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Abstract: Accurate electricity wholesale price (EWP) forecasting is crucial for advancing
sustainability in the energy sector, as it supports more efficient utilization and integration
of renewable energy by informing when and how it should be consumed, dispatched, cur-
tailed, or stored. However, high fluctuations in EWP, often resulting from demand—-supply
imbalances typically caused by sudden surges in electricity usage and the intermittency
of renewable energy generation, and unforeseen external events, pose a challenge for
accurate forecasting. Incorporating local temporal information (LTI) in time series, such
as hourly price changes, is essential for accurate EWP forecasting, as it helps detect rapid
market shifts. However, existing methods remain limited in capturing LTI, either relying
on point-wise input sequences or, for fixed-length, non-overlapping segmentation meth-
ods, failing to effectively model dependencies within and across segments. This paper
proposes the Local-Temporal Convolutional Transformer (LT-Conformer) model for day-
ahead EWP forecasting, which addresses the challenge of capturing fine-grained LTI using
Local-Temporal 1D Convolution and incorporates two attention modules to capture global
temporal dependencies (e.g., daily price trends) and cross-feature dependencies (e.g., solar
output influencing price). An initial evaluation in the Australian market demonstrates that
LT-Conformer outperforms existing state-of-the-art methods and exhibits adaptability in
forecasting EWP under volatile market conditions.

Keywords: electricity wholesale price forecasting; energy sustainability; local temporal
dependencies; convolutional neural network; transformer

1. Introduction

Electricity prices in competitive wholesale markets are subject to substantial fluctua-
tions over time due to the inherent constraints on storage [1]. The inability to efficiently
store large quantities of electricity means that supply must closely match demand at
all times, leading to variable prices [2,3]. Accurate forecasting of electricity wholesale
price (EWP) proves advantageous for diverse stakeholders. It enables energy generators
(e.g., those relying on renewable sources) to adjust production schedules, large-scale storage
operators to optimize charge and discharge strategies, and load centers to mitigate price
exposure through demand-side management [4]. Ultimately, this supports energy sustain-
ability by enabling smarter grid operations [4-6], encouraging investment in renewable
energy [7], and helping to optimize resource allocation across the power system [6,8].
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EWP forecasting has been widely applied to optimize the dispatch of renewables
and control large-scale storage in modern electricity grids. In [9], an optimized dispatch
strategy is proposed for a hybrid energy system combining photovoltaic, wind, battery,
and pumped-storage hydro units in an industrial prosumer case in Portugal. By employing
24 h ahead EWP forecasts, the system dynamically schedules energy resources, reducing
operating costs by up to 15% and lowering diesel generator usage from approximately
12% in the rule-based case to around 3% under the optimized dispatch strategy. Study [10]
examines wind energy generators in India, where day-ahead EWP forecasts enable smarter
bidding and battery scheduling, reducing deviation penalties (charges incurred when actual
renewable energy generation deviates from scheduled commitments) by 32%. A stochastic
dispatch model in [11] integrates EWP forecasts to manage a multi-energy microgrid,
resulting in a 9% cost reduction and a 4% improvement in renewable energy utilization
compared with a deterministic baseline. In [12], operational scheduling of behind-the-meter
battery systems co-located with solar power is optimized using EWP forecasts, improving
renewable self-consumption by around 11% and reducing energy costs by up to 20%.

However, EWP exhibits high volatility and is challenging to forecast since it is im-
pacted by multiple factors (e.g., decision-making across many distinct generators, evolving
operational constraints, shifting environmental conditions, infrastructure availability and
performance, and demand behavior) across multiple time scales (e.g., seasonal and daily
demand patterns, long-term generation availability trends, and sudden outages) [13-17].
One of the primary drivers of short-term fluctuations in EWP is the variability in both
demand and supply sides [18,19]. The modern power industry has embraced renewable en-
ergy sources, notably wind and solar, as part of its energy portfolio [20,21]. The increasing
integration of intermittent renewable energy sources [22] and unforeseen rare events (such
as transmission line outages and heatwaves [23]) exacerbate the volatility in the electricity
market. Such fluctuations can result in both exceptionally high and low EWP.

Extensive research has explored methods for forecasting market prices. Among those,
statistical and machine learning models have captured considerable attention in industry.
Statistical models [24-28] utilize mathematical combinations of historical prices and exter-
nal factors, such as energy generation, load demand, and weather conditions, to forecast
EWP. The attractiveness of statistical models lies in their ability to provide physical inter-
pretations for their components, providing operators with insights into the behavior of the
models. However, the non-linear and non-stationary nature of price dynamics, coupled
with the presence of exogenous factors and rare events, complicates the task of model-
ing and forecasting effectively. Statistical methods often struggle to capture the intricate
patterns and dependencies embedded within EWP data, leading to sub-optimal predic-
tions and heightened uncertainty [29,30]. To overcome the limitations, researchers have
increasingly turned to machine learning and deep learning techniques for EWP forecasting.
A variety of methods, including Random Forest (RF) [26], Artificial Neural Networks
(ANN ) [13,31-33], Recurrent Neural Networks (RNNs) [34,35], Long Short-Term Memory
(LSTM) networks [36], Convolutional Neural Networks (CNNs) [37,38], and hybrid mod-
els [14,39-42], leverage the foundational models and power of neural networks to capture
complex patterns and temporal dependencies within EWP.

The majority of existing machine learning methods approach EWP forecasting as a
multivariate time series (MTS) forecasting problem. An MTS consists of multiple intercon-
nected time series with inherent dependencies, characterized by fluctuations and variations
over time [43]. These correlations can be classified into three main groups: cross-feature de-
pendencies, local information, and global information within cross-temporal dependencies.
Cross-feature dependencies occur when one variable in a time series is influenced by an-
other variable. This acknowledges the interconnected nature of various factors influencing
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EWP, including supply and demand dynamics, market regulations, weather conditions,
and fuel prices, among others. Local information refers to the dependencies and rela-
tionships within a short time frame or window. It involves understanding how variables
interact within short periods and the temporal patterns in their adjacent areas. For instance,
in a daily EWP data set, local information may include price change patterns within hours.
Multiple time periods exhibit overlapping and interdependent characteristics, making the
task of modeling these variations challenging. Global information encompasses long-range
dependencies and relationships spanning over time periods. This involves detecting endur-
ing trends and patterns across extended intervals. Capturing global information enables
consideration of periodic effects, revealing variations in EWP across different days or weeks.
In recent years, the MTS forecasting methods have increasingly focused on capturing these
intricate dependencies to enhance prediction accuracy and reliability.

In terms of MTS forecasting, multiple variant Transformer models [44-48] have been
developed due to the advancements in attention mechanisms, which have significantly im-
proved the ability to capture long-range dependencies and relationships within sequential
data. Still, existing studies continue to struggle with the challenge of capturing other depen-
dencies. While some studies [44-47,49] neglect cross-feature dependencies, others [44—46]
do incorporate cross-temporal dependencies but overlook local information. Incorporating
local temporal information is essential for MTS forecasting, particularly for EWP, as it
facilitates the detection and analysis of rapid market shifts, thereby enhancing the accu-
racy of the forecasting model in the presence of unforeseen events that may trigger such
fluctuations. Most of these studies, such as Informer [45], and Pyraformer [44], utilize point-
wise input sequences to capture temporal dependencies within MTS data. Informer [45]
employs ProbSparse self-attention and a distillation-based encoder to capture temporal
dependencies. Recent adaptations for EWP forecasting include informer-enhanced vari-
ants [50] that incorporate global temporal dependencies to capture periodic trends such as
daily, weekly, and seasonal cycles, and hybrid frameworks like MIC-EEMD-Informer [51]
that combine signal decomposition with feature selection to capture the nonlinear and
multiscale characteristics of EWP series. However, its point-wise input strategy, which
computes each time step independently, may still restrict its ability to extract local infor-
mation in temporal dependencies and risks overlooking critical patterns in the highly
volatile EWP series [52]. It has been shown to be beneficial to incorporate information
within subseries-level patches or segments to establish dependencies between trajectories
across various time steps. For this purpose, studies [43,47,49,53-55] embed time series into
two-dimensional (2D) vectors for model inputs.

PatchTST [47] integrates a patch design with an attention mechanism to capture tem-
poral dependencies within a single univariate time series, tailored for MTS forecasting.
However, it overlooks cross-feature dependencies, a critical factor for MTS forecasting.
Crossformer [53] addresses this limitation by dividing the input series into segments and in-
troducing two-stage attention (TSA) layers to capture both cross-temporal and cross-feature
dependencies, which has also been leveraged in a recent study on EWP forecasting [56].
DSformer [43] incorporates the concepts from PatchTST and Crossformer, presenting a dou-
ble sampling transformer architecture that embeds time series into segments. This method
captures both local and global information across time and cross-feature dependencies.
TimesNet [49] addresses the challenge of modeling local information in complex temporal
dependencies by unraveling these variations into multiple intraperiod and interperiod
variations. This is achieved by transforming one-dimensional (1D) time series data into
2D tensors based on multiple periods, which allows the model to capture local temporal
variations more effectively using 2D CNN kernels. TimeXer [54] captures local information
by splitting the endogenous time series into non-overlapping patches, embedding each as
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a temporal token, and applying self-attention over these tokens to model dependencies
across short-term temporal segments. iTransformer [48] treats each variate in an MTS as a
single token, resembling an extreme case of patch-based modeling. This design enables
attention to capture cross-variable dependencies through learnable embeddings and tem-
poral dependencies via position-wise feed-forward neural networks. WPMixer [55] first
decomposes each input time series into multi-resolution wavelet coefficient sequences,
then segments each univariate coefficient series into overlapping patches with fixed length,
embeds them into a shared latent space, and processes them with a patch mixer to learn
localized patterns within each frequency band.

However, existing studies employing the patch/segment-based approach with either a
fixed segmentation length, a non-overlapping segmentation strategy, or both for local tem-
poral information extraction face several challenges, as shown in Figure 1a. Overall, there
are two main shortcomings: inter-segment dependency misalignment and intra-segment
information loss. Inter-segment dependency misalignment, as illustrated in Figure 1a,
(1) refers to the lack of correlation or misalignment between different segments or patches.
Non-overlapping segmentation with fixed length may cause the partitioned segments
(i.e., the red dashed boxes) to be less correlated, leading to local temporal dependencies
being captured ineffectively. For instance, a segment spanning 9:00 AM to 12:00 PM may
show weak correlation with its neighboring segment from 12:00 PM to 3:00 PM, illustrating
inter-segment dependency misalignment, where related patterns across segments are not

captured effectively.

1. Inter-segment 2. Intra-segment
dependency misalignment information loss
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Figure 1. The shortcomings of existing segment-based methods and our proposed solution:
(a) Challenges of non-overlapping segmentation with fixed length. (b) Our idea: overlapping seg-
mentation with varying lengths.

Intra-segment information loss, as illustrated in Figure 1a, (2) is the issue of losing
important information or patterns within a single segment. This is further divided into
two sub-challenges: (1) Local pattern capture deficiency refers to the difficulty in capturing
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and modeling local patterns or dependencies within a specific segment. A high correlation
between two adjacent time windows is noted in a single patch, as shown in Figure 1a, (2.a).
However, dividing time series data into segments of a fixed length may fail to capture this
correlation. Within the same example segment mentioned above (9:00 AM to 12:00 PM),
local pattern capture deficiency may occur if the correlation between adjacent time intervals,
such as 9:15 AM to 9:45 AM and 9:45 AM to 10:15 AM, is not effectively modeled due to
insufficient temporal granularity, resulting in the loss of fine-grained temporal dynamics
within the segment. (2) Cross-segment dependency loss relates to the inability to effectively
capture and model dependencies within subseries that span across segment boundaries,
which is highlighted in Figure 1a, (2.b). If a correlation between the period from 8:30 AM
to 9:30 AM and another time period exists, the fixed segmentation boundary at 9:00 AM
used in the above-mentioned example segment may disrupt this continuity, resulting in
cross-segment dependency loss as the dependency spanning across segments is broken.

In practical EWP forecasting, the temporal patterns and dependencies within a data
set can span diverse time scales. Crucial information exists within short-term variations,
while other important insights may be associated with longer-term trends. One adaptable
and flexible idea for time series segmentation, which can accommodate patches of variable
lengths, is illustrated in Figure 1b. In simple terms, segments should overlap with their
neighbors, and their length should range from Length 1 (L1) to Length n (Ln). This design
facilitates the modeling of local patterns with diverse fine-grained temporal resolutions.

Building upon the motivations outlined above, we introduce the Local-Temporal
Convolutional Transformer (LT-Conformer) as a novel model for EWP forecasting. The ar-
chitecture of LT-Conformer comprises three main modules: Local-Temporal 1D CNN
(LT-1D CNN), Global-Temporal Attention (GTA), and Cross-Variable Attention (CVA). As is
known, CNNs excel at extracting hierarchical features in time series data, capturing local
patterns at multiple scales with their variable-sized filters to recognize patterns across
different time periods [57,58]. In this context, 1D CNNs are employed to independently
convolve over each time series, allowing the model to focus on learning fine-grained lo-
cal temporal dependencies within individual variables. The LT-1D CNN architecture is
designed to leverage 1D convolutional filters of varying sizes over each time series within
MTS, alongside multiple kernel sizes, with a stride of one. This design facilitates the capture
of local information across a spectrum of scales, thereby providing a more nuanced and
detailed feature map that is expected to improve the effectiveness in capturing local temporal
dependencies. Leveraging the Transformer with proven capability in handling long-sequence
textual data, GTA captures global temporal dependencies, while CVA is adapted to incorpo-
rate cross-feature dependencies in the MTS data. Our contributions can be summarized in
three key aspects:

*  We propose a novel segment-based method to align inter-segment dependencies and
preserve intra-segment information, effectively addressing the challenge of capturing
local temporal dynamics in EWP forecasting.

¢  The LT-Conformer represents an advancement in the field of EWP forecasting, specifi-
cally designed to capture local temporal patterns, simultaneously integrating global
temporal and cross-feature information. By considering the characteristics of EWP,
the parameters of the model are tailored to capture relevant features essential for
accurate prediction.

* In our experimental evaluations within the Australian market context, the LT-
Conformer not only outperforms baseline methods in terms of overall performance
but also excels at capturing local temporal dependencies, achieving state-of-the-art
(SOTA) results in short-term predictions and showcasing its adeptness at managing
the dynamic nature of the energy sector.
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2. Proposed Method
2.1. Problem Description
In MTS forecasting, given historical observations X = {xi,...,xr} € RT*N,

T time steps and N variates, the typical goal is to predict the future S time steps
Y = {x741,.--,x715} € RSN In our specific context where we focus solely on predicting
EWP, the objective simplifies to forecasting future S time steps e = {er1,...,er4s} € R®,
using a set of N variates as features, such as grid load demand (GLD) and variable renew-
able energy (VRE) generation, including wind and solar sources.

EWP can exhibit significant volatility over short and long time-frames, while also
often replicating local patterns, such as the typical daily price shape, timing of peak prices,
or differences in price profiles between weekdays and weekends, as illustrated in Figure 2.
The relationship between EWP, GLD, wind energy generation (WEG), and solar energy
generation (SEG) curves suggests the presence of cross-feature dependencies, meaning each
variable influences and is influenced by the others. For instance, high WEG or SEG may
coincide with low EWP due to the merit order effect (In Australia, the merit order effect
refers to the way in which different sources of electricity generation are called upon or
dispatched based on their marginal costs [59]. Renewable energy sources, particularly wind
and solar, benefit from this due to their minimal costs of generation once the infrastructure
(wind turbines or solar panels) is established.) [59-61], while high demand may lead to high
EWP due to the need for more power generation from expensive sources [15,62,63]. This
understanding highlights the importance of incorporating both local and global temporal
information as well as cross-feature dependencies into EWP forecasting models.
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Figure 2. EWP, GLD, WEG, and SEG at hourly interval in the state of New South Wales, Australia

(16 May 2021-14 June 2021) from the Australian Energy Market Operator (AEMO) [64] and Open
Platform for National Electricity Market (OpenNEM) [65].

LT-Conformer is designed to capture local temporal information across various scales
and manage global temporal and cross-feature dependencies through a combination
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of components and mechanisms that work in harmony to forecast EWP. The overall
architecture and the individual components of the LT-Conformer are presented in the
subsequent sections.

2.2. Overview

The overall architecture of the LT-Conformer is shown in Figure 3, which is composed
of three main components: the LT-1D CNN module, the GTA module, and the CVA module.
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MTS Input  LT-1D CNN Predicted EWP

Figure 3. Overall architecture of LT-Conformer.

The LT-1D CNN module is responsible for extracting local temporal features from
the input MTS data. It consists of multiple 1D CNN layers, each of which applies 1D
convolutional filters to capture patterns and dependencies within the time dimension.
By using multiple 1D CNN layers with different kernel sizes, the model can effectively
capture local patterns at various time scales.

The output of the LT-1D CNN module is then fed into the Transformer module, which
incorporates two attention mechanisms: GTA and CVA. These attention mechanisms,
as derived from the TSA module in the Crossformer architecture [53], enable the model
to capture long-range dependencies and interactions within the MTS data. The GTA
mechanism allows the model to attend to relevant time steps across the entire time series,
enabling it to capture global temporal patterns and dependencies. This is particularly
useful for EWP forecasting, where events at different time points can influence future
behaviors. The CVA mechanism facilitates capturing dependencies and interactions across
various variables or features in MTS data, which is crucial as complex interdependencies
are often present among variables.

2.3. Local-Temporal 1D CNN Module

In order to incorporate local temporal dependencies for MTS forecasting more effec-
tively, we propose an overlapping patch-based method with non-fixed lengths. Indeed,
the proposed method is designed to manage local information along with its overlapping
patterns within specific time periods. This method essentially breaks down the time series
into smaller, overlapping patches or segments, each of which captures local temporal pat-
terns. Allowing these patches to overlap ensures continuity and captures the dependencies
between adjacent time periods. By allowing for varying patch lengths within a predefined
range, which is optimized through grid search, the model can adapt to capture patterns
and trends that occur over varying lengths of time.

Note that CNNs are widely applied in the computer vision field [66,67] and have also
been effectively adapted for time series data [49,58,68-70]. They are proficient in learning
hierarchical features within data [57,58,71]. In time series analysis, this capability allows
them to capture local patterns and dependencies through their convolutional filters, which
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scan the input data and extract localized features. Additionally, CNNs can be designed
with filters of varying sizes, which enables them to analyze the data at multiple scales
or resolutions [72,73]. This is particularly useful for capturing patterns that occur over
different time periods.

As shown in Figure 4, 1D convolutional filters of varying sizes are applied across
the MTS data, with a stride of one. Specifically, a kernel size represented as 1 x 2 enables
the model to integrate information across a 2-h span, while a 1 x 3 kernel extends this to
3 h, and so on. The underlying idea is that larger kernels have the potential to integrate
information over more extended temporal intervals, thus capturing longer local temporal
dependencies. The approach is designed to capture local dependencies and extract features
from different temporal contexts within the time series. Consequently, the convolutional
process is expected to yield feature maps of various dimensions. Given the transposed
input MTS data X" € RN*T, the convolutional operation can be formulated as follows:

F®) = ConviD(X", K®, stride = 1) € RIN*Z)x(T—k+1) (1)

where N is the number of features and T is the number of time steps. Z; is the number
of filters for the kernel size k € {2,3,...,d}. K®) is the 1D convolutional kernel of size
(N x Zy) x k. ConvlD(X', K, stride = 1) denotes the 1D convolutional operation between
input X" and kernel K with a stride of 1 along the time dimension. The ReLU activation
function is applied to the output of the convolutional operation, introducing non-linearity
to the feature maps as follows:

£

Rty = ReLU(F(k)) c R(NXZk)X(T7k+1) (2)

Fg?Lu is further reshaped from a 2D feature map to a 3D tensor, resulting in a flattened
feature vector as F'(¥), preserving the feature and time information in a flattened format
as follows:

(k) _ (k) Nx(T—k+1)xZ,
F'¥) = Flatten(Fy), ) € RN*(T-k+1)xZ 3)
F1: (NxZia)x(T-1) F'1: Nx(T-1)xZk1
Ki: (NxZajx2 =" L
e e Flatten
’ 7 T ke (NxZk2)x3
‘él ------ F2: (NxZk)x(T-2) F'2: Nx(T-2)xZk2
% St Flatten | :5
rEfT- Ka: (NxZks)x4
Ll | Fa: (NxZia)x(T-3) F's: Nx(T-3)xZia
f—: I -~ Tl Flatten | —

Figure 4. The architecture of LT-1D CNN.
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2.4. Global-Temporal Attention Module

In this module, we input different sizes of flattened feature maps F/(¥) to the multi-head
self-attention (MSA):

f*';ffn)e = LayerNorm (F’ () 4 MsAtimf(F/(k),F/(k),F/(k))) @)
Fyjn, = LayerNorm (Ej()), + MLP(E,["))) 6)

where MSA'" is the MSA mechanism applied along the time dimension, taking F'(¥) as
(k)

time
MSA mechanism and layer normalization to F'(K). MLP represents a multi-layer perceptron
(k) pr(k)

ime*
N =/(k)
normalization to Fiie:

the query, key, and value inputs. F,;'/ is an intermediate tensor obtained after applying the

applied to F; is the final output tensor after applying the MLP and another layer

2.5. Cross-Variable Attention Module

Compared with the TSA approach [53], which employs a routing mechanism to extract
dimensional features for complexity reduction, our CVA module applies MSA directly to
F'%) to avoid the potential noise introduced by the utilization of a routing matrix:

_ 1(k) g/ (k) (k)
Faim = MSAgim (Ftime’ Fiimer Ftime) 6)
IA:dim = LayerN Orm(Ftime + Fdim) (7)
Fgim = LayerNorm(deim + MLP(IAJdim)) (8)

(k)
time

as the query, key, and value inputs. Fgiy, is the tensor obtained after applying layer

where MSA 4, is the MSA mechanism applied along the feature dimension, taking F

normalization to the sum of Fyjne and Fyip,. Fgin is the final output tensor after applying
the MLP and another layer normalization to Fgp,.

3. Experiment
3.1. Data Sets

To assess the performance of the LT-Conformer model for EWP forecasting, this
study has selected two states in Australia: New South Wales (NSW) and South Australia
(SA). The selection of these regions for our case study aims to validate the ability of the
LT-Conformer model in both conventional and renewable-centric energy markets.

The penetration of electricity generation by each type of energy source in both regions
from 2021 to 2023 is shown in Figure 5. NSW, located in the south-eastern region of
Australia, is the most populous state and relies heavily on non-renewable energy sources,
such as coal and gas energy, which accounted for approximately 70.5% of total electricity
generation during this period, as shown in Figure 5a. Conversely, SA, situated in the
southern central part of the country, predominantly generates its electricity from renewable
sources, including wind and solar, which together contributed around 71.3% of electricity
generation in the region over the same timeframe, as shown in Figure 5b. The inherent
intermittency of these renewable sources contributes to greater variability in electricity
production, which is reflected by a higher standard deviation and fluctuation in EWP in
SA compared with NSW. The data sets encompass a temporal span from 1 May 2021 to
23 November 2023, comprising data points collected at hourly intervals.



Sustainability 2025, 17, 5533

10 of 22

= Coal Solar = Wind = Hydro = Gas = Wind = Gas Solar

Coal: 68.1% Gas: 28.7% Wind: 46.7%

(a) (b)

Figure 5. Different types of sources for electricity generation in NSW (a) and SA (b).

For this initial analysis of LT-Conformer, we limit the input feature space to four
key variables: EWP, GLD, and generation from VRE sources, specifically WEG and SEG.
Those data, obtained from the AEMO platform [64] and OpenNEM platform [65], are
well-validated and used in other published work [15-17].

The four variables have been selected for their strong influence on price in the Aus-
tralian market. Variations in GLD are a primary determinant of market-clearing prices;
higher demand levels typically lead to the dispatch of higher-cost generation units, thereby
increasing wholesale prices, especially during peak periods [30]. Conversely, during low-
demand periods, surplus generation may drive prices down or even result in negative
pricing under high renewable output [30]. WEG and SEG, due to their weather-dependent
and limited controllability, introduce significant short-term variability in supply. This
intermittency can lead to rapid imbalances between generation and demand, resulting
in price volatility [21,30]. In particular, sudden drops in VRE output may necessitate the
rapid dispatch of higher-cost backup generators, while unexpected surpluses may suppress
prices or even lead to negative pricing under low demand conditions [21,60].

The focus of this work is to examine how model design impacts EWP forecasting
performance and how such design can be tailored to maximize accuracy. We note that
further performance improvements may be realized by tuning and/or expanding the input
feature set (e.g., incorporating weather data and forecasts, import/export capacities of
interconnected systems, fuel price information, etc.). This remains an important area for
future work that would complement the model design focus of this study.

There are some extreme price spikes possibly due to socio-political events, transmis-
sion line outages, or severe weather conditions. For the scope of this study, we are not
focused on forecasting the presence of extreme price events, so we impose a ceiling and
floor on electricity prices within a specified threshold. Following widely adopted practice
in existing EWP forecasting literature [15,74-76], this capping method serves two primary
purposes within the modeling process. First, it mitigates the influence of extreme outliers,
which may distort the loss function during model training and lead to biased parameter
estimation. Second, it facilitates fair and consistent model evaluation by constraining the
analysis to typical price ranges that reflect standard market dynamics. For both NSW and
SA, we define the price range as [-600, 600] AUD/MWh and set that any electricity price
falling below this range is capped at —600 AUD/MWh, and any price exceeding the range
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is capped at 600 AUD/MWh. This capping method was applied to only around 1% of the
total samples examined for both states.

3.2. Experimental Setup

We selected the Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and Symmetric Mean Absolute Percentage Error (SMAPE) as the evaluation metrics.

13 .
MAE = —) |yi — §il ©)
i—1
1 n
i—1
100 lyi — 3l
SMAPE — 10y~ Wi —Fil .
n z; (lyil + 19:]) /2 (11)

where y; and §; are the actual and predicted values at the i-th time point, for each of the
n observations.

To conduct a comparative analysis and verify the effectiveness of the LT-Conformer,
we have chosen both classical and SOTA models, known for their strong performance in
short-term time series forecasting, specifically in the application of EWP prediction. These
models include the Linear Regression (LR) model [28], Crossformer [53], Informer [45],
TimesNet [49], PatchTST [47], iTransformer [48], and WPMixer [55].

The data set is divided into samples, each encompassing 24 hourly input features along
with the next 24 h of EWP as prediction targets. These samples with distinct input-output
pairings are generated by sliding a 1-h window across the entire data set, which results in
22,440 samples for each state. We adopt 5-fold cross-validation by randomly partitioning
the samples into 80% for training and 20% for testing. The overall experimental results
presented are the average results across these five testing sets. Other reported results are
also based on evaluations across all testing sets.

We employed the grid search method to fine-tune the hyperparameter dimensions
of our model, which include kernel size, number of channels, attention heads, encoder
layers, dropout ratios, and learning rate, among others. To determine the optimal con-
figuration of the varying-length convolutional kernels in the LT-1D CNN module, we
systematically evaluated a range of kernel size combinations. The search began with shorter
sequences starting from {1 x 2, 1 x 3} and gradually extended to more comprehensive sets
(g, {1x2,1x3,1x4},{1x21x3,1x4,1x5},...),upto{lx2,1x3,...,1x8},
enabling the model to capture local temporal patterns across multiple scales. For each
kernel size in a given combination, the number of output channels was chosen from [2, 4, §],
and all possible channel size configurations were evaluated. For example, for the kernel set
{1x2,1x3,1 x 4}, configurations such as {2, 2, 2}, {4, 2, 2}, {2, 4, 2}, and so on, up to {8, §, 8},
were tested. The final configuration was selected based on the best validation performance.
The optimal hyperparameter values for the LT-Conformer in both states are presented in
Table 1. Similarly, for benchmarking purposes, we conducted a grid search optimization for
the baseline models, calibrated specifically for EWP forecasting, to ensure the identification
of the most performant parameter configurations. The “MinMaxScaler” [77] normalization
function was employed in both the pre-processing and post-processing stages. We also
undertook denormalization, which is critical for ensuring that the evaluation metric reflects
the true scale of the data.
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Table 1. Optimal hyperparameters of LT-Conformer for EWP forecasting in NSW and SA.

Config NSW SA
Kernel size [1x2,1x3,1x4] [1x2,...,1x6]
Kernel channels [4, 4, 8] [8,...,8]
Multi-head attn 4 2
Encode layers 4 4
Dropout 0.01 0.01
Learning rate 0.001 0.001
Batch size 64 64
Epoch 150 150
Loss function MAE MAE
Optimizer Adam [78] Adam [78]
Input length 24 24
Prediction length 24 24

3.3. Comparative Results on Forecasting Performance
3.3.1. Overall Results

The performance of all methods was evaluated using MAE, RMSE, and SMAPE
in NSW and SA, as shown in Table 2. Overall, the LT-Conformer model consistently
outperforms the other forecasting methods in both regions, demonstrating minimal error
across all evaluated metrics. To evaluate whether the performance improvements of the
LT-Conformer are statistically significant compared with all selected models, we conduct
paired t-tests at the 0.05 significance level using the MAE. The results in Table 2 show that
the LT-Conformer significantly outperforms all compared methods across both regions,
with all corresponding p-values below 0.001. Although the MAE difference between the
LT-Conformer and Informer is smaller than that with other models, the LT-Conformer
achieves consistently lower errors across most samples in NSW, resulting in a larger t-
statistic. Figure 6 highlights model performance on selected days in NSW and SA with
both high and low EWP variability. These example cases were chosen because they are
broadly representative of the observed trends on days with high and low variations for each
state. The figure shows that LT-Conformer more accurately tracks EWP values, even in the
presence of price spikes. As noted in Figure 6a,c, the LT-Conformer model (represented by
the dashed red line) closely tracks the actual EWP values (solid black line), demonstrating
its ability to accurately capture the fluctuations and spikes in the EWP. It is worth noting
that the Informer model (represented by the dash-dot blue line) also exhibits some ability to
track the actual EWP patterns. Other models exhibit larger deviations from the actual EWP
values, particularly during the peak hours of the day. While there are some deviations,
the LT-Conformer model can capture both positive and negative actual EWP values more
accurately than the other models, closely following the rise and fall of prices throughout
the day. In Figure 6b,d, the actual EWP data show a relatively flat trend without large
variations across the whole day. The LT-Conformer model also achieves superior results
compared with the other SOTA methods. These results demonstrate the adaptability of
LT-Conformer in forecasting EWP and accurately tracking actual data, whether it shows
large fluctuations or remains relatively steady.
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Figure 6. Forecasting results with MAE in four example cases: EWP with large variation in

NSW (a) and SA (c); EWP with small variation in NSW (b) and SA (d).
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Table 2. Overall performance of LT-Conformer and baseline models based on average MAE, RMSE,
and SMAPE, along with paired t-test results (t-statistic) for MAE (p < 0.001 for all comparative models).

NSW SA
Model
MAE RMSE SMAPE MAE RMSE SMAPE
LT-Conformer 9.72 21.36 12.89 21.44 41.94 40.26
34.08 54.96 37.77 57.42 87.08 78.33
LR [28]
(t-statistic = —35.33) (t-statistic = —29.08)
34.96 56.79 37.51 59.28 89.66 80.73
Crossformer [53]
(t-statistic = —35.41) (t-statistic = —30.73)
25.32 39.29 30.50 38.72 57.52 64.21
Informer [45]
(t-statistic = —37.64) (t-statistic = —26.00)
30.88 51.08 34.65 54.91 86.10 78.11
TimesNet [49]
(t-statistic = —33.38) (t-statistic = —29.03)
31.49 52.13 34.56 57.92 88.52 81.66
patchTST [47] o o
(t-statistic = —34.16) (t-statistic = —28.83)
. 29.11 47.82 33.16 50.95 77.32 75.66
iTransformer [48]
(t-statistic = —34.11) (t-statistic = —30.36)
33.19 55.57 35.85 60.75 92.38 84.74
WPMixer [55]
(t-statistic = —33.02) (t-statistic = —29.02)

3.3.2. Results for Varying Levels and Volatility of EWP and REG

To provide insights into the robustness and adaptability of the models across diverse
market conditions, a performance analysis on forecasting accuracy was conducted for vari-
ous levels and volatilities of both EWP and REG in NSW and SA. This analysis specifically
targeted forecasting accuracy across the values and volatility of both EWP and REG, cate-
gorized as low, medium, and high based on their average values and separately standard
deviations over the 24 h test period. Each category represented one-third of the data range,
corresponding to the lower, middle, and upper thirds, respectively.

The performance of the models across the defined ranges in both EWP values and
EWP volatility is shown in Figures 7 and 8, while the corresponding results for REG values
and REG volatility are presented in Figures 9 and 10. The LT-Conformer model exhibits
the lowest MAE values across all three categories under diverse market conditions and
renewable output scenarios in both regions, demonstrating its forecasting performance
and adaptability.

In terms of levels of EWP and REG, the LT-Conformer model demonstrates high
forecasting accuracy under low EWP values, corresponding to market conditions such as
off-peak times with low GLD [18,19], and under low REG values, which typically occur
at night for solar or during periods of low wind conditions. As EWP and REG values
increase to medium levels, the model continues to perform effectively, adapting to the
standard market dynamics characterized by a balanced supply-demand scenario, while
also maintaining accuracy under medium REG values associated with typical daytime
renewable output. In high EWP and REG value scenarios, the model adapts well to periods
of price spikes as well as peak solar or wind output.
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When evaluating the volatility of EWP and REG, the LT-Conformer performs well in
forecasting EWP under low price variation scenarios, effectively capturing stable market
conditions, and under low REG volatility, such as during consistently sunny or windy
periods with stable renewable output. It maintains this performance under medium levels
of price and REG volatility, handling typical market variations and routine fluctuations
in solar and wind output adeptly. Even in cases of high price and REG volatility, the LT-
Conformer outperforms other models, showcasing its robustness in tracking significant
price movements and adapting to rapid changes in renewable output, such as sudden
drops in solar output due to cloud cover or fluctuations in wind speed.

3.4. Effectiveness of Local Temporal 1D CNN

In this analysis, we aim to explore the capability of LT-Conformer to capture local
temporal dynamics within EWP. We are particularly interested in understanding the short-
term (e.g., 2—4 h) fluctuations in EWP and their implications over extended periods. This
forms part of a post-hoc analysis conducted on the predictions of the model over the test
data set. To achieve this, we first compute the absolute differences Df“t between adjacent
time points to quantify immediate changes within the test data sets. For the initial time
point in the time series, we address potential boundary issues by substituting the median
of the computed differences, ensuring a robust starting point for our analysis. Given a time
series in test data sets e = {ef®*f, .., etQ“t} € RY, the difference D**** at each time point ¢
is calculated as follows:

| egest _ e)tfef% fort > 1,

median{DEESt, DQESt, e, Dégft} fort =1.

test __

(12)

To capture changes over a period of p hours (where p is an integer greater than 1),
the average of p — 1 adjacent differences is considered:

(p) 1 = test
¢’ =~y b, (13)
p i=0

()

where C,;"’ represents the change over a p-hour period at time ¢.

Temporal differences within EWP are classified into three distinct levels of fluctuation.
Upon examining the differences over a p-hour interval, we compute the average MAE for
low, medium, and high fluctuation levels, denoted as MAEEW, MAEﬁIe 4 and MAEﬁi h
respectively, which correspond to the lower, middle, and upper thirds of the EWP value
distribution. The experiment compares the LT-Conformer model with other baseline models
in NSW and SA, as shown in Table 3. The LT-Conformer model exhibits substantially lower
MAE compared with the other models across different levels of local EWP variability over
our three variability measurement periods. This indicates that the LT-Conformer model is
more robust to extreme fluctuations and volatility in the short term, due to the ability of the
LT-1D CNN to effectively capture and model local temporal patterns, even during periods
of high variability. Additionally, LT-Conformer demonstrates stability in performance
across varying local EWP variability.

While comparative models perform worse than LT-Conformer across varying con-
ditions, some show relatively stronger performance among themselves. Among patch-
based methods, TimesNet [49] stands out, effectively capturing multi-scale temporal pat-
terns through temporal basis decomposition while maintaining variable-wise context.
iTransformer [48], viewed as an extreme case of patch-based design, also performs well
by treating each variate as a token, allowing the efficient modeling of cross-variable de-
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pendencies and preserving temporal dynamics via position-wise feed-forward encoding
and instance normalization. In contrast, Crossformer [53] performs poorly under high
variability, likely due to its inflexible segmentation being less adaptable to the spiky and
non-stationary nature of EWP. Interestingly, the point-wise model Informer [45] remains
competitive, outperforming patch-based models. This suggests that when patch-based
methods are not carefully aligned with the characteristics of the EWP, they may underper-
form compared with well-designed point-wise models.

Table 3. Performance comparison based on average MAE across different levels of local EWP
variability for 2 h, 3 h, and 4 h measurement periods.

NSW SA

Model Low Med High Low Med High

2h 3h 4h 2h 3h 4h 2h 3h 4h 2h 3h 4h 2h 3h 4h 2h 3h 4h

LT-Conformer 554 494 490 7.22 764 7.92 16.41 16.59 16.34 14.32 12.45 12.18 15.90 16.26 16.65 34.12 35.63 35.50

LR [28] 26.02 22.50 21.33 28.22 28.54 29.20 48.01 51.21 51.72 46.94 4191 40.24 48.08 48.40 48.51 77.25 81.97 83.53

Crossformer [53] 25.99 22.15 20.93 28.39 28.59 29.35 50.44 54.07 54.50 48.24 42.59 40.82 49.38 49.38 49.37 80.18 85.83 87.61

Informer [45] 17.82 15.56 14.89 21.18 21.70 22.22 36.69 38.43 38.58 30.41 27.64 2699 32.58 32.63 33.16 52.70 55.41 55.54

TimesNet [49] 20.75 1694 15.76 24.74 25.00 25.76 47.15 50.70 51.12 43.69 38.11 36.44 47.00 47.15 47.52 77.67 83.09 84.40

patchTST [47] 21.57 17.79 16.69 25.55 26.05 26.74 47.36 50.63 51.04 45.06 39.28 37.39 48.78 49.00 49.24 80.64 86.20 87.84

iTransformer [48] 20.12 16.81 15.86 23.83 24.32 2490 43.40 46.22 46.59 40.20 35.58 34.29 4298 42.88 43.19 70.17 74.89 75.87

WPMixer [55] 22.66 18.58 17.35 26.79 27.23 28.07 50.13 53.76 54.14 47.43 41.32 39.30 50.92 50.97 51.02 83.86 89.91 91.90

4. Conclusions

This study introduces the LT-Conformer, a novel model for MTS forecasting, which
exhibits SOTA performance on day-ahead EWP prediction in the Australian energy
market, known for its significant volatility and rapid intraday price spikes. The LT-
Conformer utilizes an LT-1D CNN to effectively align inter-segment dependency and
preserve intra-segment information, which is crucial for capturing local temporal informa-
tion. The architecture extracts and integrates both local and global temporal features and
cross-feature interactions.

Empirical evaluations show LT-Conformer consistently outperforms contemporary
models in our preliminary study of two Australian electricity systems. Indeed, the best
performing comparative model has an MAE that is 2.6 times higher than LT-Conformer
in NSW and 1.8 times higher in SA. The robustness and adaptability of the model are
confirmed through comparative analyses. Notably, the LT-Conformer performs well across
different EWP and fluctuation levels, indicating its versatility in forecasting across stable,
dynamic, and volatile market scenarios.

While preliminary results on our two case study networks look promising, further
validation is required to explore the generalizability of LT-Conformer. To that end, future
work should test the model across markets in diverse geographical regions to broaden
its applicability. Additionally, evaluating its performance on various MTS data sets from
different application domains will help assess its generalization capability. Future work will
also concentrate on enhancing the performance of the LT-Conformer for EWP prediction
through more sophisticated feature engineering and integration of a wider set of relevant
features. Finally, it would be valuable to compare the performance of LT-Conformer against
other forecasting methods in real-time EWP operational settings, particularly in settings
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where data may be less reliable and/or where energy market participants employ their
commercial forecasting solutions. Such validation is an interesting and important avenue
for future work.
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