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Abstract—Accurate local temperature forecasting is difficult
in topographically complex regions such as Nepal, where atmo-
spheric behavior is governed by strong spatiotemporal dependen-
cies that conventional statistical and deep learning models fail to
fully capture. In this study, a new Graph Attention Network-
Temporal Convolutional Network (GAT-TCN) model is proposed
for multi-step temperature forecasting over Bagmati Province,
Nepal. A 3×3 grid of ERA5 reanalysis data is encoded as a
spatial graph, where a GAT learns heterogeneous dependencies
among neighboring grid points while a TCN captures temporal
dynamics from a 24-hour historical window using causal, dilated
convolutions. Spatial and temporal representations are combined
through a late-fusion strategy, and 14-day forecasts are generated
autoregressively. Experimental results show that the proposed
late-fusion GAT-TCN model outperforms GAT, TCN, GCN-
LSTM, GAT-LSTM, and an early-fusion GAT-TCN variant,
achieving an R2 of 0.944 and MAE of 0.149°C on Day 1,
degrading gracefully to R2 of 0.768 at Day 14. Transfer learning
experiments using a progressive layer-unfreezing strategy further
show that the pretrained model adapts effectively to mountain
and Terai regions, confirming the generalizability of the proposed
spatiotemporal framework.

Index Terms—temperature forecasting, graph attention net-
work, temporal convolutional network, spatiotemporal deep
learning, ERA5, transfer learning

I. INTRODUCTION

Temperature prediction is important in agriculture, water
management, disaster preparedness, and energy planning. In
geographically complicated areas like Nepal, temperature vari-
ations have a strong dependence on circulation and processes
related to the terrain and hence are hard to predict at high
resolution. NWP models provide accurate physical represen-
tation of the atmosphere but require heavy computation, lose
accuracy at fine scales, and linear models like ARIMA and
SARIMA consider the process to be linear and stationary in
nature [1].

ECMWF’s ERA5 reanalysis data set [2] makes use of deep
sequence based models like LSTM for predicting weather
[3],which take into account temporal dependency but fail to
consider spatial dependency among the nearby locations as it
treats each location individually [4]. Graph Neural Networks
(GNNs), particularly Graph Attention Networks (GATs) [5],
address this gap. It can learn adaptive, non-uniform spatial
dependencies among neighboring locations. Hybrid graph-
recurrent models such as GAT-LSTM [6] combine both dimen-
sions, but they rely on recurrence. It makes training slow and
unstable over long forecast horizons. Temporal Convolutional
Networks (TCNs) [7] offer a parallelizable alternative. It mod-
els long-range temporal dependency through dilated causal
convolutions without the instability associated with recurrence.

Still, the main issue here is the fact that spatiotemporal
learning in modern hybrid models e.g., GCN-LSTM has
problems with uniform spatial information aggregation and
training instability because of recurrence over long forecast
ranges. That’s why current spatiotemporal architectures cannot
make use of adaptive attention weighted spatial dependencies
and stable parallelizable temporal learning, thus lacking the
ability to perform accurate forecasting of multi-day localized
temperatures in complex topographies, such as Nepal.

The objective of this study is therefore to design and
evaluate a spatiotemporal forecasting model that couples graph
attention-based spatial encoding with temporal convolution-
based sequence modeling, so as to jointly capture hetero-
geneous spatial dependencies among neighboring grid points
and stable long-range temporal dynamics, thereby improving
multi-day temperature forecasting accuracy over conventional
and hybrid graph-recurrent baselines.

This work proposes a GAT-TCN framework that models
spatial dependency through graph attention and temporal de-
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pendency through dilated causal convolution, fusing the two
representations to forecast temperature 14 days ahead for
Bagmati Province, Nepal. The main contributions of this study
are: (1) a spatial graph formulation of a 3×3 ERA5 grid with
an attention-based spatial encoder; (2) a TCN-based temporal
encoder with a 24-hour receptive input window; (3) a late-
fusion architecture that outperforms early-fusion and baseline
spatiotemporal models; and (4) a transfer learning evaluation
demonstrating adaptability to mountain and Terai regions.

II. RELATED WORK

Temperature prediction using statistical techniques, such
as SARIMA, works well when used on stationary series,
however, cannot deal with the nonlinearity and nonstationarity
in the atmosphere [1], [8]. The research indicates that the
comparative analysis of such models reveals their weakness on
nonlinear, high-frequency, multi-step prediction tasks despite
the fact that such models work efficiently computationally [9].
That leads us to consider data-driven approaches [10].

Classic machine learning approaches: support vector re-
gressions, random forests, and Naive Bayes classifiers, were
among the first data-driven approaches. These models have
shown the possibility of predicting the weather directly from
the historical data [11]. These approaches are independent
feature-wise and have no built-in temporal model [12], the
ensembles of such models outperform the single ones on short-
term prediction tasks [13]. These models continue to treat
the forecasting task as a time-independent regression problem,
rather than a true sequence modeling problem [14].

Deep sequence models, such as LSTMs and their variants,
produced high improvements in learning of temporal patterns
for temperature sequences [3], [15], [16]. LSTM varianst with
attention mechanism, SFA-LSTM [4] and BiLSTM-attention
architectures [17], [18] provided improvements in accuracy by
weighting relevant temporal parts. But spatial interaction be-
tween locations is not modeled in these methods. Convolution-
based spatio-temporal approaches such as ConvLSTM contain
fixed grid-based spatial context [16], [19], [20], but cannot
represent irregular or heterogeneous spatial dependencies.

Graph-based approaches address this limitation directly.
GNNs model locations as graph nodes and have shown strong
performance transferring information across geographically
related points [2], [21]. GATs [5] extend this by learning
attention-weighted and non-uniform neighbor contributions.
Hybrid spatio-temporal graph models like GCN-LSTM [22]
and GAT-LSTM [6] combine graph-based spatial encoders
with recurrent temporal encoders. This improve performance
compare to purely temporal or purely spatial baselines. But
their sequential recurrent structure limits training stability
and parallelism over long horizons. TCNs [7], [23] have
been shown to outperform RNN-based architectures for long-
horizon, multi-step time-series forecasting. TCNs have stable
gradient propagation and controllable receptive field growth.

The literature reviewed above reveals three recurring short-
comings: (i) purely temporal models ignore spatial interaction

among neighboring locations [3], [4], [15], [16]; (ii) fixed-
grid convolutional models cannot represent heterogeneous,
non-uniform spatial dependence [16], [19], [20]; and (iii)
hybrid graph-recurrent models such as GCN-LSTM and GAT-
LSTM, while combining both dimensions, remain constrained
by uniform spatial aggregation and by the sequential, error-
accumulating nature of recurrence over long forecast hori-
zons [6], [22]. GAT-TCN is proposed specifically to resolve
these three gaps jointly: the GAT component replaces uni-
form or fixed-grid spatial aggregation with attention-weighted,
adaptive neighbor contributions, allowing the model to learn
which surrounding grid points matter most at a given time
rather than assuming equal or purely distance-based influence;
the TCN component replaces recurrence with causal, dilated
convolutions, giving the temporal encoder a wide, explicitly
controllable receptive field, stable gradient propagation, and
parallel computation, all of which are particularly valuable
for the long, autoregressive 14-day rollout used in this study.
Combining these two components through late fusion, rather
than a recurrent hybrid, is therefore expected to yield more
accurate and more stable multi-day forecasts than existing
spatio-temporal baselines, which is examined empirically in
Section IV.

III. METHODOLOGY

A. System Overview

The proposed system, illustrated in Fig. 1, consists of a data
preprocessing stage followed by two parallel feature-extraction
branches: a spatial branch based on GAT and a temporal
branch based on TCN. The two learned representations are
combined through late fusion and passed to a fully connected
layer that outputs the predicted temperature.

B. Data

Twenty years (2006–2025) of hourly ERA5 reanalysis data
were collected over a 3×3 spatial grid (0.25°×0.25°resolution)
centered on the Kathmandu Valley, Bagmati Province, Nepal
(Fig. 2), yielding nine spatial nodes and 175,200 hourly
samples per node. Seven meteorological variables were used
per node: 2m air temperature,surface pressure, 2m dew point
temperature, mean sea-level pressure, total precipitation, and
the 10m zonal and meridional wind components. These
physically fundamental variables were chosen over derived
quantities because they jointly govern surface temperature
through horizontal advection, thermodynamics, and synoptic-
scale atmospheric processes [24]. The central grid node was
used as the forecasting target, with the remaining eight nodes
providing spatial context. Exploratory analysis confirmed a
strong diurnal cycle, clear seasonal variability, and high spatial
correlation between neighboring nodes (Pearson r > 0.97),
justifying the use of both temporal and graph-based spatial
modeling.

Data was chronologically split into training (2006-2019),
validation (2020-2021), and test (2022-2025) sets to prevent
information leakage, and all features were standardized using
Z-score normalization computed from the training set only.
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Fig. 1. System architecture of the proposed GAT-TCN model.

Fig. 2. Study region and 3×3 spatial grid configuration.

Sequences were constructed using a sliding 24-hour input
window.

C. Spatial Graph Construction

The study area was represented as an undirected graph G =
(V,E) with nine nodes corresponding to the 3×3 ERA5 grid
points (Fig. 3). Every node has connection with its horizontal,
vertical, and diagonal neighbors, forming an 8-neighborhood
static graph that remains fixed during training and inference.

Fig. 3. Spatial graph representation of the 3×3 grid; N4 is the central target
node.

D. Graph Attention Network

For each node i with feature vector hi ∈ R7, a shared linear
transformation is applied:

zi = Whi (1)

The attention coefficient between node i and neighbor j ∈
N(i) is computed as

eij = LeakyReLU
(
aT [zi∥zj ]

)
(2)

and normalized via softmax:

αij =
exp(eij)∑

k∈N(i) exp(eik)
(3)

The updated node representation aggregates neighbor infor-
mation using K attention heads, averaged rather than con-
catenated to control dimensionality:

h′
i =

1

K

K∑
k=1

σ

 ∑
j∈N(i)

αk
ijzj

 (4)

The spatial encoder uses two stacked GAT layers, each with
two attention heads producing 16-dimensional embeddings.
Although all nine node embeddings are computed, only the
central node embedding st ∈ R16 is forwarded to the fusion
stage.

E. Temporal Convolutional Network

The temporal branch receives a 24-hour sequence from the
central node, Xtemp(t) ∈ R24×7. Causal convolution ensures
predictions depend only on present and past inputs:

y(t) =

K−1∑
k=0

w(k)x(t− k) (5)

Dilated convolution extends the receptive field without added
depth:

y(t) =

K−1∑
k=0

w(k)x(t− d · k) (6)

The TCN consists of four residual blocks (kernel size 3,
dilations 1, 2, 4, 8; 128 channels; dropout 0.5), illustrated in

Khanal et. al. : Spatially-Aware Temperature Forecasting using Graph Attention and Temporal Convolution Network

Proceedings of International Conference on Innovation in Computing, Science, Engineering and Technology 2026 Page 138



Fig. 4. Each block applies two dilated causal convolutions with
weight normalization and a residual connection:

zl = ReLU(Conv1Dl,2(ReLU(Conv1Dl,1(xl)))) (7)

xl+1 = ReLU(xl + zl) (8)

With kernel size K = 3 and four dilation levels, the effec-
tive receptive field is 61 hours, exceeding the 24-hour input
window and allowing the network to draw on the full diurnal
cycle. The final temporal representation is taken from the last
time step, htemp ∈ R128.

Fig. 4. TCN architecture with dilated causal residual blocks.

F. Fusion and Autoregressive Forecasting

The spatial and temporal embeddings are concatenated,

zt = [st∥htemp] ∈ R144 (9)

and passed through a fully connected layer to produce the
one-step prediction:

ŷt+1 = Wozt + b (10)

Fourteen-day (336-hour) forecasts are generated autoregres-
sively, where each predicted value is appended to the temporal
input window to predict the subsequent hour, without access
to future ground-truth observations. An early-fusion variant,
in which the GAT embedding is concatenated with raw fea-
tures at every time step before temporal modeling, was also
implemented for comparison.

G. Training

Both branches were trained jointly using the Adam opti-
mizer (learning rate 0.001, batch size 64) to minimize MSE
loss, with gradient-norm clipping (threshold 1.0), a ReduceL-
ROnPlateau scheduler, and early stopping (patience 12 epochs,
max 150 epochs). Hyperparameters (GAT hidden size and head
count, TCN width and depth, dropout, batch size, learning rate)
were tuned via structured random search.

IV. RESULTS AND DISCUSSION

A. Forecasting Performance

Table I compares the day-wise R2 of the proposed late-
fusion GAT-TCN against an early-fusion GAT-TCN variant
and two hybrid graph-recurrent baselines, GCN-LSTM and
GAT-LSTM. The late-fusion GAT-TCN achieved the best
performance across all 14 forecast days, with R2=0.944,
MAE=0.149°C, and MAPE=0.94% on Day 1, degrading
gracefully to R2=0.768 by Day 14. Purely temporal (TCN)
and purely spatial (GAT) models performed markedly worse
at longer horizons, confirming that both spatial and temporal
information are needed. Fig. 5 shows that the late-fusion model
closely tracks the diurnal temperature cycle throughout the 14-
day horizon, with deviations growing modestly as the forecast
horizon increases, as expected under autoregressive rollout.

TABLE I
DAY-WISE R2 COMPARISON OF FORECASTING MODELS

Day GAT- GCN- GAT-TCN GAT-TCN
LSTM LSTM (Early) (Late)

1 0.748 0.821 0.913 0.944
3 0.623 0.750 0.801 0.886
7 0.566 0.705 0.743 0.835

10 0.538 0.672 0.713 0.802
14 0.496 0.636 0.676 0.768

Fig. 5. 14-day-ahead temperature forecast produced by the late-fusion GAT-
TCN model against ground-truth observations.

Late fusion architecture where each branch specialized in
representation before merging them was superior to early
fusion demonstrating that too early combination of spatial
and temporal signals led to low representational quality. In
addition, 48-hour input window was also analyzed but resulted
in poor accuracy compared to 24-hour window (Day 1 R2

dropped from 0.944 to 0.828), which may be because the
shorter window fit well with dominant diurnal periodicity
without introducing noise from other history.

B. Sensitivity Analysis

A sensitivity analysis of the model on dropout rate, TCN
depth/width, GAT hidden size, and number of attention heads
revealed that the dropout rate of 0.5 gave the best trade-
off between overfitting and underfitting; the TCN width and
depth led to higher accuracy until 128 channels and 4 layers
after which the return was not significant; and two attention
heads with 16-dimensional GAT embeddings outperformed
both fewer (under-fit) and more (over-parameterized) ones,
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showing that the small spatial grid was an appropriate choice
for small spatial encoders. Fig. 6 illustrates the effect of
dropout rate on forecasting error across the first seven forecast
days: rates below 0.4 overfit and lose stability at longer
horizons, while rates above 0.6 underfit, with 0.5 consistently
achieving the lowest MAE.

Fig. 6. Effect of dropout rate on MAE across forecast days 1–7.

C. Transfer Learning

To assess generalizability, the pretrained Bagmati model
was fine-tuned on five years of ERA5 data over two held-
out regions – a mountain region and a Terai (lowland) region
– using a three-phase progressive unfreezing strategy (output
layer only → partial layers → full model with discriminative
learning rates). The adapted model achieved Day 1 R2 of 0.925
(mountain) and 0.935 (Terai), decreasing to 0.741 and 0.569
respectively by Day 14. The larger reduction in Terai likely due
to its flatter terrain and different synoptic drivers compared to
the Kathmandu Valley domain, but overall, it confirms that the
learned spatiotemporal representations transfer well between
topographically different regions of Nepal. Fig. 7 shows the
14-day transfer-learning forecast for the Terai region, where
the model continues to track the diurnal cycle closely despite
being adapted from a climatically distinct training domain.

Fig. 7. 14-day-ahead temperature forecast for the Terai region using the
transfer-learned GAT-TCN model.

V. CONCLUSION

This paper presented a GAT-TCN framework for spatially-
aware, multi-step temperature forecasting that models het-
erogeneous spatial dependencies through graph attention and
long-range temporal dependencies through dilated causal con-
volution. Evaluated on 20 years of ERA5 data over Bagmati
Province, Nepal, the proposed late-fusion architecture consis-
tently outperformed purely spatial, purely temporal, and hybrid
graph-recurrent baselines across a 14-day forecast horizon,

and transfer learning experiments confirmed its adaptability to
mountain and Terai regions. Next, we plan to take into account
additional atmospheric variables like radiation, soil moisture,
and cloud cover, as well as explore dynamically changing
graphs based on atmospheric conditions and simultaneous
multi-location prediction.
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