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Abstract

Short-term electric load forecasting is essential for the reliable and efficient operation of modern power systems. Although
Temporal Convolutional Networks have demonstrated strong capabilities for modeling sequential patterns, their forecasting
performance can vary considerably with different hyperparameter settings. This study presents a systematic grid-search-based
sensitivity analysis of Temporal Convolutional Network hyperparameters for one-day-ahead electric load forecasting using half-
hourly demand data from Queensland, Australia. A reproducible forecasting framework implemented using the NeuralForecast
library with a PyTorch backend evaluates 243 configurations generated from three candidate values for each of five
hyperparameters: input size, learning rate, encoder hidden size, decoder hidden size, and batch size. All configurations are
evaluated under the same chronological data partition and 48-step forecasting horizon using Mean Absolute Percentage Error as
the selection criterion. The evaluated configurations produce MAPE values ranging from 1.841% to 5.455%, with an average of
3.499%. The best configuration, consisting of an input size of 336, a learning rate of 0.0005, an encoder hidden size of 64, a
decoder hidden size of 128, and a batch size of 16, achieves a MAPE of 1.841%. This result represents a 55.05% reduction in error
compared with the reference configuration, which yields a MAPE of 4.096%. The learning rate shows the clearest marginal effect,
whereas increasing the number of hidden dimensions does not consistently improve forecasting accuracy. The results demonstrate
that effective TCN performance depends on coordinated hyperparameter settings rather than simply increasing model capacity,
providing practical guidance for configuring TCN-based short-term load forecasting models.

Keywords: Short-term electric load forecasting; Temporal Convolutional Network; hyperparameter sensitivity analysis; grid
search; NeuralForecast; deep learning

1 Introduction these factors may vary across aggregation levels, consumer

Accurate short-term electric load forecasting is essential for
the secure, economical, and reliable operation of modern power
systems. Forecasts of near-future electricity demand provide
important information for generation scheduling, unit
commitment, reserve allocation, energy trading, demand-
response management, and the coordination of renewable
energy resources. Underestimating electricity demand may
result in inadequate generation or reserve capacity, whereas
overestimating it can lead to unnecessary resource commitment
and increased operating costs [1-3]. The growing penetration of
distributed energy resources, electric vehicles, demand-side
technologies, and weather-dependent renewable generation has
further increased the variability and uncertainty of power-
system operation, making accurate short-term forecasting
increasingly important for real-time and day-ahead decision-
making [4-6].

Electricity load data exhibit nonlinear, nonstationary, and
multi-periodic characteristics. These properties make short-
term load forecasting challenging because the underlying
demand patterns may vary across different temporal scales and
operating conditions [7-8]. A forecasting model must therefore
learn both local variations and longer temporal dependencies
while remaining sufficiently robust to changes in load behavior.

Short-term electricity demand 1is affected by recent
consumption, intraday patterns, weekday—weekend differences,
seasonal behavior, weather conditions, consumer activities, and
irregular operating events [9-10]. The relative importance of

categories, and forecasting horizons. Consequently, the selected
forecasting model and historical input representation must
capture both recurring demand patterns and short-term
fluctuations.

In addition to the forecasting architecture, prediction
accuracy is strongly affected by model hyperparameters [11-
12]. In neural forecasting models, the historical input length
determines the amount of temporal information available to the
model, the learning rate controls the magnitude of parameter
updates, the  hidden-layer = dimensions  determine
representational capacity, and the batch size affects gradient
estimation and training behavior. Inappropriate settings may
lead to underfitting, unstable convergence, unnecessary model
complexity, or poor generalization. Hyperparameter
configuration should therefore be considered an integral
component of forecasting-model development rather than a
secondary implementation detail.

Short-term load forecasting has been investigated using a
broad range of statistical, machine-learning, deep-learning,
hybrid, and optimization-assisted approaches. Traditional
statistical methods include linear and multiple regression [13-
15], exponential smoothing [16], autoregressive models,
autoregressive  moving-average models, autoregressive
integrated moving-average models [17], seasonal ARIMA
models [18-19], and Kalman-filter-based techniques. These
methods remain attractive because of their relatively simple
mathematical formulation, low computational requirements,



and interpretability. They can provide reliable forecasts when
the load series follows stable trends and seasonal patterns.
However, their performance often depends on assumptions
concerning linearity, stationarity, and predefined temporal
structures. Consequently, statistical models may have difficulty
representing complex nonlinear interactions, abrupt load
variations, and multiple temporal patterns occurring at different
time scales. Their performance may also deteriorate when the
relationship between historical observations and future demand
changes.

Machine-learning methods provide greater flexibility by
learning nonlinear relationships from historical load
observations and explanatory variables. Frequently applied
approaches include artificial neural networks, multilayer
perceptrons [20], support vector regression [21], decision trees
[22], random forests [23], gradient boosting machines [24],
extreme gradient boosting [25], LightGBM [26], CatBoost [27],
and k-nearest-neighbor regression [28]. These models can
incorporate lagged demand values, calendar information,
temperature, humidity, rolling statistics, and other engineered
predictors. Support vector regression is effective for nonlinear
regression with limited samples, while tree-based ensemble
methods can model complex feature interactions and are
relatively robust to differences in data scale. Boosting methods
such as XGBoost and CatBoost have also achieved competitive
forecasting performance by sequentially correcting prediction
errors and handling heterogeneous explanatory variables.
Nevertheless, these approaches generally depend on carefully
designed lagged and exogenous features. Their performance is
sensitive to the selected input representation, model
complexity, regularization settings, and optimization
parameters. In multi-step forecasting, conventional machine
learning models may also require separate models, recursive
prediction, or specially constructed multi-output strategies.

Deep learning approaches reduce this dependence on manual
feature engineering by learning temporal representations
directly from sequential data. Recurrent neural networks [29],
long short-term memory networks [30], gated recurrent units
[31], convolutional neural networks [32], temporal
convolutional networks [33], attention-based architectures, and
Transformer-derived [34] models have all been applied to
electric-load forecasting.

LSTM and GRU models are designed to capture temporal
dependencies and alleviate the vanishing gradient problem in
conventional recurrent networks. However, their sequential
computation can limit parallelism during training, and their
performance remains dependent on sequence length, hidden-
state dimension, network depth, and optimization settings.
CNN-based models provide efficient parallel computation and
are effective at extracting local load patterns. However, their
ability to represent long-term temporal relationships depends on
network depth, receptive-field design, or the use of dilations.
Transformer-based models use attention mechanisms to capture
long-range relationships and interactions among time steps or
variables. Still, they may require larger datasets and careful
configuration of embedding dimensions, attention heads,
learning rates, and regularization mechanisms. The increased
representational capacity of deep models, therefore, does not
automatically guarantee superior forecasting performance,

particularly when their selected
empirically.

Hybrid forecasting methods have been developed to combine
the complementary advantages of multiple techniques.
Common combinations include CNN-LSTM [35], CNN-GRU
[36], TCN-LSTM [37], bidirectional recurrent networks with
attention [38], statistical-machine-learning ensembles, and
combinations of decomposition algorithms with neural
predictors. Wavelet transform, empirical mode decomposition,
ensemble empirical mode decomposition, complete ensemble
empirical mode decomposition with adaptive noise, variational
mode decomposition, and singular-spectrum analysis are often
used to separate the original load series into smoother
components before forecasting. Ensemble and stacking
methods combine predictions from several base models,
whereas residual-correction approaches train a secondary
model to compensate for the errors of an initial forecast. Other
studies have employed genetic algorithms [39], particle swarm
optimization, grey wolf optimization [40], Bayesian
optimization [41], random search [42], and related
metaheuristics to determine model configurations. These
hybrid frameworks can improve accuracy by reducing noise,
extracting multi-scale patterns, or combining diverse predictive
behaviors. However, they usually introduce additional
processing stages, parameters, and model components. This
increases methodological complexity, makes it more difficult to
isolate the contribution of each component, and may reduce
reproducibility if the configuration procedure is not sufficiently
detailed.

Among deep sequence models, the Temporal Convolutional
Network offers an attractive alternative to recurrent
architectures. A typical TCN employs causal convolution to
ensure that predictions at a given time depend only on current
and previous observations [43], [44]. Dilated convolution
increases the receptive field without requiring a proportional
increase in network depth, while residual connections facilitate
information flow and support the training of deeper networks.
In contrast to recurrent models, convolutional operations can be
computed in parallel across a sequence. These characteristics
make TCNs suitable for learning local changes, daily
periodicity, and longer temporal dependencies in electric-load
data. TCN-based and TCN-hybrid models have consequently
been used in several load-forecasting applications and have
demonstrated the ability to represent nonlinear temporal
patterns.

Despite its advantages, TCN performance is highly sensitive
to hyperparameter configuration. The input size determines the
available historical context; the encoder and decoder hidden
sizes control model capacity; the learning rate affects
convergence; and the batch size influences gradient estimation
and generalization. These parameters may also interact,
meaning that larger input windows or hidden dimensions do not
necessarily improve accuracy and may instead increase noise
sensitivity or optimization difficulty [45].

Most previous studies focus on proposing new architectures
or identifying a single best configuration through Grid Search,
Random Search, Bayesian optimization, or metaheuristic
methods. However, reporting only the best result provides
limited insight into the individual and interaction effects of
hyperparameters. Comparisons across studies are also difficult
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because of differences in datasets, forecasting horizons, data
splits, evaluation metrics, and training settings. Therefore, a
controlled sensitivity analysis is needed to understand TCN
behavior and provide reproducible configuration guidance [46].

To address this gap, this study evaluates five TCN
hyperparameters: input size, learning rate, encoder hidden size,
decoder hidden size, and batch size. Three candidate values are
assigned to each parameter, resulting in 243 configurations. All
models are assessed using the same chronological data split,
training procedure, random seed, and 48-step forecasting
horizon on half-hourly Queensland electricity-demand data.
The models are implemented using the TCN available in Nixtla
NeuralForecast with a PyTorch backend, and MAPE is the
primary evaluation metric.

The experimental results demonstrate that TCN performance
varies substantially across the evaluated hyperparameter space.
The 243 configurations produce MAPE values ranging from
1.841% to 5.455%, with an average value of 3.499%. The best-
performing configuration uses an input size of 336, a learning
rate of 0.0005, an encoder hidden size of 64, a decoder hidden
size of 128, and a batch size of 16, achieving a MAPE of
1.841%. In comparison, the reference configuration with an
input size of 144, a learning rate of 0.001, encoder and decoder
hidden sizes of 128, and a batch size of 32 obtains a MAPE of
4.096%. The best configuration, therefore, reduces the
forecasting error by approximately 55.05% relative to the
reference setting. The aggregated results also indicate that the
learning rate yields the clearest marginal improvement in
MAPE, whereas increasing the encoder or decoder hidden size
does not yield consistent improvement. These findings confirm
that effective TCN configuration depends on coordinated
hyperparameter selection rather than simply increasing model
capacity.

The principal contributions of this study are summarized as
follows:

e A controlled and reproducible framework is
established to investigate TCN hyperparameter
sensitivity in 48-step-ahead short-term electric load
forecasting.

e A full factorial Grid Search evaluates 243
combinations of input size, learning rate, encoder hidden
size, decoder hidden size, and batch size under identical
experimental conditions.

e The study examines both the individual influence and
combined effects of the selected hyperparameters

instead of reporting only the best-performing
configuration.
e The analysis demonstrates quantitatively that

inappropriate hyperparameter selection can produce
substantial differences in forecasting accuracy and that
larger hidden dimensions do not necessarily provide
lower prediction errors.

e Practical evidence is provided to support the
configuration of TCN models implemented through the
NeuralForecast framework for short-term electric load
forecasting applications.

2 Related Work

Short-term electric load forecasting has been investigated
using statistical, machine-learning, and deep-learning methods.

Traditional approaches, including regression, ARIMA, and
exponential smoothing, remain useful for their simplicity and
interpretability, but their performance may degrade when
electricity demand exhibits nonlinear and time-varying
behavior [47]. Machine-learning methods such as support
vector regression, random forests, gradient boosting, and
feedforward neural networks offer greater flexibility. However,
they often depend strongly on manually selected lagged,
calendar, and weather features [48].

Deep-learning models reduce this dependence by learning
temporal representations directly from sequential data. LSTM,
GRU, CNN, N-BEATS, and Transformer-based models have
been widely applied to short-term and day-ahead load
forecasting [49-50]. Comparative studies have shown that
forecasting accuracy depends not only on the model
architecture but also on the dataset, input representation,
forecasting horizon, and training configuration [51]. Hybrid
models combining convolutional, recurrent, attention-based,
decomposition, and residual-correction components have also
achieved competitive results. However, their additional
processing stages and parameters make it difficult to isolate the
contribution of each component [52-53].

Temporal Convolutional Networks have emerged as a
competitive alternative to recurrent models. TCNs employ
causal convolutions to prevent the use of future information,
dilated convolutions to enlarge the receptive field, and residual
connections to support stable training[54]. Their convolutional
operations can be processed in parallel, making them suitable
for representing both short-term fluctuations and longer
temporal dependencies. TCNs have therefore been used as
standalone predictors and as components of hybrid load-
forecasting frameworks [55-56]

Despite these advantages, TCN implementations vary
considerably across studies in terms of input length, hidden
dimensions, dilation structure, kernel size, learning rate, and
batch size. These settings directly affect model capacity,
receptive field, convergence, and computational cost.
Consequently, improvements in forecasting cannot always be
attributed solely to the TCN architecture, as they may also result
from favorable hyperparameter configurations [57].

Hyperparameter selection in load forecasting has been
performed using manual tuning, Grid Search, Random Search,
Bayesian optimization, Particle Swarm Optimization, genetic
algorithms, and other metaheuristic methods [58-60]. Most
studies focus on identifying the configuration that produces the
lowest forecasting error. Although this strategy improves
predictive performance, it provides limited information about
the individual influence of each hyperparameter and the
interactions among parameters [61].

Hyperparameter optimization and sensitivity analysis
address different objectives. Optimization aims to identify the
best-performing configuration, whereas sensitivity analysis
examines how model performance changes across the
investigated search space. In TCN forecasting, the effects of
input size, learning rate, encoder hidden size, decoder hidden
size, and batch size may not be independent. For example, the
benefit of a longer input window may depend on the available
encoder capacity, while larger hidden dimensions may require
an appropriate learning rate to ensure stable optimization. Table
1 summarizes representative TCN-based load-forecasting
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studies and highlights their main objectives for parameter

selection and the extent of sensitivity analysis.

Table 1. Comparison of representative studies on TCN-based
load forecasting and hyperparameter selection.

Ref. Model Forecast Parameter- Sensitivity
horizon selection focus analysis
[54] TCN Multiple Comparison of Partial
horizons | architectures and
configurations
[55] Attention- Day- Feature selection No
based TCN ahead and model
configuration
[56] Multiscale Day- and Comparison of Limited
TCN week- historical input
ahead scales
[62] Multi-task Short- Hybrid No
TCN-LSTM term architecture and
parameter
sharing
[63] Residual Short- Empirical No
attentive term hybrid-model
LSTM-TCN configuration
[64] Graph-TCN Short- Architecture and Limited
term module ablation
Present | NeuralForecast | 48 steps Full factorial Yes
study TCN Grid Search of
five
hyperparameters

As summarized in Table 1, previous TCN-based studies have
mainly focused on architectural enhancement, feature selection,
hybridization, or the identification of a high-performing
configuration. Although some studies compared model variants
or input scales, systematic investigation of the individual and
interaction effects of TCN hyperparameters remains limited. To
address this gap, the present study evaluates all 243
combinations of five TCN hyperparameters using a full
factorial Grid Search on the same Queensland dataset, with a
chronological data split, a 48-step forecasting horizon, a
training procedure, a random seed, and an evaluation metric.
Unlike studies that report only the best-performing
configuration, this work analyzes both the marginal effects and
interactions of the investigated hyperparameters, thereby
providing more reproducible guidance for TCN configuration.

3 Methodology

This section presents the methodological framework for
investigating the sensitivity of Temporal Convolutional
Network hyperparameters in short-term electric load
forecasting. The forecasting task is formulated as a multistep
time-series prediction problem in which historical half-hourly
electricity demand observations are used to forecast the
following 48 time steps, corresponding to a one-day-ahead
horizon. The TCN model is implemented using the
NeuralForecast framework, and a full grid search is employed
to systematically assess five key hyperparameters: input size,
learning rate, encoder hidden size, decoder hidden size, and
batch size. Each hyperparameter configuration is trained and
evaluated on the same chronological data split, under the same
experimental conditions, to ensure a fair comparison.
Forecasting performance is assessed primarily using the Mean
Absolute Percentage Error, while training and prediction times
are also recorded to examine the relationship between
forecasting accuracy and computational cost. The following
subsections describe the problem formulation, TCN
implementation, hyperparameter search space, grid-search-

based sensitivity assessment, evaluation metric, and overall
experimental workflow.
3.1 Problem Formulation

Let y, denote the total electricity demand observed in
Queensland at time step t. The demand data are recorded at 30-
minute intervals and arranged chronologically. After the
timestamp and load columns are converted into valid formats,
missing or invalid observations are removed, and the remaining
records are sorted by time. The resulting univariate electricity-
demand series is expressed as:

Y={y113/2""1yt1 ""yN} (1)
where Y denotes the complete load series, y;, is the electricity
demand at time step t, and N is the total number of valid
observations. The forecasting task is formulated as a univariate
multistep time-series problem, as the future load profile is
predicted solely from historical demand values. Weather
variables, calendar indicators, and other exogenous variables
are not included in the model input.
At each forecast origin t, the TCN receives a fixed-length
historical sequence containing the most recent L load
observations. The input vector is defined as:

@ _ T
X' = Ve-r41Ve-1420 0 Vi1, Ve @)
Here, XEL) represents the historical input sequence, and L

denotes the input size. The input size determines the amount of
historical information available to the model. A shorter window
emphasizes recent demand variations, whereas a longer
window may include repeated daily and weekly patterns.
Therefore, L is treated as a hyperparameter in the sensitivity
analysis rather than being fixed beforehand.

The forecasting target associated with each input sequence
consists of the subsequent H electricity-demand observations:

Yt(H) = [Yerv, Verzo oo Vern-1 Vernl " 3)
where yt(H) is the actual future-load vector and H is the
forecasting horizon. In this study, H is fixed at 48. Since each
observation represents 30 minutes, the 48 forecast steps
correspond to a complete 24-hour period. The model therefore
performs one-day-ahead load forecasting and produces the full
demand profile for the following day.
The Temporal Convolutional Network learns a nonlinear

mapping from the historical input sequence to the
corresponding future-load vector:
~(H L

7 = fa (<) @

where fg(-) denotes the TCN forecasting function, 0

represents the trainable model parameters, and yﬁ”) is the

predicted 48-step load vector. All future values are generated in
a single multistep forecasting operation rather than by
recursively feeding each predicted value back into the model.
This direct forecasting strategy avoids the progressive
accumulation of recursive prediction errors across the 48-step
horizon.

During training, the model parameters are estimated by
minimizing the Mean Squared Error over all valid training
samples and forecasting steps:

1 K H
N2
Lyse(0) = ﬁz Z (Vin — Fen)

k=1h=1
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where K is the number of valid training samples, H is the
forecasting horizon, yj, , is the actual load at forecasting step h
for sample k, and $ , is the corresponding predicted load.
MSE is used as the optimization loss because it is differentiable
and places a larger penalty on large forecast deviations. The
hyperparameter configurations themselves are evaluated and
ranked using the Mean Absolute Percentage Error on the
holdout test set, as described in Section 3.5.

To preserve the temporal dependency of the electricity-
demand series and prevent future information leakage, the data
are divided chronologically rather than randomly. The training
set contains the 1,344 observations immediately preceding the
test period, equivalent to 28 days of half-hourly demand data.
The final 48 observations, corresponding to one complete day,
are retained as the holdout test set. The same training and test
periods are used for every grid search trial. Consequently,
differences in forecasting accuracy are primarily attributable to
the investigated TCN hyperparameters rather than to changes in
data partitioning or evaluation conditions.

3.2 Temporal Convolutional Network
Architecture and Neural Forecast

Implementation

The forecasting model was implemented using the TCN class
from NeuralForecast version 3.1.9, with PyTorch as the
underlying  deep learning backend. The selected
implementation follows an encoder—adapter—decoder structure.
First, a temporal convolutional encoder extracts representations
from the historical load sequence. The encoded sequence is then
transformed from the input length to the required 48-step
forecasting horizon by a linear context adapter. Finally, a
multilayer perceptron decoder converts the horizon-specific
context vectors into predicted electricity demand values.

Because the experiment is univariate, the encoder receives
only the historical Queensland demand series, and no historical,
future, or static exogenous variables are supplied.

0
o & @ (== . @ 9 @

volution Blocks
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TCN Encoder Linear Context | | MLP Forecast 48-Step
d=1 Output Adapter Decoder | | Load Forecast
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Fig. 1. Architecture of the Temporal Convolutional Network
used for 48-step-ahead load forecasting.

As illustrated in Fig. 1, the model receives a univariate
historical load sequence and extracts an input window of length
L, where Lis determined by the selected input size. The
window is processed by causal convolutions so that each
representation depends only on the current and preceding
observations. A stack of dilated temporal convolutional blocks
with dilation factors 1, 2, 4, 8, and 16 progressively enlarges the
receptive field while maintaining the temporal ordering of the
input. Residual connections facilitate information propagation
across the convolutional stack and support stable optimization.

The resulting encoder output has dimensions B X L X C, ,
where C, is controlled by encoder hidden size. A linear
context adapter then maps the encoded temporal dimension
from L to the forecasting horizon H = 48, producing horizon-
aligned context vectors. Finally, a shared two-layer MLP
decoder, whose hidden width is controlled by
decoder_hidden_size, converts these context vectors into the
complete 48-step load forecast in a single forward pass.

For a training batch, the model input has the form X €
REXLX1 " where B denotes the number of series instances
processed by the data loader, L is the selected input size. The
final dimension corresponds to the single target variable. Before
each convolution, NeuralForecast internally rearranges the
tensor to the channel-first form required by one-dimensional
convolution and restores the time-first arrangement after the
encoder. This operation does not change the chronological
order of the observations.

The main operation in the historical encoder is dilated causal
convolution. For the convolutional layer £ , the hidden
representation at time position t can be expressed as:

® Ny &, (¢-1) ©

z,”) =¢(b¥ + Z w2
k=0

where zg) is the hidden output of layer ¥, zgﬁz is the input

from the preceding layer, W,Ee) and b® are trainable weights
and biases, K is the convolutional kernel size, d, is the dilation
factor, and ¢(-) is the activation function. For the first layer,
z(® corresponds to the historical load input. The index t — kd,
ensures that the representation at position t depends only on the
current and earlier observations. Future values are therefore
excluded from the encoder computation, preventing
information leakage.

Dilation increases the temporal distance between consecutive
kernel elements. A dilation factor of one produces a
conventional causal convolution. In contrast, larger values
allow the filter to access more widely separated historical
observations without increasing the number of trainable
parameters proportionally. For a stack of M causal
convolutional layers with kernel size K and dilation factors
dy,d,, ..., dy, the theoretical receptive field is:

M
R:1+(K—1)Zd[
=1

where R is the number of historical positions covered by the
deepest convolutional representation. In the implemented
model, parameters not explicitly included in the grid search
retain the NeuralForecast defaults. Accordingly, the kernel size
is 2, the dilation sequence is [1, 2, 4, 8, 16], and the encoder
uses the ReLU activation function. These settings produce five
causal convolutional layers and a theoretical receptive field of
32 half-hourly positions. Although each deepest-layer
representation is constructed from this dilated neighborhood,
representations are generated across the complete input
sequence, and the subsequent context adapter uses the full
encoded length when producing the 48-step forecast context.

The width of every convolutional layer is controlled by
encoder hidden size, denoted by C,. After the final causal
convolution, the encoder output has dimensions Z € RE*L*Ce,
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larger-capacity C sub e arger C, provides more channels for
representing temporal patterns but also increases the number of
model parameters and computational requirements. Because
this parameter directly controls the historical encoder's
representational capacity, it is included in the sensitivity
analysis.

NeuralForecast then applies a linear context adapter
independently to each encoder channel. The adapter maps the
encoded temporal dimension from the historical input length L
to the forecasting the horizon H. For encoder channel c, this
transformation is written as:

c. =W,z +b, W, € RH*L ®)
where z. € R contains the encoded values of channel ¢
across the complete input window and ¢, € R¥ is the resulting
horizon-aligned context. In this study, H = 48, so the adapter
converts each encoded channel into 48 context values, one for
each half-hourly forecasting step. After rearranging the tensor
dimensions, the context supplied to the decoder has the form
Ce RBxHxCe.

The final predictions are produced by an MLP decoder
applied separately to the context vector of each forecasting step.
The NeuralForecast default of two decoder layers is retained.
Since no future exogenous variables are used and the MSE loss
produces one point estimate per step, the forecast at horizon
position h can be represented as:

Jern = Wo ReLU(Wycp +bg) + b, ©)

where h = 1,2,...,H, ¢, € R is the context vector for
forecasting step h, W, and b, are the parameters of the
decoder hidden layer, and w, and b, form the output
projection. The dimension of the hidden decoder layer is
controlled by decoder_hidden_size. The same decoder is shared
across the 48 horizon positions, and its outputs collectively

form the direct multistep forecast vector ?t(H). Thus, the model
generates the complete next-day load profile in one forward
pass rather than through recursive one-step prediction.

For every grid-search trial, the TCN was instantiated with h
= 48, the selected values of input size, learning_rate,
encoder_hidden_size, decoder_hidden_size, and batch_size, an
MSE training loss, and random_seed = 42. The model was
wrapped in a NeuralForecast object with a sampling frequency
of 30min. The fit method was applied to the training dataframe
containing the required unique_id, ds, and y columns, and the
predict method generated the subsequent 48 observations. No
exogenous-variable lists were specified.

All non-searched model settings remained at their
NeuralForecast defaults, including max steps = 1000,
decoder layers = 2, windows_batch size = 128, and robust
temporal scaling. The default optimizer was used with the
learning rate supplied by each grid-search configuration. No
separate validation data frame, user-defined optimizer, learning
rate scheduler, or early stopping rule was introduced in the
code.

It is important to distinguish the two batching parameters
used by NeuralForecast. The batch_size argument controls the
number of separate time series included in a data-loader batch,
whereas windows_batch_size controls the number of temporal
windows sampled during a training update. The supplied
implementation varied batch size based on the search space,
while keeping windows_batch_size fixed at its default value of

128. Because the experiment contains one QLD series,
batch_size should therefore be interpreted according to the
NeuralForecast API rather than as the conventional number of
sliding-window samples.

To improve reproducibility, the random seed was fixed at 42
for Python, NumPy, and PyTorch. CUDA deterministic
behavior was enabled by defining
CUBLAS WORKSPACE CONFIG, enabling deterministic
cuDNN execution, turning off cuDNN benchmarking, and
limiting PyTorch to a single CPU thread. The same model-
construction and forecasting procedure was repeated for all
hyperparameter combinations so that performance differences
reflected the investigated settings under otherwise identical
implementation conditions.

3.3 Hyperparameter Search Space

The sensitivity analysis considered five TCN
hyperparameters: the amount of historical information supplied
to the model, the optimization step size, the representational
capacities of the encoder and decoder, and the data-loader
batching behavior. The hyperparameter vector represents a
candidate configuration:

A=(,nC,C4B) (10)

where L is input size, n is learning rate, C, is

encoder_hidden_size, C; is decoder hidden size, and B is

batch_size. These parameters were selected because they

influence different stages of the forecasting process and can

therefore affect predictive accuracy and computational demand
differently.

Table 2. Hyperparameter search space used for the TCN

sensitivity analysis

Hyperparameter Symbo | Candida Methodological meaning
1 te values
input_size L 96, 144, Number of half-hourly
336 historical observations supplied
to the model. The three values
correspond to 2, 3, and 7 days
of load history, respectively.
learning_rate n 0.0005, Step size used by the optimizer
0.001, when updating the trainable
0.005 TCN parameters.
encoder_hidden_si C, 64,128, | The number of hidden channels
ze 256 in the temporal convolutional
encoder, and therefore a
control on its representation
capacity.
decoder_hidden_si Cy 64, 128, Width of the hidden
ze 256 representation used by the
MLP decoder to transform
horizon-aligned temporal
features into load forecasts.
batch_size B 16, 32, NeuralForecast data-loader
64 series-batch parameter. The
temporal-window batch size
remained fixed at its default
value and was not included in
the search.

Let Sy, Sy, Sc,» Sc,» and Sp denote the candidate sets shown
in Table 1. The complete hyperparameter domain is the
Cartesian product:

G =38, X8 XS¢, XS, XSp (11

Each candidate set contains three values. Consequently, the
total number of unique configurations is:

Ng = 1G] =3x3x3x3x3=35=243 (12)



The selected values provide low, intermediate, and high
settings for each investigated factor while keeping the
exhaustive experiment computationally manageable. In
particular, the input-size candidates cover short recent histories
and a complete weekly history; the learning-rate candidates
span conservative to comparatively aggressive updates; and the
encoder and decoder sizes allow the influence of model
capacity to be examined without changing the remaining TCN
architecture. All hyperparameters not listed in Table 2 were
held constant at the NeuralForecast settings described in
Section 3.2. Thus, observed performance differences were
associated with the five-dimensional search space rather than
simultaneous changes in unrelated implementation options.

3.4 Grid-Search-Based Hyperparameter

Sensitivity Assessment

A full grid search was adopted to evaluate every
configuration in G. Unlike random or sequential optimization
methods, exhaustive grid search applies the same predefined
evaluation procedure to all possible combinations of the
selected values. This property is useful for sensitivity
assessment because each level of a hyperparameter is
repeatedly evaluated across all combinations of the remaining
factors, enabling both individual and interaction effects to be
examined from a complete and balanced result set.

For each trial, one hyperparameter vector, the bold lambda
element of script cap G, was assigned to the TCN model. The
model was trained on the same 1,344-point chronological
training period and then used to generate a direct 48-step
forecast for the same holdout test day. The forecasting horizon,
training loss, data frequency, random seed, and non-searched
model settings remained unchanged across trials. No random
train-test  reshuffling,  cross-validation,  repeated-seed
averaging, or separate validation-based model selection was
applied. Therefore, the assessment represents a controlled
comparison of hyperparameter configurations within a single
fixed-chronological-forecasting experiment.

The execution procedure for each trial consisted of the
following stages: model construction, model fitting, generation
of the 48 future values, calculation of the stepwise errors and
MAPE, recording of computational time, and storage of the trial
outputs. Training time was measured around the fit operation,
prediction time was measured around the predict operation, and
total trial time covered the complete trial execution, including
minor model-construction and result-processing overhead. The
saved record for every successful trial contained the five
hyperparameter values, MAPE, training time, prediction time,
total time, random seed, and execution status. In addition, the
48 timestamps, actual loads, forecasts, absolute errors, and
absolute percentage errors were retained, allowing the best
configuration and horizon-specific behavior to be examined
after the search.

Sensitivity to an individual hyperparameter was assessed by
grouping completed trials by each candidate value, while
allowing the other four hyperparameters to vary over their full
candidate sets. Let G;,, denote the subset of configurations in
which hyperparameter j takes value v. The marginal mean
forecasting error for that value is defined as:

o= N MmarE @™ (13)
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where | g j,v| is the number of configurations containing value
v. Because the grid is balanced, every candidate value of a
given hyperparameter occurs in the same number of trials. The
grouped MAPE distributions, including their central tendency,
spread, minimum, and maximum, can therefore be compared
without unequal representation. A large change in the grouped
error distribution across candidate values indicates greater
sensitivity, whereas substantial overlap suggests a weaker
isolated effect within the tested range.

The complete grid also permits interaction analysis. Pairwise
groupings can be used to determine whether the influence of
one hyperparameter depends on the level of another. For
example, the effect of a larger encoder may depend on the
learning rate, while a long input window may require sufficient
representation capacity. Accordingly, conclusions are not based
solely on the lowest individual marginal error; joint
configurations, ranked results, and top-performing
combinations are also considered.

The best-performing configuration is
according to the minimum test-set MAPE:

A" = argmin MAPE(A)
AEG

where A” is the selected TCN configuration. If multiple trials
yield the same minimum MAPE, they are considered equivalent
with respect to the primary selection criterion, while their
computational times can serve as a secondary practical
consideration. Since the experiment uses a single deterministic
run per configuration, the resulting sensitivity analysis
quantifies configuration-dependent variation under the fixed
seed and data split; it does not estimate the uncertainty
introduced by repeated stochastic training runs.

3.5 Forecasting Accuracy Metric

Mean Absolute Percentage Error (MAPE) was used as the
primary forecasting-accuracy metric and as the objective for
ranking the 243 TCN configurations. MAPE expresses the
magnitude of the forecasting error relative to the corresponding
actual demand, making the results interpretable on a percentage
scale and comparable across different load levels within the test
day.

For forecasting step h, the Absolute Percentage Error (APE)
of configuration 2 is calculated as:

APE, (A) = 100 Ve+h Yt+h()\)‘
Yt+h
h=12,..,H

where y; ., is the actual electricity demand, J;,, () is the
forecast produced by the TCN configuration, and H = 48 is the
day-ahead forecasting horizon. The absolute operator prevents
positive and negative forecasting deviations from canceling
each other out.

To avoid division by zero, the implementation calculates the
average only over forecasting positions with nonzero actual
demand. Let 7 = {h € {1, ..., H}: y;,+n # 0} denote the set of
valid positions. MAPE is then defined as:

MAPE(A) = |71|Z APE,, (1)

hej

selected solely

(14)

(15)

(16)



where |7] is the number of valid test observations. For the
investigated QLD electricity-demand series, the loads are
positive, so the metric is normally calculated over all 48
forecasting steps. Lower MAPE values indicate greater
forecasting accuracy, and a value of zero would represent a
perfect forecast.

MAPE serves a different purpose from the Mean Squared
Error used during model training. MSE provides the
differentiable loss required to update the model parameters and
gives greater weight to large absolute deviations. In contrast,
MAPE is applied after prediction to compare configurations
using an intuitive relative-error scale. The same MAPE
implementation and the same 48-point holdout target are used
for every trial, ensuring that the ranking is internally consistent.
Although percentage errors can become unstable when actual
values approach zero, this limitation is not critical for the
present dataset because system-level electricity demand
remains well above zero throughout the evaluated period.

3.6 Overall Experimental Workflow

The following figure presents the complete experimental
workflow adopted to identify an appropriate Temporal
Convolutional Network (TCN) configuration for 48-step-ahead
short-term electricity load forecasting. The procedure is
organized as an algorithmic flowchart beginning with the
acquisition of half-hourly Queensland electricity demand data
and continuing through data preprocessing, supervised-sample
construction, chronological train—test splitting,
hyperparameter-space definition, model training, forecasting,
evaluation, and final result generation. The iterative section of
the flowchart explicitly represents the grid search process, in
which each candidate hyperparameter combination is trained
and evaluated under the same experimental conditions.
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= i
o = Load QLD half-hourly electricity demand dataset
¥
+ (‘ : i :
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v N
o m}_, 00000 - @ Construct supervised learning samples
\ ) t—————J using input window and 48-step
Input window 48-step horizon forecast horizon
s
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¥
il Define TCN hyperparameter grid:
e I Train | Test input_size, learning_rate, encoder_hidden_size,
decoder_hidden_size, batch_size
¥
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hyperparameter combinations
H o ¥{nd 5" K Train TCN model for one configuration T
O ¥
8l e N Generate 48-step-ahead forecast on test set I
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Fig. 2. Overall workflow of the grid-search-based
hyperparameter sensitivity analysis for TCN forecasting.

The procedure begins by loading the half-hourly electricity
demand series for Queensland. This dataset constitutes the
primary input to the forecasting framework and provides
observations at 30-minute intervals. Because the forecasting
horizon is fixed at 48 steps, the model produces predictions for
the entire subsequent 24-hour period. This setting is suitable for
day-ahead operational planning while preserving intraday
variations in electricity demand.

The second stage performs data cleaning and chronological
sorting. Invalid timestamps, missing demand observations, and
non-numeric values are removed or converted into valid
formats. The remaining observations are then ordered by
timestamp. Preserving chronological order is essential in time-
series forecasting because future observations must not be used
to train the model. Randomly shuftling the data could introduce
information leakage and produce unrealistically optimistic
forecasting results.

The cleaned time series is subsequently transformed into
supervised learning samples. Each sample consists of an
historical input window and a 48-step target sequence. The
input_size hyperparameter controls the length of the historical
window. Therefore, different configurations allow the TCN to
use different amounts of historical information when predicting
the next 48 half-hourly demand values. This formulation
converts the original univariate time series into a multi-output
supervised forecasting problem.

The dataset is then divided chronologically into training and
testing subsets. Earlier observations are used to estimate the
model parameters, whereas the most recent observations are
reserved for out-of-sample evaluation. Unlike conventional
machine-learning datasets, the split is not performed randomly.
A chronological division more accurately reflects the practical
forecasting situation, in which a model is trained on past
measurements and then applied to previously unseen future
demand values.

After the data have been prepared, the TCN hyperparameter
grid is defined. Five principal hyperparameters are investigated:
input_size, learning_rate, encoder_hidden_size,
decoder_hidden_size, and batch size. These parameters
influence different aspects of the forecasting model. The
input_size determines the historical context available to the
network. The learning_rate controls the magnitude of parameter
updates during optimization. The encoder and decoder hidden
sizes determine the representational capacity of the
corresponding network components, whereas the batch_size
affects gradient estimation, memory consumption, and
computational efficiency.

All possible combinations of the predefined hyperparameter
values are generated to form the complete grid-search space.
The procedure then initializes an iterative loop in which each
candidate configuration is evaluated independently. This
exhaustive strategy ensures that every combination within the
specified search space is examined under the same dataset,
forecasting horizon, loss function, and reproducibility settings.

For each iteration, a new TCN model is constructed using the
current hyperparameter combination. The model is trained on
the same chronological training subset. Within the TCN
architecture, causal convolutions ensure that predictions at a
given time depend only on current and past observations, not on
future information. Dilated convolutions expand the network's
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receptive field, enabling it to represent both short-term
fluctuations and longer temporal dependencies without
requiring an excessively deep architecture. Residual
connections further facilitate stable optimization and improve
information  propagation  across multiple  temporal
convolutional blocks.

Once training is complete, the fitted model generates a 48-
step-ahead forecast for the test period. The predicted demand
sequence aligns with the observed values, enabling forecasting
errors to be calculated at every half-hourly step. This evaluation
design assesses the model over the complete day-ahead horizon
rather than only at a single future time point.

The resulting predictions are evaluated using forecasting
error measures, with the Mean Absolute Percentage Error
(MAPE) serving as the primary criterion for model selection.
MAPE expresses the average absolute forecasting deviation
relative to the observed demand and is therefore readily
interpretable as a percentage. Its scale-independent form also
facilitates  direct comparison among all candidate
configurations. Additional information, including point-wise
errors, training time, prediction time, and total computational
time, is retained to support a broader assessment of forecasting
performance and computational cost.

The outputs of each trial are then stored. These outputs
include the trial identifier, hyperparameter values, forecasted
demand values, actual observations, absolute errors, absolute
percentage  errors, MAPE, and computational-time
measurements. Retaining complete trial-level information is
important because the study's purpose is not limited to
identifying the single best configuration. The stored results also
enable systematic sensitivity analysis of how individual
hyperparameters and their interactions affect TCN forecasting
accuracy.

The decision node determines whether additional
hyperparameter combinations remain unevaluated. When
untested configurations are still available, the procedure returns
to the model-training stage and evaluates the next combination.
This iterative cycle continues until the entire grid-search space
has been exhausted. Consequently, the final comparison is
based on a complete and consistent evaluation of all candidate
configurations rather than on a randomly selected subset.

After all trials have been completed, the configuration
producing the lowest MAPE is identified as the best-performing
TCN within the predefined search space. This selection should
be interpreted as conditional on the dataset, the forecasting
horizon, the search ranges, and the experimental protocol used
in the study. It does not imply that the configuration is
universally optimal for every electricity-demand series or
forecasting task.

Finally, the framework generates the principal study outputs,
including the best forecast, the ranked configuration table,
hyperparameter-sensitivity plots, interaction analyses, error-
distribution figures, and computational trade-off results. These
outputs support both predictive evaluation and methodological
interpretation. In particular, they enable determining not only
which TCN configuration performs best, but also which
hyperparameters exert the greatest influence on forecasting
accuracy and whether increased computational requirements
accompany improvements in MAPE.

Overall, the flowchart demonstrates a sequential,
reproducible, and controlled experimental framework. The first
part establishes reliable time-series preparation, the central part
implements exhaustive hyperparameter evaluation, and the
final part performs model selection and sensitivity analysis.
This structure reduces the risk of data leakage, ensures fair
comparison among configurations, and provides a transparent
basis for evaluating TCN hyperparameter effects in 48-step-
ahead short-term load forecasting.

4 Experimental Design

This section describes the dataset, data preparation
procedure, hyperparameter domain, reference configuration,
model training settings, and the computational environment
used in the experiments. The design was constructed as a
controlled full-factorial study. Every TCN configuration was
trained on the same chronological data window, evaluated on
the same one-day holdout period, and executed under identical
fixed settings except for the five hyperparameters included in
the grid search. This protocol isolates configuration-dependent
changes in forecasting accuracy and computational demand.

4.1 Dataset Description

The experiments used the Queensland regional electricity-
demand series contained in the QLD.csv file. The two fields
required for the analysis were SETTLEMENTDATE, which
identifies the settlement interval, and TOTALDEMAND,
which reports total regional demand in megawatts. The
observations are nominally sampled every 30 minutes;
therefore, a complete day contains 48 load measurements.

After invalid timestamp and load entries were removed, the
dataset contained 122,735 valid observations covering the
period from 1 January 2015 at 00:30 to 31 December 2021 at
23:30. Across the complete series, electricity demand ranged
from 3,687.58 MW to 9,988.09 MW, with an average value of
6,170.49 MW. These values indicate a broad operating range
and provide a long historical context for visualizing changes in
the magnitude and temporal structure of Queensland electricity

consumption.
Table 3. Summary of the Queensland electricity-demand
dataset
Characteristic Value Meaning
Region Queensland Regional electricity-demand
(QLD) series used in the experiment.
Target variable | TOTALDEMAND Total electricity demand
expressed in megawatts.
Sampling 30 minutes Two observations per hour and 48
interval observations per complete day.
Valid 122,735 Number of records remaining
observations after validity filtering.
Data period 2015-01-01 00:30 Chronological coverage of the
to 2021-12-31 complete cleaned series.
23:30
Minimum 3,687.58 MW Lowest observed total demand in
demand the complete series.
Maximum 9,988.09 MW Highest observed total demand in
demand the complete series.
Mean demand 6,170.49 MW Arithmetic mean of all valid load
observations.

Figure 3 presents the complete cleaned half-hourly load
series. The full record is used to describe the dataset and its
long-term variation, whereas the controlled forecasting
experiment uses the final contiguous 29-day segment defined in
Section 4.2.
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Fig. 3. Half-hourly electricity demand series of Queensland
used in this study.
Data Preprocessing

Data preparation followed a deterministic chronological
procedure. First, SETTLEMENTDATE was converted to a
datetime representation using the month/day/year hour:minute
format. Entries that could not be converted were marked as
invalid. TOTALDEMAND was independently converted to a
numeric variable, and rows with an invalid timestamp or load
value were removed. The remaining observations were then
sorted in ascending temporal order and their row indices were
reset. No random shuffling, synthetic interpolation, or
exogenous-feature construction was applied.

For the full grid-search experiment, the final 1,392
consecutive observations were retained. The last 48
observations formed the holdout test set, and the immediately
preceding 1,344 observations formed the training set. At the 30-
minute sampling frequency, the number of observations per day
and in each partition are related as follows:

Nyay = 24/0.5 = 48
Nirain 28Nday 1,344
Niest = Nday = 48

where N_day is the number of half-hourly observations in
one day, N_train is the training-set size, and N_test is the test-
set size. The training set therefore covers 28 complete days
from 3 December 2021 at 00:00 to 30 December 2021 at 23:30.
The test set covers the following complete day, from 31
December 2021 at 00:00 to 23:30. Inspection of the selected
modeling interval confirmed a constant 30-minute spacing
between consecutive observations.

Table 4. Chronological training and testing periods

4.2

Set Period Observations | Duration Load range
and mean
Training | 2021-12-03 1,344 28 days 4,601.66-
00:00 to 9,117.43 MW;
2021-12-30 mean 6,294.90
23:30 MW
Testing | 2021-12-31 48 1 day 5,255.11-
00:00 to 7,135.83 MW;
2021-12-31 mean 5,979.37
23:30 MW

The training data were subsequently reformatted according
to the NeuralForecast input structure. A constant series
identifier, unique_id = QLD, was assigned to all observations;
the timestamp column was renamed ds; and TOTALDEMAND
was renamed y. Only this training dataframe was passed to the
model-fitting operation. The actual test loads were kept outside
the fitting process and used only after the model generated its

48-step forecast. Manual normalization was not performed
before constructing the dataframe because the TCN
implementation applied its fixed robust scaler internally.

The chronological arrangement shown in Fig. 4 prevents
future test information from entering model estimation. The
same training and test timestamps were used across all 243
trials, and no validation-based model selection or random train-
test partitioning was employed.
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Fig. 4. Chronological division of the QLD load series into
training and testing periods.
4.3 Hyperparameter Search Space
Table 5 specifies the exact factor levels evaluated in the
experiment. Three candidate values were assigned to each of
the five investigated hyperparameters. The input sizes of 96,
144, and 336 observations correspond to 2, 3, and 7 days of
half-hourly history, respectively. The remaining factors control
the optimization step size, encoder capacity, decoder capacity,
and data loader batch size. The Cartesian product of the five
three-level sets produced 243 unique TCN configurations, as
formulated in Section3.3)
Table 5. Hyperparamgter levels used in the full grid search

Hyperparameter \Candidate Experimental interpretation
(19Alues
input_size 96, 144, 336 Historical context of 2, 3, or 7
days.
learning_rate 0.0005, Conservative, intermediate, and
0.001, 0.005 relatively aggressive parameter-
update steps.
encoder_hidden size | 64, 128,256 Low, intermediate, and high
encoder representation
capacities.
decoder_hidden_size | 64, 128,256 Low, intermediate, and high
decoder representation
capacities.
batch_size 16, 32, 64 Alternative NeuralForecast
series-level loader batch settings.

All 243 combinations were evaluated without pruning,
adaptive sampling, or early rejection. Parameters not listed in
Table 5 were held constant at the values reported in Section 4.5.
Consequently, the resulting dataset of trial outcomes is
balanced: each candidate value of a given hyperparameter
occurs with equal frequency across the entire experiment.

4.4 Reference TCN Configuration

A reference configuration was defined using the intermediate
level of each investigated hyperparameter. This center-point
configuration provides a consistent descriptive anchor for
comparing changes toward lower or higher settings and is
included as one ordinary trial within the complete grid. It is not
assumed to be optimal, does not replace the exhaustive search,
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and should not be confused with the best configuration selected
from the test-set MAPE results.
Table 6. Reference TCN configuration

Setting Reference Rationale or role
value
input_size 144 Three days of historical half-
hourly demand; center level of the
tested set.
learning_rate 0.001 Intermediate optimization step
size and NeuralForecast default
value.
encoder_hidden_size 128 Intermediate encoder capacity and
NeuralForecast default value.
decoder_hidden_size 128 Intermediate decoder capacity and
NeuralForecast default value.
batch_size 32 Intermediate tested value and
NeuralForecast default series-
batch value.
Forecast horizon 48 Fixed one-day-ahead output for
all configurations.
Training loss MSE Fixed differentiable point-forecast
objective.
Random seed 42 Fixed initialization and data-
processing seed.

Because the reference vector uses only values within the
search space, it is trained and assessed using the same procedure
as all other trials. Thus, any comparison with the reference
configuration does not introduce an additional model, dataset
split, or evaluation condition.

4.5 Model Training Configuration

For each grid point, a new TCN instance was constructed and
trained from scratch using the NeuralForecast framework. The
model generated all 48 future values directly, and MSE was
used as the training loss. Training was limited to 1,000
optimization steps for every trial. No early stopping, separate
validation set, learning rate scheduler, repeated-seed averaging,
warm start, or parameter transfer between trials were used.

The five searched hyperparameters were supplied to the TCN
constructor for each trial, whereas the remaining architecture
and training options were fixed. In particular, the encoder used
a kernel size of 2, ReLU activation, and the dilation sequence
[1, 2, 4, 8, 16]. The decoder contained two layers. Robust
scaling was applied internally, and the temporal window batch
size remained fixed at 128. This distinction is important
because the searched batch size parameter is the
NeuralForecast  series-level  loader  setting,  whereas
windows_batch_size controls the number of temporal windows
used during optimization.

Table 7. Fixed TCN training and architecture settings

Parameter or option Value Role in the experiment
freq 30min Defines the half-hourly
timestamp frequency.
h 48 Produces one complete day
of future demand values.
loss MSE Training objective for point
forecasting.
max_steps 1,000 The common maximum
number of optimization
steps for every trial.
kernel_size 2 Width of each temporal
convolutional kernel.
dilations [1,2,4, Expands the temporal
8, 16] receptive field across
encoder layers.
encoder_activation ReLU | Nonlinear activation used by
the encoder.

context_size 10 Fixed context representation
setting used by the
implementation.
Number of layers in the
MLP decoder.
Internal scaling that reduces
sensitivity to extreme load
values.

Number of temporal
windows sampled per
training update; not
searched.

Window batch setting used

during inference.

Stride between consecutive

training windows.
Turns off early stopping.

No scheduled learning-rate

decay was applied.

The experiment used only
historical load values.
After fitting, NeuralForecast generated the next 48

timestamps and their associated TCN predictions. The
predicted column was identified by its TCN model name,
renamed y_pred for storage, and aligned with the 48 holdout
observations. The model object was discarded before the next
configuration was initialized, ensuring that each trial began

with an independent model instance under the same fixed seed.
4.6 Implementation and Reproducibility
Settings

The experiment was implemented in Python in a GPU-

enabled Google Colab environment. The recorded software and

hardware versions are provided in Table 8. CUDA acceleration

was available, and all TCN trials were executed on an NVIDIA
A100-SXM4-80GB GPU.

Table 8. Software and hardware environment

decoder_layers 2

scaler type robust

windows_batch_size 128

inference_windows_batch_size 1,024

step_size 1

early stop patience steps -1
Learning-rate scheduler None

Exogenous variables None

Component Recorded setting

Python 3.12.13

NumPy 2.0.2

Pandas 222

PyTorch 2.11.0+cul28

NeuralForecast 3.19

Computing device NVIDIA A100-SXM4-80GB
CUDA availability True
Execution platform Google Colab with Google Drive storage

A common seed of 42 was assigned to the Python random
module, NumPy, PyTorch, and all available CUDA devices.
PYTHONHASHSEED was set to 42, and
CUBLAS WORKSPACE CONFIG was set to :4096:8 before
model execution. CuDNN deterministic behavior was enabled,
CuDNN benchmarking was disabled, and the number of
PyTorch CPU threads was restricted to one. The TCN
constructor also received random seed = 42 in every trial.
These controls reduce variability arising from initialization,
algorithm selection, and multithreaded execution.

The stricter torch.use deterministic_algorithms(True) option
was not forcibly enabled because it can reject operations for
which a deterministic CUDA implementation is unavailable.
Accordingly, the reported settings support strong run-to-run
reproducibility in the recorded environment. However, bitwise-
identical outputs cannot be guaranteed after changes in
hardware, CUDA libraries, or package versions.

Training, prediction, and total trial durations were measured
separately using time.perf counter. After each trial, the model
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and NeuralForecast objects were deleted, Python garbage
collection was invoked, and the CUDA cache was cleared when
a GPU was available. For auditability, the output workbook
stored the run information, training and test records, search-
space definition, unsorted and MAPE-ranked trial summaries,
the selected best configuration, the best 48-step forecast, and all
trial-level forecasts and errors. Each trial record also retained
its hyperparameter values, MAPE, timing measurements,
random seed, and execution status.

5 Results and Discussion

This section evaluates the forecasting behavior of all 243
TCN configurations from complementary perspectives. The
analysis first examines the overall error landscape and
distribution of MAPE values, then quantifies the marginal
influence of each investigated hyperparameter. Pairwise
interaction effects are subsequently considered to determine
whether individual parameter values remain beneficial when
combined with other settings. The discussion then evaluates the
relationship between forecasting accuracy and computational
time before examining the 48-step predictions produced by the
best-performing TCN configuration. This organization links the
global search results to parameter-level explanations and,
finally, to the practical behavior of the selected forecasting
model.

5.1. Overall Grid-Search Performance

The first perspective is provided by Fig. 5, which orders all
243 completed trials from the lowest to the highest test-set
MAPE. The ranked curve reveals the full range of accuracy
across the predefined hyperparameter space. It shows whether
the best result is isolated or part of a broader group of
competitive configurations.
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Fig. 5.Ranked MAPE values of all evaluated TCN
hyperparameter configurations.

As shown in Fig. 5, forecasting accuracy varies substantially
across the evaluated configurations. MAPE ranges from
1.8409% to 5.4553%, producing a difference of 3.6144
percentage points between the best and worst trials. The mean
and median errors are 3.4993% and 3.5220%, respectively,
indicating that a typical configuration lies near 3.5% MAPE.
The ranked curve increases gradually through most of the
search space but becomes noticeably steeper near both
extremes. This pattern indicates that a limited set of
configurations provides clearly superior forecasts, while
another small group produces pronounced degradation. The
minimum MAPE is shared by three configurations that differ
only in the tested series-level batch_size, whereas the reference
configuration obtains 4.0955%. Consequently, the minimum-

error setting reduces MAPE by 55.05% relative to the reference
configuration. These results demonstrate that the TCN
architecture alone does not determine forecasting performance;
the selected hyperparameter combination has a major influence
on the final accuracy.

Although the ranked curve establishes the magnitude of
configuration-dependent variation, it does not show how
densely the trials are concentrated around typical error levels.
The distributional view in Fig. 6 therefore provides the next
layer of evidence.

Figure 6 summarizes the frequency distribution of MAPE
across the complete grid and marks the best result, mean, and
median. This representation is useful for determining whether a
few isolated trials drive the observed range or whether the
observed range reflects broad dispersion throughout the search
space.
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Fig. 6.Distribution of forecasting MAPE obtained from all
TCN configurations.

The histogram confirms that most configurations are
concentrated between approximately 2.8% and 4.2% MAPE,
while relatively few trials occur at the extremes of the range.
The small difference between the mean of 3.4993% and the
median of 3.5220% suggests that the distribution is reasonably
symmetric, although the best configuration lies far from the
main concentration of trials. The sample standard deviation is
0.7053 percentage points, which is large relative to the best
MAPE and confirms meaningful sensitivity to the investigated
settings. In practice, selecting a configuration near the center of
the search space without systematic assessment could easily
yield an error of 3.5% or higher, despite the availability of
configurations below 2%. Having established this global
variability, the analysis now separates the contributions of the
five investigated hyperparameters.

5.2. Marginal Hyperparameter Sensitivity

Figure 7 evaluates the influence of input_size by aggregating
the MAPE values obtained from all model configurations that
use 96, 144, or 336 historical observations, while the remaining
four hyperparameters are allowed to vary across their
predefined candidate values. This aggregation provides an
overall assessment of how the length of the historical input
window affects forecasting accuracy under different model
settings, rather than relying on the result of a single
configuration. Because the electricity-demand data are recorded
at 30-minute intervals, the three selected input sizes correspond
to 2, 3, and 7 days of historical demand information,
respectively. These window lengths therefore represent short-,
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medium-, and longer-term historical contexts used by the model
to generate its forecasts.

Effect of Input Window Size on TCN Forecasting Accuracy
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Fig. 7.Effect of input window size on TCN forecasting
accuracy.

The seven-day input window provides the lowest marginal
mean MAPE of 3.3087%, compared with 3.5678% for 96
observations and 3.6214% for 144 observations. This result
suggests that a complete weekly history can supply useful
recurring information that is not fully represented by two- or
three-day windows. However, the effect is not monotonic:
increasing the input from 96 to 144 observations slightly
worsens the mean error rather than improving it. Moreover, the
336-step group has the largest dispersion, with errors ranging
from 1.8409% to 5.4553%. Thus, a long historical context
offers the greatest performance potential but also becomes more
dependent on the accompanying learning rate and model-
capacity settings. Input length should therefore be selected
jointly with the optimization configuration rather than treated
as an independently beneficial increase in historical
information.

Because the usefulness of a longer window depends on
whether the model can learn effectively from that information,
the optimization step size is examined next.

Figure 8 compares the grouped MAPE distributions for the
three learning-rate values. This parameter directly controls the
magnitude of each optimizer update and can therefore affect
convergence stability and the quality of the final solution.
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Fig. 8.Effect of learning rate on TCN forecasting accuracy.

Learning rate exhibits the clearest marginal trend among the
investigated hyperparameters. The smallest value, 0.0005,
achieves the lowest mean MAPE of 3.2842%, followed by
3.4367% at 0.001 and 3.7771% at 0.005. The progressive
increase in average error indicates that the relatively aggressive
update size of 0.005 is generally unsuitable for this TCN
forecasting task under the fixed 1,000-step training budget. A

smaller learning rate appears to support more stable parameter
refinement and is also present in the minimum-MAPE
configuration. Nevertheless, the dispersion at 0.0005 remains
substantial, showing that a conservative update size cannot
compensate for every unfavorable combination of input length
and hidden dimensions. The marginal pattern, therefore,
identifies the learning rate as a strong driver of accuracy, while
the interaction analysis in Section 5.3 determines when this
advantage is preserved.

The discussion now shifts from optimization behavior to the
representational capacity of the temporal encoder. Figure 9
groups the trials by encoder_hidden_size, which determines the
number of channels used to represent temporal information
after causal and dilated convolutions.

Effect of Encoder Hidden Size on TCN Forecasting Accuracy
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Fig. 9.Effect of encoder hidden size on TCN forecasting

accuracy.
The encoder results do not support the assumption that a
wider representation consistently improves forecasting

accuracy. The mean MAPE is 3.4254%, 3.6423%, and 3.4303%
for encoder sizes of 64, 128, and 256, respectively. The
intermediate size of 128 performs worst on average, whereas
the smallest and largest settings produce nearly identical
marginal means. The 64-channel encoder includes both the
global best and global worst trials, which explains its
comparatively large variability and demonstrates that its
effectiveness is strongly conditional on the other
hyperparameters. The best configuration uses only 64 encoder
channels, indicating that a compact temporal representation is
sufficient when paired with a long input window, a small
learning rate, and a suitable decoder. Increasing the encoder
width to 256 may partially recover lost accuracy in some
combinations. Still, it provides no systematic advantage that
would justify selecting it solely based on model capacity.

A related but distinct question is whether expanding the
decoder improves the transformation of encoded temporal
features into the 48-step forecast vector.

Figure 10 presents the marginal effect of
decoder hidden size by summarizing the forecasting
performance of all configurations associated with each
candidate decoder dimension while allowing the remaining
hyperparameters to vary. The decoder hidden_size determines
the width and representational capacity of the nonlinear
mapping that transforms the horizon-aligned features extracted
by the TCN into the final electricity-load predictions. A smaller
decoder may provide a more compact transformation with
lower model complexity, whereas a larger decoder offers
greater capacity to capture nonlinear relationships between the
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extracted temporal features and the predicted load values.
Therefore, this analysis helps determine whether increasing the
decoder width consistently improves forecasting accuracy or
instead introduces unnecessary model complexity..

Effect of Decoder Hidden Size on TCN Forecasting Accuracy
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Fig. 10. Effect of decoder hidden size on TCN forecasting
accuracy.

The decoder-size effect is comparatively weak. Mean MAPE
is 3.5207% for 64 units, decreases modestly to 3.4535% for 128
units, and returns to 3.5237% for 256 units. The central setting,
therefore, provides the lowest average error, but the difference
between the best and worst marginal means is only about 0.07
percentage points. The result again contradicts a simple “larger
is better” interpretation: doubling the decoder width from 128
to 256 does not improve accuracy and instead produces a
slightly higher mean MAPE. The global best configuration uses
128 decoder units, suggesting that moderate output-mapping
capacity is adequate for converting the compact 64-channel
encoder representation into a one-day-ahead forecast.

The final marginal comparison concerns batch_size;
however, its interpretation requires attention to the specific
NeuralForecast data-loading mechanism used in this study.

Figure 11 compares the three tested batch size values. In
NeuralForecast, this argument controls the number of separate
series  processed in a loader batch, whereas
windows_batch_size controls the number of temporal windows
used during an optimization update.

Effect of Batch Size on TCN Forecasting Accuracy
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Fig. 11. Effect of batch size on TCN forecasting accuracy.

All three batch_size values produce the same mean MAPE
(3.4993%), median (3.5220%), and minimum and maximum
errors. This equality occurs because the experiment contains
only one QLD series; therefore, changing the series-level loader
capacity from 16 to 32 or 64 does not change the effective
training data presented to the model. The identical MAPE
values across the three settings also explain why the three
globally best trials differ only in batch_size. This result should

not be generalized to conventional window batching or multi-
series datasets, where batch construction can affect gradient

estimates and optimization behavior. In the current
implementation, the findings instead show  that
windows_batch size—mnot  the searched  series-level

batch_size—would be the more meaningful batching parameter
for a future single-series sensitivity study.

The marginal results identify broad tendencies, but they
cannot explain why some settings with favorable averages still
produce poor individual trials. Pairwise heatmaps are therefore
used to reveal how the effects change when hyperparameters
are combined.

5.3. Hyperparameter Interaction Effects

Figure 12 examines the joint influence of input size and
learning_rate by averaging over all encoder, decoder, and
batch-size combinations for each pair of values. The heatmap
tests whether the preferred learning rate remains consistent
across different amounts of historical context.
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Fig. 12. Interaction effect of input size and learning rate on
forecasting MAPE.

The interaction is pronounced. The lowest pairwise mean
MAPE, 2.8254%, occurs when the weekly input window of 336
observations is combined with the smallest learning rate of
0.0005. For the 336-step window, increasing the learning rate
to 0.001 and 0.005 raises the mean error to 3.4300% and
3.6707%, respectively. A similar deterioration is observed for
the 144-step window, where the combination with 0.005
produces the highest cell mean of 4.0869%. In contrast, the 96-
step window performs better at 0.001 than at 0.0005, with mean
MAPESs of 3.4275% and 3.7023%, respectively. This exception
confirms that the marginal advantage of the smallest learning
rate is not universal. The main implication is that additional
historical information becomes beneficial only when
optimization proceeds with a sufficiently controlled step size; a
long input sequence paired with an overly aggressive learning
rate fails to exploit the available temporal context.

While Fig. 12 links temporal context to optimization
behavior, Fig. 13 evaluates whether encoder and decoder
capacity should be increased together or arranged
asymmetrically.

Figure 13 reports the mean MAPE obtained for each
combination of encoder_hidden_size and decoder_hidden_size,
with the results averaged across all tested values of input size,
learning rate, and batch size. This aggregation isolates the joint
effect of the encoder and decoder dimensions while reducing
the influence of the remaining hyperparameters. The figure
therefore provides a systematic comparison of how different
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capacity allocations between the encoder and decoder affect
forecasting accuracy. By examining the complete set of
encoder—decoder combinations, it is possible to determine
whether balanced hidden dimensions, a larger encoder, or a
larger decoder produces more reliable performance across the
broader hyperparameter search space..

Interaction Between Encoder and Decoder Hidden Sizes

3.5874%

Encoder Hidden Size
Mean MAPE (%)

3.6228%

64 128 256
Decoder Hidden Size

Interaction effect of encoder and decoder hidden
sizes on forecasting MAPE.

The best encoder—decoder pairing is 64—128, with an average
MAPE of 3.1503%. This asymmetric structure combines a
compact temporal encoder with a moderately sized decoder and
is also the hidden-size combination used by the global
minimum-MAPE configuration. The second-lowest cell mean
is obtained by the 256-256 combination at 3.2753%, showing
that a larger balanced architecture can also be competitive,
although it does not surpass the more compact 64—128 design.
The poorest pair is 128—64, which yields 3.6976% MAPE.
Furthermore, the three equal-width designs do not follow a
monotonic pattern: 64—64, 128-128, and 256-256 obtain
3.4719%, 3.5874%, and 3.2753%, respectively. These results
demonstrate that representational balance is governed by
interaction rather than by an absolute hidden dimension. In
particular, increasing only one component may create an
inefficient mapping between encoded features and forecast
outputs.

After identifying the combinations that improve accuracy,
the next analysis considers whether these gains require a
meaningful increase in computational time.

5.4. Accuracy—Computational-Cost Trade-off

Figure 14 plots test-set MAPE against total trial time for all
configurations and highlights the Pareto frontier, the fastest
trial, and a minimum-MAPE trial. Point color represents the
input window size.

Fig. 13.
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Fig. 14. Trade-off between forecasting accuracy and
computational time across TCN configurations.

Total execution time ranges from approximately 14.784 to
16.704 s, while the correlation between total time and MAPE is
only 0.034. Thus, longer computation does not systematically
lead to greater forecasting accuracy within the evaluated space.
The fastest configuration completes in 14.784 s with a MAPE
of 2.9580%, whereas the fastest member of the minimum-
MAPE tie completes in 15.806 s with a MAPE of 1.8409%. An
additional 1.022 s therefore reduces error by 1.117 percentage
points relative to the fastest trial. The Pareto frontier shows a
sequence of configurations that progressively improve MAPE
over time, but many points above the frontier take similar or
longer times while producing substantially larger errors. This
dispersion indicates that computational cost is influenced by
runtime variability and architecture settings, yet accuracy
depends primarily on selecting an effective hyperparameter
combination rather than simply allocating more time.

A clarification is necessary when interpreting the highlighted
best point. Trials 166, 167, and 168 share the same minimum
MAPE because the searched batch size does not affect
forecasting in this single-series experiment. Figure 14
highlights trial 167 as the fastest of these tied trials, whereas the
current abstract reports trial 166. Once this tie-handling rule is
made consistent throughout the manuscript, the selected
configuration can be examined at the level of its 48 individual
forecasts.

5.5. Forecasting Behavior of the Best TCN

Configuration

Figure 15 compares the actual Queensland load profile with
the direct 48-step prediction produced by the reported best TCN
configuration. The plot assesses whether the low aggregate
MAPE indicates faithful tracking of the intraday demand
pattern.
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Fig. 15. Actual and predicted electricity demand over the 48-
step test horizon using the best TCN configuration.

The predicted series follows the principal daily trajectory,
including the overnight decline, the relatively stable morning
demand, the rapid afternoon increase, the evening peak, and the
subsequent reduction. Across the 48 half-hourly observations,
the model obtains a MAPE of 1.8409%, a MAE of 107.77 MW,
an RMSE of 133.18 MW, and a mean signed error of —22.71
MW. The small negative bias indicates mild overall
underprediction. The model captures the timing of the high-
demand period well, although the predicted maximum occurs
approximately one-half hour before the actual maximum. At the
actual peak of 7,135.83 MW near 19:00, the forecast is about
129.12 MW lower, corresponding to an error of approximately
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1.81%. The most visible deviations occur during abrupt
transitions: the forecast is smoother than the actual load around
the early-morning change and underestimates parts of the
afternoon rise. These localized differences suggest that the TCN
effectively captures the overall temporal pattern but responds
less precisely to rapid, short-duration changes.

To identify exactly where these deviations occur, Fig. 16
decomposes the aggregate MAPE into step-specific percentage
eITOrS.

Figure 16 presents the Absolute Percentage Error at each of
the 48 forecast positions. Bars are distinguished according to
whether their errors fall below or at/above the overall MAPE of
1.8409%.

Step-Wise Absolute Percentage Error Across the Forecast Horizon
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its forecast position within the day, making it possible to
examine whether forecasting accuracy changes systematically
from the earlier to the later steps of the 48-step horizon..
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Fig. 16. Step-wise absolute percentage error over the 48-step
forecasting horizon.

Twenty-seven of the 48 steps have APE below the overall
MAPE, while 21 steps are at or above it. The largest error is
6.3202% at step 14, corresponding to approximately 06:30,
followed by 5.3091% at step 15. A cluster of elevated errors
extends from roughly steps 13 to 19, covering the early-
morning transition from the low-load period to renewed
daytime activity. The forecast initially overestimates the low
morning observations and then underestimates the abrupt
increase around step 19, indicating a temporal smoothing effect.
A second, smaller concentration appears during the afternoon
and early evening, including an APE of 3.6334% at step 36 near
17:30 as demand rises toward its daily peak. By contrast,
several midday and late-horizon steps produce errors well
below 1%. The error profile, therefore, shows that the low daily
MAPE is not uniformly distributed: accuracy is strongest
during relatively smooth intervals and decreases around rapid
ramps and turning points.

The horizon-wise analysis reveals when errors occur; the
final diagnostic examines whether the predictions remain
quantitatively aligned with actual demand across low, medium,
and high load levels.

Figure 17 presents a scatter plot comparing the predicted
electricity demand with the corresponding actual demand
values across all 48 steps of the day-ahead forecasting horizon.
Each point represents one forecast—observation pair, allowing
the overall agreement between the model outputs and the
measured load values to be assessed visually. The dashed
diagonal line indicates the ideal condition in which the
predicted demand is exactly equal to the actual demand.
Therefore, points located close to this reference line represent
accurate forecasts, whereas larger deviations indicate greater
prediction errors. In addition, the color of each point identifies
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Fig. 17. Scatter plot of actual versus predicted load values
for the best TCN model.

Most points lie close to the ideal y = x line, confirming strong
agreement across the complete load range. The coefficient of
determination is 0.9528, and the actual-predicted correlation is
approximately 0.9768, indicating that the model explains most
of the observed variation in the test-day profile. The remaining
departures from the diagonal are systematic rather than random.
Several low-load morning points lie above the line, reflecting
overprediction during the morning trough. In contrast, several
high-load afternoon and evening points lie below the line,
reflecting underprediction during rapid growth and near the
peak. This pattern is consistent with the slightly negative
overall bias and suggests compression of the forecast range
toward the daily mean. Even so, the limited scatter around the
diagonal, together with the low MAPE and high R?
demonstrates that the selected TCN provides a reliable
representation of both the magnitude and shape of the one-day-
ahead load profile.

Taken together, Figs. 15-17 show that the selected
configuration performs well at the daily-profile level while
retaining identifiable limitations around abrupt load transitions.
These observations support a final synthesis of the sensitivity
findings and their practical implications.

5.6. Synthesis and Practical Implications

The complete analysis leads to four principal findings. First,
TCN forecasting accuracy is highly configuration-dependent:
the evaluated MAPE range of 1.8409%-5.4553% is wide
despite using the same architecture, data partition, forecasting
horizon, loss function, and random seed. Second, the learning
rate is the clearest marginal factor: 0.0005 produces the lowest
average error, while 0.005 generally degrades performance.
Third, a weekly input window yields the lowest mean MAPE
and contains the global best configuration. Still, its high
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dispersion indicates that long temporal context is beneficial
only when accompanied by appropriate optimization and
representation settings. Fourth, hidden dimensions exhibit
nonlinear interaction effects: a compact encoder with a
moderate decoder performs better than many larger
alternatives, demonstrating that increasing parameter capacity
alone is not an effective configuration strategy.

For a practical NeuralForecast implementation, the results
support using a conservative learning rate and testing longer
historical contexts before increasing the number of hidden
dimensions. The 64-128 encoder—decoder pair provides a
favorable balance between accuracy and model size in this
experiment. The absence of a batch size effect must be
interpreted within the single-series loader design; future studies
should investigate windows_batch_size or use multiple series if
the objective is to assess batching behavior. The accuracy—time
analysis further shows that the minimum error can be achieved
with only a modest increase in runtime over the fastest trial. At
the same time, many slower configurations remain dominant in
both accuracy and computational efficiency.

These findings should nevertheless be interpreted under the
study’s controlled scope. The sensitivity results are based on
one regional demand series, one 28-day training interval, one
holdout day, and one fixed random seed. In addition,
configuration ranking is performed on the final holdout period
rather than through repeated rolling-origin validation. The
results, therefore, quantify relative behavior under the selected
experiment but do not establish universal parameter values for
every season, region, or TCN implementation. This
qualification provides the appropriate basis for the study
conclusion and future research directions.

6  Conclusion

This study presented a controlled Grid-Search-based
sensitivity analysis of Temporal Convolutional Network
hyperparameters for one-day-ahead short-term electric load
forecasting. A total of 243 configurations were generated from
three levels of input size, learning rate, encoder hidden size,
decoder hidden size, and batch size. Every model was
implemented using the same NeuralForecast—PyTorch
framework, trained on the same 28-day chronological QLD
load segment, and evaluated on the same 48-step holdout day
using MAPE as the primary accuracy criterion.

The evaluated configurations produced MAPE values from
1.8409% to 5.4553%, with a mean of 3.4993%, confirming that
TCN forecasting performance is strongly affected by
hyperparameter selection. The reported minimum-error
configuration uses an input size of 336, a learning rate of
0.0005, an encoder hidden size of 64, and a decoder hidden size
of 128. Its MAPE of 1.8409% represents a 55.05% reduction
relative to the reference configuration, which has a MAPE of
4.0955%. The same minimum MAPE is obtained for batch sizes
of 16, 32, and 64 because this NeuralForecast parameter
controls series-level batching, and the experiment contains only
one series. If runtime is adopted as an explicit secondary
criterion, the batch_size = 32 trial is the fastest member of this
tied group.

Among the investigated factors, the learning rate shows the
clearest marginal effect, with 0.0005 yielding the lowest
average MAPE and 0.005 yielding the highest. The weekly

input window of 336 observations also yields the lowest
marginal mean and the best individual result. However, it
exhibits greater variability and is strongly dependent on the
selected learning rate. The encoder and decoder dimensions do
not follow a monotonic relationship between capacity and
accuracy. In particular, the 64-128 encoder—decoder
combination  outperforms many  larger  structures,
demonstrating that coordinated architectural settings are more
important than simply increasing hidden size.

The selected TCN accurately follows the principal intraday
load pattern, achieving a test-day MAE of 107.77 MW, RMSE
of 133.18 MW, MAPE of 1.8409%, and R? of 0.9528. Most
forecast points lie close to ideal agreement, while the largest
errors occur during rapid morning and afternoon load
transitions. These findings indicate that the model captures the
overall daily profile effectively but tends to smooth abrupt
changes and slightly underpredict high-demand periods.

The study is limited to a single Queensland series, a fixed 28-
day training period, a single holdout day, and a single random
seed. Future research should evaluate the observed sensitivities
using rolling-origin experiments across multiple seasons and
regions, repeated stochastic runs, and longer test periods.
Calendar and weather variables may also be incorporated, and
sensitivity to windows_batch_size, convolutional dilation,
kernel size, dropout, and training duration should be examined.
Comparisons with Random Search, Bayesian optimization, and
metaheuristic approaches under a common computational
budget would further clarify the trade-off between exhaustive
sensitivity analysis and search efficiency.
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