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Abstract

The accelerating pace of global warming, confirmed by the
Intergovernmental Panel on Climate Change (IPCC), under-
scores the urgent need for continuous environmental mon-
itoring and adaptive modeling frameworks. Therefore, this
study explores Al-driven temperature forecasting across New
Zealand using real observations from the national MetService
network within the TAIAO data science programme. We eval-
uate a diverse set of models, from statistical baselines to deep
neural networks, foundation models, and graph-based archi-
tectures, to assess their capacity for adaptive, spatially aware
prediction. Our results show that graph-based representations
substantially improve the modeling of spatial and temporal
dependencies, while foundation models demonstrate robust
generalization across diverse climatic regions. The integra-
tion of these paradigms produces forecasts that are both more
accurate and more interpretable. The findings highlight the
potential of adaptive Al frameworks to improve environmen-
tal monitoring, detect regional anomalies, and strengthen cli-
mate resilience strategies in New Zealand.

Introduction

The Intergovernmental Panel on Climate Change (IPCC), a
United Nations body for assessing the science related to cli-
mate change, concluded that human activities have unequiv-
ocally caused global warming, with global surface tempera-
ture about 1.0 °C above 1850-1900 in 2011-2020 (Change
2023). According to the IPCC, global greenhouse gas emis-
sions continue to rise, with unequal historical and ongo-
ing contributions driven by unsustainable energy use, land
use and land-use change, and by lifestyles and patterns of
consumption and production across regions, between and
within countries, and among individuals. The IPCC further
assesses that 1.5°C of warming is expected to be reached
in the near term, most likely in the early 2030s across con-
sidered scenarios. However, annual temperatures have re-
cently approached or exceeded this level: 2023 averaged
1.45°C above pre-industrial, and 2024 was confirmed as
the warmest year on record at 1.55°C. Specifically for
New Zealand, the latest Climate Change Performance In-
dex (CCPI) reports that the country dropped seven places to

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

41st. While it scores highly on renewable energy, its overall
rating for climate policy is low !

Beyond strongly advising governments and the public
about the risks associated with this issue, it is important
to continuously monitor the environment through system-
atic data collection and adaptive Artificial Intelligence (AI)
model adjustments, enabling a deeper understanding and
more accurate prediction of the progression of temperature
increase. In this context, recent advances in Al have pro-
foundly transformed environmental data analysis, enabling
the combination of Statistical Modeling and Machine Learn-
ing to better capture the complexity, uncertainty, and spa-
tiotemporal dynamics of natural systems.

Traditional statistical methods, such as regression anal-
ysis, remain essential for correcting systematic biases in
numerical weather prediction and quantifying forecast un-
certainty. Building on these foundations, deep learning ap-
proaches have expanded the modeling capacity for complex
environmental phenomena, allowing for the extraction of
nonlinear relationships and high-dimensional feature repre-
sentations from heterogeneous data sources. Recently, the
emergence of Foundation Models has pushed this integra-
tion further, introducing general-purpose architectures ca-
pable of addressing multiple environmental and weather-
related tasks through self-supervised and in-context learn-
ing. Models such as ClimaX (Nguyen et al. 2023) and
WeatherGFM (Zhao et al. 2025) exemplify this trend by
leveraging large-scale environmental datasets and adaptive
fine-tuning strategies to enhance generalization across do-
mains. In parallel, graph-based learning has brought a new
layer of spatial reasoning to environmental modeling. Such
methods integrate hierarchical graph structures and latent-
variable formulations to produce spatially coherent ensem-
ble forecasts with improved probabilistic accuracy (Oskars-
son et al. 2024). Likewise, researchers have leveraged Graph
Neural Networks (GNN) to handle irregularly sampled time
series with missing values, achieving notable gains in pre-
dictive accuracy and computational efficiency (Yalavarthi
et al. 2024). In the agricultural domain, graph-based recur-
rent neural networks have also been successfully applied to
crop yield prediction, effectively incorporating geographical
and temporal dependencies to outperform traditional statis-
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tical and deep learning baselines (Fan et al. 2022).

In this work, we conduct an exploration of Al models
to forecast temperature evolution across New Zealand, us-
ing data collected by the national weather service (Met-
Service) and shared through the TAIAO data science pro-
gramme. As illustrated in Figure 1, the environmental mon-
itoring network in New Zealand comprises multiple temper-
ature measurement stations distributed across the country,
each recording its own temporal dynamics influenced by lo-
cal microclimates and regional circulation patterns. These
stations form a spatial graph where nodes represent sensor
locations and edges capture their geographical and climatic
proximity, enabling the modeling of inter-station dependen-
cies through GNNs and other spatial learning techniques.
This spatiotemporal representation allows adaptive Al mod-
els to jointly learn spatial correlations and temporal evolu-
tions, thereby improving short- and long-term temperature
forecasting accuracy.
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Figure 1: Environmental monitoring network in New
Zealand

By integrating continuous data collection, statistical cor-
rection, and advanced Al-based inference, this framework
supports the development of predictive systems capable of
detecting regional anomalies, understanding the propaga-
tion of temperature variations, and ultimately contributing
to more precise environmental monitoring and climate re-
silience strategies in New Zealand. To empirically assess
these capabilities, we conducted a comprehensive series
of experiments across multiple modeling paradigms, rang-
ing from classical statistical baseline (SARIMA) to deep
learning architectures (LSTM, GRU), foundation models
(Chronos and Times), and graph-based neural networks
(GCN, SAGE, Cheb, GAT and LEConv). The experiments
were performed using real temperature data collected from
monitoring stations distributed throughout New Zealand, as
illustrated in Figure 1.

Overall, the main findings and contributions of this study
can be summarized as follows:

» Graph-based representations enhanced the modeling of
spatial and temporal dependencies, improving the under-
standing of temperature propagation across monitoring
stations.

* Foundation Models showed strong generalization across
diverse climatic regions through large-scale pretraining.

* A comparative evaluation of statistical, deep learning,
foundation, and graph-based models was conducted us-
ing real temperature data from New Zealand.

* Graph-based models achieved the highest forecasting ac-
curacy while maintaining spatial interpretability.

* The results highlight the potential of adaptive, data-
driven systems to strengthen environmental monitoring
and climate resilience.

TAIAO Dataset

TAIAO is a New Zealand data science programme funded
by the Ministry of Business, Innovation and Employment. It
aims to make environmental data more accessible and us-
able for researchers, scientists and the wider community.
The main goal of TAIAO is to advance the state of the art
in environmental data science by developing machine learn-
ing methods for time series and data streams that can process
large-scale data in real time, tailored to data collected from
New Zealand’s environment.

The dataset used in this work was obtained from MetSer-
vice (Te Ratonga Tirorangi), New Zealand’s national mete-
orological service, and consists of hourly observations from
weather stations across New Zealand covering January 1993
to August 2022. For each station, the available features in-
clude: wind direction over the previous 10 minutes, in de-
grees clockwise from geographic north (°T); average wind
speed over the previous 10 minutes (kt); maximum wind
gust during the hour preceding the observation time (kt);
average visibility during the previous 10 minutes (metres
or kilometres); present weather; cloud cover; air temper-
ature measured in a screen typically 1.5 m above ground
level (°C); dew-point temperature (°C) and relative humid-
ity (%), measured under the same screen conditions; atmo-
spheric pressure corrected to mean sea level using ambient
temperature (hPa); hourly rainfall (mm); and hourly solar
radiation (M.J/m?).

These data were collected from 51 stations distributed
across New Zealand. Consequently, in addition to temporal
information, the available geospatial detail supports meth-
ods that account for neighborhood influences on localized
weather, enabling spatiotemporal modelling and analysis.

Al Models for Environmental Data

In the following subsections, we detail the main Al mod-
els applied to the TAIAO dataset, organized into four com-
plementary perspectives: (i) Statistical approaches, which
form the basis for uncertainty quantification and bias cor-
rection; (ii) Deep Neural Networks, which capture complex
nonlinear relationships in environmental data; (iii) Founda-
tion Models, which generalize across heterogeneous envi-
ronmental tasks; and (iv) Graph Neural Networks, which ex-
plicitly represent spatial and relational dependencies in en-
vironmental systems.

Statistical approach

Statistical methods have long been used to model univariate
time series by identifying key patterns such as trend, season-
ality, and random noise. Among these, the Seasonal Autore-



gressive Integrated Moving Average (SARIMA) model (Box
et al. 2015; Shumway and Stoffer 2011) is one of the most
established approaches. SARIMA combines three main
components: the Autoregressive (AR) process, which mod-
els dependencies on past values; the Moving Average (MA)
process, which captures correlations with past forecast er-
rors; and Integration (I), which removes long-term trends.
Additionally, seasonal differencing allows the model to han-
dle periodic patterns effectively.

Mathematically, an AR model uses p past observations
(xy = p12¢—1+- - -+ Ppxt_p+e€), while an MA model uses
g past random shocks (z; = x;—1 + 01641 + - +0481—¢).
Combining both results in the ARMA model, and when ex-
tended with seasonal components, it forms SARIMA, a flex-
ible framework capable of modeling diverse temporal be-
haviors including trends, cycles, and seasonality (Shumway
and Stoffer 2011).

Deep Neural Network

Unlike classical statistical models that explicitly decom-
pose a time series into deterministic and stochastic compo-
nents, Deep Neural Networks (DNNs) learn temporal depen-
dencies directly from data without predefined assumptions
about trend or seasonality. Traditional Artificial Neural Net-
works (ANNSs), however, are typically designed for indepen-
dent and identically distributed (i.i.d.) data and thus cannot
inherently capture the temporal correlations present in se-
quences xy.

To overcome this limitation, Recurrent Neural Networks
(RNN5s) introduce a hidden state h; that evolves over time,
enabling the network to model dependencies between past
and present observations, formally represented as h; =
f(x¢, hy—1). Among RNN variants, the Long Short-Term
Memory (LSTM) (Hochreiter and Schmidhuber 1997) and
Gated Recurrent Unit (GRU) (Cho et al. 2014) architectures
are the most widely used. Both employ gating mechanisms
(e.g., input, forget, and output gates) to control information
flow across time steps and mitigate the vanishing and ex-
ploding gradient problems encountered during Backpropa-
gation Through Time (BPTT) (Werbos 1990).

These architectures allow DNNs to effectively capture
long-range temporal dependencies and nonlinear relation-
ships in time series data, making them well-suited for com-
plex environmental modeling tasks compared to traditional
autoregressive approaches.

Foundation Model

Foundation Models (FMs) represent a new generation of
deep learning architectures trained on massive, heteroge-
neous datasets to learn general temporal representations that
can be transferred across forecasting tasks with minimal or
no fine-tuning. Unlike models explicitly designed for a spe-
cific dataset or domain, FMs emphasize scalability, adapt-
ability, and zero-shot generalization, enabling them to per-
form well even on unseen time series.

A representative example is CHRONOS (Ansari et al.
2024), which adapts techniques from language modeling to
the time-series domain. To enable this transfer, continuous
observations z; are normalized and quantized into discrete

tokens through a mapping ¢(z;) : R — 1,2,..., B, where
B represents the number of bins. The resulting tokenized se-
ries Zt = z1, ..., 2z is processed by a large language model
that predicts the next token autoregressively. The model is
trained by minimizing the negative log-likelihood over the
token vocabulary Vts, thus performing regression through
classification. This approach enables CHRONOS to gener-
ate probabilistic forecasts, capturing multiple plausible fu-
ture trajectories by sampling from its learned distributions.

From a complementary perspective, TimesFM (Time-
Series Foundation Model) (Das et al. 2024) leverages a
Transformer-based decoder directly trained on large-scale
time-series data. Instead of tokenizing, TimesFM divides the
input sequence x; into patches, each representing contigu-
ous temporal segments. These patches are masked during
training to promote robust pattern inference and long-term
forecasting. The model employs multi-head self-attention
layers and residual connections to learn dependencies across
patches while maintaining computational efficiency. During
inference, TimesFM autoregressively predicts future patches
based on the context, achieving zero-shot forecasting perfor-
mance comparable to fully supervised models.

Overall, foundation models such as CHRONOS and
TimesFM illustrate a paradigm shift from task-specific net-
works to general-purpose temporal learners capable of han-
dling diverse environmental and forecasting scenarios, a di-
rection that complements the statistical and deep learning
methods previously discussed.

Graph Neural Network

Graph Neural Networks (GNNs) extend deep learning
to relational and spatially structured data, enabling the
modeling of complex dependencies beyond fixed time
series. In our formulation, we consider a graph G = (V, E)
with node features X € R¥IV!I where each node v € V is
associated with an embedding h* updated through Neural
Message Passing (NMP) (Hamilton 2020; Wu et al. 2021).
At each iteration k, node representations are updated by ag-
gregating information from their neighborhood N'(v): h* =

UPDATE“”(h’;*R AGGREGATE® {h*=1 : y € (v)}).

Here, the AGGREGATE function pools neighboring in-
formation and UPDATE integrates it into the node’s current
representation.

The following models are briefly described, emphasiz-
ing how each architecture extends or adapts the general
message-passing formulation presented.

Graph Convolutional Network (GCN). The GCN (Kipf
and Welling 2016) applies a symmetric-normalized convo-
lution, sharing weights across nodes for scalability: h* =

h, :
O'(Wk Zue,/\/'('u)u{'u} \/W>, where Wk is the
trainable matrix at layer k and o a nonlinear activation func-
tion, typically ReL.U.

GraphSAGE. The GraphSAGE model (Hamilton, Ying,
and Leskovec 2017) generalizes this process by learning
aggregation functions (MEAN, SUM, or MAX) that com-



bine neighbor features with the node’s own representation:
ht = U(Wk : CONCAT(h’;—l, hf\'[(v))).

Chebyshev Convolution (CHEB). The CHEB
model (Defferrard, Bresson, and Vandergheynst 2016)
defines graph filters as Chebyshev polynomials of the
Laplacian L, enabling efficient multi-hop informa-
tion propagation without explicit eigen decomposition:
X *Gg g = p]u(L)X

Graph Attention Network (GAT). The GAT (Velickovié¢
etal. 2017) introduces attention coefficients v, ,,) to weight
the relevance of neighbors, yielding adaptive feature aggre-

gatlon: h{U = Z’U.GN(’U)U{’U} a(v7u) Whu.

Local Extremum Convolution (LEConv). The
LEConv  (Ranjan, Sanyal, and Talukdar 2020)
enhances  expressiveness by  emphasizing  local
feature contrasts through a difference operator:
h; = h,W; + ZuGN(v) €(u,v) (W2h'u - W3hu)s
where ¢(,,,) denotes the edge weight between u and v, and
W1, Wy, and W3 are trainable parameter matrices.

Together, these architectures provide complementary per-
spectives on how spatial, structural, and relational informa-
tion can be integrated into temporal modeling. Within the
TAIAO dataset context, GNNs allow representing environ-
mental variables as interconnected nodes, capturing depen-
dencies among sensors, regions, or climate variables, thus
extending traditional time-series modeling to a fully graph-
based spatiotemporal learning framework.

Experimental Setup
Data Modeling

The dataset contains a total of 259,453 observations, which
were partitioned into 80% (207,562 observations) for train-
ing and 20% (51,891 observations) for testing.

A preprocessing step was then carried out to handle miss-
ing values using interpolation. Linear interpolation was ap-
plied exclusively to the training set in order to prevent data
leakage. Missing values at the edges of the series were filled
using adjacent observations through forward and backward
filling techniques. The interpolated series were then rein-
serted solely into the training partition.

For the test partition, any remaining missing values were
replaced with the mean of the corresponding variable calcu-
lated from the training data. This procedure effectively pre-
vents data leakage, since no information from the test set is
used to estimate its own values. The same process was ap-
plied to all variables in the dataset.

After preprocessing, the data were further prepared to
support multiple forecasting models: SARIMA, recurrent
neural networks (RNNs), foundation models, and graph neu-
ral networks (GNNs), ensuring that the target variable, tem-
perature, was properly modeled for each experimental setup.

The entire dataset was structured using a sliding-window
strategy to capture temporal dependencies and enable multi-
step forecasting. Each node or time series was represented
as a sequence of observations sampled at regular intervals,

preserving the temporal order of events. Two hyperparame-
ters defined the temporal resolution of all experiments: the
window size (npe = 100), representing the number of
past observations used as input, and the forecasting horizon
(nsieps = 100), corresponding to the number of future values
predicted at each iteration.

To employ the GNNs, a graph was modeled in which
each station represents a vertex, and an edge was established
whenever a feasible connection existed in the terrestrial road
network. In total, the resulting graph comprised 51 nodes
and 1.177 edges, with distance used as the edge attribute.

The graph was constructed from road-network distances
between stations, obtained through the Open Source Routing
Machine (OSRM) service. Each node represents a station
with its geographic coordinates, and an edge is created only
when OSRM returns a valid route between two points. The
edge weight corresponds to the route distance in kilometers,
reflecting the actual connectivity of the road network.

The resulting adjacency matrix is symmetric and
weighted, with infinite values indicating the absence of
connections between node pairs. To optimize the process,
a caching mechanism was implemented to avoid repeated
OSRM queries. This procedure produces a simple and undi-
rected graph, suitable for spatial analyses and modeling of
dependencies between locations.

To maintain a consistent experimental scenario across
training and testing, a subset was selected consisting of the
last 1,000 observations from the training set and the subse-
quent 500 observations from the test set.

During the training phase, a grid search was performed for
the SARIMA model using the training data. For the RNN
and GNN models, a sliding-window approach was applied
with a window shift of one observation, considering 100
past observations as input and a 100-step forecasting hori-
zon. For testing, all models were provided with the first 100
observations of the test set as context, from which the next
400 observations were predicted.

In all models, the input feature consisted of past temper-
ature values used to predict future values. For each time
series, a separate model was trained for SARIMA, LSTM,
GRU, and Foundation Models. For the GNNss, the input was
a temporal graph, that is, a sequence of 100 graphs repre-
senting past time steps, used to predict the next 100 time
steps (corresponding to 100 future graphs).

Two variations of the TimesFM model were evaluated:
TimesFM 1.0 200m and TimesFM 2.0 500m. These versions
differ in their parameter count (500M vs. 200M), number of
transformer layers (50 vs. 20), and maximum context length
(512 vs. 2048), respectively. In addition, TimesFM 2.0 sup-
ports longer temporal dependencies, enabling more accurate
forecasts for extended horizons while maintaining efficiency
across multiple data frequencies (Aksu et al. 2024).

All experiments were conducted on a machine with the
following configuration: CPU: 2x Intel Xeon Gold 6326
@ 2.90GHz (32 physical cores, 64 threads total; GPU: 4x
NVIDIA A16 (16GiB each); RAM: 125GiB; Swap Mem-
ory: 8GiB; and Operating System: Ubuntu 22.04 with
kernel 5.15.0-144-generic. The libraries, code, and prepro-
cessed dataset are available at https://github.com/LabIA-



UFBA/TAIAO-forecasting.

Metrics

The first metric considered in our experiments was the mean
squared error, MSE = L 3" (y; — ¢j;)?, computing the dif-
ferences between expected (y;) and predicted (y;) values.
We also used two related metrics: Root-Mean-Squared Er-

ror, RMSE = /1 3™"(y; — §;)2, and Mean Absolute Er-

ror, MAE = 13|y, — §;|. Aiming to perform differ-
ent interpretations, we have analyzed our results using the
mean absolute percentage error (MAPE) and the Dynamic
Time Warping (DTW). MAPE = 137" T
the prediction errors in terms of percentages of actual val-
ues. Traditional error metrics compute pairwise differences
between predicted and ground truth values. Consequently,
they often penalize models that strive to capture the true dy-
namics of the time series more than those that simply ap-
proximate a static mean. This problem is addressed using the
DTW distance, which seeks the optimal alignment between
two time series before computing their dissimilarity (Ding
et al. 2008). DTW is particularly effective for comparing
time series that may be out of phase or exhibit temporal dis-
tortions, as it allows non-linear warping along the time axis.
The DTW distance between two time series, in our scenario
h expected and predicted observations, Y}, and Y}, respec-
tively, is recursively defined by Equation DTW (Y, }A/h) =
Vdist(yn — gn), in which dist(y;,7;) (vi, 95)? +
min (diSt(yifl, :l)j), d’iSt(yi, :l)jfl), d’iSt(yifl, gj,1>). The
optimal alignment is represented by a sequence of matched
index pairs known as the warping path.

eXpresses

Results

After fitting and training all models, and evaluating the foun-
dation models in a zero-shot setting, we summarize predic-
tive performance in Table 1, reporting metric-wise means
and standard deviations over the 51 stations.

Based on these results, TimesFM achieved the lowest pre-
diction errors for temperature over time. Beyond its strong
performance on classical metrics (MAE, MSE, RMSE, and
MAPE), the DTW results indicate that it closely follows the
expected temporal pattern of the series.

It is important to highlight the performance of the GNN
models, especially CHEB, which achieved results statisti-
cally close to the foundation models. Recently, these large
models have attracted attention for being pretrained on large
corpora of time series, including climate data with similar
dynamics. Recognizing that the graph structures used are an
initial design with room for improvement, the results open
avenues for further gains by incorporating additional fea-
tures, refining preprocessing, and, most importantly, adopt-
ing meteorologically grounded strategies to define connec-
tions between nodes (stations). Regarding the statistical and
RNN models, they delivered the poorest results, underscor-
ing their limitations relative to the approaches discussed
above. To better understand the results, we evaluate per-
formance per station. Owing to space limits, we report a

subset of metrics and only the top model from each learn-
ing family (Statistical, RNN, Foundation, GNN). We include
RMSE, MAPE, and DTW, as they provide complementary
views: scale-dependent error, scale-free interpretability, and
alignment error, respectively. The best models in each fam-
ily were SARIMA, GRU, TimesFM (500), and CHEB.

3000
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Figure 2: Per-station performance for the top best mod-
els from each class (SARIMA, GRU, TimesFM, CHEB)
across three metrics (DTW, MAPE, and RMSE). Mod-
els: SARIMA - GRU -= TIMES_500 -= GNN
CHEB.

From these plots in Figure 2, it is apparent that the lower
mean performance of SARIMA and GRU is not driven by
specific stations but reflects a general pattern, as their curves
remain markedly above those of TimesFM (500) and CHEB
across all metrics and stations. By contrast, the plots empha-
size the similarity between the foundation models and the
GNNs. Focusing on the TimesFM and CHEB curves, we ob-
serve not only a clear convergence but also a shared overall
pattern. In our final analysis (Figure 3), we selected time se-
ries from regions across both the North and South Islands of
New Zealand, chosen for their environmental and population



Table 1: Performance comparison of models across evaluation metrics.

Approach Model DTW MAE MSE RMSE MAPE
Statistical SARIMA 966.36 £ 550.11 3.83£221 23.37 £13.71 29.15£28.80 2337+ 13.73
RNN LST™M 1122.15 + 384.60  2.83 +0.97 13.04 £7.75 3.45 4+ 1.07 19.35 £9.31
GRU 1102.54 +339.99  2.79 £ 0.85 12.68 + 6.65 3.41 £ 1.00 19.03 + 8.38
Chronos 661.14 £ 311.04 3.13£1.16  19.48 £ 12.00 4.16 + 1.48 1871 £7.21
Foundation Model ~ TimesFM (200) 523.72 £ 191.89 2.03 £0.77 8.89 £ 6.76 276 £ 1.11 13.05 £5.51
TimesFM (500) 485.54 + 178.56 1.80 £ 0.68 6.89 + 4.39 2.45 +0.93 11.49 + 4.69
GCN 587.05 £ 154.45 2.30 4+ 0.63 9.88 £5.17 3.01 £0.90 1429 +4.23
SAGE 563.39 £ 166.41 2.16 £ 0.62 8.83 £4.49 2.86 £ 0.80 14.14 £ 4.42
GNN CHEB 546.58 £ 164.21 2.03 £ 0.65 7.98 £ 4.48 2.69 £+ 0.87 13.46 £ 4.69
GAT 1085.75 £427.09  3.61 £ 1.16 19.18 +9.81 423+ 1.13 2421 £13.28
LEConv 1447.62 + 48237  3.64 £ 1.20 19.84 £ 11.15 430+ 1.16 26.22 £17.25

significance. To better assess the top models, we present the
observed series alongside predictions from TimesFM and
CHEB only.

The plots show that both TimesFM and CHEB capture cy-
cles and seasonality well. Neighbourhood effects learned by
the GNN contribute to improved temperature forecasts, nar-
rowing the gap to the foundation models. However, anoma-
lies remain hard to detect for both approaches, underscoring
the need for better graph design, since incorporating mete-
orologically meaningful links could propagate anomaly sig-
nals from nearby stations, reveal causal structure, and reduce
these errors overall.

Final Remarks

This study presented a comprehensive evaluation of statisti-
cal, recurrent, foundation, and graph-based models for tem-
perature forecasting across New Zealand. Among all tested
approaches, the foundation model TimesFM (500) achieved
the lowest overall errors, while the CHEB graph neural net-
work reached statistically comparable results, demonstrat-
ing the effectiveness of spatial reasoning in capturing inter-
station dependencies. The analysis of per-station and per-
region forecasts further revealed consistent patterns across
climatic zones, confirming that both models can generalize
well to heterogeneous environmental conditions.

These findings highlight that foundation models and
graph-based architectures are complementary: while the for-
mer leverage large-scale pretraining to learn broad climatic
representations, the latter incorporate explicit spatial struc-
ture that enhances local interpretability and robustness. In-
tegrating these paradigms offers a promising direction for
future research, combining the adaptability of foundation
models with the relational expressiveness of graph learning.

Ultimately, it is worth emphasizing that the GNN results
substantiate neighborhood influences in modeling weather
conditions. In this initial study, graph edges were defined
by inter-station distance. To better leverage GNNs, addi-
tional meteorologically meaningful features should be incor-
porated. For example, rather than using wind direction and
speed as node attributes, they could weight the edges to rep-
resent advective flow. Our results suggest that this modifi-
cation, together with the inclusion of other meteorologically

grounded information, is likely to yield improved predictive
performance.
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