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Abstract

Spatio-Temporal Graph Neural Networks (STGNNSs) have been suc-
cessfully applied to weather forecasting problems, but the use of
diffusion-based STGNNs for weather forecasting remains under ex-
plored. In this study, we evaluate whether diffusion-based STGNNs
provide an advantage over deterministic approaches for weather
prediction in South Africa. We compared two diffusion-based mod-
els, DiffSTG and Unified Spatio-Temporal Diffusion (USTD), with
two deterministic models, Adaptive Graph Convolutional Recur-
rent Network (AGCRN) and Conditional Local Convolution Recur-
rent Network (CLCRN), using hourly observations from 32 South
African Weather stations. We evaluated temperature, pressure, hu-
midity, and wind speed across forecast horizons of up to 48 hours
using MAE, RMSE, and CRPS. Additionally, we analysed predic-
tive performance across forecast horizons and stations, as well as
investigated spatial and elevation-related error patterns. CLCRN
achieved the best overall point-forecast performance, while DiffSTG
performed worst across the evaluated attributes. USTD performed
competitively with AGCRN and achieved lower CRPS than DiffSTG
for three of the four attributes. The results suggest that diffusion-
based forecasting does not inherently improve weather prediction,
furthermore, it highlights the importance of how spatial, temporal,
and contextual information is incorporated into the forecasting
architecture.
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1 Introduction

Weather is a highly dynamic system in which observations at differ-
ent locations are influenced by both temporal changes and spatial
dependencies. These characteristics make weather forecasting a
natural application for Spatio-Temporal Graph Neural Networks
(STGNNSs), which model temporal dynamics within individual nodes
and spatial relationships between nodes [12, 29]. STGNNs have
been widely applied to traffic and other flow prediction problems,
but their application to weather forecasting remains comparatively
under-explored. Previous studies have demonstrated the potential
of STGNNSs for weather prediction in South Africa. Davidson and
Moodley [8] evaluated Graph WaveNet (GWN) and the Low Rank
Weighted Graph Neural Network (WGN) for temperature prediction
and found GWN to provide the best overall performance. Gaibie
et al. [10] subsequently evaluated newer STGNNS, including the

Adaptive Graph Convolutional Recurrent Network (AGCRN) [1]
and Conditional Local Convolution Recurrent Network (CLCRN)
[16], and showed that these models could successfully predict mul-
tiple weather variables. These models provide strong deterministic
baselines for evaluating newer approaches to weather forecast-
ing. Recent work has introduced diffusion models for probabilis-
tic spatio-temporal forecasting. DiffSTG [27] combines diffusion-
based generation with graph neural networks to model uncertainty
and spatio-temporal dependencies, while Unified Spatio-Temporal
Diffusion (USTD) [11] extends diffusion-based forecasting with a
deterministic spatio-temporal encoder and additional contextual
information. Although diffusion models have shown promising
results on spatio-temporal forecasting tasks, it remains unclear
whether their probabilistic formulation provides an advantage for
weather forecasting, particularly on irregularly distributed weather
station networks. In this study, we compare DiffSTG and USTD
with AGCRN and CLCRN for weather forecasting using hourly ob-
servations from 32 SAWS stations across South Africa. We evaluate
temperature, pressure, humidity, and wind speed over forecast hori-
zons of up to 48 hours using MAE, RMSE and, CRPS. Our results
provide an empirical comparison of deterministic and diffusion-
based STGNNs for South African weather forecasting and identify
factors that may explain differences in their performance. In sum-
mary, the main contributions of this study are as follows:

e We provide an empirical comparison of two diffusion-based
STGNNSs, DiffSTG and USTD, with the deterministic AGCRN
and CLCRN models for weather forecasting using South
African weather station data.

e We evaluate both point and probabilistic forecasting perfor-
mance across four weather variables and forecast horizons
of up to 48 hours, using MAE, RMSE, and CRPS.

e We analyse forecasting errors across time and space, includ-
ing node-level performance and the relationship between
forecasting error, station elevation, and weather variability.

The remainder of this paper is structured as follows. Section 2
introduces the problem definition and reviews STGNNS, their appli-
cation to weather forecasting, and diffusion-based spatio-temporal
forecasting. Section 3 describes the dataset, data processing, evalu-
ated models, experimental setup, evaluation metrics, and hyperpa-
rameter tuning procedure. Section 4 presents the predictive results
and analyses performance across forecast horizons, spatial patterns,
weather variability, elevation, and computational cost. Section 5
discusses the limitations of the study and directions for future



work. Finally, Section 6 summarises the main findings and their
implications for diffusion-based weather forecasting.

2 Background and Related Work

This section first defines the weather forecasting problem as a
spatio-temporal graph learning task. It then introduces the spatial
and temporal components of STGNNS, reviews their application to
weather forecasting, and concludes by describing diffusion-based
approaches to spatio-temporal forecasting.

2.1 Problem Definition

Given a set of nodes V (where v € V) and a set of edges E (where
e € E), we can construct a graph G = (V, E) that models the weather
system. v € V represents a weather station and encapsulates the
dynamics of that particular location, while E represents the set
of relationships between stations in V [8, 10, 25]. Weather obser-
vations, and their corresponding meteorological features (such as
temperature or humidity), can be represented as time-series data,
which is a sequence of observations ordered by time:

X = {X1, X2, X3, ..., X7} € RTXIVIxd (1)

where X; is an observation at time ¢ € T from a particular weather
station, |V| is the number of stations, and d is the number of meteo-
rological features [12, 15, 24]. When d = 1, the series is univariate;
when d > 1, it is multivariate [15]. Note that we investigate uni-
variate weather prediction and leave multivariate prediction for
future work. The goal is to use a sequence of historical observa-
tions, X, from a network of |V| weather stations, the graph G, and
an adjacency matrix A € RIV1*IVI representing the strength and
structure of the relationships between stations in V, to predict some
future sequence of values yy, 42, ys, . . ., yg for a given feature at
each v over some prediction horizon H that specifies the length of
the sequence to be predicted [8, 10, 24, 30]. Thus, the model must
learn some function F that maps the true observed history to future
signals [16].

2.2 Spatial Temporal Graph Neural Networks

STGNNs have been widely applied to forecasting problems such as
traffic flow [14, 31], energy demand [18], air quality [11, 27], and
increasingly, weather [8, 10]. They are effective at modelling data
that is dependent on both its spatial relationships and its evolution
over time [12, 29]. Traditional time-series approaches generally
treat observations as independent sequences and therefore do not
explicitly model spatial dependencies, while standard convolutional
approaches assume a regular spatial structure, which many natural
phenomena do not have [5, 29]. STGNNSs address this by represent-
ing the data as a graph so that the model can learn both spatial
dependencies between nodes and temporal dependencies within
each node’s sequence [5, 34]. STGNNS therefore consist of a spatial
module and a temporal module, although the way these components
are combined differs between architectures.

2.2.1 Spatial Module. Graph convolutional networks (GCNs) are
commonly used as the spatial component [5, 12, 29]. GCNs ag-
gregate information from a node’s neighbours according to the
strength and structure of its relationships with other nodes specified
by the adjacency matrix so information can be propagated through
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the graph [5, 29]. Other spatial modules include graph attention
networks, which learn different weights for neighbouring nodes,
diffusion-based graph convolutions, which model information prop-
agation through directed graphs, and other more specialised graph
convolutions designed for particular spatial structures [14, 16, 26].

2.2.2  Temporal Module. The temporal component is often im-
plemented using recurrent neural networks (RNNs) and its vari-
ants, temporal convolutional networks (TCNSs), or, more recently,
attention-based architectures [5, 29]. RNN-based approaches main-
tain a hidden state that is updated as successive time steps are
processed so that information from previous time steps influence
later predictions. Gated recurrent units (GRUs) are a commonly-
used RNN variant because their gating mechanism controls how
information is retained and updated over time, while requiring less
parameters than some other RNN variants [5, 29]. TCNs use one-
dimensional convolutions over the temporal dimension. Dilated
convolutions can increase the temporal receptive field without re-
quiring the model to process each time step sequentially, which
can make them more efficient for modelling longer temporal de-
pendencies [31, 34].

2.3 STGNNs for Weather Prediction

STGNNSs have increasingly been applied to weather forecasting,
where observations are collected from irregularly-spaced locations
and have complex spatial and temporal dependencies. Lin et al. [16]
introduced CLCRN, which uses geographic coordinates to condition
local graph convolutions on the relative distance and orientation
between weather stations. CLCRN achieved state-of-the-art per-
formance on the evaluated weather forecasting benchmarks. This
showed the value of incorporating geographic information into
the spatial modelling process. Davidson and Moodley [8] subse-
quently evaluated GWN and a Low-Rank Weighted Graph Neural
Network for maximum-temperature forecasting across 21 South
African weather stations, with GWN achieving the best average
performance. Gaibie et al. [10] later compared AGCRN, CLCRN,
TCN, and GWN across 45 South African stations and four weather
variables. AGCRN achieved the best overall performance, although
its advantage over the second-best model decreased from 24.23%
at a 3-hour horizon to 4.66% at 24 hours. More recent work has
continued to adapt the spatial structure of STGNNs to weather fore-
casting. Li et al. [13], for example, used an unstructured, variable-
resolution graph with both static and dynamic spatial dependencies
for very short-range forecasting which achieved high prediction
accuracy for temperature and pressure but increasing errors for
wind and humidity with lead time. These studies demonstrate that
STGNN s can effectively model spatial and temporal dependencies
in weather observations, but they primarily evaluate deterministic
point forecasts. This is a limitation for weather forecasting because
a single prediction does not represent the range of plausible future
atmospheric states. The importance of representing forecast uncer-
tainty is particularly evident for extreme events, where accurate
prediction of the timing and spatial evolution of an event does not
necessarily imply accurate prediction of its intensity. Li et al. [13],
for example, found that their model reproduced the evolution and
spatial structure of an extreme heatwave and Typhoon Saola but
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underestimated peak temperatures, maximum wind speeds, and
minimum sea-level pressures.

2.4 Diffusion-Based Spatio-Temporal Graph
Forecasting

The deterministic nature of conventional STGNN forecasting moti-
vates probabilistic approaches that model a distribution over pos-
sible future states rather than a single point prediction. Denois-
ing diffusion models achieve this by defining a forward process
that progressively adds noise to observed future data until it ap-
proaches a noise distribution, and then learning a corresponding
reverse process that removes this noise to reconstruct plausible
future samples [23, 27]. During forecasting, the reverse process
starts from random noise and iteratively denoises it, conditioned
on the available observations and other contextual information. Re-
peating this process allows the model to generate multiple possible
future trajectories, which represents uncertainty in the forecast.
TimeGrad introduced denoising diffusion for probabilistic mul-
tivariate time-series forecasting to generate future observations
autoregressively from a distribution conditioned on previous ob-
servations [21]. Subsequent work explored conditional diffusion
for time-series forecasting and imputation [19], including non-
autoregressive forecasting approaches [23]. However, these meth-
ods do not explicitly model the spatial dependencies represented by
STGNNs. DiffSTG extended denoising diffusion to spatio-temporal
graphs, combining a diffusion model with an STGNN-based de-
noising network to generate multiple possible future trajectories
non-autoregressively [27]. It reduced CRPS by 4 to 14% and RMSE
by 2 to 7% relative to the evaluated probabilistic baselines across
three real-world datasets. USTD subsequently proposed a unified
diffusion framework for multiple spatio-temporal graph learning
tasks, using a shared spatio-temporal encoder with task-specific
probabilistic decoders for forecasting and kriging [11]. Other ap-
proaches have since explored alternative diffusion architectures,
including dynamics-informed diffusion in DYffusion [4] and spec-
tral diffusion in SpecSTG [17]. However, these methods have pre-
dominantly been evaluated on non-meteorological spatio-temporal
datasets, while weather-specific diffusion-based STG forecasting re-
mains comparatively limited. Recent work such as STGLD Weather
demonstrates the potential of combining multi-scale STGNNs with
latent diffusion for weather forecasting, but further evaluation is
needed to establish how diffusion-based STGNNs compare with
established deterministic weather STGNNS across different weather
variables and forecast horizons [28].

3 Methodology and Experimental Design

This section describes the experimental design used to compare de-
terministic and diffusion-based STGNNG. It first describes the SAWS
dataset and its preprocessing, then introduces the four evaluated
models, followed by the implementation and evaluation procedures
and the hyperparameter tuning strategy.

3.1 Dataset

We performed our experiment using a dataset from the South
African Weather Service (SAWS) containing weather observations
from 60 irregularly-spaced automatic weather stations distributed
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Figure 1: A map showing the region covered in the SAWS
dataset, along with each station.

Table 1: Statistics of the SAWS (2016-2025) dataset.

Property  Temperature Humidity Pressure Wind Speed

Unit °C % hPa m/s
Mean 17.35 67.07 927.05 2.68
Maximum 45.60 100.00 1050.00 22.80
Minimum -10.20 1.00 800.00 0.00
Std. Dev. 6.83 1.00 63.41 2.21
Missing (%) 4.25 5.25 4.75 5.29

across four South African provinces, namely, Free State, Gauteng,
KwaZulu-Natal, and the Eastern Cape. Each station contains hourly
observations spanning 10 years, from 2016 to 2025, for six variables:
humidity, pressure, rainfall, temperature, wind direction, and wind
speed. The dataset contains additional metadata about each station,
such as the station name, its longitude and latitude, and its height.
The dataset does not contain personally identifiable information,
was used in accordance with the SAWS data policy, and is publicly
available upon request from the SAWS. A list of the stations re-
quested is in the Appendix B.2 and statistics on the dataset can be
found in Table 1.

3.2 Data Processing and Partitioning

To process this data for training and testing, we followed Davidson
et al. [8] and Gaibie et al. [10].

3.2.1 Handling Missing Data. First, the 60 stations were filtered
using a 10% missing data threshold [8, 33]. Because 28 of the 60
stations had more than 10% missing data across all variables, they
were excluded from the study. The remaining 32 stations (5 from
Free State, 2 from Gauteng, 12 from KwaZulu-Natal, and 13 from
the Eastern Cape), shown in Figure 1, were then imputed using
inverse distance weighting (IDW) interpolation to fill in the missing



data. This imputation method estimates missing values at a target
station by calculating a distance-weighted average of concurrent
observations from neighbouring stations [22]. This technique as-
sumes that nearby stations are more related than distant stations,
and thus stations closer to the target station influence its estimated
data points more than those further away [22]. IDW is suitable
for time-series data and is simple to implement [2], thus we found
it suitable for this study. For this study, we only focus on four of
the six features, excluding rainfall and wind direction, in line with
Gaibie et al. [10].

3.2.2  Partitioning Data. After filtering and imputing, we had 87
672 hourly observations for each of the four features across the
32 stations, totalling 11 222 016 observations. These were used to
construct an input matrix with dimensions (Timestamps, Stations,
Features) = (87 672, 32, 4). We trained the models on each feature
separately, as such, we sliced the matrix along the third dimension
for each feature, so the dimensions became (Timestamps, Stations,
Feature) = (87 672, 32, 1). We used the hold-out validation method to
split the data into a 60% : 20% : 20% ratio for training, validating, and
testing, respectively [9]. In line with other STGNN studies [8, 10, 11,
27], this split was applied chronologically to maintain the temporal
dependencies of the data. The training set corresponded to the first
six years (2016-2021), while the validation set was represented by
the next two years (2022-2023) and the test set by the final two
years (2024-2025).

3.2.3  Processing and Loading Data. Then, following Wen et al. and
Hu et al. [11, 27], the input data was normalised using z-score
normalisation. The mean and standard deviation were calculated
using the training dataset to avoid data leakage from the test set.
The processed data was then loaded by each model using the sliding
window technique, where an input window of length T was used
to predict the next window for a horizon of 48. Given an input
window of historical data, the model predicts a non-overlapping
but contiguous horizon. The window then slides forward by a single
time step, such that the first sample uses observations from t =T +1
to t to predict the subsequent observations from ¢ + 1 to t + h. This
process is repeated throughout the sequence, creating overlapping
input samples while maintaining a contiguous prediction horizon.
This allows the models to learn temporal patterns from different
starting points in the sequence.

3.3 Models

We evaluated four STGNNS, consisting of two deterministic base-
lines, AGCRN [1] and CLCRN [16], and two diffusion-based models,
DiffSTG [27] and USTD [11]. AGCRN and CLCRN were selected as
baselines following Gaibie et al. [10], who evaluated these models
for weather forecasting and found them to perform successfully
in their implementation. This provides established deterministic
baselines against which the diffusion-based models can be eval-
uated. DiffSTG and USTD were selected as the diffusion-based
models because they explicitly combine diffusion-based probabilis-
tic forecasting with spatio-temporal modelling, which allows us to
investigate whether the benefits of diffusion models observed in
other domains extend to weather forecasting.
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3.3.1 AGCRN. This model combines graph convolution with re-
current modelling to capture spatial and temporal dependencies.
Unlike models that rely on a predefined adjacency matrix, AGCRN
learns the spatial relationships between nodes through its Data
Adaptive Graph Generation (DAGG) module. Each node is assigned
a learnable embedding, from which an adaptive adjacency matrix
is generated. These same node embeddings are used by the Node
Adaptive Parameter Learning (NAPL) module to generate node-
specific graph convolution parameters, allowing different stations
to learn different feature transformations. The graph-convolved fea-
tures are then passed through GRU-style recurrent cells to model
temporal dependencies. The final hidden representation is used
to generate the multi-step forecast. In our implementation, the
historical weather observations were provided as a sequence of
node features. AGCRN therefore learned both the spatial graph and
node-specific convolution parameters directly from the training
data. No predefined adjacency matrix or additional covariates were
provided to the model. This allows its learned spatial relationships
to be analysed independently of the physical adjacency matrix used
by the other models.

3.3.2 CLCRN. 1t is designed specifically for forecasting on irregu-
larly distributed weather stations. Rather than treating the stations
as points on a regular grid, CLCRN uses their geographic relation-
ships to construct a local convolution around each centre node. The
convolution is conditioned on the relative distance and orientation
between stations, allowing nearby nodes to contribute differently
depending on their spatial relationship to the centre node. The
resulting spatial features are incorporated into a recurrent archi-
tecture, which models the temporal evolution of the weather ob-
servations. In our implementation, CLCRN received the historical
weather observations together with the station coordinates. The
spatial relationships between stations were used to construct the
local graph and condition the convolution kernels, while the re-
current component processed the historical sequence to produce
the forecasts. No additional temporal or elevation covariates were
provided.

3.3.3 DIffSTG. It combines a spatio-temporal graph neural net-
work with a denoising diffusion process to generate probabilistic
forecasts. Its UGnet architecture uses temporal convolutional blocks
to model temporal dependencies and graph convolutional blocks to
propagate information between spatially connected nodes. During
training, the future target sequence is progressively corrupted with
noise, while the historical observations are used to condition the de-
noising process. The model learns to predict the noise added at each
diffusion timestep. During inference, the process is reversed, start-
ing from random noise and progressively denoising it to generate
the future forecast. DiffSTG uses a predefined graph to perform spa-
tial message passing. In our implementation, the historical weather
observations were provided as the conditioning sequence and the
future target variables were used as the denoising target. The same
predefined adjacency matrix was used throughout the diffusion
process, with no additional covariates provided. Temporal infor-
mation was provided through the temporal position information
generated by the dataset.
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3.3.4 USTD. It combines a graph-based encoder with a diffusion
Transformer to model conditional probabilistic forecasts. The en-
coder uses graph convolutions to extract a representation of the
historical spatio-temporal context, while the diffusion Transformer
uses self-attention to model relationships between stations and
across time during denoising. Spatial positional information is de-
rived from the graph using Laplacian positional encodings, while
temporal positional information is provided separately. During
training, noise is added to the future target variables, which are
then progressively denoised by the Transformer. The historical
representation, graph-based spatial information, temporal informa-
tion, covariates, and diffusion timestep are used to condition this
process. In our implementation, the historical target variables and
covariates were first passed through the GWN encoder together
with the predefined adjacency matrix. The resulting representa-
tion was then provided to the diffusion Transformer alongside the
noisy future targets. We used time of day, day of year, and station
height as covariates, with the same covariates provided for the
corresponding historical and future time steps. The predefined ad-
jacency matrix was also used to construct the Laplacian positional
encoding supplied to the Transformer.

3.4 Model Implementation and Evaluation

All models were implemented with Python and PyTorch using pub-
licly available repositories provided by the authors [1, 11, 16, 27].
Additional scripts created were also implemented using Python and
PyTorch. Furthermore, the models were implemented as specified in
their respective papers on the optimal hyperparameters we found
by doing hyperparameter tuning. We used MAE as the target func-
tion and optimised using the Adam optimiser for a maximum of
50 epochs for the baselines and 300 epochs for the diffusion-based
models. Early stopping was applied to all models with a patience
of 15. Slight variations, detailed below, were implemented to en-
sure the models were suitable for the weather forecasting task.
All experiments were run on the University of Cape Town’s High
Performance Cluster (HPC) using the A100 GPU.

3.5 Evaluation Metrics

To measure the models’ average error over various horizons, specif-
ically H € {3,6,9,12, 24,48}, we use Mean Absolute Error (MAE)
and Root Mean Squared Error (RMSE), in line with previous STGNN
and meteorology studies [1, 11, 16, 27]. Using both allows for better
analysis of the models’ error distribution [6]. Let y; denote the true
target value and ¢; the corresponding prediction, with N denoting
the total number of evaluated predictions across stations and fore-
cast steps. Both metrics retain the units of the measured feature
when calculated on the original scale. For the diffusion-based mod-
els, we additionally report the Continuous Ranked Probability Score
(CRPS), which evaluates the quality of a predictive distribution.

Mean Absolute Error. MAE measures the average magnitude of
prediction errors without considering their direction. Lower MAE
indicates better performance:

N
1 .
MAE:N;“/i_yiL (2)

Root Mean Squared Error. RMSE measures the magnitude of pre-
diction errors while placing greater weight on larger errors:

RMSE =

5 D= 9 ®)

N
=1

RMSE is sensitive to outliers [6], which makes it informative
when investigating extreme events.

Continuous Ranked Probability Score. CRPS evaluates the com-
patibility of a predictive cumulative distribution function F with an
observed value y. Lower CRPS values indicate better probabilistic
forecasts. It is defined as:

/R (F(z) ~ I{y < 2))%dz, @

where Iy < z is an indicator function that equals 1 if y < z and 0
otherwise.

3.6 Hyperparameter Tuning

Hyperparameter tuning was performed on all four models using
the Tree-structured Parzen Estimator (TPE) algorithm, which is a
variant of Bayesian Optimisation [3]. Rather than searching the
entire search space using grid search, which would have been time-
consuming for the diffusion-based models, TPE evaluates past con-
figurations and splits them into those that performed well and those
that did not. It then builds a density over the search space for each
group and selects the next configuration by sampling candidates
from the well-performing density and choosing whichever configu-
ration is closer to other successful configurations and further from
failed configurations [3]. Though it does not exhaustively evaluate
the search space the way grid search does, it is cheaper to run since
it scales linearly with the number of observations and dimensions,
and has been shown empirically to outperform random and grid
search on ML hyperparameter tuning tasks [3]. The models were
tuned for 30 epochs (10% of the full training time for the diffusion-
based models) for 30 trials using the validation dataset. The first 10
trials used a random search to explore configurations, after which
the remaining 20 trials explored configurations based on those that
performed well during the initial 10 trials. A 48-hour prediction
horizon of was used to tune all models. For each model, the hyper-
parameters tuned aligned with those outlined and highlighted as
impactful in their respective papers [1, 11, 16, 27]. The search space
and optimal parameters found are shown in Appendix A in Table 3.

4 Results and Analysis

Each model was trained, validated, and tested on each of the four
attributes three times using different seeds (2024, 2025, and 2026)
to ensure model stability [11, 27]. The diffusion-based models each
produced eight samples per run, which were averaged to enable
comparison with the baselines. The mean and standard deviation
across seeds for each metric are presented in Table 2, and a more
comprehensive report of the results can be found in Appendix B.1.
The results show that the diffusion-based models are able to predict
weather with a similar degree of accuracy as the baselines, but do
not consistently outperform them. We highlight our key findings
below.
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Table 2: Average forecasting performance (Mean and Standard Deviation) for all stations for MAE and RMSE across all attributes.
The best performing model is highlighted in bold, and the second-best is underlined.

Humidity Pressure Temperature Wind Speed
Model MAE RMSE MAE RMSE MAE RMSE MAE RMSE
AGCRN  9.923 +0.001 13.974 £ 0.010  4.340 £0.170 10.470 £ 0.350 2.194 £ 0.017 3.019+£0.025 1.125+0.001 1.604 + 0.001
CLCRN  9.519+0.004 13.231+0.005 3.883+0.000 8.857 £0.049 2.146 +0.002 2.907 +0.003 1.122 +0.006 1.580 +0.001
DiffSTG 11.137 £0.017 14.883 +0.025 6.369 +£0.245 13.904 £0.903 2.372+0.004 3.183+0.006 1.170 +£0.000 1.650 + 0.000
USTD 9.965 + 0.233 13.867 +£ 0.310  4.329 £ 0.501  9.117 +£1.365 2.209 £0.077 2.974+0.096 1.151+0.013 1.647 +£0.010

4.1 Predictive Performance

CLCRN performs the best across all metrics. Compared to AGCRN,
CLCRN improves MAE by approximately 4% for humidity, 11% for
pressure, and 2% for temperature, while its RMSE is lower by ap-
proximately 5%, 15%, and 4%, respectively. CLCRN also consistently
outperforms USTD with a 3% to 10% reduction in error across both
metrics for all attributes. Moreover, it achieves the most substan-
tial improvement over DiffSTG, particularly for pressure, where it
reduces error rates by nearly 40%. While our findings are in line
with other studies comparing AGCRN and CLCRN [7, 16], these
results differ from Gaibie et al. [10], where their AGCRN model
outperformed their CLCRN model across all variables and metrics.
This is most likely because our datasets covered different South
African regions over a different time period.

Antithetically, DiffSTG achieves the highest average MAE and
RMSE scores for every attribute. This is an expected result as the
model was unable to surpass its deterministic STGNN baselines in
the original study [27], and similarly was unable to surpass USTD
in a subsequent study [11]. DiffSTG’s MAE score for pressure is
roughly 47% higher than USTD’s and 64% higher than CLCRN’s.
Similarly, across humidity and temperature forecasts, DiffSTG’s
predictive accuracy is approximately 5% to 17% lower than the
baselines and USTD. USTD is the more competitive of the two
diffusion-based models. It performs similarly to AGCRN across
both MAE and RMSE on most attributes, where the two models
only outperform each other by relatively small margins. This was
particularly noticeable for MAE, where the accuracy achieved be-
tween the two models was less than 3% across every attribute. The
largest difference occurred for wind speed, where AGCRN achieved
a 2.23% lower MAE than USTD. For RMSE, the models were sim-
ilarly close for most attributes, with differences of less than 3%
for three of the four attributes. The main exception was pressure,
where USTD achieved a 12.93% lower RMSE than AGCRN.

This differs from the results reported in the original USTD study,
where the model improved both MAE and RMSE over existing
deterministic and probabilistic forecasting approaches on three
benchmark datasets [11]. The difference is likely due to the char-
acteristics of the present dataset and forecasting task as well as
baselines chosen. The SAWS dataset contains a relatively small
number of irregularly distributed weather stations compared with
the large benchmark datasets commonly used in STG forecasting.
Additionally, weather variables also have different spatial and tem-
poral dependencies from the traffic and urban-sensor data on which

Temperature Pressure

Humidity Wind Speed

All Exogenous
Variables

Time of Day
Variables (No heigh)

Figure 2: Ablation study showing the impact of exogenous
variables on USTD’s predictive performance.

these models were primarily evaluated. Our results do not neces-
sarily suggest that USTD’s advantages may not transfer uniformly
across datasets.

4.1.1 The Role of Conditioning in Diffusion-Based Forecasting. The
difference between USTD and DiffSTG suggests that the condition-
ing mechanism is an important contributor to the performance
of the diffusion models. USTD combines a deterministic spatio-
temporal encoder with probabilistic diffusion decoders, which en-
sures that the diffusion process can operate on representations that
have already captured conditional spatio-temporal structure [11].
The ablation results, shown in Figure 2, provide supporting evidence
for the importance of this conditioning. Removing all exogenous
variables increased RMSE from 2.974 to 3.411 for temperature, from
9.117 to 13.230 for pressure, from 13.867 to 14.523 for humidity, and
from 1.647 to 1.737 for wind speed, with the largest deterioration
occurring for pressure. The ablation therefore suggests that contex-
tual information contributes to USTD’s performance. Moreover, the
difference in predictive accuracy between the two diffusion models
suggests that the use of a diffusion-based probabilistic formulation
alone does not guarantee improved point-forecast accuracy, and
that the architecture used to condition and generate the forecasts
might be important.
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Figure 3: RMSE scores across 3, 6, 9, 12, 24, and 48 hour hori-
zons for CLCRN, AGCRN, DiffSTG, and USTD.

This distinction may also help explain the difference between
USTD and DiffSTG. USTD was explicitly designed around a deter-
ministic encoder that captures conditional spatio-temporal patterns
before probabilistic decoding, whereas DiffSTG directly uses its
diffusion framework with UGnet to learn the spatio-temporal fore-
casting process [11, 27]. Hu et al. [11] argue that effectively learning
the full shape of a probability distribution in order to provide reli-
able uncertainty ranges requires more information than learning
a direct mapping from an input to a single output in the way de-
terministic STGNNs do. Thus, we suspect that a strong conditional
representation provides a better foundation for probabilistic gen-
eration, particularly when the available observations alone do not
fully describe the state of the atmosphere.

4.2 Prediction Horizon

To further analyse the performance of these models, we present the
MAE and RMSE scores across six prediction horizons: 3, 6, 9, 12,
24, and 48. The RMSE results are visualised in Figure 3, while the
MAE results are in Appendix B.5. The most noticeable finding is
that, just like the baselines, the diffusion-based models’ error gen-
erally increases as the prediction horizon increases. For example,
DiffSTG’s humidity MAE increases from 7.45 at horizon 3 to 12.43
at horizon 48, while its wind speed MAE increases from 0.91 to 1.25
over the same period. USTD shows the same general pattern. This
is an expected result in weather forecasting since predicting further
into the future is generally more difficult [20], and is consistent
with trends reported in prior STGNN forecasting work [8, 10, 13].
However, the rate and magnitude of degradation differ between
variables and models, as shown in Figure 3. Specifically, we see
that the diffusion-based models degrade more than the baselines be-
tween horizons 6 to 24. Specifically, DiffSTG consistently produces
the highest errors across all horizons for all attributes; USTD and
AGCRN generally achieve the lowest errors at shorter horizons,
after which CLCRN and AGCRN generally outperform the diffusion
models between horizon 6 and 24. All models begin to converge at
horizon 48.
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Figure 4: Each model’s predicted values versus the ground
truth value for each attribute across the test set.

The comparatively poor performance of DiffSTG across the hori-
zons may be related to how future temporal dependencies are rep-
resented. DiffSTG is explicitly non-autoregressive since it gener-
ates the complete prediction horizon through the diffusion process
rather than recursively feeding previous predictions back into the
model [23]. This is advantageous since predictions do not accumu-
late the recursive errors associated with repeatedly conditioning
on previous forecasts [21, 23]. However, the absence of autore-
gressive feedback may also change how temporal dependencies
across the forecast horizon are represented. In particular, the model
must construct a coherent multi-step future without using its own
intermediate predictions as inputs to subsequent steps [32]. How-
ever, USTD achieves competitive predictive performance despite
being non-autoregressive as well. Another example is TimeDiff,
which is explicitly non-autoregressive, but incorporates autoregres-
sive initialisation and future-mixup conditioning to provide infor-
mation about short-term temporal structure while retaining non-
autoregressive generation [23]. The fact that non-autoregressive
models can achieve strong predictive performance when given ad-
ditional temporal conditioning suggests that non-autoregressive
generation itself is unlikely to explain poor forecasting performance.
Instead, the way temporal dependencies are encoded before or dur-
ing generation may be more important. It is plausible that DiffSTG’s
non-autoregressive nature may be putting greater demands on the
model to represent relationships among multiple future time steps
simultaneously. The monthly predictions, in Figure 4, show that
DiffSTG generally captures the broad temporal structure of temper-
ature and wind speed, but its predictions are more removed from
the observed trajectory than the other three models. Thus, the issue
may be a limitation in representing the conditional evolution of the
forecast across the full prediction horizon.

Following Gaibie et al. and Davidson et al. [8, 8], we identified
k edges, where k=40, with the highest weights for each model’s
adjacency matrix, and plotted those edges on a map of the studied
regions. We analyse the spatial correlation between nodes using
their adjacency matrices, which is overlaid onto a map of Kwazulu
Natal, Eastern Cape, Free State, and Gauteng. A station will have an
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Figure 6: AGCRN’s spatial node embeddings.

incoming arrow if it depends on the station from which the arrow
originates. This will allow us to analyse the spatial dependencies
that the models have learned. The predefined adjacency matrix was
constructed by calculating the weighted distance between the sta-
tions, and thus places greater weight on stations closer together, as
seen in Figure 5. It is also symmetric, making all edges bidirectional,
so if station A depends on station B, then station B will also depend
on station A.

4.3 Spatial Patterns

The predefined adjacency matrix focuses on local neighbourhoods,
and this is reflected strong relationships between geographically
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Figure 7: CLCRN’s spatial node embeddings.

close stations, which results in the clustering seen in Figure 10 in
the Appendix. However, geographical proximity does not necessar-
ily capture all of the relationships that influence weather variables.
This may be particularly important for the SAWS network because
the stations are irregularly distributed across different geographic
and climatic regions. Elevation, coastal proximity and local topogra-
phy can cause geographically close stations to experience substan-
tially different conditions. The node-level error analysis provides
some evidence for this effect. For example, stations with similar
geographic positions can exhibit different forecasting errors, while
the higher errors observed at particular inland stations coincide
with greater variability in some weather variables. The difference
between nearby stations with different elevations is particularly
relevant because elevation can introduce systematic differences
that are not represented by distance alone. The baselines, which do
not use pre-defined adjacency matrices, learn more complex spatial
relationships as seen in Figures 6 and7.

4.3.1  Weather Variability. The spatial patterns become more in-
teresting when considering the underlying weather variability at
each node, which can be found in B.3 in Table 6. For temperature,
the coastal nodes are among the most stable stations in the dataset:
nodes 16, 26, 18, 17, 7, 23, 24, and 48 are all within the ten most
stable nodes (out of 32 nodes) based on standard deviation. In con-
trast, node 9, for which all four models report their highest MAE
and RMSE scores, is the least stable node, with a standard devia-
tion of 8.73 and a temperature range of 50.8°C (—9.9°C to 40.9°C).
Other inland nodes show similar behaviour; for example, node 8
ranks 19th in stability and has a temperature range of 48°C. This
suggests that, at least for temperature, the models may find nodes
with greater weather variability more difficult to predict. Pressure
shows a different pattern. Unlike temperature, humidity, and wind
speed, there is greater variation between the models. DiffSTG per-
forms particularly poorly along the KwaZulu-Natal and Eastern
Cape coastlines, despite these nodes generally having relatively
stable conditions. Nodes 17, 18, and 26 are particularly notable in
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Figure 8: A grid of graphs containing node-specific RMSE er-
rors which are overlaid on a map of the investigated regions.

this respect. This suggests that stability alone does not explain the
errors observed for pressure and that the variable itself, or aspects
of DiffSTG’s diffusion-based prediction process, may be contribut-
ing to this behaviour. There are also two notable pressure outliers,
nodes 7 and 23. Both are highly stable, ranking third and seventh re-
spectively in the stability ranking, yet they produce relatively high
errors for some models. USTD appears to avoid this problem and
achieves comparatively low MAE and RMSE values at these nodes.
This is another case where the additional contextual information
used by USTD may be helping it account for characteristics that are
not captured by the spatial relationships alone. Overall, pressure
therefore appears to reveal differences between the models that are
less apparent for the other variables.

4.3.2  Elevation. Figure 8 shows that node 25 consistently reports
higher temperature errors than its neighbouring node 31, despite
the two being geographically close. This occurs across all four
models, suggesting that geographical proximity alone does not
explain the difference. USTD achieves the lowest errors at these
nodes, while AGCRN also performs relatively well. Since AGCRN
learns an adaptive adjacency matrix and USTD incorporates station
height as contextual information, these results may indicate that
both models are able to capture information beyond simple geo-
graphical proximity. However, the initial adjacency used by DiffSTG
and USTD means that the learned spatial representation should be
examined before drawing stronger conclusions. DiffSTG’s predic-
tive perfomance is expected here since its adjacency matrix only
uses fixed distance between stations to determine station relation-
ships and how messages will be passed between stations. However,
USTD, which also uses a fixed and predetermined adjacency matrix,
and AGCRN report higher prediction accuracy than DiffSTG and
CLCRN at this location. A possible reason for this could be that
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Figure 9: Predicted value versus true value for wind speed
and temperature, including the eight samples generated by
the diffusion models.

USTD is conditioned on station height as contextual information,
which may have allowed it to better account for the relationship
between elevation and temperature. We identify a similar pattern in
the Free State, where three high-elevation nodes occur around the
Free State-KwaZulu-Natal and Free State-Lesotho borders. In the
middle of these three nodes, USTD and AGCRN again achieve lower
errors than DiffSTG and CLCRN. This suggests that incorporating
station height may help USTD distinguish between geographically
close stations with different elevation characteristics. A similar
pattern can be seen at the isolated node in the Eastern Cape. Al-
though all four models report relatively high errors there, USTD
and AGCRN perform better than DiffSTG and CLCRN. The isolation
of the node could make it more difficult for the models to learn
useful spatial relationships, although this would need to be inves-
tigated further using the models’ spatial representations. The fact
that USTD achieves a lower RMSE score at this node may indicate
that its use of station height provides useful information that is not
captured by spatial proximity alone.

Uncertainty The probabilistic results provide a different per-
spective on the comparison between DiffSTG and USTD. Although
USTD consistently produced lower MAE and RMSE than DiffSTG,
its generated samples were visibly more dispersed, particularly for
wind speed, as shown in Figure 9. This demonstrates that a nar-
rower predictive distribution does not necessarily correspond to a
more accurate point forecast. The central tendency of the generated
distribution can be accurate even when individual samples span
a relatively wide range. The CRPS results, in the Appendix B.6,
strengthen this interpretation. USTD achieved lower CRPS than
DiffSTG for humidity, pressure, and temperature, with the largest
difference occurring for pressure. Its average CRPS decreased from
0.0060 for DiffSTG to 0.0043 for USTD. Temperature showed a
smaller improvement, from 0.1076 to 0.1045, while humidity de-
creased from 0.1266 to 0.1219. These results indicate that USTD’s
wider sample range does not simply correspond to poorer proba-
bilistic forecasts. Instead, for these variables, USTD achieved both



lower point-forecast errors and lower distributional errors. How-
ever, the wind-speed results demonstrate why sample dispersion
should not be interpreted as a direct measure of uncertainty quality.
USTD produced a wider sample range and had slightly lower MAE
and RMSE than DiffSTG, but its average CRPS was higher, increas-
ing from 0.3745 for DiffSTG to 0.4073 for USTD. Thus, the greater
spread of USTD’s samples does not universally improve proba-
bilistic forecasting. For wind speed, the additional dispersion may
instead indicate that the predictive distribution is less well matched
to the observed distribution. This distinction is important because
CRPS evaluates the predictive distribution as a whole, whereas MAE
and RMSE evaluate a point prediction. Consequently, the sample
plots should not be interpreted as showing that USTD explores the
space better than DiffSTG. They show that USTD generates a more
dispersed set of samples. Whether that dispersion is useful depends
on how well the resulting distribution represents the observations.
The CRPS results suggest that it is beneficial for pressure, humidity,
and temperature, but not for wind speed. This variable-dependent
behaviour is consistent with the fact that uncertainty is not neces-
sarily distributed in the same way across different weather variables.
This is also an important distinction from the deterministic mod-
els. AGCRN and CLCRN produce point predictions, whereas the
diffusion models provide multiple possible future outcomes. The
principal advantage of the diffusion models may therefore not be
expected to appear entirely in MAE or RMSE. Diffusion-based STG
forecasting was motivated in part by the inability of conventional
STGNN: s to represent intrinsic uncertainty, and DiffSTG explicitly
evaluates this probabilistic capability using CRPS in addition to
point-forecast metrics [27]. In the present results, the diffusion for-
mulation did not provide a consistent point-accuracy advantage,
but USTD did provide improved probabilistic performance for three
of the four variables. This suggests that the value of probabilistic
STGNN s should be assessed not only by whether they reduce point
error, but also by whether their predictive distributions provide
useful representations of uncertainty.

5 Limitations and Future Work

The study modelled each weather variable independently and used
32 stations across four provinces. Future work could therefore in-
vestigate multivariate forecasting and larger, more geographically
diverse station networks. The evaluation also focused on overall
forecasting error rather than performance during extreme weather
events, which could provide a more practically relevant assessment
of model robustness. The use of inverse distance weighting for
missing observations may also introduce bias by relying primar-
ily on spatial proximity rather than factors such as elevation or
local topography. Alternative spatio-temporal imputation meth-
ods could be investigated in future work. Additionally, the four
models differ in their architectural designs and available contex-
tual inputs, making it difficult to attribute performance differences
to individual components. More controlled ablation studies could
isolate the effects of spatial structure, temporal conditioning, and
exogenous variables. Finally, probabilistic evaluation was limited to
the diffusion models. Future work could compare diffusion-based
uncertainty estimates against probabilistic versions of deterministic
STGNNSs and assess their calibration, particularly during extreme
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weather events. Extending the spatial analysis to relate learned
representations to physical characteristics such as elevation, topog-
raphy, and coastal proximity could also provide further insight into
how these models represent weather dependencies.

6 Conclusion

In this study, we evaluated two diffusion-based STGNNs, DiffSTG
and USTD, against the deterministic AGCRN and CLCRN models for
weather forecasting in South Africa. Across temperature, pressure,
humidity and wind speed, CLCRN achieved the best overall point-
forecast performance, while DiffSTG produced the highest errors.
USTD performed substantially better than DiffSTG and remained
competitive with AGCRN, while also producing better probabilistic
forecasts than DiffSTG for three of the four variables. Our analysis
also showed that forecasting performance varied across both fore-
cast horizons and weather stations. Errors generally increased with
the prediction horizon, while the spatial analysis identified differ-
ences between coastal and inland stations and between stations
with different levels of weather variability. The elevation analysis
further showed that some neighbouring stations with similar spatial
relationships exhibited different forecasting errors, suggesting that
station-specific contextual information may be relevant. The USTD
ablation study supports this, with the removal of exogenous covari-
ates resulting in a notable deterioration in performance, particularly
for pressure. Overall, our results show that diffusion-based STGNNs
do not inherently provide more accurate weather forecasts than
deterministic STGNNS. Rather, their performance depends on how
spatial and temporal dependencies and contextual information are
incorporated into the model. This provides a useful empirical base-
line for future work on probabilistic STGNN weather forecasting.
Future research should investigate multivariate forecasting, larger
and more geographically diverse station networks, and improved
conditioning mechanisms for diffusion-based models.
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8 AI Usage Statement

All LLMs used were free-tier, and we only used them for guidance
(as they don’t have the capacity and capability of doing anything
beyond this to the level required). This includes help with scripts
to do data processing (to process results) and data visualisation.
These documents encompass the entirety of our Al usage for this
project. GitHub Copilot was used to explore repositories for the
four models in this study. For the writing of this paper, the free tier
of Grammarly was used to correct spelling and grammar errors.
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A Hyperparameter configurations

The hyperparameters and the search space we used are presented
in Table 3.

B Additional Results

This appendix presents the full forecasting results, weather station
metadata, and additional spatial analysis used in the experiments.

B.1 Full Forecasting Results

Table 4 presents the complete forecasting results for all evaluated
attributes, models, metrics, and prediction horizons. Values are re-
ported as mean + standard deviation across the three experimental
seeds.

B.2 Weather Station Metadata

Table 5 provides the geographical metadata for the 32 weather
stations used in the experiments.

B.3 Outlier Station Analysis

Table 6 presents the stations identified as statistical outliers for each
model and weather attribute.

B.4 Spatial Dependencies

The predefined adjacency matrix used by USTD and DiffSTG was
examined using the 100 strongest off-diagonal edges to reveal the
spatial dependencies represented in the graph.

B.5 Prediction Horizon

The MAE scores across all of our measured horizons for all four
models.

B.6 Probability Ranking

The CRPS results show that probabilistic performance also changes
with forecast horizon. For humidity, for example, DiffSTG’s CRPS
increases from 0.0856 at three hours to 0.1422 at 48 hours. USTD
follows a similar pattern, increasing from 0.0740 to 0.1438. This
indicates that the predictive distribution becomes less accurate
as the horizon increases, which is consistent with the increasing
difficulty of the forecasting task.
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Table 4: Normalised forecasting performance (mean + standard deviation) across prediction horizons.

Attribute

Metric

Model

3h

6h

9h

12h

24h

48h

Average

Humidity

MAE

DiffSTG
USTD

AGCRN
CLCRN

7.4523 +0.2923
6.0187 +0.1735
6.02 +0.0127
6.2305 + 0.0036

8.8872 +0.0274
7.6550 + 0.2775
7.7941 + 0.0228
7.6022 + 0.0053

9.8430 + 0.0007
8.8144 + 0.6656
8.7036 + 0.0207
8.1992 +0.0110

10.3925 + 0.0293
9.4845 + 0.9474
9.2208 +0.0170
8.5485 +0.0158

11.3240 + 0.0414
10.3298 + 0.1001
10.2618 £ 0.0324
9.6965 + 0.0038

12.4260 + 0.0000
11.5171 £ 0.1293
11.5347 £0.0171
11.3853 £ 0.0012

11.1366 + 0.0169
9.9650 + 0.2328
9.9225 +0.0016
9.5186 + 0.0035

RMSE

DiffSTG
USTD

AGCRN
CLCRN

9.9107 +0.0721
8.6544 + 0.2078
8.6684 + 0.0256
8.8117 +0.0037

12.0015 + 0.2216
10.8044 + 0.4017
10.8750 £ 0.0251
10.5217 + 0.0064

13.1583 £ 0.0960
12.3378 + 0.8154
12.0887 + 0.0422
11.2966 + 0.0191

13.8170 £ 0.0122
13.2456 + 1.1891
12.8186 + 0.0347
11.8152 + 0.0332

15.1260 + 0.0239
14.4274 £ 0.1598
14.3686 + 0.0353
13.5773 £ 0.0070

16.4609 + 0.0040
15.9760 + 0.2260
15.8516 + 0.0136
15.7748 £ 0.0038

14.8829 £ 0.0252
13.8674 + 0.3102
13.9744 £ 0.0104
13.2307 + 0.0046

CRPS

DiffSTG
USTD

0.0856 + 0.0000
0.0740 + 0.0017

0.1009 + 0.0000
0.0930 + 0.0014

0.1109 + 0.0000
0.1038 + 0.0023

0.1169 + 0.0000
0.1098 + 0.0030

0.1291 + 0.0000
0.1302 + 0.0055

0.1422 + 0.0000
0.1438 + 0.0068

0.1266 + 0.0000
0.1219 + 0.0040

Pressure

MAE

DiffSTG
USTD

AGCRN
CLCRN

5.0664 + 0.4356
2.3025 +0.2343
1.55+0.15
1.8529 + 0.0047

5.1940 + 0.2575
2.5136 + 0.0890
2.11+0.19
2.1880 + 0.0023

5.3639 + 0.2210
3.4474 +0.7749
2.54£0.11
2.4709 + 0.0024

5.6226 + 0.2941
3.2817 +£0.1044
3.00 £0.11
2.7762 + 0.0042

6.5558 +0.3190
4.5369 +0.7024
4.52+£0.26
4.0171 +£0.0031

6.7969 + 0.0252
5.7832 +0.7361
6.17 £0.25
5.3907 + 0.0022

6.3690 + 0.2454
4.3294 +0.5013
4.34+£0.17
3.8825 + 0.0004

RMSE

DiffSTG
USTD

AGCRN
CLCRN

12.7254 £ 0.8056
5.5680 +0.1153
4.66 +0.44
5.6004 + 0.1246

12.9169 + 0.7886
6.5861 + 0.8811
6.14 £ 0.53
6.1583 + 0.0867

13.1468 + 0.8096
7.3996 + 1.1013
7.11+0.26
6.7001 + 0.1253

13.3672 £ 0.8454
7.9397 +1.0027
8.16 £0.28
7.2307 +0.2261

14.2171 £ 1.0781
9.4459 + 1.3721
10.80 £ 0.66
9.1419 + 0.1989

13.0607 £ 0.2915
11.0816 + 1.7371
12.72 £ 0.34
11.1308 £ 0.0750

13.9043 + 0.9034
9.1166 + 1.3645
10.47 £ 0.35
8.8565 + 0.0486

CRPS

DiffSTG
USTD

0.0047 + 0.0000
0.0021 + 0.0001

0.0048 + 0.0000
0.0024 + 0.0002

0.0050 + 0.0000
0.0033 + 0.0008

0.0052 + 0.0000
0.0029 + 0.0001

0.0062 + 0.0000
0.0048 + 0.0013

0.0065 + 0.0000
0.0057 + 0.0006

0.0060 + 0.0000
0.0043 + 0.0007

Temperature

MAE

DiffSTG
USTD

AGCRN
CLCRN

1.4439 £ 0.0012
1.2562 £ 0.0768
1.2653 £ 0.0037
1.3459 £ 0.0002

1.7429 + 0.0018
1.6374 £ 0.1001
1.6480 + 0.0097
1.6445 £ 0.0001

1.9826 + 0.0024
1.8939 £ 0.1200
1.8571 £ 0.0137
1.7674 £ 0.0005

2.1399 +0.0031
2.0276 +0.1073
1.9746 £ 0.0120
1.8246 + 0.0011

2.3764 +0.0045
2.3013 +0.0923
2.2296 +0.0162
2.1351 +0.0027

2.8027 +0.0062
2.7002 + 0.0437
2.6788 +0.0312
2.7395 +0.0032

2.3721 +£0.0035
2.2090 +0.0773
2.1944 +£0.0173
2.1459 +0.0018

RMSE

DiffSTG
USTD

AGCRN
CLCRN

1.9264 + 0.0021
1.7257 + 0.0822
1.7609 £ 0.0078
1.8667 + 0.0003

2.3485 + 0.0034
2.2341 +0.1242
2.2438 +£0.0109
2.2335 +0.0001

2.6616 + 0.0042
2.5795+0.1734
2.5212 +£0.0184
2.3869 + 0.0004

2.8591 +£ 0.0051
2.7343 £ 0.1513
2.6800 + 0.0166
2.4674 +0.0014

3.1590 + 0.0068
3.1031 +0.1043
3.0314 +0.0155
2.9016 + 0.0062

3.7000 + 0.0085
3.5859 +0.0402
3.5783 +0.0401
3.6822 +0.0078

3.1827 + 0.0055
2.9739 +0.0956
3.0185 + 0.0250
2.9071 +0.0034

CRPS

DiffSTG
USTD

0.0652 + 0.0001
0.0629 + 0.0057

0.0779 + 0.0001
0.0766 + 0.0029

0.0887 + 0.0001
0.0888 + 0.0049

0.0959 + 0.0001
0.0951 +0.0033

0.1070 + 0.0002
0.1076 + 0.0041

0.1307 + 0.0002
0.1255 +0.0019

0.1076 + 0.0001
0.1045 + 0.0028

Wind Speed

MAE

DiffSTG
USTD

AGCRN
CLCRN

0.9147 + 0.0066
0.8760 + 0.0165
0.8602 + 0.0027
0.8756 + 0.0006

1.0500 + 0.0141
1.0234 £ 0.0127
1.0097 £+ 0.0017
1.0020 £ 0.0055

1.1228 £ 0.0181
1.0977 £ 0.0246
1.0781 £ 0.0008
1.0557 £ 0.0062

1.1593 £ 0.0132
1.1377 £ 0.0225
1.1148 £ 0.0007
1.0785 £ 0.0051

1.2159 + 0.0083
1.1988 £ 0.0041
1.1569 £ 0.0031
1.1509 £ 0.0056

1.2580 + 0.0112
1.2297 £ 0.0340
1.1992 £ 0.0020
1.2183 £ 0.0068

1.1768 + 0.0096
1.1506 £ 0.0125
1.1249 + 0.0010
1.1215 £ 0.0057

RMSE

DiffSTG
USTD

AGCRN
CLCRN

1.2631 £ 0.0091
1.2207 + 0.0166
1.1993 £ 0.0049
1.2099 £+ 0.0013

1.4721 £ 0.0170
1.4408 + 0.0213
1.4114 £ 0.0031
1.3922 + 0.0031

1.5831 £ 0.0327
1.5516 + 0.0445
1.5170 £ 0.0021
1.4747 + 0.0029

1.6344 £ 0.0345
1.6212 + 0.0505
1.5764 £ 0.0045
1.5143 + 0.0028

1.7132 £ 0.0186
1.7408 + 0.0014
1.6493 £ 0.0039
1.6299 + 0.0039

1.7733 £0.0188
1.7493 + 0.0275
1.7038 £ 0.0010
1.7263 + 0.0025

1.6635 £ 0.0191
1.6468 + 0.0104
1.6038 £ 0.0011
1.5798 + 0.0012

CRPS

DiffSTG
USTD

0.2859 + 0.00
0.2950 + 0.0082

0.3322 +0.00
0.3592 +0.0182

0.3584 + 0.00
0.4037 + 0.0243

0.3700 + 0.00
0.4118 +£0.0334

0.3874 + 0.00
0.4038 + 0.0281

0.4033 + 0.00
0.4337 +0.0421

0.3745 + 0.00
0.4073 + 0.0245




Table 5: Geographical Description of the South African Weather Stations Used in the Experiments.

No. Station Name Latitude Longitude Province Height (m)
0 Addo Elephant Park -33.4420 25.7480 Eastern Cape 142.0
1 Aliwal-North Plaatkop -30.8020 26.8830 Eastern Cape 1350.0
2 Bethlehem WO -28.2490 28.3340 Free State 1689.0
3 Bloemfontein WO -29.1030 26.2980 Free State 1354.0
4 Cape St Francis -34.2110 24.8340 Eastern Cape 9.0
5 Cedara -29.5410 30.2650 KwaZulu-Natal 1071.0
6 Dohne - AGR -32.5270 27.4600 Eastern Cape 901.0
7 East London WO -33.0350 27.8160 Eastern Cape 134.0
8 Elliot -31.3360 27.8400 Eastern Cape 1464.0
9 Fauresmith -29.7530 25.3230 Free State 1387.0
10 Ficksburg -28.8270 27.9040 Free State 1628.0
11 Graaff - Reinet -32.1930 24.5430 Eastern Cape 792.0
12 Grahamstown -33.2900 26.5020 Eastern Cape 642.0
13 Knellpoortdam -29.7860 26.9030 Free State 1468.0
14 Kokstad -30.5020 29.3940 KwaZulu-Natal 1451.0
15 Ladysmith -28.5750 29.7500 KwaZulu-Natal 1069.0
16 Makatini Research Centre -27.3940 32.1760 KwaZulu-Natal 63.0
17 Margate -30.8580 30.3430 KwaZulu-Natal 152.0
18 Mount Edgecombe -29.7060 31.0460 KwaZulu-Natal 94.0
19 Ngqura - Coega -33.8050 25.6690 Eastern Cape 47.0

20 Oribi Airport -29.6470 30.3990 KwaZulu-Natal 721.0
21 Pietermaritzburg -29.6270 30.4020 KwaZulu-Natal 673.0
22 Pongola -27.4130 31.5900 KwaZulu-Natal 319.0
23 Port Alfred - Airport -33.5590 26.8800 Eastern Cape 84.0
24 Port Elizabeth AWOS -33.9860 25.6160 Eastern Cape 60.0
25 Pretoria University Proefplaas -25.7520 28.2580 Gauteng 1380.0
26 Riverview -28.4440 32.1820 KwaZulu-Natal 49.0
27 Royal National Park -28.6850 28.9540 KwaZulu-Natal 1392.0
28 Somerset East -33.0490 25.7190 Eastern Cape 513.0
29 Umthatha WO -31.5490 28.6730 Eastern Cape 745.0
30 Van Reenen -28.3780 29.3850 KwaZulu-Natal 1683.0
31 Zuurbekom AWS -26.3000 27.8130 Gauteng 1581.0
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Table 6: Outlier Stations and Comparative Model Performance (RMSE and MAE).

Station Name Height (m) Attribute Metric AGCRN  DiffSTG USTD CLCRN
Cape St Francis 9.0 Humidity MAE 6.19 6.62 6.25 6.56
Elliot 1464.0 Humidity MAE 11.75 13.48 11.47 12.73
Riverview 49.0 Humidity MAE 6.04 6.52 6.02 6.47
Cape St Francis 9.0 Humidity RMSE 9.07 9.36 9.08 9.28
Elliot 1464.0 Humidity RMSE 16.32 17.27 16.34 17.49
Riverview 49.0 Humidity RMSE 8.67 9.12 8.62 9.15
East London WO 134.0 Pressure MAE 15.72 21.60 7.18 19.09
Elliot 1464.0 Pressure MAE 5.11 7.19 4.90 5.70
Margate 152.0 Pressure MAE 4.29 9.27 5.27 6.98
Port Alfred - Airport 84.0 Pressure MAE 4.95 24.53 3.88 5.90
Riverview 49.0 Pressure MAE 3.60 9.73 4.00 4.71
Umthatha WO 745.0 Pressure MAE 4.97 6.28 5.32 6.89
East London WO 134.0 Pressure RMSE 28.31 36.72 12.29 32.40
Port Alfred - Airport 84.0 Pressure RMSE 9.21 27.54 6.70 8.91
Cape St Francis 9.0 Wind Speed MAE 2.28 2.43 2.33 2.44
Port Elizabeth AWOS  60.0 Wind Speed MAE 1.88 1.97 1.90 1.99
Cape St Francis 9.0 Wind Speed RMSE 3.02 3.15 3.07 3.18
Port Elizabeth AWOS  60.0 Wind Speed RMSE 2.53 2.61 2.55 2.62

Note: Bold values indicate that the error metric is a statistical outlier for that specific model and attribute across the weather station network.

Table 7: CRPS results for the diffusion-based models.

Attribute Model 3h 6h 9h 12h 24h 48h  Average

Humidity DiffSTG  0.0856 0.1009 0.1109 0.1169 0.1291 0.1422 0.1266
USTD 0.0740  0.0930 0.1038 0.1098 0.1302 0.1438 0.1219

Pressure DiffSTG  0.0047 0.0048 0.0050 0.0052 0.0062  0.0065 0.0060
USTD 0.0021  0.0024 0.0033  0.0029 0.0048 0.0057 0.0043

Temperature DiffSTG  0.0652 0.0779  0.0887 0.0959 0.1070  0.1307 0.1076
USTD 0.0629 0.0766 0.0888 0.0951 0.1076  0.1255 0.1045

Wind Speed  DiffSTG  0.2859 0.3322 0.3584 0.3700 0.3874 0.4033 0.3745
USTD 0.2950  0.3592 0.4037 0.4118 0.4038  0.4337 0.4073




Chikwanha

DiffSTG

-26 1 J

_28 .

(]
S 9 O
E |
©,
oo
_32 |
©
©,
S /%/@
-\
="
-34 - (24)
®
2l5 216 2I7 2l8 219 310 3I1 3l2
Longitude
0.75 0.80 0.85 0.90 0.;)5
Edge weight

Figure 10: The 100 strongest off-diagonal edges in the predefined adjacency matrix used by USTD and DiffSTG.
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