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Abstract. Dynamic Thermal Rating (DTR) lets transmission system
operators extract additional capacity from existing overhead lines by
computing ratings from the weather around the conductor rather than
from conservative static assumptions. Because the conductor heat bal-
ance is driven by weather parameters, such as ambient temperature,
wind, and solar irradiance, accurate short-term weather forecast is a
key enabling input, and for the very short horizons relevant to opera-
tion the most informative data come from a weather station co-located
with the line. We study short-term, multivariate forecasting of local
meteorological variables under the constraint that inference must run
on a resource-constrained, intermittently connected edge device. Using
approximately five years of five-minute measurements from a station
on a Slovenian transmission line, we forecast seven weather variables
up to six hours ahead and compare persistence and ARIMA baselines
with three deep-learning architectures: attention-based Long Short-Term
Memory (LSTM) network, Temporal Convolutional Network (TCN), and
the Temporal Fusion Transformer (TFT). The TFT achieves the high-
est accuracy, but cannot be deployed within the target edge runtime,
whereas the LSTM and TCN can, exposing a concrete accuracy-versus-
deployability trade-off.

Keywords: Weather forecasting · Edge computing · Dynamic thermal
rating · Temporal Fusion Transformer · Time-series forecasting.

1 Introduction

The opening of the European-wide electricity market, the increasing penetration
of intermittent renewable energy sources, and growing electricity consumption
have all contributed to increasingly unpredictable power flows throughout the
interconnected European transmission system. This puts transmission system
operators (TSOs) under constant pressure to extract more capacity from ex-
isting assets without compromising system stability, increasingly through data-
driven monitoring and digitalisation at the grid edge. A prominent example is
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Dynamic Thermal Rating (DTR), which replaces conservative static line ratings
— computed for a fixed set of unfavourable weather conditions — with ratings
derived from the actual or forecast weather around the conductor [6]. Because
the conductor heat balance is governed by ambient temperature, wind speed and
direction, and solar irradiance, the quality of a DTR forecast depends directly
on the quality of the underlying short-term weather forecast, and for the very
short horizons relevant to operation the most informative inputs are historical
observations from a weather station co-located with the line [12].

This motivates the problem we address: short-term, multivariate forecasting
of local meteorological variables from a single weather station, under the con-
straint that inference must run entirely on a resource-constrained, intermittently
connected edge device deployed in the field. Such a setting is a representative in-
stance of forecasting from continuous, non-stationary, and seasonally structured
sensor data streams, and it introduces a practical tension between predictive
accuracy and deployability: the most accurate models are often the least com-
patible with the limited compute, memory, and runtime support available at the
edge.

We study this accuracy-versus-deployability trade-off on real data from a
weather station on the Obersielach–Podlog transmission line, provided by the
Slovenian TSO, ELES. Using approximately five years of measurements at five-
minute resolution, we forecast seven meteorological variables up to six hours
ahead, and we compare baseline methods (persistence and the classical ARIMA
model [3]) with three deep-learning architectures: an attention-based Long Short-
Term Memory (LSTM) network [5], a Temporal Convolutional Network (TCN) [1],
and the Temporal Fusion Transformer (TFT) [9]. Crucially, each model is eval-
uated not only on forecast accuracy but on its ability to be compiled to and
executed within the TensorFlow Lite runtime on a 32-bit ARMv7 device with-
out internet access. The main contributions of the paper are:

– We frame and characterise local short-term weather forecasting as the up-
stream enabling task for edge-based DTR, using an operational, five-year
dataset of seven meteorological variables.

– We benchmark statistical, recurrent, convolutional, and attention-based fore-
casters across all seven variables and the full six-hour horizon.

– We report the deployment outcome of each model on real edge hardware,
exposing a concrete accuracy-versus-deployability trade-off relevant to oper-
ational grid settings.

The remainder of this paper is organised as follows. Section 2 reviews re-
lated work on deep-learning weather forecasting, weather forecasting for DTR,
and inference on edge devices. Section 3 formalises the forecasting problem and
describes the dataset and preprocessing pipeline. Section 4 presents the forecast-
ing models. Section 5 reports the experimental setup, the evaluation, the results
– including the edge-deployment outcome, and discusses the accuracy-versus-
deployability trade-off. Section 6 concludes and outlines the importance of the
work.
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2 Related Work

Our work sits at the intersection of three lines of research: deep learning for
short-term weather forecasting, weather forecasting as an input to DTR, and
the deployment of forecasting models on resource-constrained edge hardware.

2.1 Deep Learning for Weather Forecasting

Forecasting meteorological variables from historical observations is a classical
time-series problem and a long-standing topic in data mining. Statistical models
of the autoregressive integrated moving average (ARIMA) family remain widely
used baselines, capturing linear temporal structure and seasonality with few
parameters and modest computational cost [3]. With the availability of larger
datasets, deep neural networks have come to dominate the field, owing to their
ability to learn nonlinear temporal dependencies automatically [7]. Recurrent
architectures, and in particular Long Short-Term Memory (LSTM) networks,
became standard tools for sequence modelling [5], while Temporal Convolutional
Networks (TCNs) showed that causal, dilated convolutions can match or exceed
recurrent models on many sequence tasks while remaining fully parallelisable [1].
More recently, attention-based architectures have advanced multi-horizon fore-
casting; the Temporal Fusion Transformer (TFT) combines recurrent process-
ing of local dynamics with attention over longer contexts and supports multi-
variable, multi-horizon prediction with heterogeneous inputs [9]. Comparative
studies confirm that no single architecture dominates across all tasks, and that
the most suitable model depends on the forecasting horizon, the data characteris-
tics, and the available resources [7]. Our study follows this comparative tradition,
but evaluates the candidate models not only on accuracy across seven variables
and a six-hour horizon, but also on whether they can actually be deployed at
the edge.

2.2 Weather Forecasting for Dynamic Thermal Rating

The practical motivation for our forecasting task comes from Dynamic Ther-
mal Rating (DTR), which replaces conservative static line ratings with ratings
computed from the actual or forecast weather around the conductor, thereby
unlocking additional transmission capacity from existing infrastructure [6]. The
conductor heat balance is governed by ambient temperature, wind speed and
direction, and solar irradiance, so the quality of a rating forecast is largely deter-
mined by the quality of the underlying weather forecast, with local observations
being the primary input for the very short horizons relevant to operation [12].
The sensitivity of the rating to local conditions is especially pronounced in the
Slovenian network, where measurements have shown that low wind speeds fre-
quently limit convective cooling and thus dominate the available rating [11].
This body of work establishes why accurate, local, short-term weather forecasts
matter; in contrast to studies that forecast the rating itself, we focus on the up-
stream weather-forecasting service and on its feasibility under edge-deployment
constraints.



4 V. Komel et al.

2.3 Inference on Resource-Constrained Edge Devices

Running neural networks directly on embedded and IoT hardware — the field
of TinyML — reduces communication dependence and latency and improves re-
silience and data privacy, but is constrained by limited memory, compute, and
runtime support [10]. Deployment therefore relies on model-compression and
conversion techniques such as quantisation, together with specialised inference
runtimes; TensorFlow Lite and its microcontroller variant are the de facto stan-
dard for executing converted models on 32-bit ARM-class devices [4]. A recurring
finding in this literature is that the most accurate models are not always deploy-
able: operators used in attention and dynamic graph components are frequently
unsupported by static-graph edge runtimes, forcing a trade-off between accuracy
and deployability. While much TinyML work targets vision or human-activity
recognition, comparatively little attention has been paid to multivariate time-
series forecasting under these constraints. Our work addresses this gap directly,
reporting which of the evaluated forecasting models can be converted to and ex-
ecuted within the TensorFlow Lite runtime on the target edge device, alongside
their forecast accuracy.

3 Problem Formulation and Data

3.1 Problem Definition

We address the problem of short-term, multi-variate weather forecasting at a
single meteorological station, subject to the constraint that inference must exe-
cute entirely on a resource-constrained edge device without internet connectivity.
Models are trained on GPUs and subsequently compressed and deployed to the
edge device.

Let fθ denote a forecasting model with parameters θ. At each inference step,
the model receives an input window of the L = 96 most recent observations (24
hours at 15-minute resolution) and produces a sequence of H = 24 predictions
covering the next 6 hours:

Ŷ (i) = fθ

(
X(i)

)
∈ RH×dout

where X(i) ∈ RL×din is the i-th input window and din, dout denote the number
of input features and output variables respectively.

3.2 Data Description

Data for this study were provided by ELES, the Slovenian transmission system
operator (TSO). The dataset includes historical weather measurements from
a station on the Obersielach–Podlog transmission line and past forecasts for
the specific location of the station. Forecasts were obtained from a micro-scale
numerical weather model (NWP) utilized by the TSO, which is downscaled from
the Slovenian Environment Agency’s (ARSO) regional ALADIN model.
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Measurements span 5 November 2020 to 30 September 2025 at 5-minute res-
olution, yielding approximately 515,000 raw observations. NWP forecasts are
available from 30 September 2020 to 30 September 2025 at 15-minute resolu-
tion for horizons of 0 to 72 hours ahead. NWP forecasts serve exclusively as a
benchmark for model comparison; they are not used as model inputs.

Seven meteorological variables were used as model inputs: ambient tempera-
ture (T , in ◦C), rain intensity (i, in mm/h), relative humidity (RH, in %), solar
irradiance (S, in W/m2), wind direction (ϕ, in °), wind speed (v, in m/s), and
air pressure (p, in hPa). Descriptive statistics computed on the raw 5-minute
data are shown in Table 1. The negative minimum of solar irradiance is not a
sensor error; at night, pyranometers can produce small negative measurements
known as the Type A zero offset [2]. Since these values carry physically mean-
ingful information, they were retained rather than being clipped to zero during
data preprocessing.

Table 1. Descriptive statistics of the raw meteorological measurements. Longest gap
is in 5-minute steps, so the gap of 1,202 steps is approximately 4 days.

Variable Mean Std Min Max Missing (%) Longest gap

Temperature (◦C) 10.92 8.59 -11.00 35.40 2.64 1202
Rain intensity (mm/h) 0.18 1.29 0.00 106.70 2.64 1202
Relative humidity (%) 73.67 18.10 12.20 95.10 2.64 1202
Solar irradiance (W/m2) 137.12 239.29 -5.50 1311.00 1.23 751
Wind direction (◦) 147.70 91.56 1.00 360.00 2.64 1202
Wind speed (m/s) 0.64 0.58 0.00 9.18 2.64 1202
Air pressure (hPa) 975.06 7.51 926.40 998.30 2.64 1202

3.3 Preprocessing and Feature Engineering

To prepare the dataset for modeling, the 5-minute weather station measurements
were downsampled to a 15-minute resolution using the mean value for each
interval. The dataset was then split into training, validation, and test sets in a
70:15:15 ratio, strictly preserving temporal order.

The raw dataset natively included diagnostic status flags monitoring sen-
sor errors or maintenance work; all affected observations were systematically
removed. Secondary checks were subsequently executed on the remaining series
to detect hidden outliers, specifically checking for stuck values and unphysical
step-difference spikes. These checks confirmed that the flag-filtered dataset was
already clean and fell entirely within the valid meteorological boundaries, as
shown in Table 1, requiring no further data removal.

For missing data, gaps of up to one hour (four or fewer consecutive 15-minute
steps) were filled using forward-fill imputation. If an input lookback window still
contained missing values after this step, the entire sample window was discarded
from the training, validation, and test sets. Crucially, no imputation was applied
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to the target sequence (the future horizon); instead, a masked loss function and
masked evaluation metrics were utilized to compute loss and accuracy exclusively
on observed ground-truth values. During edge deployment, input windows with
unresolvable missing data are flagged and no prediction is issued.

To improve models’ performance, features were engineered and transformed:

– Wind direction & time: Both wind direction and cyclical time components
— day-of-year (DOY) and time-of-day (TOD) — were encoded into sine and
cosine pairs to preserve their continuous, cyclical nature.

– Feature scaling: Input variables, excluding the cyclically transformed wind
direction and temporal features, were normalized using standard scaling (Z-
score normalization).

The processed data were structured into a sliding window format, using a
lookback window of the past 24 hours as input to forecast the weather parameters
over a target horizon of 6 hours.

4 Forecasting Models

Several forecasting approaches were evaluated in this study, ranging from simple
baseline methods to deep learning architectures. The selected models represent
different paradigms for time-series forecasting, allowing comparison between sta-
tistical, recurrent, convolutional, and attention-based approaches.

4.1 Baselines

Two baseline approaches were used for comparison: persistence forecasting and
ARIMA. Persistence assumes that future conditions remain equal to the most
recent observation. Although simple, it provides a strong benchmark for short-
term weather forecasting.

ARIMA (Autoregressive Integrated Moving Average) is a classical statistical
forecasting model that combines autoregressive and moving-average components
while accounting for non-stationarity through differencing [3]. Separate ARIMA
models were trained for each target variable. Seasonal information was incorpo-
rated through exogenous cyclical regressors representing time-of-day and day-
of-year patterns. Model orders were initially selected using auto-ARIMA and
subsequently refined through grid-search optimization.

4.2 Long Short-Term Memory (LSTM)

LSTM is a recurrent neural network architecture specifically designed to model
long-term temporal dependencies through gated memory cells that regulate the
flow of information across time steps [5].

A sequence-to-sequence architecture with attention was used for multi-horizon
forecasting, consisting of an LSTM encoder that processes the input sequence
and encodes it into a latent representation via its final hidden state. Instead of
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autoregressive decoding, the decoder is initialized with this final encoder state,
which is repeated across all prediction steps to form a fixed-length decoding
input, enabling fully parallel prediction over the forecast horizon. A scaled dot-
product cross-attention mechanism is then applied between decoder outputs and
encoder hidden states to compute context vectors that capture the most relevant
temporal dependencies in the input sequence, and the final forecasts for all me-
teorological variables are produced simultaneously through a linear projection
applied at each prediction step.

4.3 Temporal Convolutional Network (TCN)

The Temporal Convolutional Network (TCN) is a convolution-based architecture
for sequential data. It uses causal convolutions to ensure that predictions depend
only on past observations and dilated convolutions to efficiently capture long-
range temporal dependencies [8].

The TCN employed in this work consists of stacked residual blocks with
exponentially increasing dilation factors. Unlike recurrent models, TCNs process
entire sequences in parallel, resulting in efficient training and inference. This
property makes them well suited for deployment on resource-constrained edge
devices.

4.4 Temporal Fusion Transformer (TFT)

The Temporal Fusion Transformer (TFT) is an attention-based model specif-
ically optimized for multi-horizon time-series forecasting. It handles heteroge-
neous inputs, including static covariates, past observed features, and known
future inputs. It combines recurrent layers for local temporal patterns with a
multi-head attention mechanism that captures longer-term dependencies.

The architecture consists of two more core components: a gating mechanism,
which gives the model the flexibility to skip redundant layers, and a variable
selection network, which assesses the relevance of input variables at any given
time step. The architecture also provides a degree of interpretability through
variable importance scores and attention weights [9].

5 Experiments and Results

5.1 Experimental Setup

All deep learning architectures were implemented in PyTorch (or PyTorch Fore-
casting) and trained on a NVIDIA GeForce RTX 3090 GPU. The neural network
models were optimized using the AdamW optimizer with an initial learning rate
of 10−3, a cosine annealing learning-rate scheduler, and an early stopping mech-
anism based on validation loss. Training was performed using the masked Huber
loss function to account for missing target values. A batch size of 16 was used for
all training runs. Hyperparameter tuning and model selection were performed
on the validation set; the selected configurations are reported in Table 2.
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Table 2. Architectural hyperparameters of evaluated models.

Model Configuration

LSTM hidden=32, non-autoregressive decoder, scaled dot-product attention
TCN filters=32, layers=4, kernel=3, dilation=exp
TFT hidden=32, heads=4

5.2 Evaluation Metrics

Model performance was evaluated using Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE). For wind direction, standard error metrics are not
directly applicable due to the circular nature of angular variables; therefore,
specialized metrics denoted as MAEcirc and RMSEcirc were used. The absolute
angular difference ∆θi accounts for the 360◦ periodicity by computing the short-
est angular distance: ∆i = min (|yi − ŷi|, 360◦ − |yi − ŷi|). Using this angular
adjustment, the circular metrics are defined as:

MAEcirc =
1

N

N∑
i=1

∆i, RMSEcirc =

√√√√ 1

N

N∑
i=1

∆2
i .

5.3 Forecast Accuracy

The evaluation was performed on the held-out test set, including NWP forecasts
for comparison. A masked error formulation was used to properly handle missing
values. Results aggregated over the full forecast horizon are reported in Tables 3
and 4.

Table 3 presents results for temperature, wind speed, and wind direction —
the three variables that most directly affect DTR calculations. ARIMA provides
a strong statistical baseline for temperature, yielding lower errors than both
persistence and NWP. However, it is consistently surpassed by all deep learning
models, with the TCN achieving the lowest MAE of 1.00 ◦C. Wind speed and
wind direction are more difficult to model across all approaches due to their
highly stochastic behavior. Although the absolute errors in wind speed appear
small, they become more pronounced in relative terms due to the low mean wind
speed at the site (0.64 m/s, Table 1), where even minor deviations translate into
large percentage errors.

Table 4 reports results for rain intensity, relative humidity, air pressure, and
solar irradiance. All models show similarly low errors for rain intensity. However,
this reflects limited predictive signal rather than strong model performance,
as precipitation events are sparse and most observations correspond to zero or
near-zero rainfall. Learned models roughly halve persistence error on humidity
and solar irradiance. The most pronounced result is air pressure, where NWP
produces an MAE of 22.39 hPa — likely due to an altitude reference mismatch
during downscaling, which causes it to consistently underestimate pressure with
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a mean forecast of 951.91 hPa compared to the actual station mean of 975.06
hPa (Table 1) — whereas the TCN achieves a much closer MAE of just 0.50
hPa.

Table 3. Performance comparison for temperature, wind speed and wind direction.
Metrics are reported as MAE (or MAEcirc for wind direction) and RMSE (or RMSEcirc)
with their respective units. For each variable, the best result (lowest error) is shown in
bold.

Temperature (◦C) Wind speed (m/s) Wind direction (◦)

Model MAE RMSE MAE RMSE MAEcirc RMSEcirc

Persistence 2.46 3.66 0.40 0.59 64.26 82.81
ARIMA 1.48 2.09 0.31 0.44 56.45 71.49
LSTM 1.08 1.50 0.28 0.42 49.39 63.02
TCN 1.00 1.45 0.28 0.42 49.30 62.87
TFT 1.18 1.61 0.29 0.42 50.15 63.50
NWP 1.97 2.51 0.65 0.85 83.76 99.83

Table 4. Performance comparison for rain intensity, relative humidity, pressure and
solar irradiance. Metrics are reported as MAE and RMSE with their respective physical
units. For each variable, the best result (lowest error) is shown in bold.

Rain (mm/h) Humidity (%) Pressure (hPa) Solar (W/m2)

Model MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Persistence 0.27 1.74 9.56 14.65 0.78 1.09 145.36 255.28
ARIMA 0.19 1.32 6.55 9.05 0.70 1.01 117.86 193.67
LSTM 0.22 1.31 4.50 6.79 0.71 0.99 50.23 102.92
TCN 0.22 1.30 4.49 6.81 0.50 0.72 51.78 101.45
TFT 0.22 1.30 4.57 6.83 0.80 1.13 50.47 102.73
NWP 0.22 1.32 12.87 16.16 22.39 23.23 57.96 110.23

Edge-optimized variants of the LSTM and TCN models were also evaluated.
No measurable difference in forecasting accuracy was observed between the stan-
dard and edge-optimized versions. Both achieved essentially identical prediction
errors, indicating that the optimizations required for embedded deployment did
not degrade forecasting performance.

5.4 Forecast Horizon Behavior

Forecast error accumulation over the 6-hour prediction horizon is illustrated in
Figure 1. For smooth variables such as temperature, relative humidity, and solar
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irradiance, the ARIMA baseline exhibits rapid degradation in accuracy with
increasing horizon time, whereas deep learning models maintain a more stable
error progression. In contrast, highly variable quantities such as wind speed and
rain intensity exhibit consistently high errors across the entire forecast horizon.
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Fig. 1. Forecast error (MAE or MAEcirc) across the 6-hour prediction horizon for
the seven target variables on the test set. Each sub-panel illustrates how predictive
performance degrades over time (at 15-minute intervals) for ARIMA, LSTM, TCN
and TFT.

5.5 Edge Deployment

The models are intended for operational deployment on a resource-constrained
edge device. The target inference device is a 32-bit ARMv7 edge device with-
out internet access and with limited available RAM. These constraints rule out
ONNX Runtime, for which no official ARMv7l wheel exists; inference therefore
uses the tflite-runtime package.

The TFT could not be successfully converted to TensorFlow Lite due to un-
supported operations in the attention and variable-selection components, which
are incompatible with the static computation graph requirements of the TFLite
runtime. In contrast, the LSTM and TCN architectures were successfully ex-
ported and executed on the target device. For these models, the trained PyTorch
implementations were first exported to the ONNX format and subsequently con-
verted to TensorFlow Lite. Both models rely on statically defined computation
graphs, which enables compatibility with the tflite_runtime inference engine.
Table 5 reports the number of trainable parameters as well as the corresponding
model sizes after conversion to TFLite format.
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Table 5. Model complexity and deployment size after conversion to TFLite.

Model No. parameters TFLite size

LSTM 14,857 93.0 KB
TCN 17,504 79.2 KB
TFT 69,760 –

5.6 Discussion

The TCN provides the best overall balance of accuracy and efficiency, achieving
top performance on key DTR variables such as temperature (1.00 ◦C MAE).
Its convolutional structure enables a compact 79.2 KB TensorFlow Lite model
(Table 5). The LSTM attains comparable accuracy in some cases but could have
higher inference overhead due to sequential processing. The TFT does not im-
prove predictive performance over simpler architectures and cannot be deployed
on the target hardware. This indicates that transformer-level complexity is not
justified for this local forecasting task.

Edge models substantially outperform NWP across all variables in the short-
term forecasting setting, particularly for air pressure, where NWP exhibits strong
systematic error. This reflects the limitations of coarse-resolution regional models
at local, short-horizon scales. However, NWP models are generally designed for
larger spatial scales and longer forecast horizons, where they may provide more
reliable performance. In contrast, sensor-trained edge models better capture site-
specific dynamics and are therefore more suitable for short-term operational
forecasting.

6 Conclusion

We studied short-term, multivariate weather forecasting as the upstream en-
abling task for edge-based Dynamic Thermal Rating, under the constraint that
inference must run on a resource-constrained device. Using approximately five
years of measurements from a weather station on a Slovenian transmission line,
we forecast seven meteorological variables up to six hours ahead and compared
persistence and ARIMA baselines with LSTM, TCN, and TFT architectures,
evaluating each on both accuracy and deployability on a 32-bit ARMv7 device.

The results expose a clear accuracy-versus-deployability trade-off: all deep-
learning models outperform the baselines and the operational NWP forecast, but
the most accurate model, the TFT, cannot be converted to the target edge run-
time. The TCN offers the best balance, matching or exceeding the other models
on the variables most relevant to DTR while compiling to a compact, deployable
model; for this task, transformer-level complexity is not justified. Coupling the
edge forecasts to the DTR computation and quantifying the resulting gain in
usable line capacity would directly demonstrate the operational value of local,
on-device weather forecasting.
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