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Abstract

Accurate forecasting of the grid carbon intensity factor (CIF)
is critical for enabling demand-side management and reduc-
ing emissions in modern electricity systems. Leveraging mul-
tiple interrelated time series, CIF prediction is typically for-
mulated as a multivariate time series forecasting problem.
Despite advances in deep learning-based methods, it remains
challenging to capture the fine-grained local-temporal depen-
dencies, dynamic higher-order cross-variable dependencies,
and complex multi-frequency patterns for CIF forecasting.
To address these issues, we propose a novel model that in-
tegrates two parallel modules: 1) one enhances the extrac-
tion of local-temporal dependencies under multi-frequency
by applying multiple wavelet-based convolutional kernels to
overlapping patches of varying lengths; 2) the other captures
dynamic cross-variable dependencies under multi-frequency
to model how inter-variable relationships evolve across the
time-frequency domain. Evaluations on four representative
electricity markets from Australia, featuring varying levels of
renewable penetration, demonstrate that the proposed method
outperforms the state-of-the-art models. An ablation study
further validates the complementary benefits of the two pro-
posed modules. Designed with built-in interpretability, the
proposed model also enables better understanding of its pre-
dictive behavior, as shown in a case study where it adaptively
shifts attention to relevant variables and time intervals during
a disruptive event.

Introduction

Carbon dioxide (CO2) emissions from electricity generation
significantly contribute to global warming (Intergovernmen-
tal Panel on Climate Change (IPCC) 2018), with the power
sector accounting for approximately 40% of global carbon
emissions (Liu et al. 2023). The transition to renewable en-
ergy sources is crucial for reducing emissions (Dincer 2000),
yet the intermittency and uncertainty of renewables intro-
duce challenges in maintaining a stable and low-carbon elec-
tricity supply. Indeed, variations in fuel mix and electricity
demand lead to fluctuations in the carbon intensity of the
grid over time.

Average carbon intensity factor (CIF) quantifies the emis-
sions produced per kilowatt-hour (kWh) of electricity and is
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Figure 1: An example from October 15, 2022, illustrates
how building electricity demand can be shifted through a
pre-cooling strategy during low levels of CIF periods (high-
lighted in green), reducing demand during high levels of CIF
hours in the afternoon (highlighted in red). This helps align
energy use with cleaner grid periods and contributes to emis-
sion reductions.

defined as: S )
_ Tt X Cp
CIFavg,t - ZEr,t (l)

where CIF,,; ; denotes the average CIF across time interval
t, E,, represents the electricity generated by source type r
during the same period, and C). corresponds to the emission
rate of source type 7.

Accurate forecasting of the short-term grid average CIF is
crucial for optimizing energy use and enabling demand-side
management strategies that shift electricity consumption to
periods of lower emissions (Zeng et al. 2023b). This capa-
bility is beneficial for measures such as pre-cooling build-
ings when carbon intensity is minimal (as shown in Figure
1), optimizing battery storage to align with cleaner energy
availability, and scheduling electric vehicle charging during
low-emission periods. Enhancing this flexibility plays a key
role in reducing overall CO5 output and supporting climate
targets set by, for example, the Paris Agreement (United Na-
tions Environment Programme (UNEP) 2015).

Despite its importance, short-term CIF forecasting re-
mains a complex challenge due to its non-linear and non-
stationary nature. The inherent complexity arises from mul-



tiple interdependent factors, including energy mix variabil-
ity, market dynamics, and weather-related influences on re-
newable energy generation (REG). Recent research has ap-
plied deep learning methods, including Artificial Neural
Networks (ANNs) (Maji, Sitaraman, and Shenoy 2022),
Long Short-Term Memory Networks (LSTMs) (Riekstin
et al. 2018; Aryai and Goldsworthy 2023; Cai et al. 2023;
Peng et al. 2024; Zhang et al. 2024a), and hybrid mod-
els (Zhang and Wang 2023; Maji, Shenoy, and Sitaraman
2023), which excel at identifying temporal dynamics in CIF
series. However, these methods tend to exhibit reduced fore-
casting accuracy in volatile grid conditions, particularly in
regions with high renewable energy penetration, where car-
bon intensity patterns have become increasingly less pre-
dictable (Aryai and Goldsworthy 2023).

Most existing deep learning methods treat short-term CIF
prediction as a multivariate time series (MTS) forecasting
problem. A CIF dataset, often consisting of multiple inter-
related time series, typically exhibits short-term temporal
dynamics within each series, interactions among variables,
and complex frequency characteristics. Improved model-
ing of this information could enhance the performance of
CIF forecasting. As shown below, existing studies still have
challenges in modeling local-temporal dependencies (LTD),
cross-variable dependencies (CVD), and multi-frequency in-
formation (MFI). Based on this insight, we propose targeted
solutions to address each of these issues accordingly.

Local-Temporal Dependencies LTD involves short-term
periods and the temporal patterns in adjacent time steps
within each individual input time series. For instance, in a
CIF series at hourly intervals, LTD may represent local CIF
patterns that emerge within a few hours. Existing segment-
based approaches (Wu et al. 2023; Yu et al. 2023; Zhang and
Yan 2023; Zhang et al. 2024b; Murad, Aktukmak, and Yil-
maz 2025) attempt to capture LTD using fixed-length, non-
overlapping segments but often face challenges in capturing
dependencies across adjacent segments and extracting fine-
grained temporal patterns within each segment (Naghashi,
Boukadoum, and Diallo 2025). To address these challenges,
we adopt an adaptable segmentation strategy (Zhang et al.
2025) that divides the time series into overlapping patches
with varying lengths. This design enables the model to cap-
ture local patterns at diverse and fine-grained temporal reso-
lutions. Furthermore, continuous wavelet transform (CWT)
functions are embedded as convolutional kernels to extract
localized time-frequency features.

Cross-Variable Dependencies Different variables in CIF
forecasting often interact with each other, revealing inter-
linked dynamics that influence CIF. For instance, REG, grid
load demand (GLD), and non-renewable energy generation
(NEQG) jointly affect CIF. An increase in REG may reduce
CIF, but if GLD rises simultaneously and is met by NEG, the
overall CIF may still increase. These dependencies are also
dynamic and can shift under varying grid conditions. Cur-
rent methods (Zhang and Yan 2023; Yu et al. 2023; Wang
et al. 2024b; Liu et al. 2024a) attempt to model these sorts
of dependencies but only capture partial relationships among
variables, often assuming static or linear interactions, which

limits their ability to fully capture complex and evolving
dependencies. To address these limitations, we adopt Lo-
cal Multiple Regression (LMR) (Fernandez-Macho 2018;
Polanco-Martinez, Fernandez-Macho, and Medina-Elizalde
2020) to dynamically estimate time-varying dependencies
among input variables. Moreover, all the possible combina-
tions of the input variables are systematically encoded into
structured tensors via LMR, enabling Convolutional Neu-
ral Networks (CNNis) to jointly process and learn expressive
representations of CVD.

Multi-Frequency Information CIF dataset inherently re-
flects multi-frequency variation patterns, including both
high-frequency fluctuations and low-frequency trends
shaped by diverse grid dynamics. A typical example of a
higher-frequency pattern is the ramping up of alternative
(often higher-emission) generation sources in response to
sudden declines in solar power output caused by transient
weather events. Conversely, a notably lower-frequency pat-
tern within the same context is the seasonal variation in av-
erage solar irradiance, which directly influences the average
output of solar power systems. Existing methods (Liu et al.
2017; Zhao et al. 2018; Liu et al. 2024b) typically employ
a single wavelet basis, which restricts the ability to extract
diverse and complementary frequency characteristics from
MTS data. Additionally, no existing research considers mod-
eling CVD under multi-frequency, limiting their ability to
capture the frequency-aware dynamic CVD. To handle these
issues, multiple types of wavelet functions are employed to
leverage their distinct sensitivities to different signal struc-
tures. Additionally, the CWT is integrated into the LMR
framework to capture CVD at different time-frequency res-
olutions.

In summary, the key contributions of this work are out-
lined as follows:

* A Local-Temporal Multi-Wavelet Kernel Convolution
(LT-MWKC) module is proposed to extract localized
temporal patterns across multiple frequencies by com-
bining adaptive segmentation with diverse wavelet-based
convolutional kernels.

* We propose a Cross-Variable Dynamic-Wavelet Corre-
lation Convolution (CV-DWCC) module to capture dy-
namic CVD under multi-frequency. It models how cross-
variable relationships evolve across the time-frequency
domain through capturing comprehensive interaction
patterns among input variables.

* By integrating the two proposed modules, our model
achieves state-of-the-art (SOTA) predictive accuracy in
short-term CIF forecasting, outperforming contemporary
methods across four Australian electricity markets char-
acterized by volatile and steady grid CIF patterns. More-
over, the model is designed with built-in interpretability,
enabling an improved understanding of its predictive be-
havior.

Proposed Method

In MTS forecasting, given historical observations X =
{x1,...,x7r} € RT*¥ consisting of T' time steps and N
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Figure 2: Overall architecture of the proposed model.

variables, the objective typically involves forecasting future
observations Y = {Xry1,...,Xr+s} € RS*N | where
S denotes the forecast horizon. In this study, which focuses
solely on predicting CIF, the objective simplifies to forecast-
ing the next S time steps € = {e7(1,...,er s} € RS,

The proposed forecasting model, illustrated in Figure 2,
integrates two parallel modules: (1) LT-MWKC, which cap-
tures LTD enriched by MFI, and (2) CV-DWCC, which
models CVD under multi-frequency. The outputs from each
module are first concatenated and passed through fully con-
nected (FC) layers, followed by a softmax-weighted fu-
sion mechanism that adaptively integrates their contribu-
tions based on learned importance scores.

Local-Temporal Multi-Wavelet Kernel Convolution
Module

To effectively capture LTD in CIF forecasting, the pro-
posed LT-MWKC module segments the input into overlap-
ping patches with varied lengths, allowing for modeling of
LTD at varying time spans, as shown in Figure 3. This
varying-length design enables the model to capture patterns
and trends that may span over different local-temporal dura-
tions. The overlapping design ensures continuity across ad-
jacent time periods, preserving fine-grained transitions and
reducing boundary effects. Each patch is processed by multi-
wavelet in parallel kernels to extract a wealth of wavelet-
specific MFI, while wavelet-based 1D convolutions capture
LTD across varying temporal durations.

Specifically, CNNs have proven effective in time series
analysis (Yang et al. 2015; Mancuso, Piccialli, and Sudoso
2021; Wu et al. 2023) due to their ability to capture hierar-
chical temporal features. Moreover, CNNs can be structured
with filters of varying sizes, allowing them to capture pat-
terns at multiple temporal resolutions (Li et al. 2021; Sun
et al. 2024). As shown in Figure 3, 1D convolutional fil-
ters with varying kernel sizes are applied to the MTS in-
put using a stride of one. Larger kernels enable the model
to aggregate information over longer time intervals, facil-
itating the extraction of extended LTD. Furthermore, the
CWT offers powerful multi-frequency analysis capabilities
for non-stationary signals (Li and Liang 2012; Yan, Gao,
and Chen 2014), due to its continuous translation and scale-
sensitive structure, which enables effective time-frequency
feature extraction as an alternative to standard 1D convo-
lutions. Instead of fixed-shape kernels, we adopt multiple
types of wavelet functions (e.g., Morlet, Mexican Hat) as
convolutional filters, leveraging their complementary time-
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Figure 3: The architecture of LI-MWKC.

frequency characteristics to extract a wealth of wavelet-
specific MFL.

Consequently, the convolutional process is expected to
yield feature maps of various dimensions. Given the trans-
posed input MTS data X*" € RV*T | the multi-wavelet con-
volutional operation can be formulated as:

FH) = MWKCID(X' { &P M stride = 1)
c R(Nka)x(Tkarl).

2

where N denotes the number of input variables and 7" is the
number of time steps. Zj, is the number of filters correspond-
ing to kernel size k € {2,3,...,d}. Tk e RIVXZ0)xk
represents the m-th wavelet kernel of length k, derived from
a distinct wavelet function (e.g., Morlet, Mexican Hat), and
M is the total number of wavelet types used. The operator
MWKCID(-) denotes the 1D convolution operation using
multi-wavelet kernels with stride 1 along the temporal axis.
To integrate the information captured by different wavelet
types, the outputs of the convolutional branches are fused
through a learnable weighted mechanism. The fused output
is computed as:
F/(k Z Qm Xtr)
where (‘I’S,’f ) *X ") denotes the convolution of the input with
the m-th wavelet kernel, and «,,, is a learnable scalar that
adjusts the contribution of each wavelet kernel. Finally, ad-
ditional 1D convolutional blocks enhance the extracted rep-
resentations F/(¥) by deepening local-temporal feature ex-
traction and generating the final feature maps F|

3

Cross-Variable Dynamic-Wavelet Correlation
Convolution Module

To effectively capture CVD under multi-frequency, we pro-
pose the CV-DWCC module, which systematically quanti-
fies dynamic correlations among all the possible combina-
tions of the input variables at multiple frequency resolutions,
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Figure 4: The architecture of CV-DWCC.

as illustrated in Figure 4. The module first computes wavelet
local multiple correlation (WLMC) over time and frequency
for each variable combination, capturing how their inter-
actions evolve at different time-frequency resolutions. The
dominant variable that maximizes the WLMC is selected
within each combination, allowing the model to focus on
the most influential variable driving the interaction and re-
ducing noise from less relevant contributors. By learning
rich correlation representations through 2D convolution, the
CV-DWCC module enables the model to effectively capture
complex and evolving inter-variable structures.

WLMC (Fernandez-Macho 2018; Polanco-Martinez,
Fernandez-Macho, and Medina-Elizalde 2020) is a wavelet-
based method for measuring time-evolving, multi-frequency
correlations in non-stationary MTS. It identifies dominant
variables by computing the maximum coefficient of deter-
mination from locally weighted regressions on wavelet co-
efficients, making it well-suited for capturing dynamic CVD
in CIF forecasting. The WLMC builds upon the concept
of wavelet-based LMR, as introduced in (Fernandez-Macho
2018; Polanco-Martinez, Fernandez-Macho, and Medina-
Elizalde 2020). In our study, it is applied to the transposed
input MTS data X*" € RN*T For each target variable
X! € X and a fixed time point s € {1,...,7T}, the LMR
loss is estimated as the weighted sum of squared residuals:

L= 00— 9)[fs (Xoio) = Xid]®, @

where 0(t — s) is a temporal weighting function assigning
higher importance to observations near s, and fs(X_; ;) de-
notes the local regression function estimated from all vari-
ables excluding the target X,;. The corresponding local co-
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efficient of determination is given by:

20— s) [fs(Xoi) — Xi)
00t —s) [Xiy— Xia]”

where X i,s 18 the locally weighted mean of X,;.

To capture time-frequency localized CVD, we apply
CWT instead of Maximal Overlap Discrete Wavelet Trans-
form (MODWT) used in (Fernandez-Macho 2018; Polanco-
Martinez, Fernandez-Macho, and Medina-Elizalde 2020) to
each input variable. CWT provides better time-frequency
resolution and is particularly effective for modeling short-
term variability and MFL Let W, = (w1 ,j,...,WnN,jt)
represent the CWT coefficients of each variable at scale
j=1,...,J. The WLMC coefficient ¢ x 5(j) at each scale
7 and time s is computed as the square root of the local coef-
ficient of determination corresponding to the dominant vari-

able:
= argmax R?)S(i),

ox,s(7) = /RS (15 ), with 75, =
ie{l,...,N}
(6)

where R? (i) measures the local regression fit for variable
X, at time s and scale j, and zjs denotes the index of the

dominant variable that maximizes R? at that time and scale.

WLMC is applied across all the possible combinations
of the input variables derived from the input X!", forming
structured correlation tensors C € RN*IXT where A is
the number of combinations, .J is the number of CWT scales,
and T is the time dimension. In parallel, the dominant-
variable for each variable combination is selected as the one
that maximizes the local multiple correlation R? (i) at each
scale j and time step s. These WLMC feature maps and

R2=1

S

)



corresponding dominant-variable feature maps are then pro-
cessed jointly by 2D convolutional layers, formulated as fol-
lows:

Fp = CODV?D([CP || DP},Kcv), (7)

where Cp € R7*T is the WLMC feature map for a given
variable combination P, Dp € R”7*T is the corresponding
dominant-variable feature map, || denotes channel-wise con-
catenation, and Kcv is a learnable 2D convolutional kernel.

Experiment
Data Sets

To assess the performance of the proposed model for CIF
forecasting, this paper has selected four states in Australia:
New South Wales (NSW), South Australia (SA), Queens-
land (QLD), and Victoria (VIC). The selection of these re-
gions for our case study aims to validate the ability of the
proposed model to handle the intricacies of CIF forecasting
in conventional and renewable-centric energy systems.

NSW, in southeastern Australia, is the most populous
state and relies primarily on coal and gas for its electric-
ity. VIC, also in the southeast, shows similar non-renewable
reliance but with a higher share from solar and hydro and
less from wind. QLD, in the northeast, remains strongly
fossil-fuel-based, with coal and gas as the dominant sources.
In contrast, SA, in the south-central region, is renewable-
dominated, with wind and solar as the main sources. We note
that these preliminary findings highlight the potential of the
proposed model, and emphasize that further evaluation on a
broader test set is needed to confirm its generalizability. The
datasets span from January 1, 2020, to December 31, 2023,
with hourly intervals.

Five relevant input variables, including CIF, GLD, REG,
NEG, and temperature, are considered, which have been
commonly used in prior studies (Aryai and Goldswor-
thy 2023; Peng et al. 2024; Zhang and Wang 2023;
Maji, Shenoy, and Sitaraman 2023). These datasets are
sourced from the Australian Energy Market Operator
(AEMO) ([dataset] Australian Energy Market Operator
(AEMO) 2023) and Open Platform for National Electric-
ity Market (OpenNEM) ([dataset] McConnell et al. 2023)
platforms. Rather than aiming for optimal CIF forecasting
through an exhaustive dataset, this study highlights promis-
ing forecasting performance achieved by the model using a
limited set of input variables.

Experimental Setup

The model performance is evaluated using three metrics:
Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and Symmetric Mean Absolute Percentage Error
(SMAPE).

To ensure a comparative analysis and validate the effec-
tiveness of our proposed model, we select benchmark mod-
els commonly used in CIF forecasting and SOTA methods
in MTS forecasting. We include LSTM and Support Vector
Regression (SVR), two widely used models in CIF forecast-
ing research, for performance comparison (Riekstin et al.
2018; Aryai and Goldsworthy 2023; Cai et al. 2023; Maji,
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Shenoy, and Sitaraman 2023; Peng et al. 2024). Addition-
ally, we incorporate SOTA deep learning methods designed
for MTS forecasting, including LSTNet (Lai et al. 2018),
Crossformer (Zhang and Yan 2023), Informer (Zhou et al.
2021), TimesNet (Wu et al. 2023), DLinear (Zeng et al.
2023a), Non-stationary Transformers (NonStaFormer) (Liu
et al. 2022), PatchTST (Nie et al. 2023), iTransformer (Liu
et al. 2024a), TimeMixer (Wang et al. 2024a), and WP-
Mixer (Murad, Aktukmak, and Yilmaz 2025).

The dataset is structured into samples, each consisting of
24 hours of input variables and the subsequent 24 hours of
CIF as prediction targets. These input-output pairs are gen-
erated using a sliding window method with a 1-hour step,
producing a total of 35,017 samples per state. A 5-fold cross-
validation strategy is employed, with final results averaged
over all five test folds. Grid search is used to individually
tune all models, including our proposed model, for each state
to ensure fair comparison in the CIF forecasting task.

Overall Results

The performance of all models was assessed using RMSE,
MAE, and SMAPE for NSW, SA, QLD, and VIC, as de-
tailed in Table 1. Across all evaluation metrics, the proposed
model consistently achieved the most accurate predictions in
four regions.

We illustrate the forecasting performance of our proposed
model against SOTA models under varying grid conditions
by presenting results on four representative days in Figure
5. These cases are selected based on the largest and small-
est variations in the CIF observed in NSW and SA over the
test period. In Figures 5(a) and 5(c), which correspond to
high-variation scenarios, our model (red dashed line) aligns
closely with the actual CIF curves (black solid line), captur-
ing rapid changes and turning points more accurately than
competing SOTA models. Notably, while some alternative
models, such as NonStaFormer or TimesNet in Figure 5(c),
partially follow the trend, they tend to either smooth out
peaks or lag behind sharp transitions. This limitation is par-
ticularly critical in scenarios where CIF forecasts are used
for day-ahead load scheduling and operational planning. In
contrast, as shown in Figures 5(b) and 5(d), the CIF series
are relatively stable, and the forecasting task involves main-
taining accuracy over flatter trajectories. Under these con-
ditions, our model continues to outperform other methods,
maintaining a lower error and closely tracing the observed
values. These examples reinforce the effectiveness of our
proposed model in adapting to both volatile and steady grid
CIF patterns.

Ablation Study

The proposed model includes two key modules: LT-MWKC
and CV-DWCC. To assess their individual impact on fore-
casting performance, an ablation study is conducted. The
complete model is used as the baseline, and two ablation
scenarios are evaluated: 1) without (w/0) LT-MWKC and 2)
w/o CV-DWCC. The results in Table 2 reveal insights as fol-
lows: 1) Removing LT-MWKC results in a 22.0% increase
in MAE in NSW, 42.8% in SA, 31.8% in QLD, and 30.3% in



NSW SA QLD VIC
Model RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE
Proposed model  47.09 36.56 5.25 99.27 70.29 32.21 31.17 19.46 2.96 79.36 57.93 7.13
LSTM 55.57 43.59 6.25 147.51 109.07  47.19 50.01 32.28 5.02 114.06  84.31 10.40
SVR 67.58 46.76 6.73 15475 11642  53.29 58.24 39.23 6.01 145.87 110.35  13.55
LSTNet 50.53 39.45 5.68 12535 96.23 43.37 52.08 38.98 5.99 98.85 76.72 9.53
Crossformer 51.68 40.72 5.82 130.51 101.15  45.01 39.81 28.71 4.47 91.08 70.88 8.78
Informer 66.80 50.10 7.35 158.95 124.54  54.30 51.91 37.42 5.82 141.54 112.64  13.81
TimesNet 49.33 38.20 5.49 13298  98.21 43.61 38.41 25.61 3.87 96.11 72.28 8.80
DLinear 50.57 39.26 5.63 135.74 106.64  47.03 42.50 28.85 4.54 97.67 74.79 9.31
NonStaFormer 49.12 38.17 5.51 126.77  96.07 43.10 39.62 26.82 4.04 95.09 73.36 8.89
PatchTST 48.79 37.45 5.38 13949 10292 4471 39.08 25.64 3.87 99.80 74.75 9.10
iTransformer 48.08 37.10 5.33 132.99  98.02 43.32 48.20 33.36 4.99 110.66  85.58 10.37
TimeMixer 47.79 36.79 5.28 13450 100.95  44.67 39.08 25.99 3.93 96.31 72.34 8.81
WPMixer 49.64 38.19 5.47 143.20 106.69  46.55 39.02 25.51 3.84 102.08  76.96 9.37

Table 1: Overall performance of the proposed model and SOTA models based on RMSE (g CO;-e/kWh), MAE (g

CO;-e/kWh), and SMAPE (%) in NSW, SA, QLD, and VIC.
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Figure 5: Forecasting results with MAE in four example cases:

the smallest variation in NSW (b) and SA (d).

VIC, highlighting the importance of localized temporal pat-
tern extraction enriched by MFI. Without this module, the
model struggles to capture short-term variations, especially
under high volatility conditions like those in SA. 2) Exclud-
ing CV-DWCC results in even larger performance degrada-
tion: MAE increases by 52.5% in NSW, 48.8% in SA, 61.4%
in QLD, and 46.6% in VIC. This confirms that effectively
capturing dynamic cross-variable dependencies at different
time-frequency resolutions is highly beneficial for accurate
forecasting.

Interpretability

Grad-CAM is an explainability technique designed for
CNN s that highlights influential input regions by computing
gradients of the model output relative to the convolutional
feature maps. Motivated by the fact that it has been used
in both computer vision (Selvaraju et al. 2017; Chakraborty
et al. 2022) and MTS analysis tasks (Li et al. 2023; Van Zyl,
Ye, and Naidoo 2024). It is utilized to provide insights into
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the prediction mechanism of the proposed model.

As an exploration of model interpretability, we analyze a
representative case from SA, selected for its complex CIF
dynamics. At around 4:00 PM on 12 November 2022, se-
vere weather triggered a double-circuit transmission tower
failure in SA, causing both the South East-Tailem Bend 275
kV lines and the Keith-Tailem Bend 132 kV line to trip,
as reported in (Australian Energy Market Operator (AEMO)
2022a,b). This event isolated the SA power system from
the NEM, leading to frequency and voltage fluctuations.
High levels of REG, particularly distributed photovoltaics,
increased system management challenges during the separa-
tion. To maintain system stability, REG was curtailed, while
NEG was increased to provide essential frequency control
services, as shown in Figure 6. The prediction on 13 Novem-
ber 2022 shows good performance, indicating the ability of
the model to learn post-event patterns and capture the trend
following the atypical incident.

Grad-CAM scores averaged across input variables and



NSW SA QLD VIC
Ablation setting RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE
wOLTMWKC 5790  44.60 655 132.89 10037 4459  44.66 2564 414  101.80 7546  9.34
w/o CV-DWCC 7047 5578 822 13773 10456 4600 4880 3141 473 11154 8491 1047
Complete model ~ 47.09 3656 525 9927 7029 3221 3117 1946 296 7936 5793 7.3

Table 2: Ablation study results on forecasting performance in NSW, SA, QLD, and VIC.
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Figure 6: Predicted CIF for 13 November 2022 based on
MTS input from 12 November 2022.

plotted over 24 time steps are shown in Figure 7(a). A clear
rise is observed after the atypical event at time step 16
(4PM, November 12, 2022), indicating increased feature
saliency following the outage. The importance of input vari-
ables over time steps is visualized in Figure 7(b), showing
that during the initial period following the incident, when
REG is curtailed and NEG increases, the model appropri-
ately prioritizes NEG. Afterwards, the model shifts focus to
REG as renewable output gradually stabilizes and resumes
its influence on CIF. The increased feature saliency to REG
may indicate that the model has learned patterns associ-
ated with severe weather that lead to large-scale curtailment,
which eventually passes and results in a sudden rebound in
REG. This case serves as an initial investigation into model
interpretability, and future work will extend the analysis to
a broader range of scenarios and regions to further validate
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Figure 7: Grad-CAM visualizations for 12 Nov 2022: (a)
overall feature importance averaged across all variables, and
(b) detailed variable-wise importance over time.

the interpretability of the model.

Conclusion

This study presents a novel deep learning model for short-
term CIF forecasting, tailored to capture the intricate depen-
dencies and complex patterns within the data. The proposed
model integrates two parallel modules: an LT-MWKC mod-
ule for capturing localized temporal patterns enriched by
MFI, and a CV-DWCC module for modeling dynamic inter-
variable dependencies across multiple frequencies. Empir-
ical evaluations across electricity grids in four Australian
states with different fuel mixes demonstrate that the pro-
posed model achieves SOTA performance across all exam-
ined performance metrics. In SA, where CIF patterns are
highly volatile, our proposed model shows even more pro-
nounced gains, achieving an MAE that is 26.9% lower than
even the best-performing comparative model examined. Ab-
lation studies confirm the complementary strengths of the
LT-MWKC and CV-DWCC modules. Our analysis suggests
that the model delivers interpretable insights that are practi-
cally valuable, as shown in the examination of a highly atyp-
ical grid outage event. Future work will explore the general-
izability of the model across global electricity markets and
focus on developing load optimization methods that actively
leverage real-time CIF forecast signals.
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