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ARTICLE INFO ABSTRACT
Keywords: Electrical load forecasting is essential for the efficient operation and planning of power systems. Recent
ANOVA

studies have employed Transformer models in forecasting due to their unique attention mechanisms and
ability to extract correlations in data. However, these models face challenges in integrating varied data
types and capturing long-term dependencies. To address these limitations, this study proposes a TFTformer, a
transformer-based neural network designed to enhance the accuracy and generalisability of load forecasting
models. The TFTformer incorporates transposed feature-specific embeddings for weather, time, and load data
to more accurately capture their unique characteristics. A linear transformation layer post embedding improves
feature representation, aligning and standardising features across sequences for improved pattern recognition.
Additionally, a Temporal Convolutional Network is integrated within the Transformer’s encoder, employing
causal convolutions and dilation to adapt to the sequential nature of data with an expanded receptive field.
The effectiveness of the TFTformer is demonstrated through a comparative study against several state-of-
the-art methods using load datasets from Belgium, New Zealand, and five Australian states. The results
demonstrate that the TFTformer achieves significant MSE improvements across different locations, with over
50% improvement over most models, 42% over CARD, and 16%-17% improvement compared to iFlowformer
and iReformer. Furthermore, an Analysis of Variance is conducted to evaluate the impact of each component
of the TFTformer. A SHAP-based interpretability analysis, using surrogate models, is conducted to elucidate
the decision-making process of TFTformer, highlighting the critical role of time factors and weather features
in its predictions.

Feature embedding
Transposed embedding
Temporal convolutional networks

1. Introduction concepts to seasonal data, rendering it effective for certain cyclical

load patterns [7,8]. Other statistical approaches, such as nonparametric

Energy Networks Australia predicts that by 2027, at least 40% of
energy consumers will be using distributed energy resources, with this
number projected to exceed 60% by 2050 [1]. The rapid adoption of
distributed energy resources presents significant challenges for demand
management and grid stability, creating a pressing need for effective
demand response strategies [2]. The growing complexity of power
systems emphasises the critical role of short-term load forecasting in the
immediate dispatch of generating units [3]. Accurate short-term fore-
casting is essential to adjust for real-time demand fluctuations, ensuring
operational efficiency and cost-effectiveness in grid management [4].

Statistical models have long been the foundation of load forecast-
ing. Key techniques, such as the AutoRegressive Moving Average and
AutoRegressive Integrated Moving Average (ARIMA), have shown com-
petence in capturing basic temporal patterns by using autoregressive
and differencing components [5,6]. Seasonal ARIMA extends these

* Corresponding authors.

regression [9], local linear regression [10], and exponential smooth-
ing [11], have been used in identifying trends and seasonal patterns in
load data. However, statistical methods often struggle with highly non-
linear relationships and non-stationary data in modern power systems.
The assumptions about linear patterns and unchanging data character-
istics may not hold given the non-stationary nature of grid load data,
affecting their accuracy in forecasting [12].

In response to the limitations inherent in traditional statistical
models, research has been increasingly focused on various machine
learning methodologies. Support Vector Machine (SVM) has demon-
strated strong performance as part of hybrid forecasting approaches
that combine different prediction techniques [13]. Further research
with SVMs has shown promise in load forecasting when combined with
phase space reconstruction [14]. Random forest models have proven
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effective when integrated with probability maps and risk assessment
indices [15]. While traditional machine learning techniques have cer-
tain advantages, they often struggle to capture long-range temporal
dependencies. This limitation arises from their reliance on feature
engineering or shallow architectures, which may fail to adequately
represent the complex temporal correlations present in multivariate
load data [16]. Recent research has also demonstrated the adaptability
of Artificial Neural Networks (ANN) across different data scales in load
forecasting applications [17]. With refined architectures and training
methods, ANN applications in electric load forecasting have advanced
further [18]. The integration of meta-learning techniques with ANN has
pushed the boundaries of forecasting accuracy by enabling better model
adaptation to varying load patterns [19].

More recently, deep learning methods, including Long Short-Term
Memory (LSTM) networks, Graph Neural Network (GNN), and Tem-
poral Convolutional Networks (TCN), have significantly broadened the
scope of load forecasting models. Particularly, LSTM can capture short
to medium range dependencies in sequential data by using memory
cells and gates to retain information over time [20]. However, they
may still face difficulties handling very long sequences and can suf-
fer from vanishing or exploding gradients for extremely large input
windows [21]. GNNs operate on graph-structured data, propagating
information between nodes to capture both local and global depen-
dencies within a graph [22], but they often require careful graph
construction and might underperform when the load data does not
exhibit clear spatial network characteristics [23]. TCN demonstrates
exceptional ability to capture temporal dependencies through leverag-
ing convolutions with causal padding to process sequences in parallel,
allowing faster training [24,25].

Recently, the Transformer model [26] represents a significant break-
through in deep learning, particularly enhancing Natural Language
Processing (NLP) through its innovative attention mechanism [27].
Research has expanded its application to time series forecasting. Tem-
poral Fusion Transformer [28], Informer [29], Reformer [30], Flash-
former [31], Flowformer [32], Transformer neural network with multi-
scale acceleration feature fusion [33], and Autoformer [34], have sig-
nificantly outperformed conventional models. The Transformer vari-
ants incorporate advancements such as self-attention, reversible layers,
hardware-accelerated attention mechanisms, dilated overlap patch em-
bedding, and [35] integrated a hierarchical encoder—decoder pair with
a temporal-channel attention block in the Transformer to extract multi-
scale features and capture connections between net load and relevant
factors. The work in [36] proposed a multi-decoder Transformer for
multi-task learning, enabling the simultaneous prediction of loads of
different types in an integrated energy system through one encoder and
multiple decoders. The work in [37] introduced a short-term load fore-
casting model combining the Transformer with an improved empirical
mode decomposition algorithm to decompose load sequences into mul-
tiple frequency subsequences, reducing noise impact. Moreover, [38]
employed a spatial and temporal attention-enabled Transformer model
to extract dynamic spatial and nonlinear temporal correlations between
residential units, enabling joint predictions of multivariate residential
loads.

However, a study by Zeng et al. [39] questioned the effectiveness
of using complicated Transformer models for time series forecasting
due to their permutation-invariant self-attention mechanism, which
disregards the order of elements. While semantic meaning can be
kept under certain reordering operations in NLP tasks, time series
forecasting requires strict preservation of the temporal order in data
points. The study suggested that simpler methods, such as a simple
linear layer with preserving the sequential ordering of data, might
offer a more effective solution. By maintaining the temporal structure,
these linear models could better capture the underlying patterns in time
series data, leading to potentially superior accuracy and computational
efficiency compared to Transformer-based approaches. Based on this
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insight, Liu et al. [40] and Nie et al. [41] highlighted potential lim-
itations in the existing design of Transformer models for forecasting
multivariate time series. They observed that merging data points within
the same time step into a single token, which represents a fundamental
unit of input data that the model processes, can pose challenges.
Single token representation overlooks correlations between different
data types and inadequately captures time-sensitive information. The
parallel processing architecture of Transformers creates challenges in
capturing long-term dependencies. The need to address these temporal
dependency limitations motivated the development of i-Transformer
and PatchTST. Both models embed the entire time series of each vari-
able independently into separate variate tokens, enhancing the capture
of unique sequential data dynamics. Fig. 1 illustrates the difference
between one-time step and separate variate tokens.

Furthermore, the current research on Transformer models in load
forecasting mainly focuses on numerical studies conducted using a lim-
ited collection of datasets. Many of these studies are based on the UCI
Electricity Load Diagrams dataset [42], which provides load data from
clients in Portugal. Additionally, datasets from European countries such
as Austria, Belgium and France [35], and regions within the United
States, including Arizona [36], Los Angeles [38], and New York [37,38]
have been used. However, the limited geographical scope of studies can
significantly restrict the understanding of model performance. Different
regions present unique challenges to their power grids, influenced by
environmental, social, and regulatory factors, variations in weather
patterns, and consumer behaviours to different stages of grid mod-
ernisation and market regulations. The geographical limitation can
significantly impact the validation of model performance across diverse
power grid architectures and load patterns.

In examining model effectiveness, existing ablation studies typically
focus on removing or modifying individual components of Transformer
architectures to assess their impact on forecasting accuracy [[29]-
[34]1]. While this approach provides insights into component-level con-
tributions to prediction accuracy, it overlooks broader performance
aspects crucial for real-world applications. Critical factors such as
model robustness under different operational conditions, and adaptabil-
ity to evolving grid conditions remain largely unexplored. Furthermore,
recent studies rarely employ statistical analysis techniques to quantify
the significance of their findings or examine potential interactions
between different model components.

From Table 1, it is evident that recent Transformer models have
achieved notable success in time series forecasting, significant chal-
lenges remain in their ability to effectively handle multivariate data
and capture both short-term and long-term dependencies. Despite ad-
vancements in the attention mechanisms and encoder-decoder struc-
tures, models such as Flowformer and Informer often struggle with
modelling complex interactions between variables and preserving tem-
poral patterns [43]. The limitations of Transformer become particularly
problematic when dealing with load datasets where the intricate re-
lationships between variables, such as weather, time, and load, are
critical for accurate forecasting. Consequently, further improvements
are needed in embedding techniques and the ability of Transformers
to account for both local and global dependencies in multivariate time
series data.

In response, the study proposes the TFTformer, which stands for
Transposed Feature-specific embedding and Temporal convolution in
Transformer, for load forecasting. The model is inspired by the iRe-
former, known for its efficiency in managing long data sequences
with minimal memory usage. The primary focus is on optimising data
preprocessing for different data types, followed by the transposed
feature-specific embedding for each type of data, specifically weather,
time, and load. Then, a linear transformation is added to enhance the
representation of each feature. To further strengthen the model’s ability
to capture temporal dependencies, a TCN layer is incorporated into the
encoder stage. The strategic implementation steps include:
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Fig. 1. The difference between same time and transposed tokenizations.

« Introducing transposed feature-specific embeddings for various
data types. This allows the model to accurately accommodate the
unique characteristics of different data sources, such as weather,
time, and load information, thereby improving adaptability to the
fluctuations in load forecasting data.

Adding a Linear Layer Post-Embedding after the transposed feature-
specific embeddings. The linear transformation helps align and
standardise features across the sequence, making it easier for the
subsequent attention mechanisms in the Transformer to perform
complex pattern recognition and extraction.

Employing causal convolutions and dilations in the encoder of the
Transformer structure by adding a TCN block, which enhances
the ability of TFTformer to handle sequential data and capture
temporal dependencies.

The contributions in this study are as follows:

» Design TFTformer, a new model based on Transformer, offer-
ing significant accuracy, adaptability, and applicability improve-
ments across varied datasets.

» Conduct extensive numerical studies over different datasets to
validate the performance of TFTformer.

» Utilise ANOVA in the ablation study to underscore the robustness
of TFTformer and provide a statistically thorough evaluation of
the importance of each component on TFTformer’s performance.

To improve the interpretability and reliability of the model, this
study employs a SHAP-based surrogate approach integrated with Ran-
dom Forest regression to analyse feature influences [44]. This approach
addresses the interpretability challenges posed by the TFTformer’s
complex architecture, which combines transformer and TCN compo-
nents [45]. By leveraging Random Forest’s capacity to capture non-
linear feature interactions while maintaining interpretability through
its tree-based architecture [46], we quantify the contribution of in-
dividual features to the model’s predictions. This approach provides
a clearer understanding of the model’s decision-making process while
maintaining comparable prediction performance on actual data.

The remainder of this paper is structured as follows: Section 2
presents the problem formulation and details the data preprocessing
techniques used in this study. Section 3 describes the components of the
TFTformer, including transposed feature-specific embeddings, adding
a linear layer after embedding, and incorporating the TCN within
the encoder. Section 4 includes a case study using real-world data
to illustrate and discuss the performance of the TFTformer. Section 5
presents an ablation study that evaluates the impact of each component
and the interactions on the prediction performance of the TFTformer.
Section 6 details the interpretability analysis of the TFTformer model
using a SHAP-based surrogate approach, providing insights into feature

importance and model decision-making processes. Section 7 concludes
the paper by summarising the findings and contributions of this study
and outlining potential directions for future research.

2. Problem setup and data preprocessing

This section begins with the problem formulation, defining the fore-
casting problem and its parameters. The section then covers the data
processing techniques, including data grouping, data normalisation,
and one-hot encoding.

2.1. Problem formulation

This work focuses on multivariate load forecasting using a multi-
input single-output approach. The objective is to predict load values
by establishing a mapping between historical data X,., € RMXL,
consisting of M variables over a look-back window of L time steps, and
the predicted load values ¥; ., € R for the next H time steps.
The observed load values Y;.;,y are equal to the corresponding
component of [Xj,.ql741:7+5- The input data X is composed of three
components: X,,q € R'*E, representing load variable; X eqher € ROXE,
representing weather variables; and X, € R¥*L, representing time
variables. Thus, the total number of features is M = 1+Q+ K, where Q
is the number of weather features, and K is the number of time features.
The modelling framework can be extended to incorporate additional
variables if more features become available, allowing for more complex
modelling scenarios. The forecasting problem is formulated as:

YL-H L+H < F([Xweathew Xtime7 Xload]l :L> 0) @

where F represents the mapping function and 6 indicates the set of
model parameters.

2.2. Data preprocessing

The section summarises the steps of data preprocessing, which starts
with a strategic grouping of the dataset, then the essential prepro-
cessing techniques, including data normalisation and applying one-hot
encoding.

2.2.1. Data grouping

The data is classified into three distinct groups: the weather group
X yveather> Which includes parameters such as temperature, humidity,
wind speed, wind direction, and cloud cover; the time group Xime,
which comprises variables such as year, month, day of the month,
day of the week, hour of the day, and holidays; and the load group
Xioad> Which solely encompasses the load variables. The data grouping
simplifies subsequent steps for data preprocessing and feature-specific
embedding, which will be detailed in the following sections.
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Table 1
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Summary of Transformer-based models for time series forecasting and their relation to our work.

Model Key contributions Limitations Related to our work

Vanilla « Introduced self-attention for parallel sequence « Permutation-invariant attention can overlook strict The foundation for all variants of the
Transformer processing. temporal ordering. Transformer mode.

[26] « Significantly reduced training time compared to « Struggles to model complex multivariate

RNNs in NLP.

relationships without specialised embeddings.
« Quadratic complexity can be an obstacle for very
long sequences.

Temporal Fusion

« Employs gating and attention for interpretable

« Model complexity can increase for high multivariate

A simpler feature embedding strategy can

Transformer multi-horizon forecasts. data. be used to maintain interpretability and
[28] « Manages static and observed inputs separately for « Short-term and long-term dependencies are handled, manage varied inputs without overly
more flexible feature handling. but can become challenging with large feature sets. increasing complexity.
Informer « Proposes ProbSparse attention, reducing memory « Focus on long-term forecasting can lead to weaker Balancing long-term and short-term
[29] usage for long sequence forecasting. short-term detail capture. dependencies is crucial for multivariate
« Improves global attention efficiency over standard « Handling intricate interactions among multiple time-series forecasting.
Transformers. variables is not deeply addressed.
Reformer « Adopts Locality-Sensitive Hashing (LSH) for « LSH may not effectively track short-term patterns if Using the LSH attention mechanism can
[30] near-linear attention complexity. the hashing does not align with local temporal reduce the memory, but capturing local
« Utilises reversible layers to reduce memory usage. clusters. dependencies should be improved.
« Primarily demonstrated on NLP tasks, with limited
exploration for multivariate load series.
Flowformer « Integrates normalising flows in attention to capture « Complex flow-based transformations may be Rather than normalising flows, using
[31] complex data distributions. difficult to tune, especially for multivariate data. transposed embeddings and temporal

« Targets robust global context for longer sequences.

« Temporal ordering and short-term patterns can still
be overtaken by global flow mechanisms.

convolutions to preserve local and global
patterns in load data.

Transformer +
Multi-Scale

« Proposes multi-scale acceleration feature fusion for
industrial time series.

« Highly customised multi-scale feature engineering
can be difficult to generalise.

Using specific embeddings for each feature
type, rather than heavy domain-specific

Acceleration « Demonstrates improved accuracy for specialised « Still needs better short- and long-term interplay for engineering.

[33] datasets with complex variations. forecasting applications.

Autoformer « Introduces “auto-correlation” to capture cyclical « Decomposition may not be optimal for all variables Focusing on feature embeddings and

[34] patterns and trends. when dealing with diverse features. convolutional layers to simultaneously
« Decomposes time series into seasonal and trend o Local variations and short-term spikes can be capture local and global dependencies.
components for improved long-term forecasting. overtaken by seasonal/trend decomposition.

Hierarchical « Uses a hierarchical encoder-decoder with a « Complex multi-stage designs can be expensive to Addressing local/global load dependencies

Transformer temporal-channel attention block. train. without introducing overly complex

[35] « Targets multi-scale features, focusing on net-load « Handling very high-dimensional data across hierarchies.

relationships.

multiple scales remains challenging.

Multi-decoder
Transformer
[36]

« Single encoder with multiple decoders for different
types of loads.

« Aims to handle parallel forecasting tasks in
integrated energy systems.

« Model size grows quickly with additional decoders.
« Complex interactions among different types of data
across decoders remain underexplored.

Separate decoders inspire the idea of
specific feature embedding.

Spatial-Temporal
Attention
Transformer

[38]

« Learns both spatial correlations and temporal
dependencies.

« Useful for multivariate residential data when spatial
information is available.

« Highly dependent on explicit or inferred spatial
relationships, not always obtainable.

« Short-term variations may still be overshadowed by
overall spatiotemporal modelling.

Focusing on time-series embeddings for
local/global load dependencies, especially
in diverse grids where spatial information
might be unavailable.

Transformer +
Improved EMD
[37]

« Uses enhanced empirical mode decomposition
(EMD) to mitigate noise in load sequences.

« Demonstrates better short-term load forecasting by
separating frequency bands.

« EMD introduces extra pre-processing and
complexity.

« Multivariate data with multiple interdependent
variables may require separate decomposition
pipelines, complicating the approach.

Employing convolutional operations can
handle local fluctuations in load data.

i-Transformer
[40]

« Processes each variable sequence as a separate
token, preserving feature-level ordering.

« Improves handling of variable-specific dynamics in
some multivariate tasks.

« Short and long-term coupling between variables still
requires careful token fusion.

Transposed embeddings are inspired by
variable sequences as a separate token.

PatchTST
[41]

« Splits time series into patches for tokenization,
balancing local and global insights.

« May lose fine-grained detail if patches are too large
or overlap is insufficient.

« Handling high-dimensional data can demand
extensive tuning of patch settings.

Instead of patch-based tokenization,
employing transposed embeddings for each
group of features, preserving short and
long-range dependencies without patch
tuning.

2.2.2. Data normalisation for numerical variables

2.2.3. One-hot encoding for categorical variables

Data normalisation is a key preprocessing step that scales numerical
data within a specific range to reduce scale differences among fea-
tures, thereby enhancing numerical stability and ultimately improving
model performance. Min—-max normalisation, which adjusts data values
between 0 and 1 without losing information [47], is applied to the
weather group X eamers l0ad group Xj,.q, and the year parameter, as
normalisation is more efficient for capturing trends over time in load
forecasting [48]. The holiday parameter, which is already set to 0 for
weekdays and 1 for weekends or public holidays, does not require
normalisation. The data normalisation can prevent features with a large
range from dominating other features, thus biasing the training process.

Categorical variables such as the month, day of the month, day of
the week, and hour of the day are converted into binary vectors, known
as dummy variables as shown in Fig. 2. Each category is represented by
a vector where one element is “hot” (encoded as 1) while all other ele-
ments are “cold” (encoded as 0), ensuring that each category is equally
distant from others, thereby eliminating any sequential relationship
that might be misinterpreted by the model [49]. Such technique called
one-hot encoding preserves the categorical information in a format
that is suitable for processing by TFTformer, allowing the model to
accurately interpret and utilise the categorical data without adding any
false sense of order.
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Fig. 2. A high-level overview of TFTformer framework, with certain elements adapted from [40].

3. Model formulation

This section describes the transposed feature-specific embeddings
used for various data categories. The description elaborates on the
linear layer utilised after the embedding process. Additionally, the sec-
tion details the TCN layer concerning causal convolutions and dilations
into the encoder of the Transformer structure. An overview of the
TFTformer’s structure is presented in Fig. 2.

3.1. Transposed feature-specific embedding

In traditional embedding methods, each time stamp across all vari-
ables is treated as an input vector, with the variables at that time
forming the input features. For a multivariate time series dataset with
L time steps and d variables, the embedding process treats the input as
X € R4 where each row corresponds to the values of all variables
at a single time step. The embedding then maps these d variables into
a high-dimensional space N using a shared linear transformation, such
that E = X - WT + b, where E € RPN, W e RVX is the weight
matrix, and b € R™N is the bias vector. The uniform embedding
technique benefits time series forecasting when using only historical
load data. However, accurate predictions require handling diverse data
types, as incorporating additional data has become a common approach
to improving forecasting performance.

To address this, the transposed data embedding method, as de-
scribed by Liu et al. [40], involves embedding the entire series as a
token using a linear transformer for the entire input, broadening the
sequence length from L to N, where N is the length of the embedded
features. E = X - WT + b, where E € RN, X = XT e R¥L,
W € RNXL is the weight matrix, and b € RV is the bias vector.
Transposed embedding enhances temporal representation by learning
the dynamics of each variable over time. However, it still applies a

uniform transformation across all variables, which limits its ability to
capture the unique characteristics of individual variables.

Building upon this, the purpose of feature-specific embeddings is
to identify and disentangle underlying explanatory factors, thereby en-
hancing the representation of each group [50]. The transposed feature-
specific embedding maps the input features to a higher-dimensional
space, enabling a richer representation that allows the TFTformer
to capture temporal dynamics effectively and improves its ability to
generalise and capture the unique characteristics of each data group.
After preprocessing each group, as illustrated in the previous section,
the embedding method is applied to the dataset as follows:

7 T
Eyeather = Xweather * Wweather + bweather (2)
— Y T
Eiime = Xtime * VVtime + btime 3
— Y T
Eload = Xload ) I/Vload + bload (4)

where Xeather € R, Xiime € REXL, and X ,q € R™! represent the
input features for weather, time, and load features after data prepro-
cessing, respectively. Wyeather € RV*E, Wime € R¥¥L, and Wi €
RNXL are the weight matrices, and byeather € RPY, bime € RN, and
bioaq € RN are the bias vectors of their respective embedding layers.
Eyeather € RPN, Egme € RN and Ej 4 € RN are the outputs of
feature-specific embeddings.

3.2. Linear layer post embedding

A linear layer follows the feature embedding, drawing inspiration
from Zeng et al. [39], where a linear model outperformed the Trans-
former model. The linear layer enhances representation by aligning
and standardising features, simplifying attention mechanisms in the
Transformer and enabling seamless handling of heterogeneous data by
transforming different categories into a common space [26]. The lin-
ear transformation’s adaptability is particularly important in scenarios
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Fig. 3. The complete journey of data through preprocessing, feature-specific embedding, and the linear layer.

where the input data may vary significantly in scale and distribu-
tion. Furthermore, the added layer applies a dropout mechanism for
regularisation, further enhancing the generalisation capability of the
model.

The initial process involves combining the embedded data generated
by the transposed feature-specific embeddings into a single matrix by
vertically stacking each individual matrix, corresponding to different
features, along the row dimension. Consequently, a new, larger matrix
is formed, with each row representing features from the respective
feature embeddings. The concatenated matrix E, is defined as:

Eweather
Ecot =| Etime (5)
Eload

where E,, € RM*XN. Subsequently, the concatenated matrix E.,
undergoes a linear transformation following stacking, defined by a
weight matrix Wiy € R¥*N and a bias vector by € RN, where the
dimensions of W are designed to map the concatenated embedding
dimension. The operation is represented as:

Epp=Ecy - WLT';‘ +brr (6)

where Ejr € RMXN_ The last step involves adding a dropout layer for
regularisation purposes. The final Eg, is expressed as:

Efinal = Dropout(E; ) @)

where Eg,,; € RMXN. The entire process, starting from data pre-
processing through feature-specific embedding and the linear layer, is
illustrated in Fig. 3.

3.3. Integrating TCN within the transformer encoding

TFTformer employs the Reformer as a backbone model with sepa-
rate variate data embedding techniques, a combined approach referred
to as iReformer. The Reformer introduces locality-sensitive hashing
(LSH) to approximate the calculation of attention scores, which lowers
the complexity of the attention mechanism. The LSH attention replaces
exhaustive attention in the traditional transformer with an approximate
method. The LSH maps vectors to hash buckets such that nearby vectors
are hashed together with high probability. For each query g¢;, the
attention is limited to keys k; in the same bucket, resulting in the

following computation:

0= Y exp(q, - k; — z(i. P))v;, where P, = {j : h(g) = h(k))} (8)
JEP;

where, o; represents the attended value for the query g;. P, is the set
of indices j where the keys k; share the same hash bucket as the
query ¢; and z is the partition function. The computation aggregates
contributions from only those keys k; that belong to the same hash
bucket as g¢;, as determined by the hashing function A(-). The final
embedding Eg,, is passed through the LSH attention layer, resulting
in the output Y gy, where Y gy € RMXN,

To improve the ability of iReformer to analyse and interpret sequen-
tial data, the encoding process incorporates a TCN. The TCN is essential
for capturing temporal dependencies, enhancing the iReformer model’s
ability to encode sequential information deeply and efficiently, and
adapt to diverse data sources and sequence complexities.

In the TCN, two consecutive convolutional layers are employed,
each followed by a rectified linear unit ReLU(-) activation and Dropout(-)
for regularisation technique to prevent overfitting by randomly setting
a fraction of input units to zero during training. The operations for each
layer are described as:

Yeonv = Conv(Yigy), 9
Yielw = ReLUYcony ), 10)
Ydropout = Dropout(Yejy)- an

where Conv(-) represents a convolution operation that applies a filter
to the input sequence Yjgy, producing a transformed feature map
Yeony € RMXN | After ReLU activation, the feature map Yy, € RM*V
is generated, followed by Yyopou € RM*N after applying dropout. The
sequential operations repeat in the second layer, maintaining the same
order of convolution, ReLU activation, and dropout as shown in Egs. (9)
to (11).

Furthermore, a residual connection is incorporated in the TCN to
address the vanishing gradient problem [51]. The residual connection
facilitates smoother training and improved gradient flow throughout

the network:
Yies = Ydropout + Yisu 12)

where Y,., € RMXN_ The final output of the TCN layer is obtained after
applying a ReLU activation to the residual connection output Y,.:

Yren = ReLU(Yyes) (13)
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Fig. 4. An overview of TFTformer.

where Yoy € RM*N. The sequential TCN operations enable the
encoder to efficiently process temporal sequences, capturing long-range
dependencies with high accuracy. The TCN output, Yycy, proceeds
through the reversible transformation which integrates RevNet prin-
ciples and layer transformation (LayerNorm) by combining attention
and feed-forward layers into reversible residual blocks. In this setup,
layer normalisation is moved inside the residual blocks to enhance
modularity and stability. The reversible transformations is defined as:

Y, = X| + Attention(X,), Y, = X, + FeedForward(Y;) 14)

The reversible blocks eliminate the need to store intermediate acti-
vations during backpropagation, significantly reducing memory usage.
Finally, chunking is applied in the feed-forward layers to optimise
memory usage, splitting computations into smaller sequential chunks
(¢) for efficient processing. The chunking feed-forward computation is
defined as:

Y, = [Yz(l); ;Yz(c)]
(15)
= [X ;1) + FeedForward(Yl“)); ;X;c) + FeedForward(Yl(c))]

The final processed output undergoes a projection layer, resulting
in a projection that produces the final load prediction ¥ € R The
structure of the TFTformer is illustrated in Fig. 4.

The integration of TCN with Reformer addresses both short and
long-term dependency modelling in traditional Transformers. The Re-
former’s LSH attention mechanism aims to capture global dependen-
cies; it may lose some temporal patterns due to its approximation
nature. The TCN component compensates for this by using causal
convolutions with dilation to directly capture both short and long-
term dependencies, creating an exponentially growing receptive field.
The combination of LSH and TCN enables the processing of temporal
features through TCN’s hierarchical convolutions while complementing
the Reformer’s approximate attention mechanism. The TCN structure
with ReLU activation and residual connections enhances the learning
of non-linear temporal relationships, while its causal padding pre-
vents information leakage. Together, this architecture creates a more
robust temporal feature representation that effectively addresses the
Transformer’s limitations in modelling dependencies at different time
scales.

4. Case study

The study utilises load datasets from various geographical locations,
including Belgium, New Zealand, and five Australian states: New South
Wales (NSW), Victoria (VIC), Queensland (QLD), South Australia (SA),
and Tasmania (TAS). The datasets span from January 1, 2015, to
December 31, 2022. The data source and sampling rate are presented
in Table 2. Additionally, all relevant weather parameters, such as
temperature, humidity, cloud cover, wind speed, and wind direction,
are sourced from the Open-Meteo website, with hourly availability. To
ensure consistency across the datasets, an hourly average is computed
for all load data and integrated with the hourly weather data. The
dataset is divided into a training set (2015 to 2021) and a testing set
(2022), resulting in a training-to-testing ratio of 7:1.

To evaluate the performance of the TFTformer, a comparative anal-
ysis is conducted with several state-of-the-art models, including FED-
former [52], Crossformer [53], FITS [54], iTransformer [40], iFlash-
former [31], iFlowformer [32], iReformer [30], and CARD [55]. The
hyperparameter selection is guided by iRefromer’s findings that trans-
former model performance is robust to most hyperparameters, with
learning rate being the most critical parameter requiring tuning. Exten-
sive testing validated that the TFTformer achieves optimal performance
with the same hyperparameters as iReformer. The Mean Absolute Per-
centage Error (MAPE) is used to evaluate the accuracy of the prediction,
defined as:

H ~
MapE = L 3 YO -YOL 006, a6)
H& Y@
where, Y is the observed data, ¥ is the predicted data, and H is the
length of data.

Fig. 5 compares the MAPE for various forecasting methods across
different seasonal periods for the seven regions. For Belgium, located
in the northern hemisphere, seasons follow the conventional pat-
tern (Spring: March-May, Summer: June-August, Autumn: September—
November, Winter: December—February). The remaining regions in the
southern hemisphere (New Zealand, NSW, VIC, QLD, SA, and TAS)
experience opposite seasonal patterns. The results reveal significant
variations in forecasting accuracy across different seasons and regions.
Higher MAPE values during spring can be attributed to the most
weather-fluctuated season globally [56], resulting in significant energy
demand and supply variability that complicates accurate forecasting.
Differences in higher MAPE values in summer for some and winter
for others can be explained by the average load curves for these
regions, as shown in Fig. 6. New Zealand, QLD, and TAS have mild
summers and relatively flat load curves, with most variability driven
by increased heating demand in winter. In contrast, regions with more
pronounced seasonal differences, such as NSW, VIC, and SA, have their
load curves greatly varied by the combined impacts of cooling demand
during summer and heating demand during winter. In addition, the
high error rates could be attributed to the high installations of rooftop
photovoltaic systems, the dynamic nature of peak demand profiles,
and the integration of distributed energy resources, as observed in
SA [57]. However, TFTformer consistently exhibits the lowest MAPE
values across all regions and seasons, demonstrating its robustness
and reliability in maintaining low forecasting errors under diverse
conditions.

Fig. 7 compares the MAPE across different forecasting methods and
regions, analysed by day of the week. Across all areas, a general trend of
increased MAPE on weekends is observed, highlighting the challenges
of maintaining forecasting accuracy during these days. Among the
methods compared, TFTformer consistently exhibits the lowest MAPE
values across all regions and days of the week. TFTformer demonstrates
superior performance and reliability, maintaining lower error rates
during weekends when forecasting accuracy typically decreases.

The TFTformer consistently achieves the lowest MAPE values in
both seasonal and daily analyses, demonstrating its robustness and
adaptability across various temporal contexts, which highlights its
capability to deliver accurate and reliable predictions, making it a
valuable method for diverse and dynamic forecasting environments.
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Fig. 5. MAPE for different methods for load forecasting for each season in Belgium, New Zealand, NSW, VIC, QLD, SA, and TAS.
Table 2
Data Summary.
Location Data source Sampling rate
Belgium Elia TSO Hourly
New Zealand Electricity Authority 30 min
Australia (NSW, VIC, QLD, SA, TAS) AEMO Jan 1, 2015-Sep 30, 2021: 30 min

Oct 1, 2021-Dec 31, 2022: 5 min
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Table 3
Performance comparison of different models across locations using MAPE, MSE, MAE, and RMSE metrics (average and standard deviation of five runs per model per location).
Location Metric Models
FEDformer Crossformer FITS iTransformer iFlashformer iFlowformer iReformer CARD TFTformer
MAPE 817 + 0.64 5.66 + 0.29 6.06 + 0.11 5.32 + 0.27 6.36 + 1.03 3.16 + 0.10 3.20 + 0.27 4.00 + 0.15 3.15 + 0.15
Belgium MSE 499036 + 71179 239606 + 19109 294259 + 7867 224,235 + 21,535 322,358 + 94,295 80764 + 4644 84052 + 13964 130497 + 10668 80291 =+ 6541
8 MAE 555.9 + 43.1 356.0 + 20.5 413.3 + 7.0 364.2 + 17.1 437.3 + 71.8 216.7 + 7.0 218.2 + 20.0 2725 + 11.9 2157 + 10.8
RMSE 704.6 + 50.5 489.1 + 19.8 5424 + 7.2 473.0 + 22.3 561.4 + 84.7 284.1 + 8.2 289.0 + 23.2 360.9 + 14.8 283.1 + 11.7
MAPE  4.54 + 0.47 2.41 + 0.20 3.77 + 0.60 271 + 1.85 2.90 + 0.96 1.29 + 0.06 1.22 + 0.08 2.90 + 0.15 1.07 + 0.01
New Zealand ~ MSE 15629 + 2884 4654 + 584 11869 + 2388 8666 + 11,692 7898 + 6125 1322 + 92 1233 + 154 7450 + 755 962 + 14
MAE 97.0 + 9.7 52.0 + 4.0 80.6 + 11.3 58.9 + 40.5 62.8 + 08 27.9 + 1.2 265 + 1.7 63.1 + 3.4 23.4 + 0.1
RMSE 124.4 + 12.0 68.1 + 4.3 108.5 + 10.3 76.8 + 52.7 83.8 + 36.3 + 1.3 35.0 + 2.2 86.2 + 4.4 31.0 + 0.2
MAPE  6.02 + 1.27 3.28 + 0.32 4.02 + 0.05 3.75 + 0.09 3.96 + 0.76 2.18 + 0.15 216 + 0.12 2.85 + 0.15 2.01 = 0.08
NSW MSE 330616 + 136112 112745 + 22271 168826 + 2097 140,649 + 7377 160,316 + 61,944 49846 + 4856 50168 + 7411 89345 + 9727 39170 + 2444
MAE 446.1 + 94.5 243.6 + 27.9 303.6 + 3.4 2785 + 7.4 294.0 + 54.6 162.4 + 10.9 159.5 + 7.9 2136 + 11.7 148.6 + 5.4
RMSE 564.4 + 109.7 334.3 + 31.6 4109 + 2.6 3749 + 9.8 394.2 + 69.9 223.0 + 10.7 223.4 + 15.9 2985 + 16.5 197.8 +
MAPE 675 + 0.84 434 + 0.09 5.86 + 0.02 855 + 1.95 9.28 + 4.05 3.69 + 0.46 3.97 + 0.42 371 + 0.19 2.99 + 0.11
vic MSE 166501 + 39976 72688 + 1775 134683 + 708 274,568 + 104,033 356,158 + 265928 53840 + 11072 62645 + 12378 58825 + 5784 38838 + 3781
MAE 313.3 + 384 194.5 + 4.7 275.8 + 1.0 386.1 + 85.6 431.4 + 193.6 170.1 + 20.1 186.1 + 18.2 174.3 + 9. 139.4 + 5.2
RMSE 405.0 + 49.5 269.6 + 3.3 367.0 + 1.0 512.0 + 111.5 554.0 + 222.1 230.8 + 23.7 249.1 + 24.8 242.3 + 196.8 + 9.7
MAPE 504 + 0.31 3.37 + 0.28 3.72 + 0.01 3.63 + 0.59 3.26 + 0.18 2.36 + 0.20 217 + 0.13 3.10 + 0.09 1.99 + 0.06
o MSE 145727 + 17252 68857 + 9437 90440 + 494 87,942 + 27,358 69,964 + 7434 35055 + 5309 29357 + 2817 64634 + 3659 25036 + 1534
MAE 293.8 + 21.4 191.3 + 16.2 217.1 + 0.8 210.6 + 33.8 188.6 + 10.7 138.1 + 11.6 125.9 + 179.3 + 115.8 + 3.7
RMSE 381.1 + 224 261.8 + 17.9 300.7 + 0.8 293.3 + 44.0 264.3 + 14.3 186.7 + 14.5 171.1 + 254.1 + 158.2 +
MAPE 1216 + 1.31 8.12 + 0.79 10.68 + 0.04 13.15 + 2.54 13.91 + 2.26 7.27 + 0.28 7.66 + 0.66 6.88 + 0.14 6.79 + 0.26
A MSE 30828 + 8074 13198 + 1705 23061 + 126 33,522 + 10,293 35,630 + 7771 11402 + 904 13217 + 1520 10831 + 421 12802 + 1640
MAE 132.0 + 17.0 81.8 + 4.0 108.0 + 0.4 128.0 + 23.3 135.6 + 19.0 75.7 + 3.0 78.7 + 6.1 69.6 + 1.4 69.7 + 3.3
RMSE 1742 + 221.4 114.6 + 7.4 151.9 + 0.4 181.0 + 27.7 187.6 + 20.8 106.7 + 4.3 114.8 + 6.6 104.1 + 2.0 112.9 + 7.1
MAPE  4.41 + 0.19 2.66 + 0. 3.28 + 0.06 3.62 + 0.97 421 + 112 2.13 + 0.26 2.04 + 0. 2.35 + 0.10 1.87 + 0.02
TAS MSE 4068 + 339 1580 + 157 2556 + 63 3040 + 1590 4122 + 1987 1043 + 237 957 + 120 1280 + 105 801 + 17
MAE 50.6 + 2.1 31.0 + 1.4 385 + 0.6 417 + 11.2 48.7 + 129 24.6 + 3.0 236 + 1.6 27.3 + 1.2 21.6 + 0.3
RMSE 637 + 27 39.7 + 2.0 50.6 + 0.6 53.4 + 13.9 62.1 + 16.2 321 + 36 30.9 + 1.9 358 + 1.4 28.3 + 0.3

Table 3 presents the detailed performance metrics MAPE, Mean
Squared Error (MSE), Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE) for each model across all locations, with each
value representing the average and standard deviation of five inde-
pendent runs. The repeated experiments for each model and location
help demonstrate the consistency and reliability of our findings while
also allowing for a thorough comparison of model performance across
different geographical contexts and evaluation metrics.

Seven scatter plots for each location and an additional error metric
are presented in Appendix. In the scatter plots, the x-axis typically

represents the observed or actual values, while the y-axis represents
the predicted values by each model, providing a clear representation
of each model’s predicting accuracy. The figures show three metrics:
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and
the coefficient of determination (R?). The results highlight TFTformer’s
remarkable accuracy and minimal deviation in its predictions from the
actual values, demonstrating its superior performance and minimum
error compared to other models.
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Fig. 7. MAPE for different methods for load forecasting for each day in Belgium, New Zealand, NSW, VIC, QLD, SA, and TAS.
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Table 4

Impact of incremental enhancements on MSE across different datasets.
Component Location
Data Feature-specific Linear layer TCN layer NSW VIC QLD SA TAS Nz ELIA
preprocessing embedding post-embedding
X X X X 46873 50439 31638 15758 953 1191 84816
X X X v 47 396 59 466 28698 12251 860 1185 82385
X X 4 X 70062 33377 12083 871 1012 86235
X X v v 46107 89781 32317 12382 836 1007 86822
X v X X 53900 50701 29258 13225 1021 1436 122522
X v X v 45408 53771 30134 19277 966 1296 115998
X v v X 51877 41783 25806 17032 909 1167 109253
X v v v 47029 37463 27 806 13839 926 1353 113369
v X X X 39843 15934 903 1002 72875
v X X v 43631 44797 25518 14304 888 1036 78905
v X v X 38709 53917 38265 14903 788 867 85162
v X v v 40600 46770 23950 14906 903 79356
v v X X 38840 42791 24201 14056 942 77973
v v X v 50082 40300 28503 10623 903 986 77 270
v v 4 X 35619 34066 23062 779 967
v v 4 v 35167 34316 24867 7355 969 69473

Table 5

Impact of incremental enhancements on MAPE across different datasets.
Component Location
Data Feature-specific Linear layer TCN layer ~ NSW VIC QLD SA TAS NZ ELIA
preprocessing embedding post-embedding
X X X X 2.19% 3.53% 2.25% 8.69% 2.03% 1.21% 3.22%
X X X v 2.15% 3.96% 2.12% 6.78% 1.93% 1.20% 3.17%
X X v X 4.34% 2.30% 6.67% 1.96% 1.10% 3.27%
X X v v 2.03% 4.95% 2.26% 6.77% 1.90% 1.10% 3.28%
X v X X 2.37% 3.60% 2.16% 7.07% 2.13% 1.31% 3.89%
X v X v 2.05% 3.55% 2.19% 9.47% 2.08% 1.27% 3.80%
X v v X 2.34% 3.27% 2.04% 9.34% 2.01% 1.21% 3.69%
X v v v 2.19% 2.13% 8.41% 2.04% 1.29% 3.77%
v X X X 2.01% 3.00% 6.89% 2.00% 1.09% 3.00%
v X X v 2.13% 3.19% 2.02% 7.08% 1.98% 1.11% 3.12%
v X v X 1.99% 3.36% 2.54% 6.68% 1.84% 1.01% 3.31%
v X v v 2.02% 3.11% 1.93% 1.91% 1.02% 3.17%
v v X X 1.99% 3.22% 1.95% 7.01% 2.04% 3.06%
v v X v 2.28% 3.15% 2.07% 6.25% 2.01% 1.08% 3.08%
v v v X 1.91% 2.84% 1.88% 6.84% 1.83%
v v v v 1.89% 2.87% 1.98% 5.56% 2.90%

5. Ablation study

A comprehensive ablation study is conducted to evaluate the con-
tributions of each element of the TFTformer model to load forecasting
accuracy. The study begins by computing the MSE and MAPE for every
possible combination of elements. The systematic analysis assesses
the impact of each component, both individually and in combination.
TFTformer has four different elements, resulting in sixteen different
combinations.

Tables 4 and 5 present the MAPE and MSE values across seven
datasets with the progressive integration of model enhancements. The
best results are underlined in red, the second-best in blue, and the third-
best in green. The results show that the best performance generally
comes from combining data preprocessing, transposed feature-specific
embedding, and linear layer post-embedding, as observed in regions
such as VIC, QLD, and TAS. Adding the TCN layer shows the best results
in some locations, such as NSW, SA, and ELIA. Data preprocessing
consistently provides significant improvements, but the impact of each
technique and its combinations varies by region.

ANOVA is a statistical method used to identify significant differ-
ences among group means by analysing variations within and between
groups, which is essential for evaluating the impact of various factors

11

on a dependent variable [58]. This study applies ANOVA to assess the
influence of individual components within the TFTformer model on
prediction accuracy metrics, MSE and MAPE. Blocking is employed to
mitigate variability caused by regional variations that could influence
ANOVA performance. A logarithmic transformation is also applied to
stabilise variance and ensure adherence to the normal distribution
assumptions critical for the validity of ANOVA results.

The analysis, detailed in Tables 6 and 7, shows that data prepro-
cessing has a consistently significant impact on both MSE and MAPE,
with p-values less than 0.001, highlighting the optimal use of data
preprocessing in improving prediction accuracy [59]. Furthermore,
a significant interaction between data preprocessing and transposed
feature-specific embedding underscores the importance of managing
different data effectively to enhance model performance [60]. The
results also reveal a meaningful interaction between transposed feature-
specific embedding and the linear layer post-embedding, indicating that
the linear layers adeptly capture the unique dynamics of each data type
by independently embedding the time series of each variable [39,40].
However, the non-significant effect of the TCN layer suggests that
geographical and climatic variations at different locations may influ-
ence the performance of TCN models, indicating a potential need for
fine-tuning the TCN layer to suit each specific location [61].
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Table 6
The ANOVA on MSE after the log-transformation.
Effects Source Df Sum Sq Mean Sq F value Pr(>F)
Data Preprocessing (DP) 1 0.90 0.880 40.718 7.46 x 107
Main Effects Transposed Feature-Specific Embedding (FE) 1 0.00 0.010 0.572 0.4514
TCN Layer (TC) 1 0.00 0.000 0.107 0.7448
DP x FE 1 0.20 0.160 7.306 0.0082
Two-Way Interactions DP x LL 1 0.00 0.000 0.077 0.7824
y FE x LL 1 0.10 0.130 5.817 0.0179
DP x TC 1 0.00 0.000 0.148 0.7011
FE x TC 1 0.00 0.000 0.028 0.8680
LL x TC 1 0.00 0.010 0.275 0.6013
DP x FE x LL 1 0.00 0.010 0.482 0.4891
Three-Way Interactions DP x FE x TC 1 0.00 0.000 0.001 0.9728
Y DP x LL x TC 1 0.00 0.030 1.380 0.2432
FE x LL x TC 1 0.00 0.000 0.094 0.7593
Four-Way Interaction DP x FE x LL x TC 1 0.00 0.020 0.813 0.3697
Residuals 90 1.90 0.020
Table 7
The ANOVA on MAPE after the log-transformation.
Effects Source Df Sum Sq Mean Sq F value Pr(>F)
Data Preprocessing (DP) 1 0.35 0.350 48.507 522x 10710
Main Effects Transposed Feature-Specific Embedding (FE) 1 0.00 0.001 0.114 0.7364
Linear Layer Post-Embedding (LL) 1 0.02 0.016 2.287 0.1340
TCN Layer (TC) 1 0.00 0.002 0.215 0.6442
DP x FE 1 0.03 0.034 4.774 0.0315
Two-Way Interactions DP x LL 1 0.00 0.002 0.279 0.5987
y FE x LL 1 0.01 0.012 1.627 0.2055
DP x TC 1 0.00 0.000 0.000 0.9970
FE x TC 1 0.00 0.000 0.012 0.9147
LL x TC 1 0.00 0.003 0.405 0.5263
DP x FE x LL 1 0.00 0.004 0.524 0.4709
Three-Way Interactions DP x FE x TC 1 0.00 0.000 0.015 0.9031
Y DP x LL x TC 1 0.01 0.009 1.303 0.2567
FE x LL x TC 1 0.00 0.001 0.086 0.7698
Four-Way Interaction DP x FE x LL x TC 1 0.01 0.008 1.113 0.2943
Residuals 90 0.65 0.007

On the other hand, the analysis of three-way and four-way inter-
actions provides important insights. Firstly, there are no significant
interactions between any combinations of three or four components,
as all p-values exceed the 0.05 threshold. This indicates that the com-
ponents primarily work independently or through simple two-way
interactions, rather than through complex multi-way interactions. The
results suggest that each component addresses shortcomings in the
Transformer model without negatively impacting the others.

The histograms presented in Fig. 8 demonstrate the distribution
of MSE and MAPE residuals before and after applying a logarithmic
transformation. Before the transformation, both MSE and MAPE resid-
uals exhibit noticeable skewness, deviating from a normal distribution.
After the logarithmic transformation, the residuals for both metrics
become more symmetrically distributed, closely aligning with a normal
distribution. The improved distribution symmetry is reflected in higher
R? values for both MSE (from 0.811 to 0.849) and MAPE (from 0.653
to 0.834). The logarithmic transformation effectively normalises the
residuals, enhancing the robustness and reliability of ANOVA analysis.

6. Interpretability analysis of TFTformer model using SHAP-based
surrogate approach

This study presents an interpretability analysis of the TFTformer
model using a surrogate modelling approach integrated with SHAP
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(Shapley Additive exPlanations) analysis [44]. Modern transformer-
based architectures feature high-dimensional parameter spaces and
complex attention mechanisms, making them computationally inten-
sive to interpret using direct methods [45]. This interpretability chal-
lenge is particularly significant for the TFTformer, as it combines
transformer architecture and TCN, resulting in increased model com-
plexity. Recent research has demonstrated that surrogate modelling
provides an effective approach for interpreting deep neural networks by
analysing their behaviour through more tractable representations [62,
63]. The surrogate model implementation approximates the complex
model behaviour using more interpretable models while maintaining
the underlying input-output mappings [64]. Particularly, the study
leverages Random Forest regression as the surrogate model, exploiting
its capacity to capture non-linear feature interactions while providing
inherent interpretability through its tree-based architecture [46]. This
approach performs well, as the Random Forest surrogate effectively
replicates the base model’s predictions while handling complex decision
boundaries [65]. Through training the surrogate to approximate the
TFTformer’s behaviour, the SHAP analysis extracts feature importance
rankings and interprets the model’s decision-making process.

Random Forest regressor is employed with hyperparameters tuned
through grid search to optimise model performance while preventing
overfitting. The final configuration included 200 estimators, a maxi-
mum depth of 12, minimum samples per leaf of 1, minimum samples
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Fig. 9. SHAP Feature Importance Rankings for TFTformer Model Predictions.

for a split of 2, and the square root of features considered for splits.
The model is trained on an 80/20 data split. Performance metrics
demonstrate strong fidelity, with the surrogate achieving an R? of
0.8875 in replicating the TFTformer’s predictions. Additionally, the
surrogate achieves an R”> of 0.8892 against the actual target values,
indicating that it not only captures the TFTformer’s behaviour but also
maintains comparable prediction performance on actual data.
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SHAP value (impact on model output)

Fig. 10. SHAP Summary (Beeswarm) Plot.

SHAP is used to understand how different features influence the
surrogate of TFTformer’s predictions. The analysis produces two key
visualisations that help interpret the TFTformer’s behaviour at both
global and individual prediction levels.

Fig. 9 shows the SHAP global feature importance as a bar plot,
which ranks features by their overall impact on predictions. The plot
measures feature importance using mean absolute SHAP values — the
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Fig. A.11. Scatter plot for different methods for load forecasting for NSW with different error metrics.

higher the value, the more that feature influences the TFTformer’s deci-
sions. Hour emerges as the most influential feature, followed closely by
temperature and weekend/holiday status. Month, humidity, and wind
speed show moderate importance.

Fig. 10 presents a SHAP summary plot in beeswarm format, where
the x-axis shows SHAP values ranging from —1000 to 1500, indicating
the size and direction of each feature’s impact. When a SHAP value
is positive, that feature increases the prediction; when negative, it
decreases the prediction. The y-axis lists all the features, with hour at
the top as the most influential. Each dot represents a single instance,
and its colour (from blue to red) shows whether that feature had a low
or high value. The visualisation reveals that later hours consistently
drive predictions higher, while temperature shows a clear positive
correlation with predicted values. Weekend and holiday periods form
distinct clusters indicating higher predictions than regular weekdays,
and seasonal factors captured by Month show moderate but consistent
effects.

The interpretability analysis reveals how the TFTformer model
weighs different input features. The findings show that the hour of the
day, weekend/holiday status, and temperature consistently have the
strongest influence on predictions. The results align with established
patterns in grid load behaviour, where daily usage cycles, weekend
and holiday routines, and weather conditions primarily drive electricity
consumption. The high correlation between the surrogate model’s
outputs and both the TFTformer’s predictions and actual values validate
that the TFTformer has effectively learned to prioritise these key
features for accurate forecasting.
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7. Conclusion

This study introduced TFTformer, a transformer-based model en-
hancing electrical load forecasting through technical contributions,
comprehensive validation across different regions, and detailed statis-
tical analysis of each component’s contribution. The methodological
developments directly address key limitations in existing Transformer
architectures for time series forecasting:

» Methodological contributions:

— Transposed feature-specific embedding: Independently em-
beds weather, time, and load data, optimising feature space
mappings and enhancing the capture of variable-specific
temporal dynamics.

- Linear layer post-embedding: Aligns and standardises fea-
tures across different data types, enhancing pattern recog-
nition and model responsiveness through refined attention
mechanisms.

- Temporal convolutional network integration: While the LSH
attention struggles to capture sequential dependencies, inte-
grating TCN by employing causal convolutions and dilation
in the encoder enables better capture of both short and
long-term patterns in load data.

» Model validation and performance:
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Fig. A.12. Scatter plot for different methods for load forecasting for VIC with different error metrics.
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Fig. A.15. Scatter plot for different methods for load forecasting for TAS with different error metrics.
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Fig. A.16. Scatter plot for different methods for load forecasting for New Zealand with different error metrics.
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Fig. A.17. Scatter plot for different methods for load forecasting for Belgium with different error metrics.

Several region validations: Tests the TFTformer across seven
different locations (Belgium, New Zealand, and five Aus-
tralian states), showing consistent performance improve-
ments across different grid systems and operating condi-
tions.

Performance measurements: Achieves the lowest MAPE,
MSE, MAE, and RMSE values compared to different models
across seasonal fluctuations, with MSE improvements of
over 50% against most comparing models and 16%-17%
against the nearest competitors.

Statistical validation: Uses ANOVA testing to verify the
effectiveness of each component, confirms the importance
of the methodological elements, and demonstrates how dif-
ferent parts of TFTformer work together effectively.
Interpretability analysis: Implements a SHAP-based surro-
gate model approach that achieves high fidelity (R? > 0.88)
in replicating TFTformer’s behaviour while providing trans-
parent insights into feature importance and decision-making
processes.

In future work, the TFTformer model can be extended in several
promising directions to enhance its applicability and functionality.
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Incorporating diverse data types, such as economic indicators or de-
tailed environmental metrics, could refine the prediction capacity and
sensitivity of the model to external influences. Beyond traditional load
forecasting, testing the TFTformer in varied contexts, such as energy
consumption of electric vehicles or battery health monitoring, could
reveal its potential in other critical areas. The expanded applications
could showcase the model’s versatility in managing different types of
time-series data and its adaptability to distinct operational needs.
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