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1 Introduction
Weather prediction involves using historical weather observations
to predict some future weather condition [5].Recent work [3, 5] has
shown that Spatial-Temporal Graph Neural Networks (STGNNs)
generally perform well on weather prediction tasks. In these mod-
els, weather prediction is formulated as a graph representation,
where nodes represent the weather stations, and edges encode the
local dynamics around a weather station and the global relation-
ships between different stations [3, 5, 8, 14]. However, weather
forecasting remains a fundamentally challenging problem, and cur-
rent STGNNs for weather prediction face a number of limitations.
STGNNs have been adapted to address these limitations. However,
their effectiveness on normal and extreme weather prediction tasks
has not been widely explored, if at all, in the literature. This project
attempts to address this gap. To this end, this proposal serves to
motivate this research direction and outline how the research will
be conducted.

2 Project Motivation
2.1 Related Work
Recent work has increasingly explored STGNNs for weather predic-
tion, motivated by their strong performance in related domains such
as traffic flow forecasting and energy grid management. In particu-
lar, Davidson and Moodley [3] evaluated the performance of Graph
WaveNet (GWN) and Weighted Graph Neural Network (WGN) for
maximum temperature prediction across 21 weather stations in
South Africa. By reformulating weather prediction as a spatial-
temporal graph problem and benchmarking against deep neural
network baselines, namely Long Short-Term Memory (LSTM) and
Temporal Convolutional Networks (TCN), they showed that GWN
outperformed the baselines across various prediction horizons.
Building on this foundation, Gaibie et al. [5] extended this work
by expanding the number of included South African weather sta-
tions and incorporating additional meteorological variables beyond
temperature. Their study compared Adaptive Graph Convolutional
Recurrent Network (AGCRN), Conditional Local Convolution Re-
current Network (CLCRN), and GWN against a TCN baseline. The
results indicated thatmore recent architectures outperformedGWN,
with AGCRN achieving the strongest predictive performance over-
all.

∗All authors contributed equally to this research.

2.2 Current Limitations
A key gap in both studies, and in most STGNN studies, is that
they don’t evaluate model performance under extreme weather
conditions. Additionally, they do not evaluate how long the models’
predictions remain accurate for. This challenge is further formalised
by the concept of the Intrinsic Predictability Limit (IPL), which lim-
its reliable weather forecasting to approximately 10-15 days [15, 17].
Small perturbations in initial conditions can lead to disproportion-
ately large deviations in future states [6], which results in prediction
errors being amplified. Thus, beyond the IPL, predictions become
increasingly unreliable [4, 13]. However, current STGNN-based
approaches do not explicitly investigate how prediction accuracy
degrades as the forecasting horizon increases. This leaves an impor-
tant gap in understanding their temporal robustness. Additionally,
existing STGNNs introduce modelling constraints. Most approaches
adopt a deterministic framework, where future graph states are
predicted directly from past observations [3, 5]. This fails to account
for the inherent uncertainty in spatio-temporal evolution, which
limits the model’s ability to represent multiple plausible future tra-
jectories [22]. Furthermore, STGNNs typically operate in discrete
time by approximating system dynamics through stepwise updates
[9]. This introduces artificial discontinuities that are particularly
problematic for weather systems, which evolve as continuous phys-
ical processes [9, 25]. From a practical perspective, these challenges
are compounded by the computational needs of STGNNs. These
models often require a large number of parameters and long train-
ing times to achieve competitive performance [27]. This limits their
scalability in resource-constrained or real-time forecasting settings.
This issue becomes more pronounced as prediction horizons in-
crease, due to the need to model longer-range dependencies [16].
Various STGNN techniques have been introduced to address these
shortcomings; however, their ability to accurately forecast normal
weather and extreme weather events is not widely explored in the
literature.

3 Research Aims and Objectives
3.0.1 Research Aim. This project aims to evaluate and compare the
effectiveness of recent STGNN techniques (lightweight, diffusion-
based, and continuous-time) for predicting normal and extreme
weather events in South Africa.

3.0.2 Research Questions. The research component of this study
will be guided by the following research questions:
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(1) To what extent do diffusion-based, continuous-time, and
lightweight STGNNs improve weather prediction perfor-
mance compared to baseline STGNN models?

(2) How effectively do diffusion-based, continuous-time, and
lightweight STGNNs predict extreme weather events?

(3) How long do predictions from different STGNN models re-
main valid, as measured by Valid Prediction Time (VPT)?

(4) What trade-offs exist between accuracy, robustness, and com-
putational efficiency across these approaches?

3.0.3 Research Objectives. In order to structure this investigation,
we will compare the chosen STGNN techniques against state-of-
the-art (SOTA) STGNN baselines. We will measure their predictive
performance, using standard metrics, and their predictive limits, us-
ing VPT, on weather prediction and extreme weather prediction on
South African datasets. Accordingly, the objectives are as follows:

(1) Implement and standardise an experimental pipeline for
training and evaluating baseline and chosen STGNN tech-
niques on South African weather datasets.

(2) Compare the predictive performance of the chosen STGNN
techniques against baseline models using standard evalua-
tion metrics.

(3) Assess the ability of each STGNN approach to model and
predict extreme weather events.

(4) Evaluate the robustness of each model by measuring how
long predictions remain accurate using VPT.

(5) Analyse the trade-offs between predictive performance, un-
certainty modelling, and computational efficiency across the
different STGNN approaches.

4 Procedures and Methods
To address our research aims, this section presents the proposed
experimental design and associated methodologies.

4.1 Datasets
Our data will be sourced from the South African Weather Services
(SAWS), containing data from 70 stations across all nine provinces
from the year 2011 to 2025. However, due to the teleconnection
phenomenon, which suggests that weather patterns in one region
can influence those in another [7, 10], understanding and predicting
weather in South Africa requires considering patterns beyond its
geographical boundaries. To account for this, we will introduce
another dataset, namely the Weather Bench ERA5 dataset, which
contains worldwide weather data since 1940. Both datasets contain
hourly data on attributes such as temperature, wind speed, humidity,
pressure, rainfall, and wind direction.

4.2 Problem Formulation
Given a set of nodes 𝑉 (where 𝑣 ∈ 𝑉 ) and a set of edges 𝐸 (where
𝑒 ∈ 𝐸), we construct a graph 𝐺 = (𝑉 , 𝐸) to model weather system
dynamics. Each node 𝑣 represents a weather station and encap-
sulates the dynamics of a specific location, while edges 𝐸 capture
spatial relationships between stations [3, 5, 20]. Weather obser-
vations, along with their associated meteorological features, are
represented as multivariate time-series data:

𝑋 = {𝑋1, 𝑋2, 𝑋3, . . . , 𝑋𝑇 } ∈ R𝑇×𝑛×𝑑 (1)

where 𝑋𝑡 denotes the observation at time step 𝑡 ∈ 𝑇 across
all stations, 𝑛 = |𝑉 | is the number of locations, and 𝑑 > 1 is the
number of meteorological features [8, 11, 19]. Given a sequence
of historical observations 𝑋 , the aim is to learn a mapping from
past observations to future targets over a prediction horizon 𝐻 ,
predicting a sequence𝑦1, 𝑦2, . . . , 𝑦𝐻 for each node 𝑣 ∈ 𝑉 [3, 5, 19, 24].
Within this formulation, we consider two prediction tasks.

The problem formulation includes two tasks: normal weather
prediction and the more complex task of extreme weather event
prediction.

4.2.1 Normal Weather Prediction. The normal weather prediction
task is formulated as a regression problem [23]. The goal is to
predict continuous-valued meteorological variables (e.g. tempera-
ture, rainfall, wind speed, wind direction) over the forecast horizon.
Here, the model learns a mapping from historical spatio-temporal
observations to future numerical values at each node.

4.2.2 ExtremeWeather Event Prediction. In contrast, extremeweather
event prediction is formulated as a classification problem where
the aim is to determine whether an event is extreme or not [23].
This can be framed as either a binary or multi-class classification
task. By using the same input structure (X, A), the model learns to
identify spatio-temporal patterns that precede or signal extreme
conditions.

4.3 Preprocessing
Preprocessing is a critical step in preparing the datasets for model
training, ensuring that the data is clean, consistent, and suitable for
capturing both spatial and temporal dependencies. This involves
handling missing values, structuring the data appropriately, and
partitioning it for training and evaluation.

4.3.1 Handling missing values. Stations with more than 5% missing
data will be excluded to avoid introducing excessive noise into the
model[5]. To preserve spatial dependencies in the remaining station
data, missing values will be imputed using the Inverse Distance
Weighting (IDW) method [18], which estimates values based on
neighbouring stations.

4.3.2 Data Segmentation. Following previous work [1, 12], the
dataset will be split into training, validation and test sets using a
60:20:20 ratio. Importantly, this split will be performed chronologi-
cally rather than randomly.

4.3.3 Anomalous Data. Anomaly-aware preprocessing will be em-
ployed. Candidate anomalieswill be identified using domain-relevant
thresholds and temporal consistency checks. [23]

4.4 STGNN Techniques
This study investigates three categories of STGNNs, namely continuous-
time, diffusion-based, and lightweight STGNNs, that have been pro-
posed to address limitations regarding modelling temporal dynam-
ics, uncertainty, and computational efficiency, respectively. Each ap-
proach introduces architectural modifications to standard STGNNs
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but still remains compatible with standard spatio-temporal fore-
casting frameworks. This allows for a consistent and controlled
comparison across models.

4.4.1 Continuous-Time STGNNs. These STGNNs discrete updates
with neural ordinary differential equations (NODEs) by parameter-
ising the derivative of the latent state rather than the state itself.
Although these STGNNs model dynamics continuously in the la-
tent space, they accept standard sequences of discrete observations
as input, which are first mapped to a latent representation via a
lightweight convolution before the ODE solvers are applied [9].
These models are directly compatible with the regularly sampled
hourly station data available from SAWS.

4.4.2 Diffusion-Based STGNNs. These incorporate denoising diffu-
sion processes to model uncertainty in spatio-temporal predictions
[22]. Instead of producing a single deterministic output, these mod-
els learn a distribution over future states [22, 25]. This allows them
to represent multiple plausible outcomes [22, 25]. Although these
properties make diffusion-based STGNNs particularly suitable for
weather forecasting, they haven’t, to the best of our knowledge,
been applied to this task yet.

4.4.3 Lightweight STGNNs. These models aim to provide similar
performance as standard "non-lightweight" STGNNs with a smaller
number of parameters, shorter training times, lower memory re-
quirements compared to standard STGNNs [21]. The models that
will be evaluated in this family adopt a lightweight memory-based
design [2]. Specifically, they incorporate a memory module with an
attention mechanism that enables the model to capture both local
and global spatio-temporal dependencies in a continuous manner
[2].

4.5 Baseline Models
Our baseline STGNNs have achieved SOTA performance in previous
experimentation of STGNN applications in weather prediction [5].
The two baselines that will be used are AGCRN and CLCRN. Since
the selected baseline models have already been implemented in
previous work, this study will reuse their publicly available source
code where possible. Implementation will involve modifying the
data-loading pipeline, input features, graph structure, forecasting
horizon and output dimensions to match the weather dataset used
in this study.

4.5.1 AGCRN. Adaptive Graph Convolutional Recurrent Network
(AGCRN) captures fine-grained spatial and temporal correlations
in time series data by integrating graph convolution with recurrent
units [1]. AGCRN introduces a Data Adaptive Graph Generation
(DAGG) module to infer inter-dependencies among nodes directly
from data, and a Node Adaptive Parameter Learning (NAPL)module
to learn node-specific patterns instead of shared global parameters.
These adaptive mechanisms allow the model to automatically con-
struct the graph structure and generate node-specific convolutional
parameters, which allos for more expressive modelling of complex
spatio-temporal dynamics.

4.5.2 CLCRN. Conditional Local Convolution Recurrent Network
(CLCRN) is designed for spatio-temporal meteorological forecast-
ing and models spatial dependencies through a conditional local

convolution kernel that varies across geographic locations [12].
The model constructs local coordinate systems on the sphere and
applies a convolution kernel parameterised by a neural network to
capture location-characterised meteorological patterns. This con-
ditional convolution is embedded within a recurrent framework
to model temporal dynamics, enabling the network to learn con-
tinuous, smooth, and spatially varying patterns of meteorological
flows.

4.6 Experimental Design
Python and PyTorch will be used for the implementation of each
model, following from original implementations of the selected
STGNN architectures. Ensuring that the models are reproduced as
accurately as possible.

Each model will take as input a sequence of historical spatio-
temporal observations, X, represented as a multivariate time series
over a graph of weather stations. Given an input window of the
previous 𝑇 time steps, the model will output 𝑦𝐻 predictions over
a forecast horizon 𝐻 , either as continuous-valued weather vari-
ables (for regression) or as probabilities of extreme events (for
classification). Each experiment will be repeated ten times with
different initialisations as a way to ensure robustness. The results
from these runs will be averaged, and that result will be used as the
final prediction. Multiple experiments allow for reliability when
performing a comparative study on the model performance. The
predicted outputs will be compared against the ground truth values,
and evaluation metrics will be computed accordingly. We propose
a set of experiments that will be applied consistently across both
prediction tasks and all models:

Experiment 1: Comparison against AGCRN. Each model
will be evaluated against the AGCRN baseline to assess whether
it can achieve improved predictive performance under the same
experimental conditions.

Experiment 2: Comparison against CLCRN.
Each model will be evaluated against the CLCRN baseline to

assess whether it can achieve improved predictive performance
under the same experimental conditions.

4.7 Evaluation Metrics
This section presents the metrics that will be used to assess model
performance. The metrics are divided according to regression and
classification.

4.7.1 Normal Weather Event Prediction (Regression). To measure
predictive accuracy for normal weather forecasting, we use Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), Mean
Squared Error (MSE), and Mean Absolute Percentage Error (MAPE):

MAE =
1
𝑁

𝑁∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖 | (2)

MSE =
1
𝑁

𝑁∑︁
𝑖=1

(𝑦𝑖 − 𝑦𝑖 )2 (3)

RMSE =

√√√
1
𝑁

𝑁∑︁
𝑖=1

(𝑦𝑖 − 𝑦𝑖 )2 (4)
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Figure 1: Diagram detailing the project experimental design.

MAPE =
100
𝑁

𝑁∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖 |
|𝑦𝑖 |

(5)

NRMSE(𝑡𝑓 ) =

√√√
1
𝑁

𝑁∑︁
𝑖=1

(𝑦𝑡𝑓 ,𝑖 − 𝑦𝑡𝑓 ,𝑖 )2

𝜎2
𝑖

(6)

VPT = argmax
𝑡𝑓

{
NRMSE(𝑡𝑓 ) < 𝜖

}
(7)

where 𝑦𝑖 represents the ground truth value, 𝑦𝑖 the predicted
value, and 𝑁 the total number of observations.

4.7.2 Extreme Weather Event Prediction (Classification). For ex-
treme weather event detection, predictive performance is evaluated
using Accuracy, Precision, Recall, and F1-Score, with Weighted
Binary Cross-Entropy (WBCE) as the training loss.

Accuracy =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(8)

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(9)

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(10)

F1 = 2 · Precision · Recall
Precision + Recall

(11)

LWBCE = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑤1𝑦𝑖 log(𝑦𝑖 ) +𝑤0 (1 − 𝑦𝑖 ) log(1 − 𝑦𝑖 )] (12)

where𝑇𝑃 ,𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁 denote true positives, true negatives,
false positives, and false negatives, respectively, and 𝑤1, 𝑤0 are
class weights used to address class imbalance.
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5 Anticipated Outcomes
This section outlines the expected outcomes of the research project
and identifies the key indicators that will be used to evaluate success
across the different techniques.

5.1 Research Outcomes
5.1.1 Lightweight STGNNs. We expect lightweight STGNNs to
achieve comparable predictive performance to the baseline models
while reducing computational cost, memory usage, and training
time. In particular, we anticipate that the integration of memory-
based attention and gated information filtering will allow the model
to retain essential spatio-temporal dependencies without the need
for deep or highly parameterised architectures. However, slight
performance trade-offs may occur in highly non-linear extreme
weather scenarios due to reduced model complexity.

5.1.2 Continuous-Time STGNNs. We expect the continuous-time
models to outperform the baselines in capturing fine-grained tem-
poral dynamics. By modelling latent state evolution through the
NODEs, these models are expected to produce smoother and more
physically consistent forecasts over longer prediction horizons.
Additionally, we anticipate improved robustness in modelling irreg-
ularly sampled or noisy station data. However, performance gains
may depend on the stability of learned continuous trajectories in
extreme event conditions.

5.1.3 Diffusion-Based STGNNs. For the diffusion-based models
such, we expect improved uncertainty quantification compared to
the baselines. In particular, we anticipate that these models will
provide more reliable probabilistic forecasts for extreme weather
events, where deterministic predictions tend to underperform. Based
on prior literature, newer diffusion-based models is expected to
outperform both deterministic baselines, while older models, specif-
ically DiffSTG, may not consistently outperform the deterministic
models in all forecasting scenarios.

5.1.4 Extreme Event Prediction and VPT Analysis. Across all model
families, we expect performance differences to become more pro-
nounced under extreme weather conditions. We hypothesise that
diffusion-based and continuous-time models will demonstrate im-
proved robustness in these settings compared to the baselines.
Furthermore, we expect the VPT metric to reveal meaningful dif-
ferences in model stability, with continuous-time models likely
maintaining accuracy over longer horizons due to their smoother
temporal formulation.

5.2 System Outcomes
The project is expected to produce a fully reproducible and modular
experimental framework to evaluate STGNNs on South African
weather data. This includes:

• A standardised preprocessing and training pipeline for SAWS
station data

• Unified implementation of baseline and proposed STGNN
architectures

• A comprehensive evaluation suite
• A benchmarking framework for fair comparison across mod-
els

5.3 Impact
5.3.1 Research Contribution. This project is expected to contribute
empirical insights into the performance of STGNN architectures on
weather prediction tasks. In particular, it will provide evidence
on whether architectural adjustments in STGNNs, particularly
continuous-time modelling, diffusion-based modelling, and light-
weight approaches, lead to measurable improvements over estab-
lished baselines. Additionally, the use of VPT as a stability metric is
expected to provide a useful framework for assessing model robust-
ness beyond standard error-based evaluation. Finally, given that
predicting extreme weather events using STGNNs is an understud-
ied topic in the current literature, a key expected contribution is a
deeper understanding of how different STGNN techniques perform
when predicting extreme weather.

5.4 Key Success Factors
The success of this project will be evaluated based on the following
criteria:

• Successful implementation and training of all baseline and
proposed STGNN models

• Consistent and reproducible evaluation across all STGNN
techniques

• Production of statistically meaningful results across standard
and extreme weather conditions

• Demonstrated comparative analysis of lightweight, continuous-
time, and diffusion-based approaches

• Successful computation and interpretation of VPT across
models

6 Ethical, Legal, and Professional Issues
This project does not involve human or animal subjects and there-
fore doesn’t raise ethical concerns related to experimentation.

Licensing and Use. The software tools we use are open-source
and distributed under permissive licenses for unrestricted use and
redistribution. We will ensure that all referenced work is properly
cited to comply with copyright and intellectual property require-
ments. Additionally, the use of weather data will align with the
terms of use.

Project Release. We do not anticipate any legal barriers to the
completion or dissemination of this project. All intellectual property
generated through this work, including code and written outputs,
will be owned by the University of Cape Town, with copyright
in academic outputs vested in the authors, subject to university
policies. Upon completion, we will release the project under the Cre-
ative Commons Attribution-ShareAlike 4.0 (CC BY-SA 4.0) license,
to allow for reuse and adaptation with appropriate attribution.

7 Project Plan
7.1 Work Allocation

• Praise Jaravani: Implementation and evaluation of continuous-
time STGNNs, and paper writing.

• Zoleka Fuyana: Implementation and evaluation of light-
weight STGNNs, and paper writing.
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• Génevieve Chikwanha: Implementation and evaluation of
diffusion-based probabilistic STGNNs, and paper writing.

• SharedResponsibilities:Data preprocessing pipeline, base-
line model implementation, evaluation framework, statistical
analysis, and project proposal.

7.2 Project Phases
The project is structured into five phases: a shared Setup phase
followed by four sequential research phases of increasing depth
and complexity. Phases 1 and 2 constitute the core experimental
work, Phase 3 provides analytical depth through an extension task,
and Phase 4 covers all writing and dissemination deliverables. A
detailed Gantt chart is provided in Appendix A.3.

7.2.1 Setup: Shared Experimental Framework (∼4 weeks, 5 May – 2
June 2026). Before anymodel training begins, the teamwill establish
a shared experimental framework that serves as the foundation
for all subsequent phases. This framework functions as a unified
pipeline: models are passed in as inputs, and standardised results
are returned as outputs, ensuring that all experimental models and
baselines are evaluated under identical conditions and that results
are directly comparable across all three workstreams.

The Setup phase encompasses the acquisition and preprocessing
of both the SAWS station dataset and the ERA5/WeatherBench
reanalysis dataset. Preprocessing includes missing value handling
via IDW imputation, data normalisation, graph construction from
the station network, and chronological data segmentation. The
shared evaluation framework will also be implemented during this
phase, covering all regression and classification metrics. Baseline
models AGCRN and CLCRN will be trained and validated during
Setup, establishing the performance benchmarks against which all
experimental models will be compared.

By the end of Setup, the full pipeline is operational and validated
in a regression setting across both datasets. Table 1 summarises the
three technique families and their respective models.

Table 1: Experimental model allocation by technique family.
Each team member implements their first model, followed
by their second model within the same phase.

Technique Family First Model Second Model
Continuous-Time STGNNs MTGODE ClimODE
Lightweight STGNNs STLGRU LiteSTGNN
Diffusion-Based STGNNs DiffSTG USTD

7.2.2 Phase 1: Regression (∼6 weeks, 2 June – 14 July 2026). Phase
1 begins immediately from the operational pipeline established in
Setup. Each team member trains and evaluates their two models in
a regression setting, starting with their first model before moving
to their second. Regression predictions of continuous-valued mete-
orological variables are produced over the forecast horizon across
both the SAWS station data and the ERA5/WeatherBench reanalysis
data. At the end of Phase 1, a shared comparative analysis is con-
ducted, consolidating regression results across all six models and
both baselines, and identifying strengths and limitations of each
technique family before moving to the classification reformulation
in Phase 2.

7.2.3 Phase 2: Classification Reformulation (∼3 weeks, 7 July – 27
July 2026). Phase 2 reformulates the prediction task as a binary
classification problem for extreme event detection. No new data
is introduced; all preprocessing and graph construction carried
out in Setup is reused directly. The same six experimental models
are retrained under the classification formulation, with the key
methodological change being the adoption of a weighted binary
cross-entropy loss function to address the severe class imbalance
between extreme and non-extreme weather events. Extreme events
are labelled using the 95th percentile threshold applied to the test
set, consistent with standard practice in the literature. Classification
performance is evaluated using precision, recall, F1-score, and AUC-
ROC across all models and both datasets. At the close of Phase
2, a Wilcoxon signed-rank test will be conducted to assess the
statistical significance of performance differences across technique
families. Phase 2 results will be presented at the Project Progress
Demonstration on 27 July 2026.

7.2.4 Phase 3: Extensions and Analysis (∼2 weeks, 28 July – 11 August
2026). Phase 3 deepens the analytical scope of the project through a
shared extension task and final cross-model analysis. The primary
extension is custom loss function exploration for anomaly-sensitive
prediction, which is contingent on related work by a PhD student
being available in time. If this work is not available, the fallback ex-
tension is spatial-temporal dependency and path analysis following
Gaibie et al. [5], which examines the spatial relationships learnt by
each model through their self-adaptive adjacency matrices. Along-
side the extension task, the team will consolidate all experimental
results into final cross-model comparative visualisations and sum-
mary tables spanning both regression and classification tasks, both
datasets, and all six models and two baselines. The outputs of Phase
3 feed directly into the paper writing process which begins at the
end of this phase.

7.2.5 Phase 4: Writing and Dissemination (∼3.5 weeks writing + dis-
semination, 10 August – 5 October 2026). Phase 4 covers all writing
and dissemination deliverables. Paper writing begins with the scaf-
fold due on 10 August 2026, overlapping with the tail end of Phase 3
to ensure continuity. Each team member is responsible for writing
the sections corresponding to their workstream, with shared sec-
tions — including the introduction, related work, methodology, and
conclusion — written collaboratively. The full draft is due 24 Au-
gust 2026, followed by peer review, revisions, and final submission
on 4 September 2026. Following paper submission, the team will
prepare the code repository for final submission on 14 September
2026, deliver the final project demonstration between 16 and 23
September 2026, submit the project poster on 28 September 2026,
and complete the project website by 5 October 2026.

7.3 Resources
7.3.1 Data Resources.

• SA Weather Service station network data (70 stations)
• WeatherBench global reanalysis dataset (ERA5)

7.3.2 Computational Resources.

• UCT High Performance Computing (HPC) cluster for model
training
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• Personal computing resources for development and debug-
ging

• GPU access for neural ODE integration and diffusion model
denoising

7.3.3 Software and Tools.

• Python 3.8+ with PyTorch, PyTorch Geometric, torchdiffeq
(for neural ODEs)

• Scikit-learn for preprocessing and baseline methods
• Matplotlib, Seaborn for visualisation
• Git/GitHub for version control and code sharing
• LaTeX for paper writing

7.4 Risks
Nine risk categories have been identified, spanning data quality,
extreme event scarcity, model convergence, computational con-
straints, WeatherBench integration complexity, neural ODE insta-
bility, custom loss function dependency, baseline performance, and
timeline delays. Each risk assessment is detailed in the Appen-
dix A.1.

7.5 Deliverables
The project involves a number of deliverables, including:

• Three literature reviews (completed)
• A project proposal draft and presentation
• A project proposal final paper
• Three final paper drafts
• Three source code repositories with documentation
• Three final papers
• Three project visualisations (interactive dashboards or static
plots)

• A project demonstration
• A project poster
• A project website

8 AI Usage Statement
Generative AI tools, specifically ChatGPT and Gemini Pro, were
used in a limited capacity for this submission, in line with the
guidelines provided in class. AI was primarily used for feedback
on structure, clarity, and overall flow. No AI content was copied
directly, and all suggestions were critically evaluated before being
incorporated, if at all. At no point was AI used to generate original
content for this proposal.
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A Appendix
A.1 Risk Assessment Matrix
Table 2 presents a comprehensive risk assessment for the project.
STGNNs require long training times due to their large parameter
counts [26], which is reflected in several of the risks below.

A.2 Evaluation Metrics
Table 3 provides a full summary of the evaluation metrics used
across both task formulations.

A.3 Project Timeline
Figure 2 shows the detailed project timeline from May to Octo-
ber 2026. The schedule is structured around UCT Honours project
weeks, with shared infrastructure tasks front-loaded before indi-
vidual model workstreams begin. Key milestones are marked in
red.
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Table 2: Risk Assessment Matrix

Risk Prob. Impact Consequence Mitigation Monitoring Management
Data quality issues
(missing values, station
dropouts)

Medium High Biased or incomplete training
data; models may fail to gen-
eralise across stations

IDW imputation; exclude sta-
tions with >5% missing data;
retain anomalous observa-
tions

Weekly data quality
checks; verify station
count before training

Re-run preprocessing with
stricter thresholds; exclude
affected stations and re-
evaluate

Extreme event scarcity
(class imbalance)

High High Models default to predicting
normal conditions; poor recall
and F1 on extreme class

95th percentile thresh-
olding; weighted binary
cross-entropy loss; stratified
evaluation metrics

Track class distribution
per variable; monitor F1
and recall on extreme
class

Adjust class weights; re-
threshold if extreme class
remains underrepresented
after initial training

Model convergence fail-
ures (neural ODEs, dif-
fusion models)

High Medium Unreliable or uninterpretable
results; inability to meet
Phase 1 deliverables on time

Gradient clipping; alternative
ODE solvers; cosine anneal-
ing learning rate schedule

Track training and
validation loss; cross-
check against published
benchmarks [5]

Reduce model complexity;
switchODE solver; consult su-
pervisor if convergence can-
not be achieved

Diffusion model train-
ing time and sample
quality

Medium Medium Phase 1 first model in each
technique results delayed;
blurry or oversmoothed
probabilistic forecasts

Limit denoising steps during
development; tune step count
on validation set; apply early
stopping

Monitor inference time
per sample; evaluate
forecast quality on held-
out extreme windows

Reduce denoising steps; fall
back to fewer diffusion iter-
ations if HPC time is con-
strained

Computational re-
source limitations

Medium High Inability to train large models
within project weeks; Phase 1
and 2 timelines at risk

Request UCT HPC access be-
fore June project weeks; opti-
mise batch sizes and ODE step
sizes

Monitor HPC queue
times weekly; flag if
baselines not complete
by end of June

Fall back to cloud compute;
reduce model depth or batch
size to fit available resources

WeatherBench integra-
tion complexity (Phase
2)

Medium Medium Spatial misalignment be-
tween ERA5 grid and SAWS
stations produces noisy or
invalid results

Familiarise with ERA5 struc-
ture in Phase 1; validate spa-
tial alignment before Phase 2
training

Confirm boundary over-
lap before Phase 2 be-
gins; flag misalignment
early

Adjust interpolation strategy;
consult WeatherBench docu-
mentation and prior work

Station coverage bias af-
fecting extreme event
evaluation

Medium Medium Aggregated metrics mask
poor inland performance;
conclusions about extreme
events may be geographically
misleading

Conduct station-level strat-
ified analysis; do not rely
solely on aggregated metrics

Report per-station ex-
treme event metrics;
flag coastal vs inland di-
vergence

Separate evaluation by re-
gion; discuss geographic limi-
tations explicitly in results

Insufficient perfor-
mance improvement
over baselines

Medium Low Research questions remain
answerable but findings are
less impactful

Project designed to analyse
how and why models differ,
not only whether they im-
prove; VPT and dependency
analysis provide value regard-
less of result direction

Regular benchmarking
against AGCRN and
CLCRN from Phase 1
onward

Reframe analysis around in-
terpretability and stability
findings; treat negative re-
sults as valid contributions

Timeline delays during
critical project weeks

Medium Medium Phase 1 deliverables slip past
Demo #1; reduced time for
Phase 2 and 3

Begin preprocessing and base-
line setup in April–May so
model training starts imme-
diately when June project
weeks open

Weekly progress check
against Gantt chart in
Appendix A.3; flag slip-
page if baselines not
training by end of June

Reprioritise core experiments;
defer Phase 3 extensions if
necessary; notify supervisor
early

ERA5 data acquisition
delays

High High Phase 1 start blocked if ERA5
is unavailable before end of
May; both datasets are re-
quired from the outset of
Phase 1

Initiate ERA5 access request
immediately after proposal
submission; identify alterna-
tive download sources (e.g.
Copernicus CDS) as backup

Confirm ERA5 access
by mid-May; flag imme-
diately if download not
initiated by 12 May

Fall back to SAWS-only exper-
iments for Phase 1 if ERA5
is unavailable; reintroduce
ERA5 in Phase 2 once ac-
quired

Custom loss function
extension dependency
(Phase 3)

Medium Medium Primary Phase 3 extension
cannot proceed if related PhD
student work is not available
in time; analytical depth of
Phase 3 reduced

Identify fallback extension
(spatial-temporal path analy-
sis following Gaibie et al. [5])
early; confirm PhD student
timeline by end of Phase 2

Check PhD student
progress status at start
of Phase 3 (28 July
2026); make go/no-go
call immediately

Switch to path analysis fall-
back without delay; ensure
fallback scope is scoped and
ready to begin by 28 July re-
gardless of primary extension
outcome

Table 3: Evaluation Metrics by Task

Task Metric Purpose
Regression MAE Average prediction error
Regression RMSE Penalises large errors
Regression MAPE Scale-independent error
Regression MSE Training loss reference
Regression Stratified MAE MAE computed separately for extreme (>95th per-

centile) vs non-extreme timesteps
Regression Peak Intensity Error MAE on predicted maximum values during extreme

event windows
Classification Accuracy Overall correctness
Classification Precision Correctness of extreme event predictions
Classification Recall Coverage of true extreme events
Classification F1-Score Harmonic mean of precision and recall; handles class

imbalance
Both VPT Maximum lead time at which predictions remain reli-

able
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May June July August September Oct

5 12 19 26 2 9 16 23 30 7 14 21 28 4 11 18 25 1 8 15 22 29 5 12

Setup

SAWS Data Acquisition & Preprocessing

ERA5 Data Acquisition & Preprocessing

Baselines: AGCRN & CLCRN [Z]

Evaluation Framework

Proposal Final

Phase 1: Regression

MTGODE + ClimODE [P]

STLGRU + LiteSTGNN [Z]

DiffSTG + USTD [G]

Phase 1 Analysis

Phase 1 Complete

Phase 2: Classification

MTGODE + ClimODE [P]

STLGRU + LiteSTGNN [Z]

DiffSTG + USTD [G]

Phase 2 Analysis

Progress Demo

Phase 3: Extensions & Analysis
Extension: Custom Loss Functions (fall-
back: Path Analysis)
Cross-Model Analysis & Visualisations

Paper Scaffold Due

Phase 4: Writing & Dissemination

Paper Writing (all sections)

Full Draft Due

Final Paper Submission

Code Cleanup & Submission

Code Submission Due

Final Demo Preparation

Final Demo

Poster

Poster Due

Website

Website Due

Key:

Praise (P) Zoleka (Z) Génevieve (G) Shared ♦Milestone Date labels show week-start. Phase 1 = regression (SAWS + ERA5). Phase 2 = classification
(weighted BCE loss). Phase 3 extension: custom loss functions (fallback: path analysis).

Figure 2: WEATHER-FLOW project timeline, May–October 2026. Colour coding: blue = Setup, green = Phase 1, yellow = Phase 2,
orange = Phase 3, red = Phase 4. Red diamonds mark UCT hard deadlines.
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