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Abstract

Short-term precipitation nowcasting is important for operational decision-making and the timely response
to high-impact rainfall. Radar observations alone provide limited information on cloud development and
convective evolution, which can restrict the prediction of newly developing precipitation. This study
investigates the use of cloud-top temperature (CTT) in deep-learning-based precipitation nowcasting, fo-
cusing on CTT-radar fusion strategies and rain-regime-conditioned uncertainty in NowcastNet over the
Netherlands.

The relationship between CTT and rainfall intensity was first examined to determine whether distinct
precipitation regimes could be identified. Based on their temporal relationship, precipitation events were
grouped into two clusters representing different CTT-rainfall characteristics. The identified relationship
provided the basis for investigating the incorporation of CTT into NowcastNet. Three levels of CTT condi-
tioning were considered: input-level fusion using concatenated and stacked radar—CTT inputs, half fusion
introducing a separate CTT encoder into the evolution network, and full fusion additionally conditioning
the generative network through multi-scale feature modulation. Model performance was evaluated using
aggregated verification metrics and event-based spatial analyses. Finally, the two CTT-rainfall clusters
were used to define a regime-dependent affine post-processing method for adjusting the latent noise em-
ployed in ensemble generation.

Our results show that incorporating CTT generally enables NowcastNet to detect a larger proportion of
observed precipitation than the radar-only baseline. However, the effect depends strongly on the fusion
strategy: the input-level fusion models perform poorly, the half-fusion model achieves the best overall
CSI, and the full-fusion model produces the highest POD but also more false alarms. Event-based spatial
analyses further show that the additional precipitation produced by the CTT-conditioned models cannot
be consistently associated with either weak or intense rainfall, but varies with rainfall structure, fore-
cast lead time, and the individual event. For the probabilistic forecasts, the two CTT-rainfall clusters
respond differently to the cluster-dependent affine adjustment. The adjustment reduces CRPS mainly
for low-intensity rainfall and selected events and lead times, whereas at higher intensities and in sev-
eral events it increases CRPS. These findings indicate that CTT can improve precipitation detection and
support rainfall-regime-based uncertainty characterization, but its effectiveness depends on the fusion
architecture, rainfall regime, and event characteristics.
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Introduction

1.1. The Importance of Precipitation Nowcasting

Reliable precipitation forecasts support decision-making in many weather-sensitive sectors, but their im-
portance is particularly pronounced for water-related risk management at short lead times[1, 2]. Precipi-
tation nowcasting aims to provide high-resolution forecasts of rainfall at short lead times, typically from
a few minutes up to several hours ahead. Such forecasts are particularly important in the Netherlands,
where a low-lying delta landscape, dense urban areas, artificial drainage networks, polders, and flood-
protection infrastructure make water management highly sensitive to short-duration rainfall extremes.

The importance of this task is expected to increase under climate change. The Royal Netherlands Meteo-
rological Institute (KNMI) reports that the intensity of extreme precipitation over one hour or less is likely
to increase by approximately 14% for each degree of temperature rise [3]. Such short-duration extremes
are particularly challenging for urban and regional water systems because they can produce rapid runoff
responses and local drainage overloads, especially given that 59% of the Dutch land surface is prone to
flooding according to the Netherlands Environmental Assessment Agency [4]. Therefore, accurate and
reliable precipitation nowcasting is essential for operational flood forecasting and decision-support tool
for managing rainfall-related risks over the Netherlands.

1.2. Challenges in Nowcasting Short-Duration Intense Rainfall
Precipitation nowcasting has gradually evolved from traditional approaches, including Numerical Weather
Prediction (NWP) models [5, 6] and extrapolation-based methods using radar echoes and satellite obser-
vations [7, 8], toward deep learning-based models. Deep learning models are capable of learning complex
nonlinear relationships from large datasets, which demonstrate considerable promise for nowcasting [9].
Recurrent and convolutional recurrent models such as ConvLSTM[10] and its successors improved the
ability to learn motion and structural evolution directly from radar sequences. However, these models
mainly focus on structural improvements, and while they demonstrate enhanced predictive capabilities,
they still face some inherent limitations like strong bluriness at longer lead times. This limitation mo-
tivated the use of generative models, which aim not only to predict a single most likely future rainfall
field, but also to generate sharper and more realistic precipitation structures. Within this development,
NowcastNet[11] represents an important recent step because it combines a physical-evolution component
with a conditional generative learning framework, aiming to preserve both the dynamical plausibility and
the fine-scale structure of extreme precipitation nowcasts.

Nevertheless, even advanced deep generative nowcasting models remain challenged by short-duration
intense rainfall. These events are often spatially localized, rapidly evolving, and strongly affected by con-
vective processes, which makes them difficult to predict. These kind of short-duration rainfall extremes
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are frequently associated with convective processes[12, 13], although not every heavy-rainfall event is
necessarily convective. Convective rainfall is generated when warm, moist air rises rapidly, cools, and
condenses into vertically developed clouds[14]. This process can produce localized rainfall cells with
high intensities over short time periods. Typically, convective rainfalls are more spatially concentrated,
shorter-lived, and more variable in intensity. These characteristics make short-duration extreme rainfall
particularly difficult to nowcast. Many nowcasting methods rely on the recent radar-observed rainfall field
and extrapolate it forward in time[15]. This approach works best when rainfall systems move smoothly
and maintain their structure. However, convective cells may initiate, intensify, merge, split, or dissipate
within tens of minutes. Small errors in the timing, position, or intensity of these cells can therefore lead
to large forecast errors, especially for high-impact rainfall events.

1.3. Beyond Radar-Based Nowcasting

Current precipitation nowcasting studies mainly focus on improvements at the model-structure level,
while the influence of data-level factors has received less attention[16, 17, 18]. However, precipitation
is a complex atmospheric and microphysical process affected by multiple environmental factors, such as
moisture, temperature, wind, and topography. Therefore, relying only on a single radar modality may be
insufficient, especially for rainfall systems whose development is strongly controlled by changes in the
surrounding atmospheric environment.

Recent studies have therefore started to explore the use of additional data sources together with radar
observations. MM-RNN uses radar observations together with ground observation data as inputs to guide
precipitation prediction, rather than relying only on radar sequences [19]. Similarly, MetNet uses radar
and satellite observations as inputs for probabilistic precipitation forecasting over the continental United
States [20]. Kim et al. further incorporated atmospheric factors such as low-level divergence and water-
vapor-related variables into a deep-learning-based nowcasting model, showing that these additional pre-
dictors can help forecast the development of heavy rainfall systems [21].

The role of satellite-derived cloud properties that are closely related to the rapid development of convective
rainfall has received less attention. From a physical perspective, lower cloud-top temperature (CTT) values
usually indicate that the cloud top has developed into higher and colder atmospheric layers. For convective
clouds, higher cloud tops often imply deeper vertical development, which is typically driven by stronger
updrafts that continuously lift warm and moist air to upper levels. Such deep cloud columns provide
favourable conditions and a longer vertical pathway for the growth of precipitation particles. As these
particles grow and fall, they can contribute to heavy rainfall at the surface [22]. In addition, previous
studies have shown that CTT can serve as an effective predictor for different precipitation types and can
support the clustering of precipitation regimes [23].

1.4. Ensemble Nowcasting for Uncertainty Representation

A single deterministic nowcast provides only one possible future rainfall field and therefore cannot de-
scribe the full range of plausible rainfall developments. Probabilistic and ensemble nowcasting methods
address this limitation by generating multiple possible future rainfall scenarios, allowing forecast uncer-
tainty to be represented through the ensemble distribution[24, 25, 26].

In many radar-based and deep-learning nowcasting systems, ensemble members are generated through
random perturbations, stochastic latent variables, or sampled noise fields[27, 28]. For example, PySTEPS
generate ensemble members by perturbing the precipitation and motion fields, while deep generative
models such as DGMR[29] and latent diffusion models sample future rainfall scenarios from latent random
variables or Gaussian latent noise conditioned mainly on past observations.These ensemble members form
an empirical predictive distribution, which makes it possible to estimate the likelihood of different rain-
fall developments and the probability of threshold exceedance at different lead times. The forementioned
methods of perturbations can increase the diversity of ensemble members, but they are not necessarily well
connected to the actual meteorological situation[30, 31]. More importantly, they may lack an explicit link
to the physical processes that control rainfall uncertainty, such as storm initiation, displacement, intensi-
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fication, and decay. Recent work such as ClusterCast [32] has shown that precipitation-type-dependent
latent representations can be beneficial for generative nowcasting, Different rainfall regimes are repre-
sented in heterogeneous latent spaces rather than a single universal latent distribution . Therefore, link-
ing physically meaningful precipitation regimes to forecast uncertainty shows potential for improving
probabilistic forecasting and supporting operational decision-making.

1.5. Research Questions

This thesis aims to implement and train NowcastNet, as first described by [11] for precipitation nowcast-
ing over the Netherlands and to investigate whether cloud-top temperature information can improve the
forecasting of high-intensity rainfall and its associated uncertainty.

Following from the above introduction, the research questions of this MSc thesis are:

Sub-RQ1: How reliable and sharp are the baseline probabilistic forecasts of NowcastNet over the Netherlands
when only radar information is used?

Approach: The baseline NowcastNet model will be evaluated without introducing CTT information. Its
performance for selected high-intensity rainfall events will be assessed qualitatively through analysis of
the forecast fields and quantitatively using the Critical Success Index (CSI), Probability of Detection (POD),
and False Alarm Ratio (FAR).

Sub-RQ2: How can CTT-rainfall regimes provide physically meaningful information for conditioning ensem-
ble uncertainty?

Approach: The CTT-rainfall relationships will be analyzed for the selected precipitation events. Events
will be grouped into different regimes based on their event-level CTT-rainfall profiles. The resulting
regimes will be compared in terms of cloud-top temperature, rainfall intensity, and their statistical char-
acteristics to determine whether they represent distinguishable precipitation conditions.

Sub-RQ3: How does CTT-regime-dependent adjustment of Gaussian noise affect the probabilistic forecast skill
and ensemble uncertainty of NowcastNet?

Approach: The latent Gaussian noise sampled by NowcastNet will be adjusted after model training using
regime-dependent scale and shift parameters. Ensemble forecasts generated with the adjusted noise will
be compared with ensembles generated using standard Gaussian noise. The effects of the adjustment on
probabilistic forecast skill and ensemble uncertainty will be evaluated using CRPS, prediction intervals,
and ensemble quantile bounds.



Data sources and Background

This chapter first introduces the radar rainfall and CTT datasets used in this study, together with the main
data preparation procedures. These procedures include high-intensity rainfall event selection, radar-CTT
pairing and preprocessing, and the division of the processed data into training and validation datasets.
Based on the introduced datasets, the chapter subsequently examines the relationship between CTT and
rainfall. Finally, the relevant background of NowcastNet and the role of CTT in precipitation nowcasting
are presented to provide the foundation for the methodology developed in the following chapter.

2.1. Radar Data

The radar-based precipitation data used in this study are provided by the Royal Netherlands Meteorologi-
cal Institute (KNMI) and can be downloaded from the KNMI Data Platform (KDP)[33]. This radar dataset
covers Netherland and its surrounding area and is corrected by available data from automatic rain gauges.
The gridded data have a 5-minute temporal resolution and a spatial resolution of 1km x 1km. Each
pixel represents the accumulated precipitation over a 5-minute interval in millimetres (mm)[34]. These
accumulations were converted to equivalent rainfall intensities in mm/h by multiplying them by 12.

The radar field was cropped to 512 x 512 pixels, as shown in figure 2.1, matching the input dimensions
of NowcastNet while also retaining a sufficiently large surrounding area to provide spatial context for
precipitation systems affecting the Netherlands.



2.2. Pre-processing of cloud top temperature 5

Radar spatial regridding cropped overview

=
Radar full frame (765x700)
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Cropped frame for Netherlands (512x512) |
(141, 653, 109, 621)
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Figure 2.1: Spatial overview of the radar domain. The black rectangle represents the original radar coverage, and the orange
dashed rectangle indicates the cropped 512 X 512 computational domain centred over the Netherlands.

2.2. Pre-processing of cloud top temperature

Cloud-top temperature data were retrieved from the KNMI MSG-SEVIRI product [35]. The dataset has a
nominal spatial resolution of 3 km x 3 km at the sub-satellite point and a temporal resolution of 15 minutes.
Due to the oblique viewing geometry, the effective pixel size over the Netherlands is approximately 4 km x
7km [36].

The large differences between CTT and radar data in terms of spatial resolution, temporal resolution, and
value range may lead to unbalanced gradient updates, causing variables with larger numerical ranges to
dominate the learning process. Therefore, in order to ensure data consistency, the following sections will
introduce the CTT preprocessing processes.

2.2.1. Spatial alignment and regridding

The CTT data are provided in the default MSG-SEVIRI geostationary projection. To spatially align the CTT
fields with the radar data, the full-disk CTT fields shown (in Figure 3.2) were first cropped to the spatial
extent of the radar domain. The cropped CTT data were subsequently transformed from the MSG-SEVIRI
coordinate reference system (CRS) to the radar CRS. The target CRS and grid geometry were obtained
from the KNMI radar dataset, and the radar-grid coordinates were reconstructed from the geographic
corner coordinates and the number of rows and columns. The CTT data were then resampled onto the
finer radar grid using rioxarray [37] with bilinear resampling.
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Figure 2.2: Temporal and spatial preprocessing of CTT data for alignment with the KNMI radar grid. Fig (a) shows the original
CTT field on the MSG/SEVIRI grid, where the axes represent pixel indices. Fig (b) shows the reprojected CTT field on the cropped
KNMI radar grid, where the x- and y-axes represent radar-grid coordinates in kilometres. White pixels indicate missing CTT
values, corresponding to locations where no cloud cover is detected.

2.2.2. Temporal regridding

In contrast to radar precipitation data, which represent precipitation accumulated over a fixed time inter-
val, CTT data are derived from satellite observations and represent the cloud state at approximately the
time of acquisition. The MSG-SEVIRI instrument scans the Earth disk sequentially, such that different
locations are observed at slightly different times within a single scan cycle. Consequently, the nomi-
nal timestamp assigned to a CTT product does not correspond exactly to the observation time over the
Netherlands.

Because the CTT products have a temporal resolution of 15 minutes, whereas the radar data are available
at 5-minute intervals, temporal alignment is required before the two datasets can be used together. Several
temporal regridding approaches are available, including linear interpolation [38] and motion-aware inter-
polation [39]. However, interpolation produces intermediate CTT values that were not directly observed
and may therefore introduce artificial temporal variability. More sophisticated interpolation approaches
were considered unnecessary for the present application. A temporal replication strategy was therefore
adopted to align the CTT data with the radar time steps. The detailed implementation of this procedure
is described in Section ??.

2.2.3. CTT Value Range Limiting and Missing Value Handling

To align the numerical ranges of the CTT and radar inputs and to prevents gradient explosion or vanishing
caused by magnitude disparities[40] , inverse min—max scaling was applied to the valid CTT values as
normalization process:

= Bmax - =1 CTTTK(W)7 if Morr(i,j) =1,
Terr(i,j) = max ~ *min Rumax = 128. (2.1)
0, if Mcrr(i,j) =0,

where T (i, 7) is the original CT T vlaue in Kelvin, and Mcrr(4, j) is a binary validity mask, with value
1 indicating a valid CTT observation and 0 indicating a missing or invalid value. TX and TX  denote
the maximum and minimum valid CTT values used for scaling, respectively. The parameter Ryax =
128 was selected to match the clipped radar rainfall range of [0, 128] mm/h. The inverse transformation
assigns larger scaled values to colder cloud tops, while preventing either input source from dominating

the learning process solely because of differences in numerical magnitude.

Invalid or missing CTT pixels were assigned a value of zero. An additional binary mask channel was
included to explicitly indicate valid and invalid CTT regions, allowing the model to learn how missing
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CTT information should be treated[41].

2.3. Event selection

Training a deep-learning model on all rainfall events may lead to increasingly blurred predictions at longer
lead times, as the model tends to smooth fine-scale spatial structures and regress toward the global mean
of the training data [29]. This would result in a severe underestimation of high-intensity precipitation
events. This section therefore introduces the method used to identify only the high-intensity rainfall
events included in this study.

The event selection was based on validated daily station observations from the KNMI Data Platform -
[42]. This dataset contains essential climate variables measured at KNMI weather stations from the 1990s
onwards. It is an ongoing dataset, and the observations undergo a validation process before being released.

The radar dataset[33], produced using improved algorithms was only available from January 31, 2023
onward and it was further improved in methodologies from November 18, 2024. The dataset’s quality was
proven to be higher since the improvement from 2023[34], and all other datasets were therefore aligned
with its period of availability. Consequently, this study used observations from 2023 to 2025.

Two parameters from the dataset were used to identify high-intensity rainfall events: the daily maximum
hourly precipitation accumulation (RHX) and the hourly interval during which this maximum was mea-
sured (RHXH). RHX was used to construct an empirical exceedance probability plot, see in Fig 2.3, from
which the threshold for high-intensity rainfall was selected. RHXH was then used to determine the rel-
evant time windows around the selected rainfall events. These time windows define the radar and CTT
data included in the dataset for this study.

Empirical exceedance Probability: RHX Threshold vs. Probability

RHX Threshold (mmy/h)

10 10% of observed days have RHX above this thrashold

20% 40% 60% 80% 100%
Empirical exceedance Probability

Figure 2.3: Empirical exceedance probability of daily maximum hourly precipitation (RHX) thresholds based on KNMI station
observations from 2023 to 2025.

The threshold of 10 mm in one hour is determined from an exceedance analysis using the RHX obser-
vations from 2023 to 2025. The empirical exceedance probability represents the observed proportion of
daily RHX values exceeding a given threshold. Therefore, it was used as a practical threshold for selecting
relatively rare and intense rainfall events rather than for estimating an exact return period, which would
require a substantially longer observational record. A distribution of the monthly occurrence counts of
selected high-intensity rainfall event days is presented in Fig. 2.4. Based on this distribution, the study
period was restricted to May—-December, as the majority of selected events occurred within these months.
This selection retains most of the relevant heavy-precipitation cases while excluding months with few or
no high-intensity events.
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Table 2.1: Monthly number of high-intensity rainfall event days for the RHX threshold of 10 mm in one hour from 2023 to 2025.

Year | Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2023 0 0 0 0 4 2 8 10 7 4 1 0
2024 0 0 0 1 13 3 8 5 5 2 0 2
2025 0 0 1 1 0 6 8 4 4 1 0 0

Monthly distribution of event days with RHX > 10 mm/h

Selected period: May-Dec
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Figure 2.4: Monthly distribution of selected high-intensity rainfall event days.

2.4. Dataset Split

For machine-learning model, the dataset was divided into training and validation subsets. Here, the dataset
was split using consecutive years to prevent data leakage[1].

As described in Section 2.3, the dataset consists of high-intensity rainfall events occurring between May
and December from 2023 to 2025. After the radar—CTT pairing procedure described in Section 2.2.2, the
paired samples were assigned to the training and validation sets according to their occurrence time. The
resulting dataset division is summarized in Table 2.2.

Table 2.2: Overview of training and validation datasets used for different model groups.

Model group Training period Validation period Training samples Validation samples

Baseline model May-December, May-December, 4548 876
2023-2024 2025

CTT-integrated May-December, May-December, 3827 777

model variants 2023-2024 2025

2.5. CTT--Rainfall Regime Identification

To provide regime-dependent information for the subsequent ensemble analysis, the relationship between
cloud-top temperature (CTT) and rainfall intensity was examined at the event level. This analysis was
treated as a preprocessing step: its purpose was to identify representative CT T-rainfall regimes and assign
each rainfall event to one of these regimes. To avoid information leakage, the clustering structure was
determined using only the training events.

2.5.1. Construction of Event-Level CTT--Rainfall Profiles

The preprocessed radar and CTT fields have a spatial resolution of 512 x 512 pixels and a temporal interval
of 5 minutes. Directly clustering the complete spatial fields would result in a very high-dimensional dataset
and would make the interpretation of the resulting clusters difficult. Therefore, each rainfall event was
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compressed into an event-level statistical profile describing how rainfall intensity varies across different
CTT ranges.

For each event, the valid CTT observations were divided into temperature bins with a width of 5 K. Within
each bin, rainfall values below a predefined rainfall threshold were excluded to reduce the influence of
near-zero and weak rainfall values. The remaining pixels were summarized using the mean rainfall inten-
sity, selected rainfall quantiles, the rainy-pixel fraction, and a validity indicator. The resulting profile for
event ¢ is expressed as

Xi = [Xi1,Xi2, -+, Xi 1] (2.2)

where L denotes the number of CTT bins and the feature vector for bin [ is defined as

50 75 90
Xil = [:ui,hqi}lvqi,lvqi’hfi,lyvi,l] . (2.3)

Here, f1; ; is the mean rainfall intensity, q?‘l), qZ ‘?, and q?(l) are the corresponding rainfall quantiles, f;; is
the fraction of rainy pixels, and v; ; indicates whether the CTT bin contains valid rainfall observations.

2.5.2. Clustering and Selection of the Number of Regimes

Dynamic Time Warping (DTW) K-means was applied to the event-level profiles. Compared with conven-
tional Euclidean K-means, DTW allows profiles with similar shapes to be grouped together even when
their main rainfall response occurs within slightly different CTT ranges. This is useful because compara-
ble CTT-rainfall relationships may be shifted along the temperature axis between different events.

The number of clusters was evaluated using the silhouette coefficient. For event , the silhouette coefficient
is defined as

b(i) — a(i)
max{a(i),b(i)}’

(2.4)

s(i) =

where (i) is the average distance between event ¢ and the other events in the same cluster, while b(7) is
the minimum average distance between event ¢ and the events in another cluster. The mean silhouette
score over all events was used to compare the candidate values of K.

Table 2.3: Silhouette scores for different numbers of CTT-rainfall clusters.

Number of clusters K Silhouette score
2 0.2997
0.2643
0.2815
0.2332
0.2186
0.1888
0.1866

0 N N Ul W

As shown in Table 2.3, K = 2 produced the highest silhouette score among the evaluated solutions. Al-
though the score indicates that the separation between the regimes is moderate rather than complete, the
two-cluster solution provided the clearest combination of statistical separation and physical interpretabil-
ity. Therefore, two CTT-rainfall regimes were retained for the subsequent analysis.
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2.5.3. Characteristics of the Identified Regimes

Following the identification of the CTT-rainfall regimes, the cluster labels were used to group the original
rainfall observations. For each event e, valid rainfall pixels were selected using the same criteria adopted
in the construction of the clustering profiles:

Qe = {(i,4) | 180K < CTT(i,5) < 310K, Re(i,j) > 1mmh'},

where R (i, j) denotes the observed rainfall intensity at pixel (4, j) in event e.

Figure 2.5 presents the statistical CTT-rainfall profiles of the two identified clusters.

Cluster 0: CTT-rainfall relationship, n=1671 Cluster 1: CTT-rainfall relationship, n=1868
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Figure 2.5: CTT-rainfall relationships for the two identified regimes.

The regimes show statistical patterns among the selected events. Cluster 0 is characterized by higher
rainfall intensities, particularly within the colder CTT ranges. This regime is therefore interpreted as a
cold-cloud-top, high-rainfall-intensity regime, which is consistent with the association between low CTT
values, deep convective cloud development, and intense precipitation.

Cluster 1 shows a greater concentration of rainfall within relatively warmer CTT ranges and generally rep-
resents lower rainfall intensities and a narrower intensity range than Cluster 0. It is therefore interpreted
as a warm-cloud-top, lower-rainfall-intensity regime.

The colder-cloud-top and higher-rainfall characteristics of Cluster 0 are likely associated with deep con-
vective development. In such conditions, warm and moist air rises from the lower atmosphere, expands,
and cools adiabatically. Once the air becomes saturated, water vapour condenses into cloud droplets and
releases latent heat, which can enhance buoyancy and support continued vertical cloud growth. If the
cloud develops sufficiently high, supercooled droplets and ice particles may form in the colder upper part
of the cloud. The growth, collision, and melting of these hydrometeors can contribute to intense surface
rainfall. Therefore, the low CTT values in Cluster 0 may indicate vertically developed convective clouds
with strong updrafts and substantial precipitation production.

By contrast, the relatively warmer-cloud-top rainfall regime represented by Cluster 1 may be associated
with shallower clouds or with warm-rain processes. When a cloud contains sufficient moisture and liquid
water, rainfall can develop through the collision and coalescence of cloud droplets even without a very cold
or highly developed cloud top. Larger droplets fall faster and collect smaller droplets, allowing raindrops
to grow progressively. This may explain why measurable rainfall can occur under relatively warmer CTT
conditions. Nevertheless, Cluster 1 should not be interpreted as a purely warm-cloud regime, because
CTT alone does not provide sufficient information to determine the complete vertical cloud structure or
precipitation microphysics.
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The differences between the two CTT-rainfall regimes may be related to different atmospheric and cloud-
microphysical processes. However, these processes cannot be directly confirmed from the CTT and radar
observations alone and are therefore used only as a physical interpretation of the identified statistical
patterns.

The identified clusters are subsequently used as fixed regime labels in the cluster-informed ensemble post-
processing method introduced in Section 3.3.



Methodology

This chapter presents the methodological framework used in this study. It first introduces the baseline
NowecastNet architecture and its training objectives. It then describes the temporal alignment of the CTT
observations and the proposed strategies for incorporating CTT into the evolution and generative net-
works. Subsequently, the cluster-informed ensemble post-processing method is introduced. Finally, the
evaluation metrics and experiment-specific training settings are presented.

3.1. NowcastNet Framework

This section describes the NowcastNet framework adopted as the baseline model in this study. The model
architecture, input-output configuration, evolution network, generative network, and their correspond-
ing training objectives are introduced in the following subsections.

3.11. Model Overview

NowcastNet is a physics-conditioned deep generative model developed for extreme-precipitation nowcast-
ing. Traditional advection-based methods, such as PySTEPS and DARTS [43], mainly extrapolate radar
echoes using estimated motion fields. In contrast, purely data-driven deep-learning models may produce
blurry predictions or physically inconsistent evolution. NowcastNet addresses these limitations by com-
bining a physically informed evolution with a conditional generative framework. It was shown to generate
physically plausible and sharp multiscale precipitation nowcasts over large spatial domains and at lead
times of up to 3 h [11].

Given a sequence of past radar observations x_r,.0, NowcastNet predicts a sequence of future precipita-
tion fields X;.7, as illustrated in Figure 3.1. Its architecture consists of a deterministic evolution network
and a stochastic generative network. The evolution network estimates the large-scale movement, growth,
and decay of the precipitation system, while the generative network refines these predictions and intro-
duces fine-scale stochastic structures.

In the configuration used in this study, nine historical radar frames at 5-minute intervals were provided
as input, and the subsequent 20 radar frames were predicted. The forecast therefore covers a lead time
of 100 minutes. Together, the input and target sequences comprise 29 consecutive radar time steps. This
sequence configuration determines the temporal replication procedure applied to the CTT observations,
which is described in Section 3.2.

3.1.2. Evolution Network
The evolution network estimates the deterministic, physically informed evolution of the precipitation
system. It is based on a modified 2D continuity equation (see in Eq 3.1) in which rainfall evolution is

12
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represented as the combination of advection by a motion field and local growth or decay through an
intensity residual.

ox
n +(v-V)x =s. (3.1)

Here x, v and s indicate radar fields of composite reflectivity, motion fields and intensity residual fields,
respectively, and V denotes the gradient operator. The tendency term (v-V)x reveals the mass leaving the
system, which is the first-order approximation of the difference before and after the advection operation.

A shared evolution encoder first extracts spatiotemporal features from the past radar sequence. These
features are passed to two separate decoders. The motion decoder predicts future two-dimensional motion
fields vi.7, while the intensity decoder predicts the corresponding intensity residual fields s.p. The
motion fields describe the displacement of precipitation patterns, whereas the intensity residuals represent
changes in rainfall intensity associated with the growth and decay of precipitation cells (see Appendix B
for the full NowcastNet structure).

Starting from the latest observed radar field xg, the evolution operator iteratively advects the precipita-
tion field using the predicted motion field and subsequently adds the predicted intensity residual. The
resulting deterministic sequence x’l' . represents the large-scale location, movement, growth, and decay
of the precipitation system.

The evolution network is trained before the generative network by minimizing a combination of an accu-
mulation loss and a motion-regularization term. Because this stage uses supervised objectives rather than
adversarial optimization, it is generally more stable than the subsequent generative training stage.

u7ev0 = jaccum + )\motionjmotion (32)

where J,ccum measures the discrepancy between the observed future radar fields and both the advected
and fully evolved predictions over the forecast horizon. The motion-regularization term Jpotion penalizes
spatially irregular motion fields, with greater weight assigned to regions of heavier precipitation. The
coefficient A otion controls the relative contribution of the regularization term. Full definitions of these
terms follow the original NowcastNet formulation [11].

3.1.3. Generative Network

After the evolution network has been trained, its deterministic predictions are used to condition the genera-
tive network. The generative network refines the evolution-network output and recovers finer convective-
scale structures that may not be represented by deterministic advection and intensity residuals alone.

The nowcast encoder processes the past radar observations together with the predictions from the evo-
lution network and converts them into contextual feature representations. In parallel, a latent vector z
is sampled from a standard Gaussian distribution and transformed by a noise projector into a spatial fea-
ture tensor. The nowcast decoder then combines the contextual features, the projected latent noise, and
the deterministic evolution predictions. The evolution predictions are introduced at multiple spatial scales
through spatially adaptive normalization, allowing the decoder to retain the large-scale physical evolution
while generating finer-scale rainfall structures.

The generative network was subsequently trained using a combination of an adversarial objective and
spatial-pooling regularization:
jgenerative = ﬁjadv + ’Yjpool (33)

Here, J,4v denotes the adversarial loss, which encourages the generated precipitation sequences to be
indistinguishable from the observed sequences, while J,,01 denotes the spatial pooling regularization
loss. The coefficients 3 and -y control the relative contributions of the two loss terms [11].

In this process, Generative adversarial network (GAN) is used. During training, the generator produces fu-
ture precipitation sequences, while a temporal discriminator attempts to distinguish generated sequences
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from observed future radar sequences. The generator is optimized to produce forecasts that the discrimina-
tor classifies as realistic, whereas the discriminator is optimized to improve its ability to separate generated
and observed sequences. Through this competing optimization process, the generative model is encour-
aged to produce sharper and more temporally consistent rainfall structures. In addition to the adversarial
objective, NowcastNet applies spatial pooling regularization to constrain the generated precipitation at ag-
gregated spatial scales. This regularization discourages the generator from producing fine-scale structures
that appear realistic locally but are inconsistent with the broader precipitation distribution [11].

Adversarial training is generally less stable than supervised training because the generator and discrimina-
tor must remain sufficiently balanced. If the discriminator becomes too strong, the generator may receive
weak or unhelpful gradients. And if the generator dominates, the discriminator may no longer provide an
effective learning signal. Generative adversarial networks may also suffer from mode collapse, in which
different latent-noise samples produce insufficiently diverse outputs. These difficulties make the genera-
tive stage sensitive to model initialization, learning rates, and the relative optimization of the generator
and discriminator.

The output of the generative network is the final future precipitation sequence X;.7. Because the latent
vector is randomly sampled, multiple realizations of z can be used with the same historical radar sequence
to generate different plausible future precipitation sequences. These sequences constitute an ensemble
forecast and represent uncertainty in the future development of the precipitation field.
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Figure 3.1: Illustration of the NowcastNet model structure, taken from NowcastNet published paper [11]

3.2. Incorporating of CTT into NowcastNet
This section first describes the temporal duplication of CTT data used to align the CTT observations with
the 5-min radar sequence, and then investigates three strategies for incorporating cloud-top temperature
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(CTT) into NowcastNet. Following the multi-view fusion taxonomy described by Mena et al. [44], the
proposed approaches include two variants of input-level fusion, namely merged-input and grouped-input
fusion, as well as feature-level fusion. These approaches differ in how rainfall and CTT information are
organized and at which stage the two modalities interact.

Temporal Alignment and Replication of CTT

To incorporate CTT into NowcastNet, the CTT observations were temporally aligned with the 5-minute
radar time grid. The timestamp of the CTT product corresponds to the nominal satellite product time
rather than the actual scan time over the Netherlands. Based on the satellite scanning geometry, the
Netherlands is observed approximately 10 minutes after the nominal timestamp[45]. Therefore, the CTT
nominal time was shifted by 10 minutes to obtain an approximate effective scan time over the Netherlands.
The shifted CTT timestamps were then aligned to the radar 5-minute time grid.

The relative time lag between a radar frame and the nearest effective CTT scan time can only fall into
three possible cases: 0 minutes, 5 minutes, or 10 minutes. For each case, a different duplication strategy
was used to expand the 10 CTT frames into 29 frames, so that the CTT sequence could be aligned with
the radar sequence at 5-minute intervals.

15min interval

( CTT Nominal time }

I
lag =10 min
Smin interval ¢ 15min interval

[ Radar ] [ Shifted CTT time }
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[ ! |
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Figure 3.2: Temporal Regridding of CTT Frames for Radar Alignment

The advantage of duplication methods is that it avoids generating artificial intermediate CTT values. How-
ever, it assumes that the CTT field remains approximately unchanged between two satellite scans and
rapid cloud-top cooling or warming associated with convective development may not be fully captured.
This may introduce a small temporal mismatch between the radar and CTT inputs, especially during
fast-evolving convective events, and could weaken the apparent relationship between CTT and rainfall
intensity.
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3.2.1. Input-level fusion
Two input-level fusion strategies were considered, differing only in how the radar and CTT frames were
ordered along the channel dimension.

In the merged-input approach, all radar frames were first arranged as input channels, followed by all
corresponding CTT frames. For T input time steps, the resulting tensor had the shape [B, 2T, H, W],
with the channel ordering

[Rt07Rt17' . '7RtTflacto7Ct17' . 'aCtTfl]a

where R and C' denote the radar rainfall and CTT fields, respectively. This arrangement groups the input
frames according to their variable type, and the model learns the relationships between radar and CTT
directly from the combined channel representation.

The grouped-input approach used the same input dimensions and network architecture, but arranged
radar and CTT frames in an alternating temporal order [1]. Its input channels were ordered as

[Rt()7 Ct07Rt1,Ot1, ceey RtTflactTfl]'

This arrangement places radar and CTT fields from corresponding timestamps next to each other in the
channel dimension. However, it does not introduce a separate temporal axis or force the convolutional
network to process each radar-CTT pair independently. The first convolution still combines all input
channels jointly. This method is to test whether temporally aligned channel ordering influenced how the
model learned to use CTT information, compared with grouping the inputs by variable.

Merged-input Grouped-input

9 frames 9 frames
—_—

...............

L J L J R9 CTT9 |
9 frames 9 frames """_t -------
rainfall data CTT data 9
[R1, R2, ..., R9, CTT1, CTT2, ..., CTT9] [R1, CTT1, R2, CTT2, ..., R9, CTT9]

Figure 3.3: Illustration of two input-level CTT integration strategies. The merged-input model groups the channels by variable,
with all radar frames followed by all CTT frames. In the grouped-input model, each CTT frame is placed directly after the radar
frame from the same time step.

3.2.2. Feature-Level Fusion

The feature-level fusion block approach modifies the network architecture by adding a separate encoder
branch for CTT. This design is motivated by multimodal fusion studies, where early interaction between
related modalities can be beneficial [46, 47]. Radar and CTT features are extracted independently and
fused after the second encoder block at the H/2 x W/2 scale using channel-wise concatenation followed
by a1l x 1 convolution. This enables the model to learn a feature-level combination of the two modalities.
Compatible pretrained weights are retained in the radar branch, while the CTT branch and fusion block
are randomly initialised and learned during fine-tuning.
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3.2.3. CTT-Conditioned Generator

This section describes how cloud-top temperature (CTT) information is incorporated into the generative
network to modulate the generated precipitation fields. Specifically, the module takes decoder rainfall
features and CTT-derived features as inputs, and uses spatial attention, channel attention, and learned
modulation parameters to adjust the radar-derived feature representation. The corresponding modulation
equations are then introduced.

As discussed in Section 2.5, cloud-top temperature (CTT) provides supplementary information related
to cloud development and rainfall formation. In the generative network, CTT is therefore introduced
as an auxiliary conditioning variable rather than as an independent predictor of future rainfall. Radar
features remain the primary source of precipitation information, while CTT provides complementary
cloud-development context that allows the network to selectively modulate spatially relevant regions and
feature channels.

This design is inspired by the idea of multi-source feature fusion in precipitation nowcasting. FsrGAN[48]
adopts both radar and satellite data as input sources and proposes a spatial-channel attention (SCA) mod-
ule to adaptively fuse multi-scale spatiotemporal discriminative features from multi-source data. In that
work, radar and satellite data are considered to have different characteristics. Instead of treating all fea-
tures equally, the SCA module applies spatial-wise and channel-wise weighting to strengthen the discrim-
inative learning ability and representational power of the network (see figure 3.4).
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Figure 3.4: A novel spatial channel attention block SCA, figure taken from FsrGAN

Following this general idea, the proposed CTT-guided modulation block also uses spatial and channel-
related information to guide feature fusion. The CTT features are used only to modulate the intermediate
decoder rain feature maps. Therefore, CTT acts as conditional guidance for rainfall generation.
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Figure 3.5: CTT-SCA Block

The modulation block in Figure 3.5 receives two feature maps as inputs. The first input is the rainfall-
related feature map from the generative decoder. This feature map is an intermediate representation
produced during the upsampling process. The second input is the CTT feature map extracted from the
CTT encoder. Since both the decoder and the CTT encoder operate at multiple spatial scales, the CTT
feature map corresponding to the current decoder resolution is selected. If the CTT feature map and the
decoder feature map have different spatial resolutions, the CTT feature map is resized so that both have
the same height and width. The selected CTT feature map is then used to generate attention weights and
modulation parameters, which conditionally adjust the decoder rainfall feature.

Average pooling and max pooling are used to capture different aspects of the feature maps. Average
pooling reflects the overall response, whereas max pooling emphasizes the strongest activations. Although
both operations may discard part of the original information, using them together has been shown to
provide complementary descriptors for attention estimation [49, 50, 51]. Their combination therefore
offers a simple way to improve feature representation with little additional computational cost.

Therefore in the modulation part, the adjusted rain feature map equation is :
A= (YO Frain+B) © st © ay (3.4)

where F). 4y is the decoder rain feature map, s. is the CTT spatial attention map that controls where the
correction is applied, a¢ is the decoder channel attention map that controls which rain feature channels
are affected, and © denotes element-wise multiplication. The final output is computed as:

Fout = F’rain + alA (35)

where « is a learnable coefficient controlling the overall strength of the residual correction. Therefore,
CTT does not replace the original rain feature, but provides an adaptive correction to guide rainfall gen-
eration.

Therefore, the proposed block extends the idea of spatial-channel attention to the generative network.
Instead of treating all rain features equally, it allows the network to learn the importance of different
spatial regions and feature channels according to CTT information. This is expected to help the generative
network produce more realistic and physically consistent fine-scale rainfall fields.
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The overall structure of generative network with CTT conditioned is presented in Fig 3.6.
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Figure 3.6: Enter Structure of the CTT-conditioned generative network. The past radar sequence and evolution results are first
encoded to provide the main rainfall representation, while CTT and its binary mask are encoded separately by the CTT encoder.
During the upsampling process of the generative decoder, the evolution result is injected through S-blocks as the main conditional
information, and the corresponding multi-scale CTT features are introduced through CTT-guided SCA blocks to modulate the
decoder rain features

3.2.4. Model Summary

For clarity, the model architectures described in Section 3.2 are summarized in Table 3.1.

Table 3.1: Comparison of CTT conditioning strategies in the evolution and generative networks.

Model Conditioned CTT in Evolution Network Conditioned CTT in Generative Network
Baseline X X
Merged-Input CTT Merged input X
Grouped-Input CTT Grouped input X
Half-Fusion Fusion block X
Full-Fusion Fusion block v

The model variants are designed to evaluate how CTT information affects different stages of Nowcast-
Net. The radar-only Baseline model is used as the reference configuration and does not include any CTT
information.

The Merged-Input CTT and Grouped-Input CTT models introduce CTT only into the evolution network
through direct input-level fusion. These variants are used to test whether simply providing CTT together
with radar observations can improve the deterministic prediction of rainfall evolution.

The Half-fusion model also introduces CTT only into the evolution network, but uses a dedicated feature-
fusion block instead of direct input merging. This comparison examines whether feature-fusion mech-
anism can make more effective use of CTT than simple input-level integration, particularly within the
evolution network, which provides the deterministic rainfall prediction used as the basis for subsequent
generative refinement.
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The Full CTT-conditioned model extends the Half-fusion configuration by additionally introducing CTT-
based conditioning into the generative network. It is therefore used to investigate whether providing CTT
information to both the deterministic evolution stage and the stochastic generative refinement stage leads
to further changes in forecast performance.

3.3. Cluster-Informed Ensemble Post-Processing

The CTT-rainfall regimes and their physical interpretation were introduced in Section 2.5. Here, the cor-
responding cluster labels are used as fixed inputs to adjust the latent Gaussian noise during ensemble
generation. Specifically, different cluster labels are associated with different scale and shift transforma-
tions of the latent noise.

The identified clusters were used as fixed regime labels in the cluster-informed ensemble post-processing
method. Within clusters, the event-level 90th percentile of rainfall intensity was then calculated as

a2% = Qo.00 ({Re(i,5) | (i,5) € Qe}).

(Qo.90 was chosen because it was more responsive to the occurrence of strong rainfall compared with the
event-level mean or median, while being less sensitive to isolated extreme pixels than the maximum rain-
fall intensity. It therefore provided a robust indicator of the upper part of the rainfall-intensity distribution
within each event.

For each identified regime c, the event-level values were collected as

Q. = {qg.go | Ze = C}v

where z. denotes the cluster label assigned to event e and Q. denotes the empirical distribution profile
assigned to cluster c.

These cluster-specific rainfall distributions were subsequently used to derive the scale and shift parameters
of the post-processing transformation. Before introducing this transformation, the latent-noise sampling
procedure of the original framework is first described.

In the original framework, the latent noise vector is sampled from a standard Gaussian distribution,

z ~ N(0,1), (3.6)

where z denotes a latent variable sampled from a multivariate Gaussian distribution with zero mean and
unit variance in each dimension. The sampled latent noise is then fused with the deterministic prediction
feature within the deep generative network. Since the deterministic branch already captures the primary
rainfall structure, including the spatial distribution and intensity patterns, the latent noise mainly repre-
sents unresolved stochastic variations that may influence future rainfall evolution.

Using the same Gaussian distribution for all events implicitly assumes that uncertainty characteristics
are identical across different rainfall regimes. Under this assumption, events associated with strong con-
vection, weak precipitation, cold cloud tops, or relatively flat rainfall responses are all represented by
the same latent perturbation distribution. Such an assumption may be overly restrictive for precipitation
nowcasting because different CT T-rainfall regimes can exhibit distinct rainfall intensity distributions and
uncertainty characteristics.

To address this limitation, the proposed method uses clustered classes to determine the uncertainty of
precipitation at the q90 quantile rainfall intensity of each distribution and uses this uncertainty to post-
process the Gaussian prior. The modified noise is defined as follows:
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Ze | € ~ N (e, 021). (3.7)

where ¢ denotes the cluster label assigned to the event , . = shift(c) and 0. = scale(c).

std,
Stdrcf

mean, — meanyef
Stdmf

scale(c) = ( )a, shift(c) = 8 (3.8)

Here, mean, and std, denote the mean and standard deviation of the fitted rainfall distribution for cluster
c. The reference statistics are computed as the average statistics over all fitted cluster distributions:

1 & 1 &
mean,of = Ve Z meang, stdper = 7 Z stdg,
k=1 k=1

where K is the number of clusters.

The scale and shift process is used to control the spread of latent Gaussian noise sampling. The spread
size is determined by equation 3.8 and tested to account for the uncertainty of each cluster.

The exponent parameter a was searched within @ € (0, 4], while the mean-shift parameter 3 was searched
within 8 € (—5,5). The parameter « controls the strength of the exponential cluster-dependent scaling.
Increasing o widens the ensemble spread for one regime while simultaneously narrowing it for the other,
thereby introducing a trade-off between the uncertainty representation and forecast performance of the
two clusters. The parameter /3 controls the displacement of the mean of the post-processed latent-noise
distribution and was allowed to take both positive and negative values.

The scale and shift transformation was applied as a post-processing step after model training, rather than
being incorporated directly into the training architecture. Preliminary experiments in which scaled and
shifted Gaussian noise was introduced during training produced ensemble forecasts that were nearly iden-
tical to those obtained using the original Gaussian noise. This may be related to the UNet-like structure of
the generative network, in which repeated downsampling and upsampling may attenuate or smooth the
effect of stochastic perturbations during feature compression and reconstruction. Consequently, applying
scale and shift transformations to the latent noise during training may have only a limited influence on
the generated ensemble variability.

3.4. Evaluation Metrics

The evaluation consists of two complementary components. First, deterministic forecast performance is
assessed using categorical rainfall metrics for selected validation events. Second, the ensemble forecasts
are evaluated in terms of prediction-interval width, regional CRPS, and the dependence of CRPS changes
on observed rainfall intensity. Together, these analyses assess both forecast accuracy and the effect of the
cluster-dependent post-transformation on probabilistic forecast behaviour.

3.4.1. Deterministic results evaluation

For the quantitative assessment of the models, test events are selected from the validation dataset where
both CTT and radar observations are available. The candidate events are ranked from highest to lowest
observed rainfall intensity, and overlapping events with no rainfall in the Netherlands are excluded from
the test set. Only one event is retained from each calendar day for testing. After an event is selected,
all remaining events from the same day are excluded. This reduces temporal redundancy because events
initiated only 5 minutes apart share substantial overlap in their input and forecast periods.

To evaluate the short-term precipitation nowcasting accuracy, three neighborhood-based categorical met-
rics were used: Neighborhood Critical Success Index (Neighborhood CSI), Neighborhood Probability of
Detection (Neighborhood POD), and Neighborhood False Alarm Ratio (Neighborhood FAR). These met-
rics are threshold-based. For a given rainfall intensity threshold, the predicted and observed precipitation
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fields were first converted into binary event maps, where rainfall values equal to or above the threshold
were classified as rainfall events.

Based on the binary event maps, hits (H), misses (M), and false alarms (/") were calculated. A hit indicates
that a rainfall event was both predicted and observed. A miss indicates that an observed rainfall event
was not predicted. A false alarm indicates that a rainfall event was predicted but not observed.

In this study, a neighborhood-based verification method was adopted for all three metrics. This is because
precipitation nowcasting models may predict the correct rainfall structure while showing small spatial
displacement errors relative to the observation. In such cases, a strict grid-cell-by-grid-cell comparison
may over-penalize the model. Therefore, a neighborhood radius of 2 km was used to allow limited spatial
tolerance between the predicted and observed rainfall events.

The Neighborhood CSI, POD, and FAR are defined as:

H
CSI_H—i—M—I—F’
H
POD =
0 H+M’
F
FAR = )
R H+F

CSI measures the overall event-based prediction skill by considering both missed events and false alarms.
POD measures the ability of the model to detect observed rainfall events. FAR measures the false-alarm
tendency of the model. CSI and POD range from 0 to 1, where higher values indicate better performance.
FAR also ranges from 0 to 1, but lower values indicate better performance.

3.4.2. Ensemble results evaluation

The ensemble evaluation was designed to determine not only whether the proposed cluster-dependent
affine transformation changes probabilistic forecast performance, but also how and under which condi-
tions these changes occur. The evaluation therefore consists of three complementary components.

All experiments were conducted using ensembles of N = 50 members at lead time 90 minutes (the level of
uncertainty grows with longer lead time). Two ensemble-generation strategies were compared: a standard
Gaussian noise ensemble and a cluster-dependent affine-transformed noise ensemble. For a fair paired
comparison, both ensembles were generated from the same Gaussian noise samples, with the cluster-
dependent scale and shift applied only to the transformed ensemble.

First, the lower and upper parts of the ensemble distribution are examined spatially using the 5th- and
95th-percentile forecast maps for one representative event from each CTT-rainfall cluster.

Second, an exploratory CTT-based regional analysis on all validation events evaluates whether the CRPS
response differs between cold and warm cloud-top conditions. Third, the CRPS change is quantified as
a function of radar-observed rainfall intensity and is compared between the two CTT-rainfall clusters.
This is also done on all validation events. Together, these experiments describe how the post transforma-
tion changes ensemble uncertainty, under which cloud-top conditions these changes improve or degrade
probabilistic skill, and at which rainfall intensities the corresponding CRPS response occurs.

Ensemble quantile maps

To visually compare the spatial characteristics of the ensemble distribution, the 5th and 95th percentiles
are calculated from the 50 ensemble members at each pixel and lead time. The two quantiles are used
to represent the lower and upper tails of the forecast distribution, showing how the predicted rainfall
extent and intensity vary across the ensemble. For each selected event, the observation, the 5th-percentile
forecast, and the 95th-percentile forecast are shown from left to right.
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Regional CRPS analysis
For an ensemble prediction {x1, x2,...,2x} and radar observation y, the CRPS is defined as
1N ] NN
CRPS:N;|xi—y|—mgg\xi—mﬂ. (3.9)

Lower CRPS values indicate better probabilistic forecast performance, as the score evaluates the dis-
crepency between the full predictive distribution and the observation while balancing forecast accuracy
and ensemble dispersion.

The CTT regions are defined using the final input CTT frame:
cold : CTTg < 245 K, warm : CTT)e > 245 K. (3.10)

The radar-observed rainfall regions are defined as

rain:y > 1lmmh™!, below-threshold : 4 < 1 mm h™!. (3.11)

The resulting regions are cold-rain, warm-rain, cold-below-threshold, and warm-below-threshold.

For method m and region r, the regional mean CRPS is

e N 1
CRPS; " = —— 3 CRPSg'?, (3.12)

Q
‘ et PEQe ¢

where (), ,.; denotes the pixels belonging to region r. The regional CRPS change is

e,r,t
Gaussian

e,r,t

ACRPS“"" = CRPS — CRPSp,. (3.13)
Positive values indicate improved CRPS after post-processing, whereas negative values indicate deterio-
ration.

CRPS change across observed rainfall intensity

Finally, the pixel-wise CRPS change is analysed as a function of the radar-observed rainfall intensity. The
evaluated pixels are grouped into observed-rainfall intensity bins. For cluster ¢ and intensity bin k, the
mean CRPS change is calculated as

1

=Gk
ACRPS" = ——
|Bc,k|

> ACRPS“™?, (3.14)

(e,t,p)EBe k

where B, j contains the validation pixels assigned to cluster ¢ whose observed rainfall falls within bin k.

3.5. Training setup

All formal experiments were conducted on DelftBlue, the Delft High Performance Computing Centre [52],
using an NVIDIA Tesla A100 GPU with 80 GB of memory. The training setup generally followed the
original NowcastNet configuration [53]. However, smaller batch sizes were adopted because of GPU-
memory limitations, depending on the memory requirements of each model variant.

The main training configurations of the five generative model variants are summarized in Table 3.2.



3.5. Training setup 24

Table 3.2: Training configurations used for the five generative model variants included in the final comparison.

Parameter Value
Past frames, T}, 9
Forecast frames, T;,+ 20

Rainfall clipping threshold 128 mmh~!
Adversarial-loss weight, « 6

Pool-loss weight, 3 20

Latent samples, k 4

Pooling kernel / stride 5/2

Maximum epochs 50 for Baseline; 100 for the other variants
Early-stopping patience 50 for Baseline; 100 for the other variants
Generator learning rate 1076

Discriminator learning rate  10~7

Adam (51, ﬁg) (0, ].)

The evolution-network models were initialized using the pretrained weights released with the original
NowcastNet model, as described in Section 3.1.2. All compatible layers of the models in Table 3.1 were
initialized with these weights. This approach was considered appropriate because the evolution network
is trained with a supervised loss defined directly between predicted and observed rainfall fields and is
therefore generally less sensitive to initialization than the adversarial generative network.

In contrast, all modified generative models were trained from scratch using the same initialization scheme.
The original generative checkpoint is fully compatible only with the baseline architecture. For the CTT-
based models, loading only the shared pretrained layers while randomly initializing the newly introduced
inputs or fusion modules could create unequal initialization conditions. Training the modified models
from scratch therefore provided a more consistent basis for comparing the different CTT-integration
strategies.

The generative models reached a sufficiently stable state for comparative evaluation. The original Now-
castNet generative network was trained for 5 x 10 optimization iterations, whereas one epoch in the
present experiments required approximately 50 minutes. This computational cost limited the feasibility
of substantially extending the training duration.



Results

This chapter first presents two preliminary experiments results on checkpoint initialization and input-
level CTT fusion, as introduced in Chapter 3.2.1 and 3.5 . These experiments provide the basis for selecting
the subsequent training and model-comparison strategies. Three representative rainfall events selected
in Section 3.4.1 are then analysed in detail. The comparison considers both qualitative aspects, including
forecast visualizations and event-specific spatial characteristics, and quantitative performance based on
the evaluation metrics. Finally, the clustering results are presented, followed by the ensemble evaluation
and event-based spatial analysis of the proposed post-processing method, as described in 3.4.2.

4.1. Preliminary Experiment

This section first presents two preliminary experiments used to establish the training and model-comparison
strategy. The first evaluates whether loading the pretrained generative checkpoint improves the un-
changed NowcastNet baseline. The second evaluates whether two simple input-level CTT fusion ap-
proaches improve forecast performance. The performance of the feature-level CTT-conditioned models
is then evaluated using aggregated metrics and event-based forecast analyses.

4.1.1. Checkpoint Initialization

A preliminary experiment was conducted to examine the potential benefit of checkpoint loading for the un-
changed generative baseline. One validation event from 21 July 2025 was evaluated at a rainfall threshold
of 10 mm h~* using CSI, POD, and FAR, as defined in Section 3.4.1. Three strategies were compared: train-
ing from scratch, direct inference using the pretrained checkpoint, and fine-tuning from the pretrained
checkpoint. The results are shown in Table 4.1.

Table 4.1: Preliminary comparison of generative-network checkpoint loading strategies for the validation event on 21 July 2025.

Model / training strategy CSI POD FAR
EvolutionNet baseline 0.1734 0.2717 0.7718
Generative model trained from scratch 40.1719 1 0.2409 | 0.5941

Generative model using pretrained weights | 0.1334 | 0.2449 1 0.8315
without further training

Generative model fine-tuned from 10.2007 7103715 | 0.7547
pretrained weights

Red values indicate improvement relative to the EvolutionNet baseline. Higher CSI and POD values indicate better performance,
whereas lower FAR values indicate better performance.

25
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The preliminary experiment showed that fine-tuning from the pretrained checkpoint improved the un-
changed generative baseline. However, the same initialization could not be applied consistently to the
modified CTT-conditioned architectures because their newly introduced components were not included
in the original checkpoint. To maintain a consistent comparison between CTT-integration strategies, the
checkpoint experiment was therefore used only to inform the training setup and was not included in the
main model comparison.

4.1.2. Input-Level CTT Fusion

Before examining the spatial characteristics of the forecasts, the prediction ranges of the two input-level
fusion variants are first compared with the observations across three representative events (See in ta-
ble 4.2).

Table 4.2: Prediction ranges of the input-level fusion models and observations.

Event Model Prediction range  Observation range
. NeSTERCIT RS
o Mol T 0T
4858 gfif;:ﬁﬁ;ﬁf oTT {8 iiég} [0, 128.00]

The generative outputs of the input-level fusion models are strongly compressed compared with the obser-
vations. For the three selected events, Merged input CTT and Grouped input CTT only produce maximum
intensities of approximately 24-39 mm/h, while the observed maxima reach about 106-128 mm/h. This
indicates that directly injecting CTT at the input level fails to preserve high-intensity precipitation signals
in the generative prediction.
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(a) Event 4417. (b) Event 4818.

Figure 4.1: Qualitative examples comparing observations with the two input-level CTT fusion variants. The Merged-input CTT
model corresponds to the concatenate setting, while the Grouped-input CTT model corresponds to the stack setting. Both variants
partly retain some precipitation locations, but the predicted rainfall fields are more fragmented and spatially sparse than the
observations, especially at longer lead times.

Figure 4.1a shows that both input-level fusion variants produce weak and fragmented rainfall patterns.

The Merged-input CTT model retains some approximate precipitation locations at early lead times, whereas
the Grouped-input CTT model misses more rainfall structures; in both cases, the predictions become in-
creasingly sparse at longer lead times. This suggests that directly introducing CTT at the input level does

not preserve a reliable spatial rainfall structure.
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4.2. Model Results

In the following section, the forecasts for individual events, as described (in Section 3.4.1), are shown along
with their metrics evaluation.

4.2.1. Forecast Event on 2025-07-2117:35

Event 4417 is characterized by a central-to-northern precipitation area within the Netherlands, accom-
panied by several scattered convective cells in the south. From the observations, 2025-07-21 17:35 event
shows a clear evolution of rainfall structures across different lead times. A line sloping around 45 degrees
cuts diagonally from the North Sea into central Germany from the top left corner. Meanwhile, there is
a flat, horizontally shaped rainfall structure from around Rotterdam to Eindhoven. Over time, this flat,
horizontally shaped rainfall structure grows bigger and its influence is wider, whereas influence of the
line shaped rainfall shrinks but still keeping its high intensity rainfall core.

Over the larger domain, including western Germany and regions near Belgium, all three models produce
false rainfall predictions. They tend to generate an overly continuous rainfall band outside the eastern
Dutch boundary, extending into western and south-western Germany, where no corresponding rainfall is
observed. Figure 4.2 presents the observed rainfall field and the corresponding forecasts produced by the
three models at different lead times.

+5 min +30 min +60 min

'»ﬁi" '

Observation

128.0

63.0

Baseline
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Rainfall intensity (mm/h)

Half Fusion

Full Fusion

Figure 4.2: Qualitative comparison for event 4417 at 2025-07-21 17:35. Within the Dutch boundary, the observed rainfall has a
central-northern precipitation area together with scattered convective cells in the south.
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The prediction results suggest a trade-off between rainfall detection and false alarms, as shown in table
4.3. The baseline model provides the best balance at the lower and medium rainfall thresholds, achiev-
ing the highest CSI at 1 and 10 mm/h and the lowest FAR across all three thresholds. In contrast, Full
Fusion detects a larger proportion of rainfall, achieving the highest POD at all thresholds and the highest
CSI at 20 mm h~!. This indicates that Full Fusion captures a larger proportion of the observed rainfall
area, particularly for heavier precipitation, but at the cost of more false alarms. Half Fusion shows an
intermediate response. Its POD at 10 and 20 mm/h is higher than that of the baseline, although the im-
provement is smaller than that achieved by Full Fusion and is also accompanied by an increase in FAR.
Overall, this event indicates that improved detection of intense rainfall does not necessarily result in better

performance across all categorical metrics.

Table 4.3: Categorical metrics for event 4417 over the 0-90 min lead-time window.

CSL(1) POD (1)
Event  Model thr=1 thr=10 thr=20 thr=1 thr=10 thr=20
Baseline 0.4107  0.2617 0.124 0.684 0.417 0.154
4417 Half fusion  0.365 0.237 0.139 0.679 0.428 0.201
Full fusion 0407  0.246  0.1907 0.7567 05907  0.3831

Note. Metrics are averaged over the 0-90 min lead-time window. Red values indicate the best-performing model for each metric

and threshold. For CSI and POD, higher values are better; for FAR, lower values are better.

4.2.2. Forecast Event on 2025-09-04 17:00

For event 4818, Full Fusion shows the strongest overall detection performance, particularly at the 1 mm/h

and 20 mm/h thresholds compared to other models, as shown in Table 4.4.

Table 4.4: Categorical metrics for event 4818 over the 0-90 min lead-time window.

CSI(1) POD (1)
Event  Model thr=1 thr=10 thr=20 thr=1 thr=10 thr=20 thr=1 thr=10 thr=20
Baseline 0432 0251 0083 079 0465 0.113 0518 0664  0.805
4818  Halffusion 0386 02627 0.149 08151 0477 0218 0578  0.674  0.715)
Full fusion  0.462%7 0254 01827 0809 05347 03100 0491 0701  0.761

Note. Metrics are averaged over the 0-90 min lead-time window. Red values indicate the best-performing model for each metric
and threshold. For CSI and POD, higher values are better; for FAR, lower values are better.

The spatial forecasts in Figure 4.3 help explain these quantitative differences.
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Figure 4.3: Qualitative comparison for event 4818 at 2025-09-04 17:00. The observations show a narrow elongated rainfall band
over the Netherlands.

In this event, the observed rainfall appears as a relatively narrow, line-shaped precipitation band extending
from the northern to the central and southern Netherlands, with several embedded rainfall cores. The
system generally moves northward and becomes increasingly displaced and fragmented at longer lead
times. The baseline broadly widened the rainfall band, but generates smoother and wider rainfall patches
and underestimates the strongest embedded cores. Half Fusion maintains the elongated structure but
is dominated by low-to-moderate rainfall intensities, making the stronger cores less pronounced. Full
Fusion provides a clearer representation of the main rainfall band and assigns higher rainfall intensities
to the core regions. This spatial behaviour is consistent with the categorical metrics. The stronger and
broader rainfall predictions produced by Full Fusion contribute to its higher POD and CSI at the stronger
thresholds, while additional predicted rainfall outside the observed band contributes to its higher FAR at
10 and 20 mm/h.

4.2.3. Forecast Event on 2025-09-05 13:50

For event 4858, Full Fusion achieves the strongest CSI-based performance across all three rainfall thresh-
olds and improves the detection of moderate and heavy rainfall. However, this improvement is accompa-
nied by a substantially higher false-alarm tendency at the 10 and 20mm/h thresholds, as shown in Table
4.5.
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Table 4.5: Categorical metrics for event 4858 over the 0-90 min lead-time window.

CSL(1) POD (1) FAR ({)
Event  Model thr=1 thr=10 thr=20 thr=1 thr=10 thr=20 thr=1 thr=10 thr=20
Baseline 0.299 0.088 0.033 0.5697 0.122 0.055 0.624 0.674]  0.298]

4858 Half fusion  0.261 0.122 0.090 0.469 0.193 0.171 0.642 0.814 0.697
Full fusion  0.3437 0.1311  0.0987  0.529  0.2271 0.1821 0.546]  0.803 0.849

Note. Metrics are averaged over the 0-90 min lead-time window. Red values indicate the best-performing model for each metric
and threshold. For CSI and POD, higher values are better; for FAR, lower values are better.

Full Fusion achieves the highest CSI at all three thresholds and the highest POD at 10 and 20 mm/h . At
the 1 mm/h threshold, it also produces the lowest FAR, whereas the baseline achieves the highest POD.
At the two higher thresholds, however, the baseline retains the lowest FAR, while Full Fusion produces
the highest FAR. Half Fusion improves CSI and POD relative to the baseline at the higher thresholds, but
it does not achieve the best value for any of the evaluated metric-threshold combinations. These results
indicate that Full Fusion improves the detection and spatial overlap of moderate and heavy rainfall, but
does so by predicting more intense rainfall in locations where it is not observed.

The spatial forecasts in Figure 4.4 provide the previous categorical analyses with more details.
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Figure 4.4: Qualitative comparison for event 4858 at 2025-09-05 13:50. Observed rainfall is sparse and mainly located over the
eastern to central-eastern Netherlands and adjacent western Germany, while most of the Netherlands remains dry.
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This event contains several locally intense rainfall cores, the observed precipitation field is spatially sparse.
Most rainfall cells are small, isolated, and located over western Germany and near the eastern border of
the Netherlands, while large parts of the Netherlands remain dry. The baseline produces fragmented and
locally noisy rainfall patterns. Nevertheless, this behaviour partly resembles the observed event structure,
in which the rainfall cells are naturally small, isolated, and spatially scattered. However, the baseline
generally underestimates the intensity of the strongest cells, which is consistent with its lower CSI and
POD at the 10 and 20 mm/h thresholds.

Half Fusion generates more spatially coherent precipitation structures and tends to merge originally sepa-
rated rainfall cells into larger connected patches or elongated bands. In this event, this smoothing becomes
a disadvantage because it overestimates the spatial continuity of the observed rainfall field. This behaviour
is consistent with its relatively high FAR, particularly at the stronger rainfall thresholds.

Full Fusion more clearly preserves several isolated and localized rainfall cells and assigns higher intensities
to some of the convective cores. This helps explain its higher CSI and POD at the 10 and 20 mm/h thresh-
olds. However, several of the predicted intense cells do not fully coincide with the observed locations,
resulting in the very high FAR at these thresholds.

Overall, event 4858 shows that Full Fusion improves the detection of localized moderate-to-heavy rainfall,
but its stronger intensity response also increases the risk of high-intensity false alarms.

4.2.4. Overall Categorical Performance
After examining the models in individual rainfall events, their performance is evaluated across the full
validation dataset to provide an overall assessment of their categorical behaviour.

At the 10 mm h~! threshold, Half Fusion provides the best overall balance between rainfall detection and
false alarms. It achieves the highest CSI and POD among the three models, although its FAR remains
higher than that of the baseline (See in table 4.6).

The baseline is more conservative, producing the lowest FAR but also the lowest CSI and POD. Full Fusion
shows no clear advantage at this threshold, as it has lower CSI and POD than Half Fusion and the highest
FAR.

Table 4.6: Generative categorical verification results at the 10 mm/h rainfall threshold.

Where (>) indicates higher values are better and (<) indicates lower values are better.

CSI(>) POD (>) FAR (<)
Model >10mm/h > 10 mm/h > 10 mm/h
Baseline 0.064 0.091 0.176
Half Fusion 0.083 0.136 0.374
Full Fusion 0.077 0.128 0.556

These results indicate that the baseline reduces false alarms at the cost of missing more rainfall, whereas
Half Fusion detects a larger proportion of rainfall but also produces more false alarms. Full Fusion does
not improve this trade-off at the 10 mm h~! threshold.

The false alarms produced by both fusion models are concentrated just above the evaluation threshold.
Approximately 86% of the false-alarm pixels from both Half Fusion and Full Fusion fall within the 10—
20 mm h~! interval (Table 4.7), while false alarms above 40 mm h~"' are rare. This indicates that most
false alarms are associated with relatively weak predicted rainfall rather than intense rainfall.
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Table 4.7: Distribution of false-alarm pixels across predicted rainfall-intensity intervals.

Predicted rainfall intensity ~ Full Fusion Half Fusion

(mmh~") (%) (%)
10-20 86.59 85.62
20-40 12.54 13.51
40-80 0.81 0.84
80-128 0.05 0.03
> 128 0.01 0.00
Total 100 100

Increasing the degree of CTT fusion does not substantially change the intensity distribution of false alarms,
but Full Fusion produces a lower proportion of correct detections among predicted heavy-rain pixels,
resulting in a higher FAR

4 3. Clustering Results

The clustering analysis identified two distinct CT T-rainfall regimes introduced Section 2.5.3. To examine
how the rainfall characteristics differ between these regimes, the event-level rainfall Qg g9 values were
grouped according to their assigned cluster and fitted with parametric probability distributions. These
distributions also provide the statistical basis for the cluster-dependent ensemble post-processing method
introduced in Section 3.3. The empirical distributions and their fitted probability density functions are
presented in Figure 4.5.

Distribution of event-level raw rain q90 with fitted PDFs

cluster 0 raw event q90
0.35 4 cluster 1 raw event q90
) cluster 0 lognormal fit
shape=0.460, scale=7.611
0.30 - cluster 1 gamma fit
shape=5.892, scale=0.554
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Figure 4.5: Fitted probability distributions of event-level raw rainfall q90 for the two identified CT T-rainfall clusters.

Figure 4.5 shows the fitted probability distributions of the event-level raw rainfall q90 for the two identified
clusters. Cluster 0 is fitted with a lognormal distribution, with ¢ = 0.460 and scale = 7.611. This
indicates that Cluster 0 has a higher rainfall intensity level and a longer right tail, corresponding to events
with stronger and more variable precipitation. In contrast, Cluster 1 is fitted with a gamma distribution,
with shape = 5.892 and scale = 0.554. This distribution is more concentrated at lower rainfall intensities,
suggesting that Cluster 1 mainly represents weaker rainfall events with a narrower intensity range.
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These fitted distributions provide a statistical interpretation of the two CTT-rainfall regimes. Based on
this cluster-dependent rainfall uncertainty, the following experiment further tests whether the generative
noise can be adjusted according to the assigned cluster. Different combinations of the affine parameters
« and [ are therefore evaluated to control the strength of the cluster-based scale and shift applied to the
Gaussian noise. (as shown in Figure 4.6).

¢ Best: a=4, f=3 (0.13612) 0.1405
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Figure 4.6: Sensitivity of the mean CRPS to the scale parameter « and shift parameter 3 in the CTT-regime-dependent
Gaussian-noise adjustment. The white contour indicates parameter combinations with the same mean CRPS as the standard
Gaussian baseline. The star marks the lowest mean CRPS within the tested parameter range.

Figure 4.6 shows the sensitivity of the mean CRPS to the scale parameter « and shift parameter 5. The
standard Gaussian baseline corresponds to &« = 0 and 3 = 0, while the white contour indicates parameter
combinations with approximately the same mean CRPS as this baseline.

The contour has an approximately V-shaped pattern, indicating that larger positive or negative shifts gen-
erally require a stronger scale adjustment to maintain the baseline CRPS. Its slight asymmetry shows that
shifts of equal magnitude but opposite signs do not produce exactly the same mean CRPS. Within the
evaluated parameter range, the lowest mean CRPS of 0.136 was obtained at « = 4 and 5 = 3. This combi-
nation was therefore selected as the optimal tested configuration for the subsequent ensemble evaluation.

The cluster-dependent scale and shift terms can be then computed from the fitted rainfall distributions
by using mean and standard deviation at quantile 90 for each cluster aforementioned in Section 3.3 The
resulting statistics and transformation parameters are summarized in Table 4.8.

Table 4.8: Cluster-dependent Gaussian noise parameters calculated using o = 4 and 8 = 3.

Cluster =~ mean,. std. scale(c) shift(c) Variance Resulting distribution
Cluster 0  8.460  4.107 5.153 2.859 26.556 N (2.859, 26.5561)
Cluster 1  3.264 1345 0.059  —2.859 0.004 N (—2.859, 0.0041)
mean;e; = 5.862 std,er = 2.726 a=4, =3
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4.3.1. Ensemble results

Using the method described in Section 3.4.2, we compare the mean ACRPS between the post-processed
ensemble and the original standard Gaussian ensemble in four regions: cold-rain, cold-no-rain, warm-rain,
and warm-no-rain. This analysis examines whether the benefit of cluster-dependent noise transformation
varies with local CTT and rainfall conditions, thereby addressing where and under which conditions CTT-
informed post-processing improves probabilistic forecast skill (see in figure 4.7).
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Figure 4.7: Regional change in CRPS after applying cluster-dependent post-scale-shift noise transformation. This test is performed
on all validation events. Positive values indicate lower CRPS than the standard Gaussian ensemble.

The sign of the CRPS change is primarily determined by the event-level CTT-rainfall cluster. The trans-
formation consistently improves the forecasts for cluster 0, but consistently degrades them for cluster 1.
Moreover, the magnitude of the change is substantially larger in rainy regions than in no-rain regions.
Also, within the rainy regions, the effect is slightly stronger for cold-rain pixels than for warm-rain pix-
els. These results indicate that the effectiveness of the noise transformation is governed mainly by the
event-level precipitation regime.

For cluster 0, positive changes are obtained in all four regions. The largest improvements occur in the cold-
rain and warm-rain regions, with ACRPS values of 0.0398 and 0.0309, respectively. The corresponding
improvements in the cold-no-rain and warm-no-rain regions are much smaller, at 0.0046 and 0.0027. In
contrast, cluster 1 produces negative changes in every region. The strongest degradations again occur in
the rainy regions, reaching —0.0397 in the cold-rain region and —0.0275 in the warm-rain region, whereas
the changes in the two no-rain regions remain close to zero.

In the no-rain regions, both the observed rainfall and a large proportion of the ensemble members are
generally close to zero. Because the model output is bounded at zero and many ensemble members may
already predict dry conditions, moderate changes in the latent noise do not necessarily produce substantial
changes in the final rainfall field. The resulting CRPS differences therefore remain small. This explains
why the distinction between rainy and non-rainy pixels has a much stronger influence on the magnitude
of ACRPS than the distinction between cold and warm conditions.

Overall, the results show that the post-scale-shift transformation is not universally beneficial. The as-
signed event regime determines on whether the transformed latent-noise distribution is appropriate, there-
fore should be calibrated independently. For regimes in which the adjusted noise does not outperform
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standard Gaussian sampling, retaining the standard Gaussian distribution or applying a validation-based
selection mechanism would be more appropriate.

4.3.2. Event-Based Spatial Analysis of the Cluster-Conditioned Ensembles
To illustrate the event-dependent effect of the cluster-conditioned affine transformation, one representa-
tive event from each cluster is examined below.

Probabilistic Event Performance for Cluster 0
For cluster 0, observed on 21 June 2023 at 13:00 UTC (event 327), the post ensemble adjustment clearly
improves probabilistic forecast performance.

Observation Post-process ensemble quantile (p0S) Post-process ensemble quantile (p35)
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Figure 4.8: Lead-time-90 ensemble and intensity-dependent CRPS diagnostics for the selected cluster 0 and cluster 1 events. The
upper row shows event 327 on 21 June 2023 at 13:00 UTC. The three spatial panels show the observation, 5th percentile (p05), and
95th percentile (p95) of the post-processed Gaussian (randn) full-fusion ensemble.

Compared between ensemble members at p05 and p95, the differences lie in the size and intensity of a
small cell in northeastern Germany, whereas p95 shows a much larger and more intense precipitation area
at the same location, together with additional weak cells over eastern and southeastern Germany. Such
differences show the main spatial uncertainty in this event. Figure 4.9 summarises the corresponding
lead-time-90 CRPS results.
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Figure 4.9: Spatially averaged CRPS across lead times for cluster( event 327.

The adjusted ensemble yields a lower CRPS than the standard Gaussian ensemble at nearly all lead times,

with the improvement generally increasing after approximately 50 min. At 90 min, the mean ACRPS
reaches +0.030.
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Table 4.9: Overall CRPS comparison for cluster 0 event 327 at 90 min. Positive ACRPS = CRPS;andn — CRPSadjusted
indicates improvement.

Metric Value
Standard Gaussian ensemble 0.069
Adjusted ensemble 0.039
ACRPS +0.030
Relative CRPS reduction 43.9%

Table 4.9 summarises the overall CRPS values and the corresponding changes across observed rainfall-
intensity ranges. To further investigate which rainfall-intensity ranges contribute most to the CRPS re-
duction, the change in CRPS is examined using 5 mm/h intensity bins. The largest mean improvement
occurs in the 5-10 mm h~! interval , with a mean ACRPS of +6.04. Although positive values are also
found at higher rainfall intensities, no robust conclusion can be drawn above 20 mmh~! because of the
limited number of pixels (see figure 4.10).

event=327, cluster=0, lead=90 min

B Observed <1 mm/h
B Observed =1 mm/h
== No change

- CRPSpost

CRPSranan

Mean ACRPS

100

Observed rainfall intensity (mm/h)

Numbers above the bars indicate the pixel count in each observed rainfall-intensity bin.

Observed intensity (mmh~!) Mean ACRPS
<1 +0.02
1-5 +2.61
5-10 +6.04
10-15 +5.23
15-20 +4.52
20-25 +4.91
> 25 Mixed

Note: Results above 20 mm h~? should be interpreted cautiously because of the limited number of pixels.

Figure 4.10: Intensity-dependent CRPS diagnostics for cluster 0 event 327 at a 90-min lead time. Positive values indicate improved
performance after the cluster-dependent post-processing. The table below the plot summarises the mean ACRPS for the main
observed rainfall-intensity ranges.

Probabilistic Event Performance for Cluster 1
The cluster 1, occurred on 24 May 2024 at 11:25 UTC (event 2865, see figure 4.11), is a clear case in which
the same cluster-dependent post-processing framework degrades probabilistic forecast performance.
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event=2865 date=202405251125 lead=90 min

Observation Past-process ensemble quantile (p0s) Post-process ensemble guantile (pg5)

Rainfall intensity (mm/h)

Figure 4.11: Lead-time-90 ensemble and intensity-dependent CRPS diagnostics for the selected cluster 0 and cluster 1 events. The
upper row shows event 2865 on 24 May 2024 at 11:25 UTC. The three spatial panels show the observation, 5th percentile (p05), and
95th percentile (p95) of the post-processed Gaussian (randn) full-fusion ensemble.

The observation shows mainly scattered structure and the post-processed ensemble produces a narrower
and more continuous precipitation band across the central and southern Netherlands and into western
Germany. The post-processed ensemble has very limited spread, as the p05 and p95 panels are nearly
identical. This strong underdispersion is consistent with the low-variance noise distribution assigned to
cluster 1, which prevents the ensemble from representing uncertainty in the possible spatial extent and
intensity of the precipitation. Figure 4.12 summarises the corresponding lead-time-90 CRPS results.
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Figure 4.12: Spatially averaged CRPS across lead times for cluster 1 event 2865.

The post-processed ensemble yields a higher CRPS than the standard Gaussian ensemble at all lead times,
with the deterioration generally increasing after approximately 45 min. At 90 min, the mean ACRPS
reaches —0.072. Table 4.10 summarises the corresponding overall CRPS values.

Table 4.10: Overall CRPS comparison for cluster 1 event 2865 at a lead time of 90 minutes. Positive
ACRPS = CRPS;andn — CRPSpost indicates improvement.

Metric Value
Standard Gaussian ensemble 0.324
Post-processed ensemble 0.396
ACRPS —-0.072

Relative deterioration 22.0%
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Having shown that the post-processing degrades CRPS across all rainfall-intensity intervals at 90 min, the
following figure examines how this deterioration develops with lead time. The post-processing degrades
CRPS across all analysed rainfall-intensity ranges, indicating that the deterioration is not confined to a
single intensity interval. Its magnitude generally increases with rainfall intensity and is largest in the 15—
20 mm h~! bin, where the mean ACRPS reaches —0.583. Results above 20 mmh~' remain uncertain
because of the limited number of pixels (see Figure 4.13).
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Numbers above the bars indicate the pixel count in each observed rainfall-intensity bin.
Observed intensity (mm h~1) Number of pixels Mean ACRPS
<1 256312 —0.065
1-5 4268 —0.329
5-10 751 —0.488
10-15 293 —0.498
15-20 155 —0.583
20-25 83 —0.489

Note: Negative values indicate that the post-processed ensemble performs worse than the standard Gaussian
ensemble. Results above 20 mmh~! should be interpreted cautiously because of the limited number of

pixels.

Figure 4.13: Intensity-dependent CRPS diagnostics for cluster 1 event 2865 at a 90-min lead time. Positive values indicate
improved performance after the cluster-dependent post-processing. The table below the plot summarises the mean ACRPS and
pixel count for the main observed rainfall-intensity ranges.



Conclusion

This thesis investigated the implementation of NowcastNet for precipitation nowcasting over the Nether-
lands and examined whether cloud-top temperature (CTT) can provide additional information for deter-
ministic rainfall prediction and ensemble uncertainty. The main findings are presented below by directly
answering the research questions introduced in Chapter 1.5.

Sub-RQl: How reliable and sharp are the baseline probabilistic forecasts of

NowcastNet over the Netherlands when only radar information is used?

The radar-only NowcastNet baseline was able to reproduce the general movement and large-scale spatial
development of precipitation systems over the Netherlands. However, its performance depended strongly
on the rainfall structure and forecast lead time. Forecast skill generally decreased at longer lead times,
while intense and spatially concentrated rainfall structures were more difficult to preserve than broader
precipitation areas.

The baseline performed differently across individual events. It was relatively successful in representing
some isolated rainfall cells, but it sometimes broadened, displaced, or merged organised precipitation
structures. The ensemble forecasts also showed signs of underdispersion, indicating that the ensemble
spread did not fully represent the observed forecast uncertainty. Therefore, although the radar-only base-
line provided useful short-term forecasts, its probabilistic forecasts were not consistently reliable across
all rainfall structures and lead times.

Sub-RQ2: How can CTT--rainfall regimes provide physically meaningful in-

formation for conditioning ensemble uncertainty?

The event-level relationship between CTT and rainfall intensity could be separated into two distinguish-
able regimes. The first regime was characterised by colder cloud tops and generally higher rainfall inten-
sities, which may be associated with deeper or more strongly developed convective clouds. The second
regime contained warmer cloud tops and predominantly lower rainfall intensities, representing weaker
or less deeply developed precipitation systems.

These differences were visible in both the CTT-rainfall profiles and their statistical distributions. The
resulting clusters therefore represented more than a purely numerical separation as they described physi-
cally different cloud and rainfall conditions. This demonstrates that CTT can provide meaningful informa-
tion for distinguishing precipitation regimes and can consequently be used as a basis for regime-dependent
conditioning of ensemble uncertainty.

Nevertheless, the two clusters should not be interpreted as strict categories of “heavy rainfall” and “light
rainfall”. Considerable variation remained within each cluster, and the rainfall characteristics of an indi-
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vidual event also depended on its spatial structure and temporal development.

Sub-RQ3: How does CTT-regime-dependent adjustment of Gaussian noise
affect the probabilistic forecast skill and ensemble uncertainty of Nowcast-
Net?

The regime-dependent affine adjustment changed both the location and spread of the latent Gaussian noise
and consequently modified the generated ensemble distribution. Within the tested parameter combina-
tions, the scale and shift setting with o = 4 and 8 = 3 produced the lowest aggregate mean CRPS for the
all validation events. These results show that, for the evaluated events, applying regime-dependent post-
processing to the Gaussian latent noise resulted in lower CRPS than using the original standard Gaussian
noise directly.

However, the effect of the adjustment was not consistent across events, forecast lead times, or observed
rainfall intensities. For the examined cluster 0 event, the adjusted ensemble reduced the overall CRPS,
but the improvement was mainly associated with the large number of weak-rainfall and near-dry pixels.
At moderate and high observed rainfall intensities, the CRPS frequently increased. For the examined
cluster 1 event, the adjustment did not provide an overall improvement and produced higher CRPS across
most populated rainfall-intensity intervals.

The effectiveness of the proposed affine adjustment was closely linked to the event cluster and the specific
precipitation structure. The current results do not support the conclusion that a single regime-dependent
scale and shift transformation can consistently improve probabilistic forecast skill for all events.

Answer to the main research question

This thesis asked whether incorporating CTT information into NowcastNet can improve the forecasting of
high-intensity rainfall and its associated uncertainty. To answer this question, several configurations were
developed and evaluated: the radar-only baseline, merged-input models using concatenated and grouped-
input radar-CTT inputs, a grouped-input model that introduced CTT into the evolution network, and a
full-fusion model that also conditioned the generative network through multi-scale feature modulation.

Overall, incorporating CTT allowed NowcastNet to detect a larger proportion of the observed precipi-
tation, as reflected by an increase in the probability of detection. However, the higher detection rate
was generally accompanied by an increase in the false alarm ratio. The results therefore revealed a clear
trade-off between detecting more observed rainfall and generating additional false rainfall predictions.

The additional rainfall produced by the CTT-conditioned models could not be consistently classified as
either weak or intense rainfall. Its intensity and spatial characteristics varied between events, forecast
lead times, and model configurations. The effect of CTT also depended on where it was introduced into
the network. The simple merged-input approaches did not convert the additional CTT information into
consistent forecast improvements, whereas the full-fusion configuration produced the clearest increase in
rainfall detection but also introduced more false alarms.

CTT can therefore be considered a useful supplementary source of information for NowcastNet, particu-
larly for increasing sensitivity to developing precipitation. However, it does not unconditionally improve
the prediction of high-intensity rainfall or probabilistic forecast skill. Its benefits are event-dependent and
are accompanied by a POD-FAR trade-off. Similarly, the ensemble experiments indicate that CTT-derived
rainfall regimes can help characterise forecast uncertainty, but regime-dependent calibration requires
more events and a more flexible adjustment method before it can provide consistent improvements.



Recommendation

Based on the findings and limitations of this study, several directions can be considered to improve both
the performance and interpretability of the proposed framework. The following recommendations focus
on the rainfall-regime classification, the size of the event dataset, the temporal representation in the evo-
lution network, the influence of CTT conditioning, and the unexplained spatial artefacts in the full-fusion
predictions.

This study used data from May to December during 2023 to 2025 and selected periods containing rainfall
intensities above 10 mmh~!. Approximately 100 rainfall events were identified, where one event here
refers to the complete period from the beginning to the end of a high-intensity rainfall period rather
than to an individual radar frame. Although these events include different rainfall structures, the dataset
remains relatively small for training a complex nowcasting model and estimating stable rainfall-regime
characteristics. Including additional years and a wider range of rainfall events would improve the stability
and robustness of the trained model and reduce the influence of individual cases on the results.

CTT was introduced at the input level through merged and grouped - input. These two methods mainly
differ in how the radar and CTT frames are arranged before entering the model. A possible extension is
to treat time as an explicit third axis and process the radar and CTT sequences using three-dimensional
convolutions. This would allow radar and CTT information from the same reference time to be processed
together, while also learning their development across consecutive time steps.

In the full-fusion model, spatial feature maps extracted from CTT are used to modulate the rainfall features
in the generator. The intention is to strengthen rainfall features where the cloud conditions support further
development and weaken them elsewhere. The current results confirm that the CTT branch changes the
predicted rainfall fields, but they do not show how strong this influence is or which spatial regions are
affected most. A sensitivity analysis could scale the CTT features, remove individual conditioning blocks,
or compare the CTT feature maps with the corresponding rainfall features. This would help determine
whether CTT mainly affects rainfall intensity, spatial extent, or both.

Furthermore, the cluster-dependent post-processing assigns every event either to cluster 0, representing
the more developed and higher-intensity rainfall regime, or to cluster 1, which is associated with weaker
and more scattered precipitation. This hard assignment lacks the ability of expressing the uncertainty of
the classification, even though some events may share characteristics of both clusters. A soft-assignment
method could be used to represent the uncertainty in the event classification. In soft assignment, each
event is given a probability of belonging to each cluster rather than being assigned a single fixed label. For
example, a Gaussian mixture model could estimate these cluster-membership probabilities. This would
be useful for events that share characteristics of both rainfall regimes and are difficult to assign to a single
cluster. The soft assignment would help represent this classification uncertainty more clearly. The two
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fitted distributions also overlap over a noticeable range, so ensemble draws from this region cannot be
clearly interpreted as belonging to only one cluster. Using soft clusters as weights in a mixture distribution
may help to better preserve this ambiguity rather than forcing every event or ensemble draw into a single
regime.

Additionally, some full-fusion predictions were observed to contain isolated and grainy rainfall structures.
These pixels roughly follow the outline of the precipitation region but do not form a continuous rainfall
field. These patterns were initially suspected to be checkerboard artefacts. However, typical checkerboard
artefacts show regular horizontal and vertical structures, whereas the pixels found here are more irregular
and scattered. Their origin may therefore be related to another part of the model, such as the upsampling
operations, the fusion blocks, the CTT-conditioning pathway, or the loss function. Inspecting intermediate
feature maps and comparing different upsampling methods would help identify where these pixels first
appear and which component is responsible for them.

This study demonstrated that integrating CTT information and rainfall-regime-dependent post-processing
can improve specific aspects of probabilistic rainfall nowcasting in NowcastNet. By comparing different
fusion strategies and analysing cluster-dependent uncertainty distributions, the study identified both the
potential and the current limitations of using CTT to complement radar-based forecasts. This approach
combines the direct observation of precipitation from radar with additional information on cloud devel-
opment, while the regime-dependent post-processing provides a way to represent different rainfall con-
ditions in the ensemble generation. The results suggest that this framework provides a useful basis for
further research, although the temporal integration of CTT, cluster assignment, model interpretability,
and prediction artefacts still require improvement. Future studies can build on these findings to develop
more reliable and better-understood probabilistic nowcasting models, particularly for high-intensity rain-
fall events.
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Events summary

Table A.1: Dates, time ranges, and mean rainfall intensities of the selected rainfall events. The original mean_RHX values were
multiplied by 12 and are reported in mmh 1.

Date Time range  Mean rainfall intensity (mm h ')
2023-05-07  13:00-16:00 127.8
2023-05-08  13:00-16:00 175.6
2023-05-12  05:00-18:00 162.6
2023-05-23  02:00-02:00 122.4
2023-06-21  14:00-20:00 168.8
2023-06-23  16:00-18:00 183.6
2023-07-05  11:00-24:00 129.6
2023-07-10  15:00-18:00 209.1
2023-07-12  22:00-22:00 194.4
2023-07-14  08:00-08:00 138.0
2023-07-18  14:00-16:00 124.2
2023-07-25  14:00-14:00 198.0
2023-07-30  13:00-13:00 160.8
2023-07-31  19:00-22:00 154.8
2023-08-03  13:00-22:00 144.0
2023-08-04  05:00-05:00 177.6
2023-08-06  22:00-22:00 121.2
2023-08-07  02:00-16:00 166.6
2023-08-09  21:00-21:00 132.0
2023-08-13  05:00-09:00 1514
2023-08-26  08:00-16:00 222.0
2023-08-27  15:00-15:00 150.0
2023-08-28  13:00-18:00 152.4
2023-08-31  08:00-08:00 132.0
2023-09-02  24:00-24:00 151.2
2023-09-12  20:00-20:00 232.8
2023-09-13  18:00-19:00 373.8
2023-09-14  03:00-05:00 209.6
2023-09-17  18:00-18:00 195.6
2023-09-19  07:00-22:00 147.3
2023-09-22  19:00-19:00 187.2
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Table A.1 - continued from previous page

Date Time range  Mean rainfall intensity (mm h™')
2023-10-12  20:00-20:00 139.2
2023-10-13  13:00-14:00 197.1
2023-10-14  23:00-24:00 153.6
2023-10-19  21:00-22:00 134.4
2023-11-01  21:00-21:00 121.2
2024-04-18  11:00-11:00 123.6
2024-05-02  01:00-01:00 241.2
2024-05-03  18:00-21:00 210.0
2024-05-14  15:00-15:00 177.6
2024-05-17  08:00-23:00 135.0
2024-05-19  19:00-19:00 183.6
2024-05-20  14:00-17:00 167.4
2024-05-21  14:00-17:00 196.8
2024-05-22  17:00-17:00 198.0
2024-05-23  03:00-03:00 277.2
2024-05-25  11:00-15:00 149.4
2024-05-26  03:00-13:00 144.3
2024-05-28  21:00-21:00 169.2
2024-05-30  14:00-14:00 132.0
2024-06-11  09:00-09:00 123.6
2024-06-15  20:00-20:00 150.0
2024-06-22  11:00-11:00 135.6
2024-07-04  08:00-08:00 188.4
2024-07-10  17:00-21:00 159.1
2024-07-11  14:00-14:00 123.6
2024-07-13  09:00-16:00 203.1
2024-07-17  15:00-15:00 150.0
2024-07-22  10:00-17:00 216.0
2024-07-24  12:00-14:00 184.8
2024-07-28  21:00-21:00 213.6
2024-08-14  18:00-21:00 273.6
2024-08-15  14:00-17:00 195.6
2024-08-18  03:00-03:00 132.0
2024-08-21  19:00-21:00 214.8
2024-08-25 17:00-18:00 187.2
2024-09-03  16:00-21:00 257.1
2024-09-07  20:00-20:00 1344
2024-09-11  19:00-21:00 162.9
2024-09-12  17:00-17:00 168.0
2024-09-28  10:00-12:00 155.4
2024-10-09  01:00-01:00 123.6
2024-10-13  21:00-21:00 129.6
2024-12-06  22:00-22:00 140.4
2024-12-20  03:00-03:00 139.2
2025-03-24  21:00-21:00 344.4
2025-04-24  18:00-18:00 153.6
2025-06-01  20:00-20:00 148.8
2025-06-08  08:00-08:00 164.4
2025-06-09  04:00-04:00 129.6
2025-06-15  22:00-22:00 147.6
2025-06-26  24:00-24:00 175.2
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Table A.1 - continued from previous page

Date Time range  Mean rainfall intensity (mm h™')
2025-06-27  01:00-11:00 167.2
2025-07-03  16:00-16:00 184.8
2025-07-07  12:00-23:00 179.3
2025-07-16  10:00-10:00 219.6
2025-07-17  11:00-15:00 150.6
2025-07-21  19:00-19:00 182.4
2025-07-22  16:00-20:00 146.7
2025-07-24  14:00-17:00 201.6
2025-07-27  24:00-24:00 128.4
2025-08-03  06:00-10:00 152.4
2025-08-04  23:00-23:00 126.0
2025-08-29  19:00-19:00 132.0
2025-08-31  05:00-05:00 235.2
2025-09-04  16:00-20:00 190.8
2025-09-05  16:00-16:00 128.4
2025-09-10  12:00-12:00 128.4
2025-09-17  06:00-06:00 122.4
2025-10-21  18:00-18:00 122.4
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NowcastNet full structure
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Figure B.1: Architecture of NowcastNet, a physics-conditional deep generative model. Reproduced from Zhang et
al. [zhang2023nowcastnet], Fig. 1a, under the CC BY 4.0 licence.



Additional events

The below two cases showed that observed rainfall consists mainly of small, scattered precipitation areas,
particularly at 90 minutes, whereas the baseline and half-fusion models produce broader and more intense
rainfall regions. This suggests that both models have difficulty representing spatially fragmented events
and tend to merge scattered cells into unrealistically extensive precipitation systems.
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Figure C.1: Observed and predicted rainfall fields for the event initialized at 17:35 UTC on 21 July 2025. The rows show the
observation, baseline, half-fusion, and full-fusion results, and the columns represent increasing forecast lead times. Rainfall
intensity is given in mmh—1.

Table C.1: Categorical metrics for event 4351 over the 5-90 min lead-time window at a rainfall threshold of 10 mmh—1.

Event Model CSI(T) POD(1) FAR()

Baseline 0.133 0.159 0.647
4351 Half fusion 0.147 0.181 0.613
Full fusion 0.170 0.233 0.666

Rainfall intensity (mm/h)
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Figure C.2: Observed and predicted rainfall fields for the event initialized at 14:10 UTC on 22 July 2025. The rows show the
observation, baseline, half-fusion, and full-fusion results, and the columns represent increasing forecast lead times. Rainfall
intensity is given in mmh—1.

Table C.2: Categorical metrics for event 4442 over the 5-90 min lead-time window at a rainfall threshold of 10 mm h~!.

Event Model CSI(T) POD(1) FAR()

Baseline 0.169 0.230 0.590
4447 Half fusion 0.175 0.237 0.660
Full fusion 0.136 0.178 0.773

This below example shows that the baseline model produces a pronounced chessboard artifact, especially
at longer lead times, and this artifact is not observed in the other models. In contrast, the half-fusion model
captures the rainfall structure more realistically, but, consistent with the previous cases, it still generates
extensive areas of low-intensity precipitation, with many pixels around 1.6 mm h -1
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128.0
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Figure C.3: Observed and predicted rainfall fields for the event initialized at 20:50 UTC on 04 August 2025. The rows show the
observation, baseline, half-fusion, and full-fusion results, and the columns represent increasing forecast lead times. Rainfall
intensity is given in mmh—1.

Table C.3: Categorical metrics for event 4690 over the 5-90 min lead-time window at a rainfall threshold of 10 mmh—1.

Event Model CSI(T) POD(1) FAR()

Baseline 0.090 0.151 0.526
4690 Half fusion 0.123 0.160 0.682
Full fusion 0.146 0.200 0.497




CTT-Conditioned Model
Architecture

This appendix reports the implemented CTT-conditioned NowcastNet architecture. The model receives
nine radar frames and nine cloud-top-temperature (CTT) frames at a spatial resolution of 512 x 512 and
predicts 20 radar frames. A CTT validity mask is concatenated with the CTT sequence, hence the CTT
input has 18 channels. The base channel width is 32. In all tables, feature-map dimensions are reported as
channels x height x width; the batch dimension is omitted. Parameter counts include trainable weights,
biases, normalization parameters, and the learned intensity-scaling parameter .

D.1. CTT-conditioned evolution network

The evolution network predicts both an intensity residual and a two-component motion field for each of
the 20 future time steps. Radar and CTT information is fused after the first downsampling operation.

Table D.1: Layer-wise architecture of the CTT-conditioned evolution network.

Layer Operation / input Output feature map  Parameters

Radar input Nine historical radar frames 9 x 512 x 512 0

inc Residual DoubleConv, 9 — 32 32 x 512 x 512 14596

downl MaxPool + DoubleConv, 32 — 64 64 x 256 x 256 74176

CTT + mask input Nine CTT frames and nine masks 18 x 512 x 512 0

ctt_inc Residual DoubleConv, 18 — 32 32 x 512 x 512 19816

ctt_downl MaxPool + DoubleConv, 32 — 64 64 x 256 x 256 74176

fuse_x2 Concatenate 64 + 64, 1 x 1 convo- 64 x 256 x 256 8256
lution

down?2 MaxPool + DoubleConv, 64 — 128 128 x 128 x 128 295 808

down3 MaxPool + DoubleConv, 128 — 256 x 64 x 64 1181440
256

down4 MaxPool + DoubleConv, 256 — 256 x 32 x 32 1771776
256

upl Bilinear upsample, skip x4, Double- 128 x 64 x 64 2067456
Conv

up2 Bilinear upsample, skip x3, Double- 64 x 128 x 128 517632

Conv
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Layer Operation / input Output feature map  Parameters

up3 Bilinear upsample, skip fused z3, 32 x 256 x 256 129792
DoubleConv

up4 Bilinear upsample, skip x1, Double- 32 x 512 x 512 46 496
Conv

outc + v 1 x 1 convolution; intensity resid- 20 x 512 x 512 680
ual

upl_v--upéd_v Independent motion decoder 32 x 512 x 512 2761376

outc_v 1 x 1 convolution; z/y motion 40 x 512 x 512 1320

Evolution-network total 8964 796

The four motion-decoder blocks have the same intermediate sizes as the intensity decoder: 128 x 64 x 64,
64 x 128 x 128, 32 x 256 x 256, and 32 x 512 x 512. The reported 680 parameters for the intensity head
comprise 660 parameters in outc and 20 learned scalars in .

D.2. Generative encoder and CTT encoder

The generative encoder processes the concatenation of nine historical radar frames and 20 deterministic
evolution predictions. The separate CTT encoder processes the same 18-channel CTT-plus-mask tensor
used by the evolution network.

Table D.2: Generative and CTT encoder feature maps.

Branch Layer Output feature map Parameters
Generative Input (radar + evolution) 29 x 512 x 512 0
inc 32 x 512 x 512 26196
downl 64 x 256 x 256 74176
down2 128 x 128 x 128 295 808
down3 256 x 64 x 64 1181440
Generative-encoder total 1577620
CTT Input (CTT + mask) 18 x 512 x 512 0
stem (hq) 32 x 512 x 512 5216
down?2 (hs) 64 x 256 x 256 32832
down4 (hy) 128 x 128 x 128 131200
down8 (hg) 128 x 64 x 64 262272
CTT-encoder total 431520

D.3. Noise projector and generative decoder
A Gaussian noise tensor is sampled at 1/32 resolution. The projector expands its channels while preserv-
ing spatial resolution. Its 1024 x 16 x 16 output is rearranged by a parameter-free pixel reorganization

into 64 x 64 x 64. Concatenation with the 256 x 64 x 64 generative feature produces the decoder input
320 x 64 x 64.

Table D.3: Noise projector and CTT-conditioned generative decoder.

Layer Operation / input Output feature map  Parameters
Noise input Gaussian sample 32 x 16 x 16 0
conv_first 3 x 3 convolution, 32 — 64 64 x 16 x 16 18 848

L1 Projection block, 64 — 128 128 x 16 x 16 227712



D.4. Temporal discriminator

Layer Operation / input Output feature map  Parameters
L2 Projection block, 128 — 256 256 x 16 x 16 905984
L3 Projection block, 256 — 512 512 x 16 x 16 3614208
L4 Projection block, 512 — 1024 1024 x 16 x 16 14437376
Rearrange Parameter-free pixel reorganiza- 64 x 64 x 64 0
tion
Noise-projector total 19204 128
Feature concat. Evolution feature + rearranged 320 x 64 x 64 0
noise
fc 3 x 3 convolution, 320 — 256 256 x 64 x 64 737536
head_0 SPADE residual block 256 x 64 x 64 1794176
ctt_fuse_h8 CTT spatial-channel modulation 256 x 64 x 64 82820
Upsample Nearest-neighbour, x2 256 x 128 x 128 0
G_middle_0O SPADE block, 256 — 128 128 x 128 x 128 1248704
G_middle_1 SPADE residual block 128 x 128 x 128 613 760
ctt_fuse_h4 CTT spatial-channel modulation 128 x 128 x 128 37364
Upsample Nearest-neighbour, x2 128 x 256 x 256 0
up_0O SPADE block, 128 — 64 64 x 256 x 256 522944
ctt_fuse_h2 CTT spatial-channel modulation 64 x 256 x 256 9516
Upsample Nearest-neighbour, x2 64 x 512 x 512 0
up_1 SPADE block, 64 — 32 32 x 512 x 512 249152
up_2 SPADE residual block 32 x 512 x 512 115520
ctt_fuse_hil CTT spatial-channel modulation 32 x 512 x 512 2764
conv_img 3 x 3 output convolution 20 x 512 x 512 5780
Generative-decoder total 5420036
D.4. Temporal discriminator
Table D.4: Temporal discriminator architecture.
Layer Description Output feature map  Parameters
Input 20-frame sequence 20 x 512 x 512 0
2-D branch 9 x 9, stride 2 64 x 256 x 256 103744
3-D branch (k; = 4) 4 output channels 4 x 17 x 256 x 256 1300
3-D branch (k; = 4) 8 output channels 8 X 17 x 256 x 256 2600
Concatenate Flatten temporal dimension 268 x 256 x 256 0
blockl 3 x 3, stride 2 128 x 128 x 128 308 864
block2 3 x 3, stride 2 256 x 64 x 64 295168
block3 3 x 3, stride 2 512 x 32 x 32 1180160
block4 3 x 3, stride 1 512 x 32 x 32 2359808
BatchNorm Batch normalization 512 x 32 x 32 1024
Head 3 x 3 patch-logit convolution 1 x 32 x 32 4609
Discriminator total 4257277




D.4. Temporal discriminator
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D.4.1. Parameter summary

Table D.5: Parameter-count summary.

Component or model scope Parameters
CTT-conditioned evolution network 8964 796
Generative encoder 1577620
CTT encoder 956 064
Noise projector 19204128
Generative decoder 5420036
Generator training subset (evolution network excluded) 27157 848
Complete inference model 36122644
Temporal discriminator (training only) 4257277
All instantiated networks during training 40379921
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