.3. Next, the terms, meth-
ods and machine learning architectures used in this investigation are explained in
Section 1.4. Lastly, in Section 1.5, the scope and layout of this investigation are pre-
sented.

1.2. Image Inpainting

The term inpainting originates from the restoration of damaged sections of artwork
and was first used in an image processing context in 2000 [3].



It refers to the process of filling areas of an image where data is missing or that are
otherwise imperfect. Often, the aim is to make the inpainted area blend smoothly
with the surrounding data, making it difficult to distinguish which area was changed.

Interpolation, on the other hand, is a statistical term referring to the process of
estimating missing values between known data points, for example in a time se-
ries. Hence, both terms describe a similar principle and can be used to refer to the
challenge of filling missing values in precipitation data. They will be used inter-
changeably here.

1.3. Related Work

There are a variety of statistical and machine learning methods that can be used for
inpainting/interpolation of meteorological data. An extensive review of statistical
methods was compiled by Li et al. in 2014 [30]. Some traditional machine learn-
ing methods like k-nearest neighbours, random forests and simple neural networks
were compared by Militino et al. in 2023 for the purpose of precipitation data inter-
polation in Spain [37].

In terms of generative methods, Kadow et al. use partial convolutions [27] based
on the 2014 paper by Liu et al. [32] to inpaint missing temperature data. There
are several approaches for this use case using variants of U-Nets (see [36, 22]) and
diffusion models [8].

Further, Bochow et al. [4] use a variant of Suvorov et al.’s inpainting method
based on Fourier Convolutions [54] for meteorological data. Graph neural networks
(GNNSs) are used for this purpose by Huang et al [24].

For spatial downscaling, Mosaffa et al. use U-Nets in their 2025 paper [38] and
in the same year Hess et al. showed the efficacy of consistency models for this field
[19].

1.4. Preliminaries

Comparing and contrasting all of these methods comprehensively is beyond the
scope of this master’s thesis. Hence, a focus was set on the REGNIE statistical
method, a U-Net variant and Denoising Diffusion Probabilistic Models (DDPMs),
which are explained in detail in the following section.

1.4.1. REGNIE

Two-dimensional precipitation fields based on station data already exist. The Deutsche
Wetterdienst (DWD, German Weather Service) provides the so-called "Hydromete-
orologische Rasterdatensitze" (hydro-metereological grid datasets, HYRAS) which
exist in various spatial (up to 1x1 km?) and temporal (up to daily) resolutions partly
up to 1931 [45].

The method used for the interpolation is called REGNIE ('Regionalisierung der
Niederschlagshohen’, engl: regionalised precipitation amount) and is explained in



the following paragraphs. It is described in detail in the 2013 paper by Rauthe et al.
[45]

Background Field Regression Firstly, the so-called Background field B = {b,,|b €
R%}, where x and y represent cell indices in the field, are calculated. The method
uses geographical coordinates and altitude information to improve their regression,
assuming that these influence precipitation. Namely, for every grid cell five "ex-
planatory variables’ are introduced:

1. Longitude
Latitude

Altitude

Direction of exposition

SUEEE- S

Slope

The last two parameters can be derived directly from altitude, by considering
the altitude around a specific coordinate, hence all variables are derived from coor-
dinates and altitude. The main idea behind the background field calculation uses
multiple linear regression in the following formula:

Yi = QoTi0 + Q1241 + Q2% + a3%;3 + A4Tia + asTis + €; (1)

Here, i refers to a specific station. x;; through ;5 are the values of the five ex-
planatory variables at that station, a; through as their coefficients, and y; the mean
precipitation value at that station. The value ag is seen as a constant, so ;g is always
1 and ¢; defined as the residual value at the station, the residuum in DWD terminol-
ogy-

All x values are known at all station cells as well as y. If there are n stations
considered, then one can consider the matrix X € R™*6, vectors y,¢ € R" and
explanatory variable vector a € R% and the equation can be rewritten as:

y=Xa+¢ (2)

The Multiple Linear Regression (MLR) to estimate a can then be conducted via the
ordinary least squares method (provided X has enough stations n and the matrix
can be inverted):

a=(XTx)xTy (3)



Interpolation Method The main idea behind REGNIE is that this regression is cal-
culated on a monthly basis, and for different regions within Germany. These regions
are established via an agglomerative clustering of stations with similar values.

The regression for a specific month (e.g. January) and specific a cluster (e.g. a part
of Brandenburg) is calculated using data over 30 years. All values for that month of
all stations in that cluster are used for the regression. Every month of the year has
different clusters and every cluster for that month its own optimised a vector.

Subsequently, the background field B is calculated. Let ¢ = (,9), ¢ = (Z/,7)
be cells in the field. d.. is defined as the Euclidian distance between both cells.
To estimate precipitation at cell ¢, all we need is the residuum of ¢, to calculate
precipitation using Equation 1.

The residuum of any station i where we have the data can be calculated using ;.
For all other cells, the residuums of the m stations ;1 ...€,, in a radius of 20 kilometres
(30 km if m = 0) around that cell are used via inverse distance weighting:

m €k

_ Zl:k di,c
ZTzk d21

k,c

The daily precipitation fields are then calculated similarly: for every daily sta-
tion data point, the value is divided by its corresponding monthly background field
value. Subsequently, for all other cells a similar quotient is calculated via inverse
distance weighting (see Equation 4) and then these quotients are multiplied by the
corresponding background fields to yield the final interpolated value.

This method relies on the intuituve assumption that precipitation is heavily influ-
enced by terrain and location. It also exploits the fact that local training for specific
regions will be more accurate than general training - for example, in flat areas a
storm moves differently than in the mountains.

(4)

€c

1.4.2. U-Net

Building on the Deep Neural Network (DNN) autoencoder architecture, Ronneberger
et al. developed the so-called U-Net in 2015 [48]. The principle remains the same:
data is put into the DNN, an abstraction is produced in the bottleneck, and out of
that bottleneck the output is generated again, often in the same dimensions as the
input data.

However, the U-Net architecture exhibits several key unique aspects. The general
architecture, U-Net Inpainting, and a specific use-case for climate data inpainting
with a U-Net Model are discussed below.

Architecture The encoder follows several steps that alternate between increasing
channels and decreasing image size. Next, the decoder reconstructs the original
dimension (or at least similar ones) by alternating between decreasing channels and
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Figure 1: U-Net architecture from the original Ronneberger et al. paper [48]. It con-
sists of the encoder (left), bottleneck (middle bottom) and decoder (right).
During encoding, image size is decreased and channel size increased,
whilst in the decoder the, the opposite happens, resulting in the typical
"U-shape’.

increasing size. This results in the typical "U-shape’ of the network architecture that
can be seen in Fig. 1.

Additionally, so-called skip connections are introduced between the layers of the
same dimensions. The last layer of an encoder dimension is concatenated to the first
layer of said dimension in the decoder. The authors show that this setup proves very
effective for the task of image segmentation and has since been used for various
other applications, including image inpainting (see [36, 38, 20]).

Inpainting U-Nets can be used for a lot of tasks such as image segmentation and
colourising black and white images in addition to image inpainting. This section
examines how the architecture can be used to fill missing data.

The main idea in U-Net inpainting is that during training, the ground truth is
masked to obtain data. Ideally these masks resemble the locations of missing data
in the datasets for which the inpainting is trained for. This masked data is entered
into the network and the loss is calculated in comparison with the ground truth, i.e.
the unmasked input.

Traditional approach For image inpainting tasks, the data contains missing val-
ues. If they enter the U-Net unmodified, they propagate through the convolutional
network architecture and the output becomes unusable.



Hence, authors often fill the missing data with some non-null value, for example
the data mean or zero, and add a mask as an extra input channel to the U-Net that
tells the model where the valid pixels are (see e.g. [58]).

The intuition is that the model learns that the mask indicates valid values, and
then learns the inpainting by masking training data and calculating the loss between
the model output and the unmasked image.

Whilst this fixes the missing value problem, filling masks with one value has
shown to introduce blurriness and other artifacts to the inpainted image [32].

Partial Convolutions To deal with this issue, Liu et al. introduced partial con-
volution layers [32]. The goal was to avoid introducing any fill values and instead
find a mechanism for the net to ignore missing values without these propagating
through the network.

Let W be the weights and b be the biases of a convolutional layer. Let M be
the mask of valid pixels of the input X into the layer. The traditional approach
implements the mask as an extra channel of the input, here it is a separate matrix.
Let > be the sum of all values in a matrix, 1 be a matrix full of ones and ® be the dot
product. The normal convolutional operation is now =’ = > W’ X + b. The partial
convolutional operation is instead:

T =1,
_ Zw (X@M)ZMM, if M >0, )

0, otherwise.

/
T

The mask for the next layer is calculated as follows:

1, if Y M>0
" {,12 ,

0, otherwise.

(6)

Hence, the main idea is to prevent the missing values influencing the calculation
so that within a sliding window, if valid cells are present, their information is scaled
up so that the output has a similar magnitude to the rest of the matrix. If enough
convolutions happen, so if the U-Net is big enough, in the final convolution m’ will
be 1 for all pixels. If not, this indicates that the model was too simple or the input
was too sparse to generate meaningful outputs, which is in itself a safety check.

The Filippou U-Net Whilst Liu et al. used the approach to inpaint missing infor-
mation in photos, Kadow et al. applied the partial convolutions first to estimate
missing climate data in their much cited 2020 paper [27]. Building on this research,
an investigation was conducted by Danai Filippou, supervised by Prof. Kadow on
infilling precipitation data with U-Nets. The research has been presented at a con-
ference [13] and resulted in a master’s thesis that can be found via Appendix B. It is
discussed in this section.



The structure of the U-Net used in their work is shown in Fig. 2. The main dif-
ferences with the traditional U-Net are that it uses partial convolutions and that
skip connections are also introduced between the max pooling and upsampling
steps. The channel number is doubled in every layer (except for the initial chan-
nel number which is 137), and height and weight are halved, leaving a shape of
(C x H x W) = (1100, 18, 15) in the bottleneck.

Another important difference is the loss function used for the actual back propa-
gation in training. The original U-Net was used for image segmentation problems
in biomedicine [48] which is essentially a classification problem. Hence, the authors
use cross entropy loss to optimise the image segmentation network.

Here, contrarily, the task is to recreate the ground truth precipitation field so
the natural choice for a loss function would be to look at pixel vs. pixel com-
parisons, like in the mean average error (MAE). MAE (also called L!), defined as
L' = 13 o |0. — G.|, where C is the set of cells in both the output O and the
ground truth G.

Filippou uses the same method as Liu et al. here and calculates loss a mixture of
L' (differentiated by MAE in the valid area L,q and the missing area Ly, with
perceptual loss Lycrceptuar @s defined by Gatys et al. [15]), a newly defined style
loss Ly and the total variational loss [26]. For detailed definitions, the referenced
literature can be consulted.

The loss terms aim to achieve pixel to pixel accuracy and produce similarly struc-
tured and varied data. The final loss is calculated using coefficients, these hyperpa-
rameters have been optimised based on subjective interpretation of 100 validation
images.

Liota1 = Lyalid + 6 Lpole + 0.05 Lperceptual + 120 Lstyle + 0.1 Lty. (7)

1.4.3. Denoising Diffusion Probabilistic Models

One of the most promising developments in image inpainting in recent years are
Denoising Diffusion Probabilistic Models (DDPMs) [34]. They were developed in
2020 by Google for image generation tasks [20]. The basic principle is to start with
noise and iteratively create an image from there.

Idea During training, noise is added in a fixed number of steps to an image until
Gaussian noise is created, the so-called forward process. Then a neural network, usu-
ally a U-Net, is trained to predict the noise that was added to an image at a specific
step.

The backward process starts with Gaussian noise. The trained network predicts the
noise that was ‘added’ in the hypothetical previous step and subtracts that from the
given noise. Iteratively, the model learns to recreate each training image from noise.
The process is portrayed in Fig. 3. Therefore, when starting with random noise, a
completely new image can be generated via this process. Abstractly speaking, the
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Figure 2: U-Net architecture used by Filippou et al. [13]. The yellow boxes represent
the feature maps passed from encoder to decoder via the skip connections.
The use of the term layer here is slightly different from the normal U-Net
context, where a convolutional operation connected with pooling or up-
sampling is implemented as a single layer with one skip connection, not
two. An equivalent normal U-Net would be considered to have 6 layers,
as there are 6 convolutions, albeit only half of the skip connections.
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Figure 3: DDPM forward and backward diffusion process (from [20]).

model learns the distribution of plausible rain fields out of the possible values the
pixels in an image can take.

For image inpainting, the masked area is filled with random noise, and the net-
work subtracts the noise in each step, whilst simultaneously recreating the original
picture in the unmasked area.

Realization Formally speaking, during the actual diffusion (adding noise to the
image), also called the forward process, a Markov chain over T time steps (typically
T = 1000) from an image x( to pure noise x7 is realised. As it is a Markov chain,
each z; only depends on z;_; and so the conditional distribution ¢(x; | z¢—1) can
be defined. This is done by Ho et al. using a so-called beta-schedule, a pre-defined
time series of variances via Eq. 8 [20]:

q(x | x4—1) = N(m; V1=, ﬁt1> (8)

Therefore, in a single step ¢; is sampled from a distribution with mean /1 — 5; x4
and variance 3; I where I is the identity matrix. The beta variance schedule b; is cho-
sen to linearly increase from 0.0001 to 0.02 over the 7" time steps. Consequently, the
variance increases and the signal from the original image decreases over the course
of the diffusion process.

Contrastingly, in the reverse process noise is removed from a completely noisy im-
age. It is again implemented as a Markov chain p(z;—1 | z:). The process uses a
model 6, usually a U-Net, to estimate the noise ¢ that was added in time step ¢t — 1 to
obtain ¢(x; | ;—1). The resulting estimate is defined as €g(x;). The reverse process
is again a distribution for each time step as random noise was added in the forward
step. It is defined by the authors using Eq. 9.

Po(@i | 20) = N (w01 (1, ), So(w, 1) ) ©)

So a z;_ is sampled from a distribution with a mean iy (¢, t) that depends on the
image at time step ¢ and the time step itself. The same is the case for the variance
Yg(x¢, t) of the distribution.

Before continuing, the helper variables «; and «; are defined for simplification in
Egs. 10 and 11.



ay = 1- Btv (10)

t
C_Yt = H Qg (11)
s=1
The mean is estimated using the model 6 via its error estimate ¢4 (z;) using Eq. 12.
1 B
t) = — i t 12
to (e, t) \/CTt(It mﬁe(l}, )) (12)

Here the authors apply a trick and simply assume the variance to be equal to the
beta schedule as shown in Eq. 13.

Yo(xe,t) = B 1 (13)
Lastly, ;1 can finally be sampled from z; using Eq. 14.

Tt—1 = /.Lg(.%’t,t) + 615127 z o~ N(O7I) (14)

The derivation of the formulas is described in-depth in the initial paper by Ho
et al. [20], various aspects relating to the implementation in this investigation are
discussed further below.

Use DDPMs have already been applied successfully to precipitation datasets for
the purpose of nowcasting [40], essentially "predicting’ the current rainfall in a given
area, as data is not usually immediately available.

The advantage of DDPMs over other inpainting techniques in a context like pre-
cipitation is that they are generative and also non-deterministic, which can be an ad-
vantage. Non-generative techniques might be too imprecise and linear for precipi-
tation data as it has such high local extremes.

However, generative deep learning (DL) techniques do not learn semantic con-
cepts directly and therefore might produce unrealistic or seemingly random results
(similar to Al-hallucination). As DDPMs are dependent on some random noise in
the beginning of the inpainting process, changing that noise should still produce
equally realistic but different results for any Gaussian noise. Hence, they are non-
deterministic.

The problem of results that appear unrealistic as they defy meteorological laws
could be counteracted by producing various results and getting a probability dis-
tribution for precipitation in a specific location. The underlying hypothesis is that,
while individual samples may be unrealistic, aggregating multiple generated pre-
dictions can mitigate such errors and yield a statistically robust estimate of the pre-
cipitation distribution at a given location. This is an advantage that DDPMs have
over e.g. U-Nets.

10



1.5. Aim

The main purpose of this investigation is to assess how well DDPMs can be used
for climate data inpainting, test whether they are better suited for non-Gaussian
data such as precipitation data, and compare them to other machine learning and
statistical methods.

To this end, three experiments were conducted:

1. A DDPM model based on hourly precipitation data was trained and compared
to the ground truth.

2. A DDPM model was trained with daily precipitation data and compared to
the HYRAS dataset based on the REGNIE method.

3. A sparse hourly model, using only data from a subset of available stations was
developed and compared to a U-Net based inpainting method as this situation
replicates the historic station coverage.

The data methods used in DDPM training and inpainting as well as the evaluation
tools used are explained in Section 2. This is followed by the chapters on the three
experiments, each including the results and a discussion in Sections 3 - 5. Lastly, the
experiments are discussed in the general context of the field in Section 6 followed by
a conclusion in Section 7. In Appendix A the code is linked via a GitHub repository.

2. Methods

The general idea of how DDPMs work was discussed in Section 1.4, but there are
various design choices for how exactly the training, sampling and inpainting are
implemented. Furthermore, there are various aspects of the data used that can sig-
nificantly influence the results and should therefore be noted. This chapter covers
the data used (Section 2.1) as well as the model design (Section 2.2).

2.1. Data

German precipitation data collection goes back hundreds of years and is primar-
ily coordinated by the German weather service, DWD. The following Section 2.1.1
covers both the primary data sources as well as the datasets used for inpainting
comparison.

Next, the data preparation is presented in Section 2.1.2. There, various aspects
of data cleaning, scaling and segmentation that are useful and partly necessary for
DDPMs specifically are discussed.

2.1.1. Sources

There are two primary precipitation data sources and one inpainting comparison
dataset used that are examined in depth in the following paragraphs.
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Niederschlagsstationen mit durchgangiger Zeitreihe

(1951-2010)
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Anzahl verfugbarer Niederschlagsstationen (1951 - 2010)
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Figure 4: Magnitude and density of precipitation stations in Germany from [39].
Left: Amount of available precipitation stations with daily (blue) and sub-
daily (red), so for example Mannheim hours, hourly, sub-hourly, resolu-
tion. Right: Distribution of such stations with <10% missing values across
Germany (blue circles: daily, red triangles sub-daily).

Station Data The ground station network of the DWD covers around 400 active
stations [11]. Additionally, several thousand stations from cooperating partners are
encompassed in the precipitation station datasets. These are published in the DWD
climate data centre (CDC) database [12].

In the ground stations, precipitation is usually estimated in rain gauges (also
known as ombrometers) that collect rainwater with a funnel and measure this input
with a weighting scale [13]. Historically, these were recorded manually, in daily or
sub-daily intervals often in the so-called Mannheimer Stunden (Mannheim hours) at
7:00, 14:00 and 21:00 [2].

With regard to data quality, manual collection, often done by volunteers entails
some degree of uncertainty, and there are some gaps in the data. Whilst electronic
precipitation sensors were rolled out in the late 1980’s these also sometimes mal-
function [13] so these aspects should be considered when using the data for mod-
elling.

There are around 3,500 stations across Germany which provide a daily precipita-
tion time series at least up to 1951 [39]. Hourly time series, on the other hand, are
only available for 76 stations [13] reaching back that far, whilst they more widely
spread out in the mid-2000s to about 1000 stations [39], see Fig. 4.

Assuming precipitation is roughly similar in the 1 km? range around a ground
station, with Germany’s 358 thousand kilometres squared, this yields a station cov-
erage of only about 1 % for daily stations, 0.3% for hourly stations in the last twenty
years and just over 0.02% for twentieth century hourly stations.
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Image inpainting techniques were often developed for datasets with much higher
coverage [34, 63]. This highlights the difficulty of the inpainting task.

RADKLIM The RADKLIM dataset [60] by the DWD provides precipitation data
measured by radar from 2001 on. Measurements are given on a 1x1 km? grid in a
hourly temporal resolution in the NetCDF format. It covers a 1100x1200 km? (height
x width) grid including Germany and neighbouring countries. The area covered is
shown in Fig. 5 where the location and range of the 16 ground radars of the network
are also shown.

The dataset is highly sparse, with 64.1 % missing values, not only due to the range
covered substantially exceeding Germany’s borders but also because the radar sta-
tions often misperform or the signal is obstructed. Radar measurements are indirect,
inferring the precipitation rates from the pulses sent back from rain, snow or hail af-
ter emitting an electromagnetic signal.

There are a variety of factors impacting radar data availability and quality. These
include interference through mountains, buildings, windmills or birds, as well as
radome wetness and cleanliness. An overview of factors decreasing radar data qual-
ity is provided in Fig. 6 ([23, 13]).

The DWD counters these issues through a series of data cleaning methods includ-
ing noise and clutter reduction as well as adjusting the reflectivity rate to ground
station measurements. The service offers various precipitation products based on
these techniques. A detailed description is provided in [60].

For this investigation, the DWD dataset RADKLIM (RADar KLIMatologie) is cho-
sen due to no interpolation methods being used to fill missing data in it which might
falsify the model. Further, it has been calibrated with rain gauge data, improving
data quality.

Whilst several drawbacks of radar precipitation data have been outlined, the
RADKLIM dataset is viewed as the ground truth for the purposes of this investi-
gation as no better high resolution (neither spatial nor temporal) precipitation field
data is available.

HYRAS For the second experiment, the DDPM model is compared to the REGNIE
method described in Section 1.4.1. The latter resulted in the HYRAS dataset, that is
described by Rauthe et al. and updated iteratively by the DWD [45]. The dataset
covers a grid of 890 x 665 km? over Germany on a 1 km? resolution and is available
from 1931 on on a daily resolution.

The dataset is used as a comparison in Section 4 for the model output in the year
2018.

2.1.2. Data Preparation

The RADKLIM training data was split into training (2001-2011), validation (2012-
2017) and test (2018) data (in line with Run 1 of the U-Net comparison model [13]).
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1100

1200 RADKLIM
Figure 5: Location and range of the DWD radars [53] amended with the spatial

scope of the RADKLIM dataset and the 1024x1024 km?2 projection used
as a model input for the DDPM.
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Figure 6: Various factors can decrease radar quality (from [23], see [13])

The 1100 x 1200 km? RADKLIM grid is limited to a 1024 x 1024 km? over Germany
(see Fig. 5) as 1024 = 2%, so the number is easily divisible by two which is both
helpful in U-Net architectures in general (because during pooling in the encoder
channel number is doubled whilst height and width are halved, and the opposite for
the up-convolutions in the decode, see [48]). It is also necessary for Patch Diffusion
(see next paragraph). Lastly, the RADKLIM arrays are empty and outside the scope
of the radars in Fig. 5 so no information is lost.

For the daily model, the data is aggregated. Any negative values, which could be
due to technical errors, are zeroed. For the output, the data was remapped to the
HYRAS grid to make all formats comparable. Here, every cell in the HYRAS grid
was assigned the value of the closest cell in the Radar / U-NET grid.

This is due to station coordinates and the coordinates of the centres of the cells
points in the different grids not overlaying exactly. The problem is illustrated in Fig.
7. Cells outside of Germany are ignored as the investigation focuses exclusively on
Germany.

Patch Diffusion As Wang et al. point out, "Diffusion models are powerful, but
they require a lot of time and data to train." [56]. Whilst diffusion models were
initially introduced to generate relatively small sized images, they can also be used
for huge fields and various channels.

This can quickly significantly increase run time and storage space which in turn
causes high energy consumption and impact on the environment [25]. When in-
put field height and width are doubled, memory quadruples. Iyengar et al. show
that runtime (measured in FLoating point OPerations [FLOPS]) in convolutions, that
form the basis of U-Nets, is proportional to height and width as well as shown in
Egs. 15.
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Figure 7: Distances between HYRAS grid coordinates and the assigned RADKLIM
grid coordinates, estimated with the haversine function that is slightly in-
accurate as it assumes the Earth to be a perfectly round sphere.

FLOPSconV(k7 Ciny Couty Ha W) =2 H . W ) k;2 : Cin : Cout
+ FLOPscony o< H - W (15)
FLOPSCOnV(ka Cina Couta 2H, 2W) =4- FLOPSCOnV(k7 Cin’ Couh H, W)

So whilst technically training sixteen 256 x 256 km 2 patches requires the same
total time and total energy, GPU memory can break with bigger patches, and there
are further non-linear effects that make training bigger patch sizes more time con-
suming, outlined in [56] (e.g. the use of self-attention layers).

Therefore, Wang et al. propose Patch Diffusion, a technique where a diffusion
model is trained with training data patches of varying sizes. This works as convolu-
tional neural network architectures have translation equivariance - they use the same
filter everywhere, so they work on input sizes 64x64 km 2 and 1024 x1024 km 2 in
the same way, for example.

This has the further benefit that when looping through the patches during train-
ing for small patches, a high degree of local detail can be learned by the model,
whereas for bigger patches, correlations across greater distances can be considered
by the model. If the same weight is assigned to each patch during training, this
disproportionately favours smaller patches which in this case is intentional.

In this thesis study, an adaption of the Patch Diffusion technique is implemented
where the input data time steps were split randomly according to data shares to
three patch sizes, the 1024x1024 fields were split into quadratic sub-patches of the
given patch size using a constant stride.
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Patch Size 64 128 256
Data Shares | 10% | 30 % | 60 %
Stride 64 64 64

Table 1: Patch diffusion parameters.

Patches containing missing values were ignored which results in the loss of some
valuable information. Alternatively, the values could be set to 0 and another mask
channel could have been added as described in [32]. However, this would have
made the network slower. Using the same small stride even for bigger patch sizes
ensures that a single missing value does not cause disproportionate data loss (even
though this does lead to some duplicates). The parameters used for patch diffusion
are outlined in Table 1.

Importance Sampling Precipitation data distribution is, as described, very right
skewed, having a peak at zero and with medium low values and very little high
values. This leads to a lot of patches being created that consist mostly of zeroes.
Whilst it is good that the model learns this distribution, those patches contain very
little structural information about precipitation dynamics. Therefore, it would be
beneficial if patches with precipitation could be prioritised during training.

The same issue was described by Ravuri et al. when using Generative Advesarial
Networks for precipitation nowcasting (estimating the current precipitation based
on very recent data, potentially forecasting a few hours into the future) in Britain
[46].

The authors solve this issue by developing the so-called Importance Sampling scheme
that has been adapted for this project as follows. After creating the patches for the
different patch sizes and filtering out the ones with missing values, a saturated rain
value z3% in a cell ¢ of a patch n is computed from rain rates z using a saturation

n,c
constant s with this sigmoid-like formula:

250 — 1 _ g7 %ne/s (16)

n,c

Subsequently, an acceptance probability g, for a patch n is calculated. Let C), be a
set of cells in n, ¢min > 0 @ minimum probability and m a factor setting the overall
inclusion rate.

gn = min(L, gmin + g—‘ S s (17)
" eee,

The resulting acceptance probability for a patch n is then used to determine if
the dataset is used. The authors set the values of the parameters s, m and g¢pn
differently depending on each dataset and use (training, validation, testing) and
further define a method to produce randomly sized crops which is not employed in
this project.
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| Dataset/Model || s [ m | gmin

Training UK 1.0[01]2-107%
Training US 1.0[01[2-107%
Validation UK 1.0[22]5-1073
Validation US 1.0[02]5-107°
DDPM Hourly [ 1.0 |05 [5-1073
DDPM Daily 1.0 |22 |5-1073

Table 2: Importance Sampling parameters from Ravuri et al. [46] (top) and the two
model types used in this project (below).

To make this model easily comparable to other models, importance sampling is
not used for test data, and the same parameters are used in training and validation
data. The parameters used by the importance sampling authors are portrayed in
Table 2 alongside the parameters used in this investigation. They were optimised
manually to find a good balance between dataset size and runtime length.

These chosen values result in about 50 % of the daily dataset being used whereas
only 2-3 % of the hourly dataset is used. As there are 24 times as many hourly
datasets available, this results in a comparable magnitude of training and validation
data. As the hourly dataset is more selective, the resulting training dataset also
contains less empty data. The exact amounts are shown in Table 3.

Dataset 64x64 | 128x128 | 256256
Hourly Training 19630 | 41566 31372
Hourly Validation || 10855 | 21457 14 802
Daily Training 13451 | 29371 20536
Daily Validation 8427 16823 10882

Table 3: Number of patches used per dataset and patch size.

This approach consequently leads to the described bias of training and validation
data towards higher precipitation. The authors counteract this by using the inverse
acceptance probability in the loss function. Given that the original dataset could
have consisted of patches z1, s, ..., 2, they estimate its loss > ; S(x;) with the
subset x,1, T42, ...Z4 selected via importance sampling with the equation:

n k
Z S(w;) =~ Z S(xajqy;) (18)
=0 =0

Hence, samples that had a lower probability of entering the used dataset are
boosted in loss calculation and vice versa. The authors did not employ this dur-
ing gradient calculation in training as they "found no significant advantage"[46] to
this so the loss correction is only applied in validation in this project.

18



Scaler DDPMs were specifically chosen for this project because of their potential
to yield better results in the difficult feat of interpolating/inpainting non-normally
distributed data. However, they still use Gaussian noise in the forward diffusion
process and as a basis for the reverse process.

More specifically, in every forward step during training, a little bit of Gaussian
noise is added to the data, randomising the input. As described, the model then
learns to reverse that process, estimating the 'noise’ in the patch and subtracting it
to obtain the signal/original. When sampling (or inpainting), the model starts with
complete Gaussian noise and consecutively samples a less noisy patch.

Hence, if the data is more Gaussian, it might be even easier for the model to learn
the desired distribution. In this project, the data is therefore standardised and then
normalised before entering the model.

For normalisation, the standard z-score transformation was used: the training

n X n )2
data’s mean py = # and standard deviation o = |/ ==1@ =1 \were calculated

and then every scaled data point & transformed using Eq. 19. This way the data has
a mean of zero and standard deviation of one which is necessary for DDPMs.

,=T"H (19)

g

For standardisation, three functions were considered:

* Log transformation where y = In(% + 1)

* Asinh transformation where y = arcsin(2) = In(2 4+ \/(2)2 +1)

* Box-Cox transformation where y = xi\_ Lory= In(x)if A =0, see [6]

Here, the parameters c and A are optimised to statistically make the data resemble
a Gaussian distribution as much as possible. All the transformations were applied
to a subset of the data and subsequently normalised. The results can be seen in Fig.
8.

The Box-Cox transformation is evidently the least normal, whilst the other two per-
form similarly. The log transformation was chosen due to its simpler formula, with
¢ = 0.0625 as the value that had a skew and kurtosis most similar to a Gaussian
distribution.

2.2. Model Design

In this section, first the architectural considerations of the U-Net model are de-
scribed in Section 2.2.1, building on which the hyperparameter optimisation is de-
scribed in Section 2.2.2 and lastly, in Section 2.2.3 the sampling and inpainting im-
plementation is discussed.
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Figure 8: Radar precipitation data (left) transformed with Asinh, Log & Box-Cox stan-
dardizers. The results are on a log scale due to the huge peak at 0 in the
original distribution.

2.2.1. Architecture

Denoising diffusion models have been introduced in 2020 [20]. Since then, various
DDPMs have been implemented and a range of libraries and existing models are
available, like NVIDIAs EDM Model [28] or Inpainting specific ones (see [63, 34]).

As this investigation aims to explore the efficacy of DDPMs as a model choice
for climate inpainting-related tasks in general, the goal was to create a model that
sticks to the default DDPM design as described in [20] rather than having a hyper-
optimized variant. Hence, the model was designed in Python, mainly using the
PyTorch library [44], following the formulas in the paper.

The U-Net itself which is the basis of the DDPM model has not been reimple-
mented from scratch. Here, the version used in NVIDIAs EDM model [28] which
was a reimplementation of the U-Net used by Song et al. [52] which in turn is an
improved version of the original DDPM paper [20] and called DDPM++. It is usable
for both DDPM and score-based diffusion (s. [52]).

The traditional U-Net consists of several layers. During the downsampling stage,
the input is downscaled using 2x2 max-pooling (or similar) whilst the number of
channels is often increased [48]. For denoising models, there are a series of architec-
tural options that can be integrated into the U-Net to improve learning the distribu-
tion.

Song et al.’s DDPM++ architecture amends the Ronneberger U-Net with several
features, the most important of which are explained in the following paragraphs.

The U-Net blocks are transformed into Residual blocks so that the input to a block is
added to the output of the block. Abstractly, y = f(x) + z, so instead of learning the
desired output y directly, the model is learning y — z, the noise in the output. This is
based on the ResNet paper, where He et al. introduce REsidual (neural) NETworks
and show that they are easier to optimize and more accurate with increasing depth
[18]. Song et al. argue that this is beneficial in denoising models [52].

At lower layers and hence lower resolutions, attention layers are introduced at the
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skip connections of the U-Net that aim to reduce redundant feature extractions [55].
After first experiments, it showed that they increase runtime substantially so they
were not used in this project.

The authors also use the Sigmoid Linear Unit SiLU activation function rather than
ReLUs. SiLU is basically sigmoid of x multiplied with x so SiLU(z) = x - H%
The function looks very similar to ReLUs but has a smoother gradient rather than a
jump at x = 0.

Further, an embedding of the time step t is concatenated to every layer (here the
Sinusoidal Positional Embedding [28]), and values are normalized using Group Nor-
malization, where channels are organized into groups and then the values in one
group is normalized rather than in one batch. This helps when using small batch
sizes [62] as done in this project due to memory limitations in such a big network.

Lastly, residual encoders are introduced as an option where a parallel encoding
stream is implemented in which the original input is subjected to a single down-
sampling convolution at each layer. This auxiliary patch is then added to the layer
output (and multiplied with % to keep the scaling roughly similar). This is due to
the characteristic of deep U-Nets to transform the original sample so intensely that
in the beginning of training, when weights and biases are randomised, the signal
can get so reduced that it gets hard to recover in the decoder.

2.2.2. Hyperparameter Optimization

Whilst the general DDPM and U-Net setup is given, there are various architectural
decisions to make. Learning success can highly vary depending on the chosen con-
figurations like which loss function is used or how many layers the model has. In
this section, these options are discussed in relation to the precipitation inpainting
challenge, also considering constraints like runtime and memory usage.

Parameters The parameters used can be subdivided into the broader categories
U-Net, DDPM and Training that are discussed in the following paragraphs.

U-Net The 'Song U-Net’ used has a range of parametrization options for DDPMs
out of which most are listed here. For the others, the default values provided were
regarded as sufficient.

* Model channels - the base number of channels introduced in the first layer
* Layers - the number of layers

* Channel multiplications - the factors by which the base channel number is mul-
tiplied in each layer going to the next lower” one

* Block number - Number of residual blocks in each layer
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* Dropout rate - the rate of activations chosen at random that are zeroed at every
forward pass during training, to stabilize it

* Downsample type - whether to use residual encoder layers or not

¢ Attention layers - at which resolutions attention layers should be implemented

As mentioned, attention layers are not used in this project. Similarly, whilst tech-
nically the model can extract more features, the more model channels are included,
using too high number of initial model channels caused the model to run over a
week, 128 was chosen as a middle ground.

DDPM In terms of DDPM architecture, the two main aspects are number of time
steps and the chosen beta schedule.

In terms of the former, 7' = 1000 is often chosen as the default option in literature
(e.g. [20]). Whilst different values were tested, 1000 showed to be a good balance
between complexity and efficiency.

For the latter, it is first necessary to determine the intended 3 values at the first
and last time step. In this project, the standard $; = 0.0001 and g7 = 0.02 were
chosen (see [20]).In terms of the change of beta over the time steps, three alternative
schedules were considered.

e Linear: 8 = 81 + (Br — B1) =%

¢ Quadratic: 8; = (\/E+ (\/ﬁin \/E)%;_ll>2

¢ Exponential: 5; = 1 (%) T

The schedules differ in how much noise is added at each step, in the linear sched-
ule, it is fairly consistent, the quadratic schedule is slower in the beginning and
faster in the end whereas the exponential schedule is even more extreme.

Often, also a cosine beta schedule, introduced by Nichol and Dhariwal in 2021
[43], is used. Here, Eq. 20 is used, which might be an interesting option in future
implementations.

2
t/T—‘rS e
A Cos ( Tts §>

=1- . = 20
Bt 1 0% o (%)2 (20)

Training In terms of training, the parameters to configure here are the standard
machine learning aspects loss function, scheduler, optimizer and learning rate.

In DDPM research, mean squared error (MSE), so the mean squared difference
between the noise € added at time step ¢ and the noise predicted by the model, so in
this case 2 "7 | (e — eg(24,1)).

n
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Considering optimization, the standard Adam [29] and AdamW [33] optimizers
were compared. For learning rate schedulers, an exponential learning rate with
v = 0.99 and a warmup cosine schedule with 3 warmup steps were considered.

Optuna The optimization was conducted using the Optuna framework. While a
traditional grid search is possible with the framework, it is in this case infeasible.
Hence, Optuna defaults to a more elaborate design-by-run principle where it starts
with a random parameter configuration test (in Optuna terminology trial) and be-
fore every new trial the configuration is set based on the success of past trials [1]. It
starts with a random configuration. The ranges of parameters tested and optimiza-
tion results from Optuna are shown in Table 4.

Parameter Name  Possible Range Optimized Value
num_blocks 1-3 3

dropout 0.0-0.3 0.2704
downsample_type residual, standard residual
channel_mult 124,1224,1248, 1124 1124
beta_schedule linear, exponential, quadratic linear

optimizer Adam, AdamW AdamW
scheduler Exponential LR, WarmupCosine ExponentialLR

Ir 1x107°-5x10"* 1.871 x 10~*

Table 4: Hyperparameters for the normal DDPM model.

2.2.3. Sampling and Inpainting

Next, it is discussed how the DDPM generates fields of the learned distribution and
actually implements the inpainting.

As discussed, sampling in DDPMs is done by creating random Gaussian noise
and then creating an image (the sample) in the learned distribution by using the
reverse process, continuously subtracting the noise the model estimates over all time
steps.

During inpainting, some cells of o, the output image, are known. Hence, inpaint-
ing can be achieved by overwriting the sample at every time step with the known
cells. Two problems can arise here that are discussed in the next paragraphs along
with the implemented solutions.

Clamp Range Firstly, during DDPM training the model always only learns to es-
timate the noise added at a specific time step. The model might learn to nudge a cell
of z; to a higher value so that it becomes part of the learned distribution (because it
estimated the noise added to have been negative). If this happens at all 1000 time
steps, the value in the cell can fall way outside the range of training values.

23



This is encountered by introducing a clamp range. After each update in the re-
verse process, the values in the cells of x;_; are clamped to a range (cnin cnaty go
that it is guaranteed that the values do not fall outside this range.

The range changes for every t, because if only one range was applied it would
either be to wide (larger than the training data) or the clamping would cause the
values to already be within the desired range during the early reverse process so the
model can nudge values only away from the boundaries so the resulting precipita-
tion values are only in a middle range.

The clamp range is calculated in this investigation as follows. Firstly, the clamp
range at the start of the reverse process is chosen (7", cm4%) = (-3.5,5). These
values were selected experimentally, given that the data used in the model is nor-
malized and the training data is within a range of about (—0.3, 3.3).

Next, the clamp range at the end of the reverse process (¢, ™) is calculated.
Let T be the set of values x; € T in the training data. The clamp range at the end
(t = 0) is calculated using Egs. 21. The lower boundary is just the minimum value
in the training data.

i — min(T)

Trmaz = max(T")

th = X99.9 + 050 (21)
Tah = §(xmax + $max>
Cond = Max(Tgh, Tah)

The upper boundary uses the 99.9th quantile zg99 = ¢(7,0.999) as well as the
standard deviation o = std(T’) to calculate a quantile-based high z ., value. If the
maximum value in the dataset is higher than the quantile-based high, the average
of them is used as this indicates that the maximum value is an outlier. This way
a compromise was found between allowing the model to estimate high values, po-
tentially higher than in the training data, and not allowing outliers to dominate the
final range of values.

Finally, (¢, ¢i"*) are calculated by linearly interpolating (¢, ¢4z, ) (¢min cmar)
using ¢.

To leave the model some degree of freedom, the clamping is skipped for the last
five time steps of the reverse process (0 < ¢t < 5), so the estimated values can cross
the clamp range, but they are less likely to exceed the range significantly.

Diffusion Posterior Sampling The second problem arising concerns the inpaint-
ing process described. When overwriting the known cells at every step of the re-
verse process, known as hard conditioning, the surrounding cells might still differ a
lot in an unrealistic way.

To counter this, Chung et al. proposed a method called Diffusion Posterior Sam-
pling [10]. The idea is best explained visually. Figure 9 is a representation of the

24



G

Figure 9: The DPS inpainting process visualized for two representative cells, C; and
(5. The axes represent the values the cells can take. The blue area is the
precipitation distribution in general to learn and the orange represents the
part of the distribution that matches the known values. Every gradient of
the sampling step in the reverse process (red) is slightly nudged (green) to-
wards the distribution with the known values by DPS. The figure reduces
the distribution to two dimensions whilst the actual distribution to learn
is over 1024 x 1024 dimensions.

reverse process. After a normal sampling step (red) instead of overwriting the val-
ues directly, the gradient proposed in that step is slightly nudged into the direction
of the subset of the distribution (green).

In Algorithm 2.2.3, the essential structure of the DPS inpainting implementation
is given. Most lines are the same as in the sampling, the noise is estimated (line 3)
and subtracted (line 4) according to the DDPM paper, some extra noise is sampled
(line 5) added (line 6, except for ¢t = 0), and the result is clamped (line 10).
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Algorithm 1 DPS Inpainting

1. xp ~ N(O, I)
2. fort=T,...,1do
3: ét = Gg(xt,t)
4: e = \/%3715 Ty — ll__ac'—it €t)
5: z~N(0,1)
pt + Bz, t>1
6: Ti—1 =
Ht, t=1
7: i‘o = Li—V 1 €t '\;%&t 2

8: gt = th%HM © (Txnown — ‘%O)H%

9: Tp_1 = T4—1 — AGy
10: x4—1  clamp(x¢_1)
11: end for

12: return zg

The only difference is lines 7-9. Firstly, the final sample %, is estimated (line 7)
given the state of the reverse process so far (assuming it being deterministic from
there on). Next, the difference between the known cells zy,own Of the stations, se-
lected by a mask M, with the projected final sample is estimated, and subsequently
the gradient of the error between them calculated (line 8). This gradient is then
multiplied by some factor A and subtracted from the sample, essentially moving it
towards the distribution with realistic rain patches that match the known cells by
the factor \.

2.2.4. Evaluation

Before examining the results, the metrics used are discussed in the following para-
graphs. In order to do so, firstly the terminology is defined. Let the ground truth G
be an array of dimensions 7' x W x H, where T is the number of samples (here for
both hourly and daily model 365), W the width and H the height.

The set of indices of all cells is defined like this:

C={({thw)|t=1,...,T;h=1,.... Hyw=1,.... W} (22)

Then g. € G,¢c = (t,h,w) € C is the cell of the ground truth at time step ¢ at
cell (h,w) We define Z C C to be the subset of indices in the ground truth where
Ve €1 : g. € R, so the value at the cell is not missing. Similarly, we define the model
output O to have the same dimensions and be indexable in the same way.

Let further p1y = ﬁ > cc1 9c be the mean of the ground truth, 1, = ﬁ > ecz Oc be

the mean of the model output, o, = \/ Y ocer (9e — pg)2, be the standard deviation
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of the ground truth and o, = \/ > eet (0c — MO)Q be the standard deviation of the
output.

RMSE In training, MSE was used as a loss function to train the weights and biases.
For evaluation of pixel to pixel difference between model output and ground truth,
RMSE is used here instead. The main advantage is that it allows for an intuitive
interpretation - the unit of RMSE score is the same as the one of the input variables.
This can be seen via the following formula - the unit is squared, averaged and rooted
again.

RMSE = \/ 73 (o= g° @3)

ceT

Correlation Another aspect related to RMSE is correlation that measures whether
both datasets differ from their mean at a cell in the same way. High correlation
would indicate that the model predicts rainfall at the same spatial location as the
ground truth, even if the magnitude differs. The value ranges from 1, indicating a
perfect correlation over 0, showcasing no correlation at all to -1, indicating a per-
fectly negative correlation.

Corr — ZcEI(gC - ,ug)(oc — o) . (24)

0400

Bias Next to assessing the pixel to pixel similarity, another important factor is
assessing whether the model generally over- or underpredicts rain. Here, the bias
can be calcualted by averaging the difference between output and ground truth. The
values can be positive or negative, indicating over- and underprediction of rain.

1
Bias = m Z (0c — ge) (25)
ceT

SSIM Lastly, it is important to consider, that if a model for example recreates the
shape and intensity of a storm perfectly, but is just a few kilometres off, this will
yield bad RMSE correlation scores but might be better than a model that gets the
shape and intensity wrong but perfectly places the storm. For such and further
situations, Wang et al. introduced the Structural SIMilarity index (SSIM) [57].

The index is measured using the following formula, where the first factor mea-
sures "luminance”, so whether the intensities of the values are similar or not, and
contrast/structure by looking at whether there is similar variance.

Q,Ugﬂo +C ) 2090 + Cy

SSIM — ,
pi+pi+Cr 02402+ C

(26)

luminance contrast & structure
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g0 = Y _(9e — tg)(0c — Ho); 27)

ceT

and C, C; are small positive constants added for numerical stability.

Technically, this is more like a combination of the previous metrics. The new idea
for SSIM however is that the value is calculated only for a small patch in the out-
put (here 7x7 km?), so mean and standard variation are calculated for all possible
sub-patches of the given size. Subsequently, these values are averaged. The authors
show that this way a more intuitive structural similarity between images can be as-
sessed that is less sensitive to spatial shift. The values range from 1 (high structural
similarity) to 0 (low structural similarity).

2.2.5. Over- & Underfitting

Diffusion models often train over several hundred epochs, sometimes over a thou-
sand (see e.g. [16, 41]). Like in any deep learning model, a balance needs to be found
to avoid over- and underfitting to the training data.

Two methods of dealing with that are the use of validation data and early stopping.
As described in Section 2.1, in this project the available radar data was split into the
years 2001-2011 for training, 2012-2017 for validation and 2018 for testing. Hence, if
the model is overfitting to the training data over the course of many epochs, valida-
tion loss might increase again which can be a way to detect it.

Another option to try to decrease overfitting is to define a maximum period of
epochs that a model continues training after loss does not improve any more. This
period is called patience and is considered a form of early stopping. Another way
to approach this is setting a maximum number of epochs 1,4, and minimum value
0 by which a model needs to have better validation loss at the end of an epoch
than in previous epochs. It is considered a form of early stopping even though the
model continues to train, and included in major frameworks like Keras and Pytorch
Lightning. It is illustrated in Algorithm 2.
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Algorithm 2 Training with early stopping via a minimum improvement threshold

Require: Maximum number of epochs nmax, minimum improvement threshold 6,
untrained model M
Initialize model parameters
Lypest < 00
Mpest < copy (M)
fort = 1to nyax do
Train model M for one epoch
Compute validation loss Ly (t)
if Ly (t) < Lpest — 0 then
Lypest Lval(t)
Mpest < copy (M)
end if
: end for
: return Mpegt, Lpest

O N D d Ry

_ s =
N = O

The core improvement to patience is, that if model is stuck during gradient de-
scent for several epochs in a plateau, it might still be able to descent to a minima
way later. In that case, early stopping is not triggered yet, but also the continued
training is only used if there is substantial improvement, defined via  which can
help with overfitting.

This approach was chosen in this project, as it also helps to balance underfitting
and resource use: defining a maximum amount of epochs hence accepting that a
model might underfit at the end as more training would be infeasible in terms of
resource use. For this investigation, the values n,,q;, = 250 and § = 10~* were
chosen.

3. Experiment I: Hourly Model

To assess the DDPM, firstly, its reconstruction of the ground truth used for training
via station data inpainting is assessed in this experiment. The training of the model
is described in Section 3.1. Next, the inpainting results are presented in Section 3.2.
Lastly, the results are analysed in an initial experiment discussion in Section 3.3.

3.1. Training
The training of the model is showcased via its learning curve and sampling results

shown in the paragraphs below.

Learning Curve InFig. 10 the learning curve of the hourly model for both training
and validation loss (MSE) is portrayed. It follows an expected steeper descent in the
beginning and slower in the end, and (mostly) a higher validation loss than training
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Figure 10: Training of the hourly model over 250 epochs, including training and val-
idation loss.

loss. The best model was achieved in Epoch 233 with validation loss 0.035797 and
had sufficient improvement to the previous best of 0.035957 in Epoch 231.

Sampling To test the model performance, samples can be generated, based on
completely random noise (so no inpainting). In Fig. 11 the process of sampling over
various epochs (10, 50, 150 and 233, the final best epoch) is showcased, compared to
samples from the RADKLIM dataset.

Subjectively, the difference does not appear to be big apart from seemingly big-
ger connected rain-fields in later epochs. A more formal approach is to compare
samples over various epochs with statistical tools. Here, histograms and radially-
average power spectral density (RAPSD) curves are used to compare RADKLIM with
generated samples. The results are showcase in Fig. 12.

RAPSD curves use Fourier transforms to analyse the power (variability) at dif-
ferent spatial frequencies (signal change over space) [14] that have been used as
analysis tools in similar research [47, 19].

For example, high power at a low frequency indicates high variability in bigger
structures in an image. If the RAPSD curve of generated and real values look similar,
this indicates that the model learns a distribution that plots similarly big rainfall
structures and variability within them.

For the RAPSD curves, an improvement can be seen over the course of the train-
ings, with the real and generated curves becoming closer. The histogram values for
the generated samples do not differ much, apart from an unusual spike around 30
mm / hour at epoch 150. Overall, training appears to be stable.
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Figure 11: Samples produced by the hourly model at different epochs, compared to
samples from the RADKLIM hourly dataset. Sample distribution varies a
lot so a small subset provides just an impression.
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3.2. Results

To examine the model results, first the inpainting is qualitatively checked and com-
pared against the station data input and the ground truth. Next, the results are
evaluated quantitively with the metrics described in Section 2.2.4.

3.2.1. Inpainting

For the actual inpainting task, first the A\ parameter described in Section 2.2.3 needed
to be optimized. In order to do so, a 0.01% mask was applied to the radar data, and
the model was used to inpaint the masked data with different configurations of \.
The output was compared with the original and the value with the lowest MSE
being found at A = 0.02, see Fig. 13.

Subsequently, the data was inpainted. As the hourly model had 365 - 24 = 8760
and inpainting 1024x1024 patches took substantial resources, only a subset of 365
time steps was inpainted. From every day an hour was selected at random under
the constraint that in every month every hour of the day was chosen once. This was
conducted to ensure that the results are stable over the whole year and all-day.

The results are portrayed in Fig. 14. It is evident that the inpainted patches are
not identical to the radar data, but the general shapes and intensities seem to be
preserved.
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Figure 12: Histograms and RAPSD plots of model samples at different epochs for
radar/real (blue) and sampled/generated (orange) rain patches. An im-
provement can be seen over the course of training in the RAPSD curves.
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Figure 13: Test of different lambda values in inpainting. A random mask of 0.01 %
was applied to 20 256x256 patches in the RADKLIM dataset and MSE of
the inpainted patch in comparison to the original was measured. Best

error was reached at A = 0.02.

3.2.2. Metrics

The results for the hourly model for the four described metrics RMSE, Correlation,
Bias and SSIM described in Section 2.2.4 are shown in Table 5. The RMSE is 0.5772
mm /hour with a mean (over all the inpainted time steps) of 0.3359 and a 40% higher
standard deviation. A slight positive correlation of 0.30 can be observed. The in-
painted stations exhibit very little bias in relation to the ground truth, slightly over-
estimating the values and the structural similarity appears to be high with a SSIM

score of 0.88.

Metric Value Mean (over time
Std (over time)

RMSE 0.5772 0.3359
0.4696

Correlation 0.2965 0.2182
0.1995

Bias 0.0088 0.0087
0.0334

SSIM 0.8799 0.8799
0.0949

Table 5: Summary of evaluation metrics for the inpainted fields of the hourly model.

Next, model performance over the daily and yearly cycle is evaluated in order to
see if the model misperforms at specific times of day or points in the year or rain
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Figure 14: Inpainted hourly station data at six random time steps, compared with

34 the ground truth radar data. The station data points have been magnified
to make them visible in comparison in this and all following station fig-
ures. Plots are shown on a log scale to make low precipitation visible.



Model Performance by Month
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Figure 15: Model performance in the annual (top) and diurnal (bottom) cycle for the
four metrics. Rain intensity is added for reference on a different scale, to
make trends comparable. Whilst Bias, and SSIM seem fairly consistent,
correlation and RMSE vary more, the latter seeming linked to rain inten-
sity

intensities. The results can be examined in Fig. 15. .

Average rain intensity (in mm/h) was also added for reference. A clear seasonal
pattern can be seen for the year 2018, with most rain occurring in the winter months
(Jan, Dec) and in spring (March through June) and a drier summer.

It is noticeable, the the RMSE is often much higher than the average rain inten-
sities. Bias remains very low and SSIM very high throughout the day and year.
Correlation appears to be mostly independent of rain intensity.

3.3. Experiment Discussion

In this section, the results of the first experiment, the hourly model, are analysed.
The output is discussed in relation to its architecture, strengths and weaknesses are
examined and ideas for improvement proposed.
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Strengths The model seems to have learned well over time, potentially an even
longer run might have produced even better results as validation loss still appeared
to descent in the last epochs. Subjectively, the samples produced seem realistic and
similar to ground truth samples. Hence, the learning of the data distribution is at
least somewhat successful.

The bias is consistently very low, also in relation to the rain intensity. In most
months, the bias is slightly positive and only shortly after noon it is a briefly nega-
tive. This shows that the model slightly overestimates precipitation magnitude, but
not substantially.

The hourly model has good SSIM scores and the RAPSD curve is very close to
the ground truth values, even though the latter must be viewed with caution as it
is only based on 128 256x256 patches sampled from the model. This indicates that
the model output matches the learned distribution structurally which might be due
to the more selective importance sampling in the hourly model, where only 2% of
patches were chosen, favouring high-precipitation areas (see Section 2.1.2).

Weaknesses Without comparison, the RMSE of 0.58 mm/h is hard to interpret.
However, it is noticeable that it rises and falls with rain intensity. The high standard
deviation of 0.47 also indicates that when there is precipitation, the error gets even
worse.

Another drawback of the model appears to be the small positive correlation. Both
suggest that the model might output unbiased and structurally plausible rain fields,
but does so a few kilometres away.

Whilst the histogram improved over training, across all epochs radar values were
higher than the generated values, whilst the generated ones had a higher peak at
0. When examining further, the 99.9th percentile of the ground truth ( 5.9mm/h)
and the model output ( 6.1 mm/h) is similar, but the maximum value in the ground
truth (77.4 mm/h) is much higher than the one from the output (39.4 mm/h).

This might be due to the scaled distribution never having values < —0.5 whilst
the positive values go up to around 6. However, during inpainting we start with
Gaussian noise that should have a similar positive and negative range.

Ideas The spatial shift of clouds could be improved by considering geographic
information. Rainfall might often occur on the side of a mountain, close to the sea
or in a specific area at a specific time of year.

The model as trained only works with one input channel but could easily be ex-
tended to hold information about altitude, longitude, latitude and embedded tem-
poral information. Further, the overestimated zeroes could be encountered with a
more aggressive clamping approach.

Another option to improve the location is to include geographical coordinates in
training, as done in the REGNIE method (see Section 1.4.1), for example via an extra
channel.
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4. Experiment II: Daily Model - HYRAS comparison

After assessing the hourly model trained on the RADKLIM dataset, the first com-
parison to a statistical interpolation approach, the REGNIE method described in
Section 1.4 can be discussed.

As HYRAS, the resulting dataset is only available at a daily resolution, the main
difference is that the hourly radar training data was aggregated to days and used in
a new model, with a separate importance sampling scheme resulting in about 50 %
of the patches being used.

Again, the experiment presentation is split into training (Section 4.1), results (Sec-
tion 4.2) and experiment discussion (Section 4.3).

4.1. Training

As mentioned in Section 2.1.2, the hourly model was trained with stricter impor-
tance sampling, leading to only 2% of available patches used. In the following the
model, learning process is discussed as well as the model’s samples throughout
training.

Learning Similarly to the hourly model, the daily model’s training and validation
loss falls rapidly in the first epochs but seems to converge more quickly to minima
during gradient descent as shown in Fig. 16.

Here, the overfitting prevention described in Section 2.2.5 is used. Whilst in 250
epochs the model reached its lowest validation loss at epoch 236 with a loss of
0.02193, the improvement does not exceed the threshold 6 = 0.0001 to the former
best model in epoch 181 at a loss of 0.02194. Therefore, the model 181 was chosen
as the best model due to the possibility that the model could have overfitted to the
training data in the epochs 181-236.

Sampling The samples produced during training are shown in Fig. 17. Again,
only eight samples show a small subsection of learned distribution. It seems that
the model learns subjectively, already realistically looking at rain patches early on.

However, in Fig. 18 we can see that the RAPSD curves become more similar
over the course of training. However, whilst the histogram similarity between real
(radar) and generated (model) values seems to overlap nearly perfectly in Epoch
100, the results get worse in epoch 181.

Specifically, the model seems to overpredict very low (and partly very high) rain
intensities again, and appears also to underestimate rainfalls between 5 and 80
mm/day.

4.2. Results

First, some examples of the inpainting of the model next to the station data and
the ground truth are presented, in this case including the HYRAS reconstruction,
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Figure 17: Samples produced by the daily model at different epochs compared to
real samples from the ground truth RADKLIM dataset.
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followed by a discussion of the model output performance.

4.2.1. Inpainting

The inpainting of the daily station data is shown in Fig. 19, compared to the sta-
tion data itself, the ground truth radar data, and the HYRAS interpolation for six
randomly chosen days throughout the year.

In general, the inpainted and HYRAS data seem most similar as they are based on
the same data. On some days, the HYRAS dataset seems slightly more blurry than
the other complete datasets.

4.2.2. Metrics

As the model inpainting subjectively seems to have performed well, the perfor-
mance is tested using the metrics described in Section 2.2.4 in the following para-
graphs.

The main results of the model output compared to the ground truth are shown in
Table 6, together with the equivalent HYRAS/ground truth comparison.

Metric Model Output HYRAS
RMSE 2.8114 2.4251
Correlation 0.7760 0.8299
Bias 0.1180 0.0153
SSIM 0.7466 0.8558

Table 6: Evaluation metrics for daily inpainted precipitation fields: model output
compared to HYRAS. NaN values are ignored.

Whilst a positive correlation of 0.78 can be seen and some structural similarity
is observed with a SSIM score of 0.75, HYRAS outperforms the daily model in all
metrics. This includes RMSE which 0.4 mm/day lower in the HYRAS daily model
as well as roughly a tenth of the bias the DDPM daily model has. Interestingly, both
models seem to slightly over predict the rainfall in relation to the ground truth.

Furthermore, it is interesting to note that in most months, the RMSE exceeds the
mean rain intensity, both for HYRAS and the DDPM inpainting output.

In Fig. 20 the metrics are examined over the months of the year. It can be seen
that HYRAS consistently outperforms the DDPM model.

The only category where the DDPM model is slightly better is in the BIAS in the
spring and summer months April through August, as both models slightly under-
estimate the ground truth values on average in those months and the DDPM seems
to in general predict slightly higher values than HYRAS.

Next, the power spectral densities of the ground truth, HYRAS and the DDPM
model output are compared. The results are presented in Fig. 21. For very low
frequencies below 1072 the models mostly match the ground truth.
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Figure 19: Precipitation at six randomly chosen days of the year (rows) for the sta-
tion data itself (white areas represent missing values), the inpainted sthl
tion data, the ground truth radar data and the HYRAS interpolation.



Monthly Performance: RMSE & Bias
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Figure 20: HYRAS compared to the daily DDPM model output over the course of
the year: RMSE & Bias (top) and SSIM & Correlation (bottom). As RMSE
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For medium frequencies slightly above that, the DDPM inpainting has lower en-
ergy than the other two. This shows it slightly underestimates the variability of
medium sized structures, such as potentially smaller rain bands around a mountain
range.

For higher frequencies, i.e. smaller structures such as little regional showers, the
DDPM Inpainting matches the ground truth slightly better, whilst HYRAS predicts
less variability or ‘power’.

As the HYRAS dataset clearly matched the ground truth better than the DDPM
output in most regards, three further checks were conducted to test the DDPM
model performance:

1. Other Epochs: As the histogram of the daily model seemed worse in epoch
181 than in epoch 100, and the early stopping might have disrupted potential
further learning, the station data was inpainted for the models at epochs 100
and 220 as well.

2. Monte-Carlo Average: Deterministic models might be better than a proba-
bilistic model like a DDPM but produce blurrier results. Effectively, the model
is learning the distribution but can create loads of possible inpaintings of a
masked input based on different initial noise fields drawn in the reverse diffu-
sion. Hence, a "Monte-Carlo” mode was built, where the DDPM performed the
inpainting 10 times and the results were averaged. This was only conducted
for 36 time steps (every tenth day of the year) to save computing power as this
approach is more resource intensive.

There are various Monte-Carlo methods all based on repeatedly sampling
from a distribution [5], the most basic of which (sampling and then averag-
ing) is used here.

3. Hourly Aggregate: As the hourly model had been trained anyway, it was used
to inpaint all 24 hours of selected days and then aggregated to obtain a daily
inpainting. One random day each month was chosen, again to save computing
resources.

The results are shown in Table 7. Here, the metric RAPSD Difference, indicating
the total difference between the values of the normalised model and ground truth
curve, is added as an indicator of power spectral density similarity.

Whilst it shows that epoch 181 was worse than the other two epochs examined
in the categories RMSE, Bias and SSIM, still none of the models at different epochs
outperform HYRAS in any category.

However, the inpaintings of the Monte Carlo averaging perform much better than
those of the not averaged models and get much closer to the HYRAS metric results.
Bias is even slightly better than HYRAS, the values are much higher than in the
epoch comparison which is likely due to the days chosen at random having higher
rain intensities.
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Table 7: Comparison of Inpainted Models and HYRAS across Different Evalua-
tions. The better value is highlighted to compare performance more easily.
HYRAS has slightly different values in all comparisons as only a subset of
the time steps was used to save computing resources.

Model RMSE Correlation Bias SSIM RAPSD Diff.
Daily Model vs HYRAS

HYRAS (daily) 2.4251 0.8299 0.0153 0.8558 0.001831

Epoch 100 2.7915 0.7784 0.1127 0.7571 0.003929

Epoch 181 2.8114 0.7760 0.1180 0.7466 0.001972

Epoch 220 2.7724 0.7789 0.0801 0.7685 0.001902

Daily Monte Carlo vs HYRAS
HYRAS (MC Days) 2.4643 0.8044 0.1668 0.8614 0.004734
Monte Carlo 2.4952 0.7805 0.1627 0.7671 0.006647

Hourly Aggregated vs HYRAS

HYRAS (HA Days) 2.9085 0.8756 -0.5590 0.8417 0.006366
Hourly Agg. 2.2354 0.9275 0.3284 0.7627 0.004338

The similarity between the results is shown in Fig. 22. RMSE is the same in
drier months and HYRAS is only slightly better than DDPM in the wetter months
with regard to RMSE. As mentioned, Bias is slightly better in the Monte Carlo daily
DDPM than in HYRAS, and the model does not consistently estimate higher values
than HYRAS like it did before.

The hourly aggregate model performs better than HYRAS in every category apart
from SSIM. However, it is important to note that this model had hourly station data
available, so a higher temporal resolution than HYRAS, which only used daily sta-
tion data.

4.3. Experiment Discussion

In summary, the results of the daily DDPM comparison to HYRAS point to a bet-
ter performance of HYRAS. Even though the Monte-Carlo DDPM version achieved
comparable results, this shows that an initial implementation of a machine learning
model did not outperform a traditional statistical model.

This section is again separated into strengths and weaknesses of the daily DDPM
model followed by a discussion of ideas for improvement.

Strengths The baseline (epoch 181, no modifications) model achieved some pos-
itive correlation and structural similarity to the RADKLIM dataset. RAPSD curve
similarity was comparable to the one of HYRAS, and in general very close to the
radar data.
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Monthly Performance: RMSE & Bias
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Figure 22: RMSE and Bias comparison of both HYRAS and the Monte-Carlo DDPM
model output against the ground truth as well as average rain intensities.

This shows that the model in general learned a realistic-looking distribution, which
can be confirmed by subjective interpretation of the samples produced.

The Monte Carlo daily model achieved comparable results to HYRAS in all cat-
egories except SSIM and RAPSD Difference, the latter potentially being due to the
specific time steps chosen.

As this was just a master’s thesis project compared to the much evolved and spe-
cialized HYRAS approach, this shows that there is a high potential of DDPMs to
surpass HYRAS in the future.

Weaknesses Given the prevalent structural similarity but low bias exhibited by
both the DDPM and especially the HYRAS model in the early summer months, this
indicates that both approaches recreate similar and realistic rain patches but are
likely often slightly misplaced from the ground truth. As SSIM was measured in 7
km? patches, this misplacement of rainy cells was off by more than a few kilometres.

As average rain intensity was in some months in a similar order as the RMSE of
both HYRAS and the DDPM, both results are not ideal. However, the DDPMs RMSE
in the unmodified version was 15 % worse than the HYRAS comparison.

Even if other metrics were slightly better than HYRAS, this deems the DDPM
output less usable than HYRAS for now when using the output datasets for location-
specific precipitation information. This, however, is often the main purpose of such
missing value estimators.

Ideas The daily model was built on about 50% of available radar data through
importance sampling. Utilising all of it, even if it uses less structural information
could be a good step to test the value of the importance sampling scheme.
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It was pointed out that the hourly aggregate model is, while better, not a fair
comparison to the HYRAS model due to it having access to more station data than
HYRAS in training.

However, it being immediately much better than the daily DDPM model and even
better than the HYRAS model showcases the unused information in the HYRAS
model. This shows that future iterations of HYRAS have a high potential to signifi-
cantly improve if they better utilised this data.

HYRAS, on the other hand, had more auxiliary data than the DDPM model avail-
able - it used coordinates and altitude information. As previously mentioned, this
could significantly improve the DDPM performance in a still fair comparison when
used with daily radar data, especially in the Monte-Carlo model.

5. Experiment lll: Sparse Hourly Model - U-Net comparison

For the last experiment, the DDPM was compared to a similar model that uses the
U-Net Architecture. It is based on a conference poster by Filippou et al. [13] and a
master’s thesis by the first author and was discussed in Section 1.4.

The key difference in the U-Net inpainting experiment is that it was only done
for 76 stations (the exact 76 stations described in Section 2.1 that have hourly station
data going back to 1951) resulting in a station coverage of only 0.02 % of Germany
on a1 x 1km? resolution.

The reason for this is that it is interesting to test how stable the reconstruction of
climate data will be going back decades with a realistic coverage.

In this experiment, the same model was used as described in Experiment 1 (Sec-
tion 3), but it was inpainted using the exact same 76 stations as in the U-Net Model.
It will be referred to from here on as the Sparse DDPM.

Specifically, four different modes are used:

1. Standard Sparse DDPM using one random hour each day as described in Sec-
tion 3

2. Sparse DDPM with Monte Carlo Averaging (mean of 10 inpaintings) for a ran-
dom hour every tenth day of the year

3. Daily Sparse DDPM model by aggregating the full 24 hours of a random day
each month (as described in Section 4)

4. Daily Sparse DDPM with Monte Carlo averaging (mean of 5 inpaintings) for
the full 24 hours of one random day each month

This section begins with a note on exactly how the output of the DDPM can be
compared to the results of the Filippou et al. U-Net in Section 5.1, followed by the
actual results in Section 5.2 and concludes with a discussion of these in Section 5.3.
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5.1. Filippou Comparison

In the master’s thesis, the author runs ten different U-Net based models using the
architecture described in Section 1.4. They differ in regard to how much secondary
information such as wind and temperature and precipitation station data from pre-
vious time steps is included in additional initial channels next to the station precip-
itation channel.

As no additional information was used in the DDPM, the results are compared
to run number 1 in this thesis which does not use any additional information, un-
less otherwise stated. Results from other runs are amended where appropriate for
context.

In contrast to the inpainting conducted in this thesis, the U-Net model output
includes all time steps of the year 2018, (every hour) whilst for all modes described
above, only a subset was used.

As a further difference, both results were mapped to the HYRAS grid to make
all three comparable. Whilst the U-Net output was also remapped using nearest
neighbour mapping, the implementation could have been slightly different to the
one used here. It is important to take these aspects into account when analysing the
results.

Filippou saw the RADKLIM dataset as the ground truth in the model as well, but
also compared the model’s results to HYRAS directly. Whilst similarity to HYRAS
is less informative than comparison to radar data as it is a secondary data source,
radar data has various quality issues (as described in Section 2.1 and HYRAS was
developed and calibrated by industry experts.

To establish a proper comparison, the author was contacted to provide the actual
output of the U-Net. Unfortunately, these results could not be retrieved as they now
work at a different place. Only a previous output was still found at the University
of Hamburg but it turned out to perform much worse than the one described in the
thesis.

Therefore, the comparison to the U-Net is conducted by comparing the main met-
rics discussed in the thesis itself. These are as follows:

1. RMSE - the cell to cell root mean squared error was calculated the same way in
both the U-Net and the DDPM. The U-Net also offers a month-specific output.

2. Correlation The U-Net also assessed the Pearson Correlation Coefficient equiv-
alently to the formula used here. However, the results are only provided in a
monthly figure, making the comparison less exact.

3. Temporal Correlation Maps Next to spatial correlation as described above,
the U-Net model output’s temporal correlation is also assessed via temporal
correlation maps. As these results are only provided in the form of maps, they
can only be graphically compared which is avoided here due to it being highly
subjective (unless using specialized frameworks).
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4. Total precipitation Difference This metric is similar to bias and sums the dif-
ference between ground truth and model. The formula is given in Equation
28, where again T', W, H represent the range of time steps (¢), height (k) and
width (w), of all ground truth g, 5, ,, and output oy 3, ,, cells respectively.

T H W T H W
PRAF =D D > gunw— D D D> Ouhw (28)
t=0 =0 j=0 t=0 =0 j=0

5.2. Results

Before looking at the results of the comparison to the U-Net, first the output is exam-
ined in general in Section 5.2.1. Next, the U-Net comparison is conducted in Section
5.2.2. Lastly, a note on the similarity of both models to the HYRAS dataset based on
the REGNIE method is written in Section 5.2.3.

5.2.1. General

The model output for the inpainting of the 76 stations can be seen in Fig. 23. It is
evident that the ground truth (Radar) and DDPM output (Inpainted) differ signifi-
cantly. The ground truth seems to have in general finer structures, whilst the DDPM
estimates bigger connected precipitation fields.

Looking at the results of the metrics, surprisingly, the sparse hourly model (with
only 76 stations) performs better than the baseline hourly model from the first exper-
iment (Section 3) that used all available stations in 2018, at least in terms of RMSE,
which might be due to the specific subset of time steps chosen.

Bias of both models compared to the ground truth radar data is similar, and cor-
relation and structural similarity (measured again via SSIM) is worse in the sparse
model than in the baseline model.

Especially spatial correlation of the sparse model is worse here, with a Pearson
Coefficient of 0.206 compared to 0.297 in the baseline model.

Table 8: Evaluation metrics for the sparse hourly model compared to the Hourly
baseline. Mean and standard deviation are computed over all 365 inpainted

time steps.

Metric Sparse Model Mean  Std Baseline Model
RMSE 0.5301 0.3484 0.3997 0.5772
Correlation 0.2059 0.1111 0.1410 0.2965

Bias 0.0087 0.0087 0.0650 0.0088
SSIM 0.8338 0.8338 0.1011 0.8799

For completeness, the performance of all metrics over the course of the year and
day is portrayed in Fig. 24. It shows that RMSE is again dependent on rain intensity,
and that rain intensity, is on average much lower than the root mean squared error.
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Inpainting Results
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Figure 23: The inpainted hourly model with only data from the 76 stations. Input
data is evidently very sparse, showcasing the difficulty of the missing
value estimation task. 49



Model Performance by Month
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Figure 24: Sparse hourly model over the course of the year (top) and day (below) for
RMSE, Correlation, Bias and SSIM. Average rain intensity is amended.
Notably, it uses a different scale (on the right) than RMSE and bias to
make trends comparable.

Correlation falls roughly between 0.1 and 0.2 over the course of the year, in line
with the correlation mean of 0.111 shown in Table 8. Bias seems mostly at a sta-
ble low throughout months and hours and SSIM has a slightly higher value in the
summer months.

5.2.2. U-Net comparison

For the U-Net comparison, the three metrics chosen, RMSE, Correlation and Total
Difference are presented separately.

RMSE The results of the RMSE comparison are shown in Table 9. Next to the
sparse U-Net and DDPM model results themselves some model variants are added
for reference, for the DDPM the ones described above and for the U-Net the best
performing U-Net run (in terms of RMSE). This was run number 5 that utilized
wind data in an extra channel next to the precipitation channel.

The U-Net clearly performs much better than the (non-aggregated) DDPM, with
the sparse DDPM’s RMSE being more than three times higher. Whilst the aggre-
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Table 9: RMSE of U-Net and Sparse DDPM model variants against the radar data
at hourly and daily (for the aggregated DDPM models) resolution, given in

mm/h.
Model type | U-Net U-Net | DDPM DDPM DDPM DDPM
Run 5 Monte | Aggregated Aggregated/
Carlo Monte Carlo
RMSE 0.1611 0.1594 | 0.5301  0.4902 0.1244 0.1245

Monthly Mean Field Correlation of Hourly Means - comparison with RADKLIM
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Figure 25: Spatial correlation (using the Pearson correlation coefficient) of the U-Net
against the RADKLIM dataset over the course of the year 2018. Run 1
(orange line) using just precipitation data is used as the main reference
here. Figure taken from [13].

gated daily sparse DDPMs have slightly better values, this comparison is just in-
teresting for contextualization but not fair as it uses 24 data points for each station
rather than one.

The U-Net Run 5 can only slightly decrease the baseline U-Net by about 1.1 %
whilst the Monte Carlo averaging reduces the sparse DDPM RMSE by 7.5 %. The
Monte Carlo run of the aggregated model actually increases RMSE very slightly, but
as aggregating over the day is effectively very similar to averaging this result is not
that surprising.

Correlation Spatial correlation of the different U-Net runs from [13] are shown in
Fig. 25. Correlation coefficient values of the baseline Run 1 range between about
0.37 in January to 0.18 in May, indicating a small positive correlation. The best runs
reach a correlation of 0.42 in January.

Comparing this to the DDPM correlation over the course of the year in Fig. 24, it
shows that the sparse DDPM model reaches the highest correlation coefficient just
over 0.2 in March, the U-Net baseline model from Run 1 exhibits a stronger positive
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Model Performance by Month
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Figure 26: RMSE, Bias, Correlation and SSIM over all months of the year for the
Monte Carlo Sparse DDPM version. Again, rain intensity is added on a
different scale. The rain intensity peaks differ to the normal version as
less time steps were used.

correlation with the ground truth in all months.

Notably, both models have similar correlation peaks over the course of the year,
namely in the months January and March, as well as partly slight increases in Septem-
ber and December.

The Monte Carlo version of the Sparse DDPM achieved a correlation coefficient
of 0.3289. This significantly increases the normal Sparse DDPM correlation by 59.7
%. The monthly development is shown in Fig. 26.

Correlation appears to be higher in the beginning of the year and lower in the
end, and in several months higher than the U-Net model output values.

Total Difference Lastly, total precipitation difference was examined using Equa-
tion 28. Hence, a positive value indicates ground truth underestimation whilst a
negative value indicates overestimation.

The results are showcased in Table 10. Again, the U-Net and DDPM results are
shown with modified versions, for the DDPM the Monte-Carlo version and for the
U-Net the best model regarding total precipitation difference, Run 9. This run in-
cluded precipitation station data of the current, the two previous and the two fol-
lowing time steps as extra input channels.

Also in this metric, that is similar to bias, the U-Net is performing better. How-
ever, it underestimates the ground truth whilst the DDPM overestimates it about 3
times as much. Interestingly the Monte Carlo Version is worse here than the DDPM
itself, and also conversely underestimates the ground truth.
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Table 10: Total precipitation difference of U-Net and DDPM model variants com-
pared to the radar data, given in million mm/h. The DDPM values were
proportionally scaled up to 365 - 24 = 8760 time steps to ensure compara-

bility.
Model type U-Net | U-Net | DDPM DDPM
Run 9 Monte Carlo
Total Precipitation 9.8548 | 6.7933 || -31.059 56.9225
Difference (mil. mm/h)

5.2.3. HYRAS comparison

After comparing the DDPM to the ground truth in Experiment 1, to REGNIE/HYRAS
in Experiment 2 and to the U-Net here in Experiment 3, some final results on the
comparison of all three models are presented here.

This is possible due to Filippou et al. also aggregating and comparing their U-Net
to the HYRAS dataset (and herby the REGNIE method.

Due to the described partial advantages of the HYRAS dataset over the radar data
from the RADKLIM dataset, the HYRAS data is seen as the ground truth just in this
section.

RMSE The RMSE results are shown in Table 11. The data shows that the aggre-
gated Monte Carlo version of the sparse DDPM is more similar to HYRAS than the
ground truth is in terms of RMSE, whilst this is not the case for the U-Net. Espe-
cially in the improved version, the DDPM resembles the HYRAS dataset more than
the U-Net does.

Table 11: RMSE comparison of HYRAS against the ground truth, model output, and
improved model output in 2018,” given in mm /h. The improved model is
the Monte Carlo version for the DDPM and Run 5 for the U-Net (includ-
ing wind data). HYRAS vs. ground truth has two different values for the
models as different time steps were used.

Model | HYRAS vs HYRAS vs HYRAS vs
Model Improved model Ground truth
(Using Model time steps)
DDPM 0.1288 0.1039 0.1212
U-Net 0.1484 0.1474 0.1093

Correlation The Pearson correlation coefficient was also measured against HYRAS
in both investigations. The results are given in Table 12. In the U-Net experiment,
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the coefficient is only provided on a monthly basis, which is why only a range over
the months of the year is given rather than a yearly value.

Table 12: Correlation comparison of HYRAS against model output, improved model
output, and ground truth for DDPM and U-Net. Improved model is again
the Monte Carlo version for the DDPM whilst for the U-Net Run 9 (includ-
ing two time steps before and after) had the highest positive correlation
with the HYRAS dataset. For the U-Net models, correlations are given as
ranges across model time steps as only monthly data was available.

Model | HYRAS vs HYRAS vs HYRAS vs
Model Improved model | Ground truth

DDPM 0.80 0.81 0.88

U-Net 0.18-0.37 0.21-0.43 0.40-0.67

Whilst the DDPM results seem much higher, it is important to note that also the
HYRAS vs ground truth correlation is higher, which is only different in both com-
parisons due to the choice of different time steps.

Evidently, in the time steps chosen for the DDPM, HYRAS was more correlated
to the radar ground truth and as both the DDPM and the U-Net were trained with
the radar data it might have been easier for the DDPM to achieve high correlation
to HYRAS here.

Still, the improved DDPM achieves 92 % of the positive correlation the ground
truth yields in relation to HYRAS, whilst the improved U-Net achieves between 0.54
% for the lowest monthly coefficients to 65 % for the highest monthly coefficients,
indicating that the DDPM correlates more to HYRAS than the U-Net does.

Total Difference Lastly, total precipitation difference to the HYRAS dataset was
examined. Table 13 presents the results. The normal sparse DDPM overestimates
precipitation compared to HYRAS, whilst all other machine learning models under-
estimate HYRAS.

The radar values are however higher than the HYRAS values in line with pre-
vious values showing that HYRAS and the U-Net in general rather underestimate
precipitation.

Altogether both in the normal and the improved model the Sparse DDPM is
slightly closer to the HYRAS dataset in terms of total difference than the U-Net.
This is the case even though for the subset of the time steps in 2018 used, the radar
data which the model was trained on had a higher total difference (scaled up) than
in the rest of the year. Hence, the DDPM appears to be more similar to HYRAS than
the U-Net in respect to total precipitation difference.
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Table 13: Total precipitation difference between HYRAS and model output, im-
proved model output, and radar, given in million mm/h. Improved mod-
els are defined like in the HYRAS correlation comparison (Monte Carlo +
Run 9). Values are again proportionally scaled to 24 - 365 = 8760 time steps
for the DDPM models to ensure comparability.

Model | HYRAS vs HYRAS vs HYRAS vs
Model Improved model || RADKLIM

DDPM -4.8359 1.3055 -2.7306

U-Net 49371 2.8747 -0.3648

5.3. Experiment Discussion

For RMSE and Total Difference, the sparse hourly DDPM performs worse than the
U-Net when seeing the RADKLIM radar data as ground truth and better when see-
ing the HYRAS dataset as the ground truth. The correlation is comparable with the
radar data and favours the DDPM for the HYRAS dataset comparison.

As RADKLIM was used as the training data for both models and is based on
precipitation field data rather than just station data, this shows that the U-Net model
performed better than the DDPM.

In the initial comparison to RADKLIM, it was seen that bias was low and struc-
tural similarity evident, but RMSE and correlation low. This again indicates that
whilst the right kind of precipitation is estimated, the location is often wrong, po-
tentially just by a few kilometres.

This can be observed in the inpainting output in Fig. 23. Precipitation patches are
predicted but often in the wrong place. Further, the produced precipitation fields
seem structurally less similar to the ground truth than in the first experiment.

This again points out the difficulty of estimating the correct values with such little
information. Potentially, the model might improve if learning specific patterns of
missing information like done in the U-Net training via masks.

It could be seen with the daily REGNIE model, the correlation coefficient to the
radar data was 0.88. As the resulting HYRAS dataset is actually used by weather ex-
perts, this can be seen as a target value from which currently, both the U-Net hourly
model (best monthly coefficient 0.42) and the DDPM (best monthly coefficient of
Monte Carlo version 0.47) differ significantly.

As the main aims of missing value estimation here are to get accurate, location
specific values that can inform prediction models, this might make the model out-
puts unusable.

Measures to improve correlation specifically might yield fruitful here as this specif-
ically focusses on the "location problem’. Bias is already quite low and RMSE might
decrease as correlation increases. This could be done for example by including some
term in the loss function that penalizes low correlation rather than just using MSE.

Another option could be to train a binary segmentation DDPM first that does not
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learn concrete precipitation values but rather if somewhere there is precipitation or
not. Maybe this simpler task could focus the learning on the location rather than the
magnitude, and a second model could then estimate magnitude.

The RMSE of the DDPM was three times higher than the U-Net, both for normal
and improved versions. In most months, it was five times higher than the average
rain intensity.

Whilst RMSE punishes few errors of great magnitude disproportionately, which
could be seen in increased RMSE in higher rain intensity periods, the error observed
is much higher than the one of the daily HYRAS dataset which serves as a target to
beat for the DDPM to actually provide a useful contribution.

Monte Carlo averaging did improve RMSE by 7.5 %. Potentially this could be
further increased by averaging over more samples, like 20, 50 or 100. Another option
could be to afterwards choose the sample that is most similar (e.g. as measured
by MSE) to the average of the samples. The intuition here is that whilst sampling
always produces outliers, the average might cancel those out and the sample closest
to it will be close to the centre of the actual learned distribution. However, it is
unlikely that these steps alone will improve RMSE drastically.

Lastly, the DDPM being more similar to HYRAS than the U-Net points to it being
structurally more similar to actual precipitation fields as HYRAS was created by
industry experts and had a good SSIM score, however this unfortunately can not be
verified directly.

6. Discussion

After presenting and discussing all three experiments, this section summarizes and
analyses the results with respect to missing climate data estimation, machine learn-
ing and statistical methods for this purpose in general.

The suggested improvements through the experiment discussions are examined
in Section 6.1, as well as developing new ones. Section 6.2 presents further ideas
if how DDPMs can be used and improved in relation to climate data estimation.
Lastly, in Section 6.3 the use of DDPMs and machine learning methods and other
methods for the described tasks is reflected upon in general with respect to the re-
sults.

6.1. Improvements

This investigation implemented an initial attempt of a DDPM for precipitation data
inpainting. Whilst the learned distribution looks realistic in the samples, the DDPM
does not perform better than other models.

Throughout the experiment discussions, various improvement ideas were col-
lected and are expanded upon here. The suggestions are clustered to the areas Data,
U-Net, Training, Sampling and General Setup and are followed by the authors rank-
ing of likelihood of success.
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6.1.1. Data

While data preparation could potentially also be improved upon, e.g. by the use of
other scalers or embeddings, the main ideas discussed relating to data here involve
the use of more data.

More data can mean longer training, but potentially also less training with more
diverse data might be effective.

More Spatio-Temporal Location Data The main difference between the REGNIE
method and the machine learning approaches discussed in terms of data is that the
former uses spatial coordinates and altitude data (even further processed via the
calculation of slope direction and magnitude).

As the U-Net Convolutional layers are applied all over a precipitation field with
the same weights and biases, location within the field is not considered (which is
also why Patch Diffusion becomes possible, see Section 2.2). Hence, including this as
well as altitude in an extra channel with some embedding could be very beneficial.

As a further idea, none of the presented models currently uses temporal informa-
tion directly, like the point in the day or the year (the REGNIE background field is
calculated separately for different months though). As we saw from the rain inten-
sities in 2018, there is temporal patterns throughout the day and the year, that might
also be location specific.

Additionally, precipitation patterns might be changing over various years, for ex-
ample due to climate change. Hence, hour, day of the year (via day and month)
and the year itself could be inputted into the U-Net or DDPM as an extra channel
through some embedding.

More Meteorological data As discussed, the different runs of the U-Net included
various meteorological information like temperature, wind and pressure. Further
factors influencing precipitation might be sun radiation or humidity.

While this data is not always available especially when attempting to recreate
data going way back, even averages or current values might improve the model
performance.

More time steps Perhaps the most intuitive approach is to include station data
from previous and future time steps. If there was a lot of rain in Bavaria at one
time, and a similarly shaped precipitation pattern in Mecklenburg-Vorpommern
four hours later, probably at some point in between, there was a similar pattern
across Thuringia.

Filippou et al. propose using this information via added channels, including the
two time steps before and after the desired inpainting point in time. This could be
done with even more time steps used.
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Avoid Importance Sampling The benefits of importance sampling were discussed
in Section 2.2. However, it did lead to a lot of information being unused, especially
in the hourly model.

We also saw that the model had (in most months) a slight positive bias, so overes-
timates the precipitation. This might be due to the importance sampling favouring
rainy patches in training.

While this could reduce the structural similarity of the datasets, as many zeroes
will go into training, it might include more patches with little rainfall and hence
improve inpainting for those.

Another option would be to make the importance sampling less strict, so set the
boundaries for a patch to be included in the training or validation datasets to be
lower.

6.1.2. U-Net

In the implemented thesis, a generic U-Net used for DDPMs by Song et al. [52] was
incorporated. In some sense, a DDPM is a U-Net applied in various small incre-
ments so should yield at least as good results as a U-Net by itself, which could not
be observed here.

This analogy does not work completely as the task that the U-Net is trained on
differs between both models, but potentially utilizing some design aspects of the
analysed stand-alone U-Net by Filippou et al. as well as other U-Nets used in similar
tasks might further improve the model. These ideas are discussed here.

LSTM Incorporation As mentioned, including previous and future time steps
might be helpful. Meuer et al. implement this idea in a U-Net not by adding the
time steps as extra channels, but by incorporating a long short-term memory (LSTM)
layers within the U-Net [36].

These layers were proposed by Shi et al. [50] based on LSTM cells proposed by
Hochreiter and Schmidhuber [21] that aim to capture dependencies over time.

Meuer et al. show that this approach is more effective than adding data from 24
time steps in separate channels for the purpose of inpainting missing radar data for
precipitation (as opposed to station data).

Partial Convolutions As discussed before, the Partial Convolutions proposed by
Liu et al. [32] were used in several similar projects [?, 13].

These could be applied in DDPMs in a modified way. As the DDPM learns to
predict the noise that was “added to the data’, in training, the fields or patches with
missing information could have noise added for the un-missing parts, than partial
convolutions could be used to recreate the less noisy field by calculating loss for the
valid cells.

No scientific work was found that already implements this but given the success
of partial convolutions in U-Nets this seems promising.
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Further, this would allow data with partially missing values to be used. In the
current U-Net implementation, fields with missing values are ignored in training so
this could be a way to increase training data again.

Missing Data Channel Another option to include data with missing values would
be to fill the missing values with some placeholder like zero or the mean and then
add a mask channel that tells the DDPM which values were missing.

The hope here is that the model learns this relationship, but it might lead do prob-
lems if it does not as the fill-value would be overrepresented.

6.1.3. Training

DDPM training is a still evolving field and many implementations have been pro-
posed. In this subsection, two ideas to improve training in the specific DDPM de-
signed for this investigation are discussed.

Different loss functions Evidently, the loss functions of a DDPM is the core of
the actual training and backpropagation. Here, we only used MSE. DDPMs are
specifically designed to use MSE as the loss function [20] and here the first metric
examined was RMSE so having MSE as a loss function is intuitive.

However, the loss function is another big difference between the better perform-
ing U-Net and the DDPM so further improvement might be possible here.

Changing the loss function for the DDPM so it still learns the distribution is not
as easy as in U-Nets but possible. Lin and Yang describe how they implemented a
DDPM with a variant of the perceptual loss used in the U-Net [31].

Use IPS Weights in training In the importance sampling, it was noted that the
authors that proposed the scheme did not use loss correction, so multiplying the
losses with the inverse acceptance probability, during training as they found "no
significant advantage" to this.

However, the model did slightly overestimate values. This could be improved
upon by using this weighting also in the training.

6.1.4. Sampling

Another area where the DDPM might perform better is sampling. Three ideas are
discussed in the paragraphs below.

Enforcing Constraints During inpainting, DPS is currently used to guide the de-
noising towards the known stations. Whilst this way the station data is recreated,
the resulting rain patches might be otherwise meteorologically improbable.

For example dense rain clouds close to mountains might be more likely as well
as chaotic patches aren’t the seaside. These are just hypotheses but domain experts
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could come up with such rules that could then potentially be incorporated into the
sampling process. A similar approach has for example been conducted in a paper
on time series sampling [42].

Improved Monte Carlo averaging The Monte Carlo averaging improved the nor-
mal model in most cases, for example by 7.5 % in the sparse hourly model. Poten-
tially this could be even taken further. Currently, the averaging is only done over
ten time steps (only five for the aggregated model), so as mentioned many more
inpaintings could be sampled.

Additionally, the processing of these inpaintings could be improved upon, either
by selecting an average of the few inpaintings (or even just one) that is closest to the
average.

Another option could be to utilize knowledge of domain experts in which inpaint-
ing is chosen, for example by developing methods to identify unrealistic samples or
training a model to do so, like a discriminator in generative adversarial networks
(GANS).

Synchronize clamping to bias The clamping described in Section 2.2.3 is a pow-
erful tool to limit the range of values sampled. It is restricting the models training
but by doing it slowly over the 1000 time steps of inpainting this restriction leaves
the model enough freedom.

The values were set using statistical information about the training data. How-
ever, they could also be adapted manually to the sampling output itself in order to
optimize bias. This way, a bias of near zero could be ensured.

6.1.5. General Setup

Lastly, ideas on the general experiment setups are collected. They cover the general
DDPM model training setup.

Cluster areas like REGNIE The REGNIE method described in Section 1.4 calcu-
lates different background fields for different spatial clusters within Germany that
are meteorologically similar.

This approach has not been implemented in either machine learning method even
though it seems plausible that different weather patterns exist in different locations.

Different models could be trained for the different regions. While this has the
positive effect that it limits memory usage, the problem of cluster borders would
need to be solved somehow

This could e.g. be done with slightly overlapping clusters where the inpainting
from one is used as known data in the next inpainting, next to (and potentially
overwritten by. the station data of that cluster. The overlapping regions could also
be averaged. As this issue has probably been encountered in similar circumstances,
a further literature review could be beneficial here.
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Notably, this is a general issue as well in the temporal dimension: if there is one
inpainting at one time step, and a completely independent one in the next, the re-
sulting time series will be very implausible.

This issue can be fixed by involving time step information either through different
channels or other architectural means like the described LSTM layers (see above).

Binary Model Another idea proposed was first training a (non-DDPM) model to
decide if there is precipitation at all and then training a separate model to use this
output as a separate channel to then fill the precipitation areas with actual values.

This could be helpful in focussing the learning on the exact location of precipi-
tation areas which was a problem in the DDPM, as for example seen in the third
experiment.

Test more configurations As this was only an initial exploration, several design
decisions were made that could not all be tested individually. For example, the use
of patch diffusion and importance sampling could be avoided and the ranges used
for layers and model channels could be extended.

Other options like augmentation of patches (mirroring and rotating them) has
been experimented with but was not used in the final version due to the risk of this
introducing unrealistic patterns into the data, but it might have helped training.

The Optuna search only used 200 trials whilst there would have been infinitely
more parameter combinations possible. More beta schedules (like the cosine sched-
ule) could have been tested.

In a deeper exploration all of these options could be explored.

6.1.6. Ranking

To inform future work, the improvements proposed above are ranked by feasibility
and likelihood of success based on the research conducted in this study.

1. More Spatio-Temporal Location Data As this was the main difference with
the better performing REGNIE, and there is a plausible assumption that this
data will improve the ‘location problem’, this measure is most likely to im-
prove results

2. LSTM Incorporation LSTM cells were specifically designed to utilise time se-
ries and as there is a lot of unused information in the previous and future time
steps, this is the most likely way to utilise it for model improvement.

3. Partial Convolutions Much of the unused data was due to missing informa-
tion in the training patches, and this mechanism proved effective for other
researchers.

61



10.

11.

12.
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. Different loss functions DDPM training has not yet been specialized archi-

tecturally for climate data inpainting which is why improving loss functions
could be effective.

Cluster areas like REGNIE While spatial information could be incorporated
via extra coordinate channels, training different models for different regions
could be a strong improvement, but the boundary problem needs to be solved.

Improved Monte Carlo averaging

Monte Carlo averaging did improve the model, and using more samples or
an updated sample selection could help, however it may also make the results
more blurry.

More time steps

Incorporating the available previous/future time step information should make
inpaintings more accurate even though doing it via more channels did not im-
prove results immensely in the U-Net runs.

Test more configurations

The hyperparameter search space is huge and there might be a better config-
uration but as there was already significant optimization in this investigation,
this improvement is not prioritized.

More meteorological data

Temperature and wind significantly influence precipitation but often the avail-
able data will be similarly sparse, and the improvement of using this data
again was not significant in the U-Net runs.

Binary Model

This interesting idea could be tested with a subset of the data, but as there is
little research into this the chance of success is unclear.

Missing Data Channel

A missing data channel could help utilize data with missing information but
might have unwanted side effects with due to the replacement value.
Synchronize clamping to bias

While this will almost certainly perfect bias in the training data, the improve-
ment will be minor and it could be good to leave the model the possibility to
predict higher values than the highest recorded ones.



6.2. Ideas

After discussing the concrete improvements for precipitation data estimation with
DDPMs, this section discusses further ideas of how they could be used in the field
in general and what other aspects of DDPM inpainting were noticed in this investi-
gation. These are discussed in the next paragraphs.

Temporal Downscaling A current challenge with regard to precipitation data is
that for various stations, only sub-daily or daily (sometimes even lower) resolution
is available, especially when going back multiple decades (see Section 2.1).

While one option to solve this is doing the described inpainting/interpolation
of station data with the wanted resolution, this does not use the aggregated infor-
mation accessible. If in one station, 30 mm were recorded in a day and then the
inpainting of all hours of the day does not add up we even know for sure (assuming
data collection was done correctly) the estimated values are wrong.

This could be done in a first step via a U-Net that trains a model with one input
channel using the daily known values and 24 output channels for the 24 hours of the
day. However, it could also be used in a DDPM, where as well 24 input and output
channels (potentially also with added channels for spatio-temporal, meteorological
or other context information) are used.

In the inpainting, the values of the stations with hourly information could be
overwritten, as before. Then, for all specific stations where daily data exists, all
estimated values for the spatial cells of theses stations for the 24 hours could be
scaled so that the aggregated value matches the measured value. This could also be
integrated into the DPS inpainting scheme discussed in Section 2.1.

DDPM with other meteorological data, benchmarks Precipitation data interpo-
lation and inpainting is difficult due to it being localized, non-linear and having a
right skewed distribution (see Section 1.1). While DDPM was selected as a model
for this specific purpose, it would be good to verify how good DDPMs are here for
other meteorological data types.

While there has already been some investigation into this (see [8]), it would be
interesting to see how good a DDPM performs for other datasets with a similar
station data availability for example for temperature or wind data to verify first if it
learns the desired distribution adequately.

This circumstance further points out the need for proper benchmarks to test Al
and other model against each other in the field of missing climate data estimation.
There are various comparisons of models but they are often applied to very spe-
cific problems rather than generalizing the method searching challenge and hence
generalizing the results of these investigations for other researchers themselves.

Improved Efficiency Lastly, various of the discussed improvements in Section 6.1,
would require more processing power, higher GPU memory and/or longer runtime.
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Several of the training and inpainting runs for this investigation lasted several days,
sometimes up to a week. The resource use is considerable, and hence it would be
desirable to make the model more efficient.

There are several ways with which the current implementation of the DDPM
could be made faster. Whilst one option is to sacrifice model complexity, this defeats
the exact purpose of the desired improvement. Hence options that simply optimize
efficiency without changing the architecture are discussed.

Firstly, smaller data types could be used - the model currently uses float32 tensors,
and whilst this accuracy might help tune weights and biases to a more exact mag-
nitude, using float16 or even float8 might speed up the model and reduce memory
significantly.

This is a trade-off that could be fairly simply tested and based on this some com-
promise could be achieved.

Secondly, the model currently only uses parallelization for spreading the batches
in training over several GPUs. However, at multiple other spots in the code paral-
lelization might speed up computing.

The most important example here is sampling - the daily aggregate model Monte
Carlo run took five days, as the inpainting of a 1024x1024 field used significant mem-
ory and resources. The model could have been improved so that the various GPUs
be utilized more efficiently.

6.3. Interpretation

Lastly, the main results discussed are highlighted and analysed in a broader sense.
In this section, firstly the main scientific contributions of the investigation are sum-
marized. Next, the results are shortly discussed in relation to the field of missing
climate data estimation in general. Finally, considerations in going forward with
this project are discussed.

6.3.1. Contribution

Throughout this investigation, three main experiments were conducted with vari-
ous sub-results and discussions. Here, the main scientific contributions are high-
lighted.

The DDPM deep learning model could neither outperform the statistical REG-
NIE approach, nor the other deep learning U-Net Model While in some metrics
the DDPM results were slightly better, overall the hypothesis, that DDPMs could
be better for precipitation data inpainting than the other two models could not be
proven. Why might that have been the case? Three possible explanations are sug-
gested:

Firstly, the use of DDPM Inpainting had less time to evolve than the REGNIE
methods and U-Nets, the former having already been in use for "many years" in
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2013 [45], the latter having been invented five years before the U-Net. This was only
an initial investigation with limited parameter optimization and basic architecture.
Future investigations could achieve better results.

Secondly, in terms of the REGNIE comparison, the DWD method used other data
sources like location and altitude data (and in turn did not use radar data directly)
making both models less comparable.

Thirdly, concerning the U-Net comparison, the worse performance might have
been due to a trade off between complexity and performance. U-Nets are less com-
plex than DDPMs and can learn faster. Hence, the U-Net used had more layers than
the DDPM and used more data during training.

Whilst the exact runtime and computing power used for the U-Net training is
unknown, the DDPM layers and channels were limited by runtime and resources.
The results of this investigation suggest that the added architectural benefit and
actual denoising of DDPMs did not cancel out the effects of a more simple U-Net
used as a model in DDPM and less training data used.

The DDPM Monte Carlo performed well and in some situations comparable to
the other models, showcasing the potential for DDPMs to surpass the other
models. The Monte Carlo Version of the DDPM had a better bias score than the
HYRAS dataset in comparison with the ground truth radar data and comparable
other metrics, including an RMSE that was only 1.2 % over the same HYRAS error.
In the sparse hourly model, its correlation was comparable but the other metrics
were worse to the U-Net.

This showcases on the one hand that the output of probabilistic models them-
selves sometimes can be outliers, on the other hand it shows the advantage in esti-
mating a distribution that can then outperform deterministic models.

As discussed there are still various options on how exactly this variant is imple-
mented and it might be possible to surpass REGNIE and the U-Net in the future.

In the daily model, the Monte-Carlo DDPMs results were comparable to those of
HYRAS whilst in the sparse hourly model they were, in most categories, clearly less
good than the U-Net scores. As in the hourly model only 2% of the data was used,
this indicates that the DDPM architecturally is not worse than the U-Net and close
to achieving better scores than REGNIE. Hence, with the proposed improvements,
the DDPM might become the best performing model.

The DDPM output was closer to HYRAS than the U-Net output. The HYRAS
dataset was developed with the REGNIE method by meteorological experts over
years for the purpose of precipitation data estimated. The DDPM and U-Net were
both trained on radar data, and the DDPM achieved more similarity to HYRAS than
the U-Net did.

This might be due to a higher structural similarity with the precipitation data due
to the diffusion learning process. As there is no information on this available this
could only be investigated through a reimplementation of it.
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It is important to note that this was not the described task of either model to learn
and hence not the main focus of the investigation. Yet, it highlights the importance
to verify results with a variety of metrics.

The DDPM using hourly aggregate data beats the current daily HYRAS model.
The aggregate hourly DDPM model did beat the HYRAS model in all metrics ex-
cept structural similarity when comparing the datasets with the ground truth in the
second experiment (Section 4). A Monte Carlo version might have even improved
the results further. Hence, the DDPM performed better than HYRAS here.

For the sparse hourly model in experiment three, this was no longer true. It at-
tempted to recreate a situation of sparse (hourly) station coverage, like it was in the
1950s, for the inpainting setup. Unlike hourly stations, the number of daily stations
did not vary as much as shown in Fig. 4 in Section 2.1.

Hence, for those years the HYRAS dataset is still better than the DDPM Aggre-
gate model. Further, as discussed, the comparison is unfair as the REGNIE method
producing the HYRAS dataset only used daily, not hourly data.

However, this shows the potential of using such data - the REGNIE method could
be applied to the hourly station data and then aggregated as well to improve the
missing value estimation. Presumably, this would achieve better results than the
DDPM due to this being the case for a fairer comparison at the daily resolution (not
taking into account that REGNIE had the advantage of REGNIE using location and
altitude data).

6.3.2. Field Context

In this section, reflections on the investigation in general are discussed relating to
the use of machine learning techniques in climate science in general as well as the
comparison of such techniques.

Domain specific knowledge matters. The REGNIE method achieved better re-
sults than the two machine learning methods, when assessing its resemblance to the
radar data, even though the latter were specifically trained on this task.

While this might have various technical reasons, it is important to point out that
the process of creating the models were different. The REGNIE method was devel-
oped and verified over many years by domain experts, while the machine learning
approaches tried to directly apply a modern technique to the problem discussed.

The REGNIE method differs in the data sources being utilized and the approach
in general - making different background fields for different months of the year and
spatial clusters in Germany. These ideas can be reimplemented by computer scien-
tists, nevertheless it is important to point out that out of a mere computer science
perspective solutions might not become easily apparent.
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Machine learning methods did not outperform the statistical approach. Next
to the importance of domain experts, it is also interesting to point out that a statisti-
cal method outperformed modern machine learning models. This is not an uncom-
mon phenomenon.

As Trevor Hastie pointed out in 2009: "It seems that whatever exotic tools are
the rage of the day, we should always have available these two simple tools" [17].
While he was talking about linear and quadratic discriminant analysis, the under-
lying message that not all new Al tools are immediately better and often overesti-
mated, is still relevant today.

Further, while REGNIE might in some cases create more blurry precipitation fields
than the ML methods, it is clear what the underlying assumptions are while the Al
results are harder to interpret as they are a blackbox.

Yet, the results also showed the potential of improvement for the machine learn-
ing models, and in other research they did perform the desired tasks well (see [?])
so it will be interesting to see the field develop in the coming years.

6.3.3. Next steps

Lastly, it is reflected what considerations need to be made for using DDPMs and
machine learning techniques in future work.

Balancing complexity and resource use Retrospectively it is hard to quantify
exactly how much energy was used for this investigation. Both final models ran
several days over multiple GPUs, as well as every inpainting experiment and the
Optuna hyperparameter optimization.

This is only considering the runs that were used for the final results section, there
were various more test and debugging runs necessary as well as discarded runs due
to mistakes in the implementation.

Various of the improvements suggestions covered in Section 6.1 would increase
resource use, and while efficiency measures were proposed in Section 6.2 future
work on DDPMs in climate data estimation will still require much more energy
than statistical methods.

This poses the question whether the research is worth it. It is only answerable
on a case by case basis but these considerations should be taken into account when
attempting a new investigation, especially given that the methods proposed here
were not immediately successful.

While the DDPM and machine learning results in general were mixed, there
is loads of potential. Further research is likely fruitful. The field of machine
learning in climate science is only evolving. Whilst the statistical method was still
the best in this investigation, the machine learning approaches had comparable and
partly better results in various categories.

67



The DDPM had similar correlation to the U-Net, resembled the in-use HYRAS
more and the Monte Carlo method outperformed the REGNIE method in bias and
had very similar scores in most other metrics. Especially with the use of coordinate
and altitude data, that REGNIE already uses, a better performance is likely.

7. Conclusion

This investigation examined the use of artificial intelligence techniques in missing
climate data information. It compared a statistical approach, the REGNIE method
currently used by the DWD, with machine learning inpainting methods based on a
U-Net and a Denoising Diffusion Probabilistic Model (DDPM).

The results showed that in this initial attempt, the statistical method achieves bet-
ter results compared with the ground truth radar data. The U-Net performed bet-
ter than the DDPM. An improved version of the DDPM, the Monte-Carlo version,
achieved comparable results with the U-Net.

Several ideas and improvements for the DDPM implementation were suggested.
Given that the use of DDPMs for climate data inpainting is still evolving and that
the development of the REGNIE has been perfected over the last decades and will
probably not improve much more, this points out the immense potential in this field.

Concretely, the use of more spatio-temporal location data, the incorporation of
station data from more time steps via LSTM integration and the use of partial con-
volutions was recommended in the discussion.

Further, general ideas for the use of AI methods in climate data estimation, like
the introduction of benchmarks, the involvement of domain experts and the consid-
eration of resource use was suggested.
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A. Code

The code developed for this thesis is available at: https://github.com/Merjo/
DDPM_Inpainting

B. U-Net Model Investigation

The thesis by Danai Filippou describing the implementation of the U-Net that led
to the conference poster by Filippou et al. (see [13]) can be found here: https://
github.com/Merjo/DDPM_Inpainting/blob/main/docs/Master_Thesis_
Danai_Filippou.pdf.
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