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Abstract

Real-world power load series exhibit pronounced non-stationarity and complex spatiotem-
poral dependencies, while the black-box nature of deep learning limits its credibility in 
industrial dispatching. This paper proposes a probabilistic short-term load forecasting 
model integrating multi-scale temporal modeling and learnable frequency-domain filtering 
to improve forecasting accuracy, uncertainty quantification, and interpretability. The model 
employs parallel temporal and frequency branches. The temporal branch uses multi-scale 
patches to capture local fluctuations and long-range dependencies, while the frequency 
branch applies a learnable complex-valued filter to extract dominant global seasonal pe-
riodicities. A dynamic gating mechanism adaptively fuses features from both domains, 
and quantile regression generates prediction intervals. On the Quanzhou and Australian 
datasets, the proposed model achieves mean absolute percentage errors of 0.49% and 0.77%, 
respectively. The corresponding prediction interval coverage probabilities are 79.18% and 
80.65%, both close to the nominal coverage of 80%. A SHapley Additive exPlanations 
(SHAP)-based post hoc attribution framework further identifies key factors influencing 
predictions through feature contributions. The results suggest that the proposed model 
effectively combines local temporal fluctuations with global frequency-domain periodic 
information and provides a degree of post hoc interpretability, supporting accurate proba-
bilistic load forecasting and a clearer understanding of the model’s predictions.

Keywords: short-term power load forecasting; time-frequency fusion; transformer; quantile 
regression; SHAP explainability

1. Introduction
The transition toward carbon peaking and carbon neutrality, together with the de-

velopment of new power systems, is increasing the complexity of electricity supply and 
demand [1,2]. Large-scale renewable energy integration and the growing use of interac-
tive electrical devices have made load profiles more variable [3]. Meanwhile, the com-
bined effects of weather conditions, calendar factors, and stochastic user behavior give rise 
to pronounced non-stationarity, multiple periodic patterns, and nonlinear load fluctua-
tions [4]. Accurate load forecasting is therefore essential for secure grid operation and 
efficient dispatch, while complex and changing operating conditions place greater demands 
on forecasting methods [5].

Traditional statistical and shallow machine learning methods, including the autoregres-
sive integrated moving average (ARIMA) model [6] and support vector machine (SVM) [7], 
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offer relatively simple structures and fast model fitting but have difficulty representing 
highly nonlinear and volatile load patterns. Deep learning methods, such as long short-term 
memory (LSTM) networks [8] and temporal convolutional networks (TCNs) [9], have 
improved the modeling of temporal dependencies. Nevertheless, limitations associated 
with local receptive fields and the retention of long-range information can restrict their 
ability to represent non-stationary load dynamics across multiple time scales.

Through matrix-based self-attention, Transformer models process all time steps of 
the input sequence in parallel during training, enabling efficient processing of large vol-
umes of historical observations [10]. Reference [11] proposed a load forecasting method 
based on multi-frequency sequence feature analysis and multi-point modified FEDformer, 
which enhances the model’s ability to capture complex periodic patterns. Reference [12] 
developed a short-term load forecasting model based on the residual fusion of Autoformer 
and Transformer. By dynamically integrating sequence decomposition features and global 
attention information through an adaptive mechanism, this model improves the modeling 
of complex load fluctuations. To overcome the drawback that point-wise attention may dis-
rupt local semantics, Reference [13] proposed a secondary decoupling reconstruction load 
forecasting method based on the PatchTST architecture. Through patching, this method 
preserves the local semantics of load sequences while improving the efficiency of dynamic 
load feature extraction. Reference [14] proposed a load forecasting method based on modal 
decomposition and an improved iTransformer. By decoupling load sequences and employ-
ing an inverted-dimension architecture, this method improves the representation of global 
temporal features.

Multi-domain feature fusion has attracted increasing attention as a way to address 
the limitations of modeling from a single perspective. Reference [15] proposed an end-
to-end medium-term load forecasting framework based on multi-channel techniques and 
time-frequency domain fusion. By simultaneously extracting temporal and frequency-
domain features and employing a multi-channel collaborative mechanism, this framework 
jointly models the dynamic evolution patterns of sequences and learns multi-scale feature 
representations in the time-frequency space. Reference [16] proposed a multi-scale time-
frequency complementary load forecasting method for integrated energy systems. By 
using hierarchical downsampling and seasonal-trend decoupling techniques, this method 
separately extracts local non-stationary fluctuations in the time domain and global periodic 
components in the frequency domain, thereby improving the integration of complementary 
multi-scale information across the two domains.

Although the aforementioned multi-domain fusion models have made significant 
progress in capturing complex temporal patterns, further improvements are still needed in 
the adaptive representation and interaction of local non-stationary fluctuations and global 
periodic information. First, in terms of feature extraction and interaction, some existing 
methods rely on predefined signal decomposition or fixed feature aggregation. Although 
these strategies can effectively incorporate time-frequency information, they do not explicitly 
combine learned spectral representations with input-dependent routing between temporal 
and frequency-domain features within a unified framework. From a physical perspective, 
power load sequences inherently involve both local abrupt variations and macroscopic 
periodic patterns [17]. Therefore, reducing reliance on manually specified assumptions and 
enabling input-dependent interaction between temporal and frequency-domain features 
are crucial for improving multi-scale forecasting accuracy. Second, from the perspective 
of model credibility and operational security, existing multi-domain fusion studies still 
face the dual challenge of quantifying extreme fluctuation risks and interpreting model 
predictions. On the one hand, most existing models mainly focus on deterministic point 
forecasting and provide limited information about forecasting uncertainty, making it difficult 
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to assess the risks associated with load fluctuations. On the other hand, the increasing 
complexity of time-frequency models makes it difficult to interpret the contributions of input 
features to model predictions. Therefore, uncertainty quantification and complementary 
interpretability analyses are needed to improve the interpretability and practical credibility 
of load forecasting models [18].

To address the above issues, this paper proposes an end-to-end probabilistic load 
forecasting model based on time-frequency dual-domain fusion. The model employs a 
multi-scale temporal branch and a learnable frequency-domain filtering branch in par-
allel to capture local fluctuations and global periodic patterns, respectively. Unlike the 
decomposition-based multi-channel framework in [15], the proposed model learns these 
representations directly from the input sequences without a separate VMD stage, thereby 
simplifying the preprocessing pipeline and avoiding additional decomposition parameter 
selection. The resulting temporal and spectral representations are then fused through a 
dynamic gating mechanism, which uses their joint context to generate feature-wise fusion 
weights for each input window. Compared with the cascaded multi-scale mixing and 
frequency-domain interpolation framework in [16], the proposed design applies temporal 
encoding and spectral filtering to the same normalized input in parallel, then uses both 
outputs to determine their relative contributions to the fused representation. This provides 
a flexible way to combine local fluctuations and periodic information under different load 
conditions. Finally, quantile regression is incorporated to generate prediction intervals, 
while SHAP-based post hoc analysis explains the model predictions in terms of input feature 
contributions. The main contributions of this paper are summarized as follows:
(1) A parallel time-frequency dual-domain framework is developed for short-term proba-

bilistic load forecasting. The multi-scale patch-based temporal branch captures local 
fluctuations and long-range dependencies at different temporal resolutions, while the 
frequency-domain branch employs a learnable complex-valued filter to refine global 
periodic information. The architectural contribution lies in jointly learning multi-scale 
temporal and filtered spectral representations through parallel paths from the same 
normalized historical input, without requiring a separate decomposition stage. This 
makes spectral refinement part of the trainable feature-extraction process alongside 
multi-scale temporal encoding.

(2) An input-dependent gated fusion mechanism coordinates the temporal and spectral 
branches at the feature level. For each input window, the concatenated representa-
tions jointly determine a gating vector whose elements control the relative contribu-
tions of the two domains to the corresponding fused features. This design allows 
the temporal–spectral balance to vary across features and input windows, providing 
a flexible alternative to fixed-weight aggregation. Ablation results and the learned 
gating-value distributions support the effectiveness and input-dependent behavior of 
the fusion design.

(3) A unified probabilistic forecasting and post hoc interpretation framework is developed 
on the proposed dual-domain architecture. The fused time-frequency representa-
tion supports the joint estimation of median forecasts and interval bounds through 
multi-quantile regression, incorporating uncertainty quantification directly into the 
forecasting network. SHAP complements these probabilistic outputs by quantify-
ing the contributions of historical input features to the central forecast, providing a 
feature-level explanation of the information underlying the model’s prediction.

2. Problem Definition and Theoretical Foundation
Power load forecasting aims to extract the inherent patterns and periodic characteristics 

of load sequences from historical observations, thereby providing an estimate of future load 
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variations. In practical and complex dispatching scenarios of new power systems, dispatch 
centers require not only accurate reference values for short-term operational scheduling 
but also reasonable reserve capacity to cope with extreme load fluctuations. Therefore, this 
paper aims to construct an integrated forecasting framework that simultaneously considers 
high-accuracy deterministic point forecasting and reliable probabilistic interval forecasting. 
Given a multivariate time series containing D feature variables, at the current time step t, 
the data within a historical look-back window of length T are defined as the input feature 
matrix X, which is expressed as:

X = [x𝑡−𝑇+1, x𝑡−𝑇+2, … , xt]⊤ (1)

where 𝑥𝑖 denotes the observed feature vector at the i-th historical time step. A traditional 
deterministic forecasting model learns a deterministic mapping and outputs a single point 
forecast sequence 𝑌̂ for the future 𝐿 time steps. However, in a highly non-stationary power 
grid environment, a single point forecast provides limited warning information about 
extreme-value risks. To overcome this limitation, this paper designs a deep time-frequency 
fusion network 𝑓𝜃 parameterized by 𝜃. Given a target quantile set 𝑄 = {𝑞1, 𝑞2, … , 𝑞𝑘}, the 
proposed model can simultaneously output, in parallel, a set of predicted sequences 𝑌̂ for 
the future 𝐿 steps at different quantile levels:

𝑌̂ = 𝑓𝜃(𝑋) = {𝑌̂𝑞𝑖 ∣ 𝑞𝑖 ∈ 𝑄} (2)

Specifically, for the future time step 𝑡 + ℎ, where ℎ ∈ {1, 2, … , 𝐿}, and a specific quantile 
level 𝑞, the predicted value ˆ𝑦𝑞

𝑡+ℎ output by the model represents the 𝑞-th quantile of the 
probability distribution of the future actual load 𝑦𝑡+ℎ. Under ideal calibration, the probability 
that the actual load value is less than or equal to the predicted value is equal to 𝑞:

𝑃(𝑦𝑡+ℎ ≤ ˆ𝑦𝑞
𝑡+ℎ ∣ 𝑋) = 𝑞 (3)

Based on the above multi-quantile outputs, the proposed model can support both 
point forecasting and interval forecasting. Taking the target quantile set 𝑄 = {0.1, 0.5, 0.9}
as an example, the median prediction sequence 𝑌̂0.5 output by the model, namely 𝑞 = 0.5, 
represents the most probable future load trajectory under the criterion of minimizing the 
expected absolute error. It can be directly used as the baseline load curve for conventional 
short-term operational scheduling and economic dispatch. The combination of the upper 
and lower quantile prediction sequences [𝑌̂0.1, 𝑌̂0.9] constructs a prediction interval with a 
confidence level of 80%.

2.1. Quantile Regression
Traditional point forecasting cannot quantify the uncertainty of load fluctuations. 

Quantile regression does not require strict assumptions about the residual distribution and 
can robustly estimate conditional quantiles at different probability levels.

For a target quantile 𝑞 ∈ (0, 1), the model uses the asymmetric Pinball Loss function 
to optimize the network parameters. Given the actual load 𝑦 and the predicted value ˆ𝑦𝑞, the 
single-sample loss is defined as:

𝐿𝑞(𝑦, ˆ𝑦𝑞) =
{


𝑞(𝑦 − ˆ𝑦𝑞), 𝑦 ≥ ˆ𝑦𝑞

(1 − 𝑞)( ˆ𝑦𝑞 − 𝑦), 𝑦 < ˆ𝑦𝑞 (4)

Pinball Loss imposes asymmetric penalties on overestimation and underestimation 
through the weights 𝑞 and 1 − 𝑞, thereby driving the model to output specific probabilis-
tic boundaries. In the proposed multi-quantile architecture, for the target quantile set 
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𝑄 = {𝑞1, … , 𝑞𝑘} and the prediction horizon 𝐿, the total objective function 𝐿total is defined as 
the average loss over all forecasting steps and target quantile levels:

𝐿total =
1

𝐿 × |𝑄|

𝐿
∑
ℎ=1

∑
𝑞∈𝑄

𝐿𝑞(𝑦𝑡+ℎ, ˆ𝑦𝑞
𝑡+ℎ) (5)

By minimizing 𝐿total, the model can simultaneously output the median point fore-
cast (𝑞 = 0.5) and the upper and lower bounds of the probabilistic prediction interval for 
quantifying extreme-value risks.

2.2. SHAP-Based Post Hoc Explainability Theory
Deep learning models are often regarded as difficult-to-interpret “black boxes” in load 

forecasting. To quantify input feature contributions to the predictions, this study employs 
the SHAP (Shapley Additive Explanations) post hoc attribution framework.

SHAP treats the prediction process as a cooperative game among features, thereby 
quantifying the marginal contribution of each feature to the final output. For a feature set 𝐹, 
the Shapley value 𝜙𝑖 of the i-th feature is defined as:

𝜙𝑖 = ∑
𝑆⊆𝐹r{𝑖}

|𝑆|!(|𝐹| − |𝑆| − 1)!
|𝐹|! [𝑣(𝑆 ∪ {𝑖}) − 𝑣(𝑆)] (6)

where 𝑆 denotes any feature subset that does not contain feature 𝑖, and 𝑣(𝑆) represents 
the expected model output when only the subset 𝑆 is used. SHAP satisfies the important 
property of local accuracy, meaning that the sum of the attribution values of all features is 
strictly equal to the difference between the prediction value 𝑓 (𝑥) of the current sample and 
the baseline expected output 𝜙0:

𝑓 (𝑥) = 𝜙0 +
|𝐹|
∑
𝑖=1

𝜙𝑖 (7)

For the dual-branch network proposed in this paper, a gradient-based explainer is 
adopted to perform approximate computation through backpropagation. Through this 
feature attribution mechanism, SHAP provides a solid quantitative basis for interpreting 
the model’s predictions.

3. Time-Frequency Dual-Domain Load Forecasting Model
3.1. Overall Architecture Design

Unlike methods that rely on time-domain modeling alone or predefined static decom-
position, the proposed model jointly models local fluctuations in the time domain and 
periodic structures in the frequency domain within an end-to-end framework and realizes 
adaptive fusion of dual-domain information through dynamic gating. As shown in Figure 1, 
the overall workflow of the model comprises the following four stages:

(1) Input and preprocessing stage: Given a multivariate time series matrix 𝑋 containing 
historical load and meteorological covariates, the model first passes it through the 
reversible instance normalization (RevIN) module. This module independently cal-
culates and caches the mean 𝜇 and standard deviation 𝜎  of each feature along the 
temporal dimension:

𝜇 =
1
𝑇

𝑇
∑
𝑡=1

𝑥𝑡, 𝜎 = √ 1
𝑇

𝑇
∑
𝑡=1

(𝑥𝑡 − 𝜇)2 + 𝜖 (8)
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(2) Parallel time-frequency dual-branch extraction stage: The normalized sequence is fed 
simultaneously into parallel temporal-domain and frequency-domain feature extrac-
tion branches to extract complementary representations. The temporal branch focuses 
on capturing local nonlinear abrupt changes and long-range contextual dependen-
cies in the load sequence, while the frequency branch is dedicated to refining global 
periodic patterns and suppressing high-frequency random noise. Together, the two 
branches characterize complementary aspects of load dynamics.

(3) Dynamic gated fusion stage: An adaptive gating mechanism is introduced to perform 
nonlinear fusion of dual-domain features. This mechanism dynamically calculates 
fusion weights according to the time-frequency context of the input sequence and 
adaptively adjusts the model’s attention to temporal local details or frequency-domain 
global periodic patterns. This produces a fused representation that combines local 
temporal information with global periodic features.

(4) Denormalized probabilistic forecasting stage: The fused feature vector is fed into 
parallel quantile regression heads. The model simultaneously computes the prediction 
results under the target quantile set, such as 𝑞 ∈ {0.1, 0.5, 0.9}. Finally, the statistical 
mean 𝜇 and standard deviation 𝜎  cached by the RevIN module in the first stage are 
used to perform inverse scaling and shifting on the prediction results:

ˆ𝑦𝑞
𝑡+ℎ =

ˆ𝑦𝑞
𝑡+ℎ − 𝛽

𝛾 ⊙ 𝜎 + 𝜇 (9)

Thus, the load interval forecasting sequence 𝑌̂ is restored to its original physical scale.

Figure 1. Overall architecture of the proposed model.

3.2. Multi-Scale Temporal Feature Branch
The traditional point-wise attention mechanism is computationally demanding and 

may disrupt the local semantics of time series. To address these limitations, this branch 
introduces multi-scale patching and the Transformer architecture to efficiently capture local 
nonlinear abrupt changes and long-range contextual dependencies in load sequences. As 
illustrated in Figure 2, given the original input sequence 𝑋, the model adopts multiple patch 
lengths in parallel, such as 𝑃 ∈ {4, 8, 12}, to divide the sequence into non-overlapping local 
segments. After linear projection and positional encoding, these segments are mapped into 
high-dimensional token sequences. Then, the multi-head self-attention mechanism of the 
Transformer encoder is used to conduct deep feature interaction within a global receptive 
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field, producing the temporal representation 𝑍(𝑃). Subsequently, the final token is extracted 
from the output sequence at each scale:

𝑧(𝑃)
last = 𝑍(𝑃)[𝑁, ∶] (10)

After self-attention processing, this token summarizes the global historical context 
within the look-back window. Finally, the tail tokens extracted from all scales are concate-
nated along the feature dimension and compressed through the multi-scale projection layer 
𝑊ms, yielding the final temporally aggregated feature:

𝐻time = 𝑊msConcat(𝑧(𝑃1)
last , … , 𝑧(𝑃𝑚)

last ) (11)

The feature 𝐻time can characterize load dynamics and evolution trends from different 
scale perspectives.

Figure 2. Schematic diagram of sequence segmentation with Patch = P.

3.3. Learnable Frequency-Domain Feature Extraction Branch
Power load sequences exhibit strong periodic patterns driven by human daily routines. 

To capture these global periodic patterns, this branch introduces a learnable frequency-
domain filtering mechanism based on the discrete Fourier transform. The module first 
applies the real fast Fourier transform (rFFT) to the normalized sequence. By exploiting the 
conjugate symmetry of real-valued signals, only the first ⌊𝑇/2⌋ + 1 independent valid fre-
quency components are retained to obtain the frequency-domain representation 𝐹, thereby 
reducing redundant computational overhead. Subsequently, a learnable complex-valued 
filter 𝑊filter is introduced. After expressing 𝐹 as a real-valued tensor containing its real and 
imaginary components, the model performs element-wise multiplicative modulation:

𝐹 = 𝐹 ⊙ 𝑊filter (12)

This operation uses learned spectral weights to refine dominant periodic components 
and suppress high-frequency noise. The filter 𝑊filter is optimized jointly with the forecasting 
network during training and shared across input samples. Its parameters remain fixed 
during inference, although the filtered representation varies with the input spectrum. 
Finally, the inverse fast Fourier transform (iFFT) is applied to restore the representation 
to the time-domain space, and a linear projection produces the global periodic feature 
representation 𝐻freq. This global periodic representation complements the local abrupt-
change feature 𝐻time extracted by the multi-scale temporal module. Input-dependent fusion 
is implemented by the subsequent gating module in Section 3.4, which generates fusion 
weights for each input window.
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3.4. Dynamic Gated Fusion Mechanism
To account for variations in the relative importance of global periodicity and local 

abrupt changes, the model uses a dynamic gated fusion mechanism based on sigmoid 
activation to adaptively balance time-frequency dual-domain features. Given the multi-
scale temporal feature 𝐻time and the frequency-domain periodic feature 𝐻freq, the model 
first concatenates them along the feature dimension to construct a joint representation 
𝐻concat = [𝐻time; 𝐻freq]. Then, the joint representation is passed through a single-layer linear 
transformation and the sigmoid activation function 𝜎(⋅) to generate a dynamic gating vector 
𝐺, whose elements lie in (0,1):

𝐺 = 𝜎(𝑊gate𝐻concat + 𝑏gate) (13)

where 𝑊gate and 𝑏gate are learnable parameters of the gating network. Finally, the weight 
𝐺 is used to perform element-wise weighted combination of the dual-domain features, 
producing the final fused representation 𝐻final:

𝐻final = 𝐺 ⊙ 𝐻time + (1 − 𝐺) ⊙ 𝐻freq (14)

Through this soft selection mechanism, the model realizes implicit feature routing and 
enhances its robustness in complex non-stationary environments.

3.5. Multi-Quantile Prediction Head and Objective Function
To support both point forecasting and interval forecasting, parallel multi-quantile 

regression heads are applied to the fused representation 𝐻final. For the predefined target 
quantile set 𝑄 = {𝑞1, … , 𝑞𝑘}, such as 𝑄 = {0.1, 0.5, 0.9}, the model uses a separate linear 
mapping for each quantile to produce the prediction sequence 𝑌̂𝑞 for the future 𝐿 steps on 
the normalized scale:

𝑌̂𝑞 = 𝑊𝑞𝐻final + 𝑏𝑞, ∀𝑞 ∈ 𝑄 (15)

where 𝑊𝑞 and 𝑏𝑞 are the weight and bias corresponding to quantile 𝑞, respectively. Then, 
using the local mean 𝜇, standard deviation 𝜎 , and learnable affine parameters 𝛾 and 𝛽
cached during the forward pass, 𝑌̂𝑞 is transformed back to the load forecasting sequence in 
real physical units:

𝑌̂𝑞 =
𝑌̂𝑞 − 𝛽

𝛾 ⊙ 𝜎 + 𝜇 (16)

The model is trained end to end by minimizing the joint pinball loss 𝐿:

𝐿 =
1

|𝑄| ⋅ 𝐿 ∑
𝑞∈𝑄

𝐿
∑
ℎ=1

max(𝑞 ⋅ 𝑒𝑞
𝑡+ℎ, (𝑞 − 1) ⋅ 𝑒𝑞

𝑡+ℎ) (17)

where 𝑒𝑞
𝑡+ℎ = 𝑦𝑡+ℎ − ˆ𝑦𝑞

𝑡+ℎ denotes the difference between the actual load and the quantile 
prediction at time step 𝑡 + ℎ. Guided by this asymmetric loss, the model can simultaneously 
achieve median point forecasting and interval boundary forecasting.

4. Experimental Results and Analysis
To evaluate the effectiveness of the proposed architecture across different geograph-

ical and meteorological contexts, two real-world load datasets from Quanzhou, Fujian, 
China, and Australia are used. The Quanzhou and Australian datasets are provided in 
Supplementary Materials S1. Both datasets contain regionally aggregated electricity load 
measurements. Their main characteristics are summarized in Table 1.
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Table 1. Main characteristics of the two load datasets.

Characteristic Quanzhou Dataset Australian Dataset

Observation period 1 January 2016 to 7 November 2018 1 January 2006 to 1 January 2011
Sampling interval 15 min 30 min

Number of valid observations 100,000 87,648
Load range (MW) 1306–12,296 5498–14,274
Mean load (MW) 6924 8894

Input feature groups Historical load, weather, and 
calendar features

Historical load, weather, electricity 
price, and calendar features

Input dimensionality 15 15

For Quanzhou, the six original input variables are historical load, maximum, minimum, 
and mean temperatures, humidity, and rainfall. For Australia, they are historical load, dry-
bulb, dew-point, and wet-bulb temperatures, humidity, and electricity price. Both datasets 
additionally include a holiday indicator, a working-day indicator, and seven day-of-week 
indicators, resulting in 15 input dimensions. Electricity load is the prediction target for 
both datasets.

For both datasets, a sliding-window mechanism is used to construct sequential samples, 
with a historical observation window of 96 time steps and a prediction horizon of 4 time steps. 
Given the 15-min sampling interval of the Quanzhou dataset, these settings correspond 
to a 24-h historical window and forecasts for the next hour at 15-min intervals. For the 
Australian dataset, which has a 30-min sampling interval, the same settings correspond 
to a 48-h historical window and forecasts for the next 2 h at 30-min intervals. Thus, the 
two datasets share the same input and output sequence lengths but differ in their physical 
time spans.

During preprocessing, timestamps are first parsed to generate holiday indicators, 
working-day indicators, and one-hot-encoded day-of-week features. These calendar features 
are combined with historical load and meteorological variables, together with electricity 
price for the Australian dataset, to form a 15-dimensional input vector for each observation. 
Each time series is first divided chronologically, with the first 80% allocated to an initial 
training portion and the remaining 20% reserved for testing. The initial training portion 
is further divided chronologically at an 80%/20% ratio for model training and validation, 
resulting in an overall training–validation–testing split of 64%/16%/20%. The input variables 
and the load target are then standardized using parameters fitted exclusively on the resulting 
training set. The same parameters are applied to the validation and test sets. Sliding-
window samples use the preceding 96 observations to predict the load at the next four time 
steps. Training and validation targets remain within the initial training portion, while 
testing windows are confined to the testing portion. The validation set is used for early 
stopping and checkpoint selection, and the test set is used exclusively for final performance 
evaluation. Windows containing missing or infinite values in their inputs are discarded, 
and no interpolation or missing-value imputation is performed.

The experiments are implemented using Python 3.9.21 and PyTorch 2.7.0 + cu128 
(CUDA 12.8 build) on a single NVIDIA RTX 5090 GPU. The temporal branch contains three 
parallel scale modules, each comprising two Transformer encoder layers, giving six encoder 
layers in total across the three modules. Each encoder layer uses a feed-forward network 
dimension of 512, three attention heads, and a dropout rate of 0.1. The patch lengths are 4, 
8, and 12, with corresponding strides of 4, 8, and 12. The learnable frequency-filter tensor 
has a shape of 49 × 30. The quantile levels are set to 0.1, 0.5, and 0.9.

The Adam optimizer is used with a batch size of 64 and no weight decay. The learning 
rate remains fixed at 1 × 10−4  throughout training, and no learning-rate scheduler is used. 
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Models are trained for a maximum of 300 epochs. Early stopping monitors the joint Pinball 
Loss on the validation set, with a patience of 15 epochs and a minimum improvement 
threshold of 10−5 . Training is terminated when the validation loss fails to decrease by more 
than this threshold for 15 consecutive epochs. The checkpoint with the lowest validation 
loss is retained for final testing. The fixed-seed experiment uses a random seed of 100. 
No validation-based hyperparameter search is conducted. The validation set is used for 
early stopping and checkpoint selection, while the test set is used exclusively for final 
performance evaluation.

4.1. Evaluation Metrics
To comprehensively and objectively evaluate the practical application value of the 

model in power grid dispatching, this paper constructs a dual evaluation system that 
includes both point forecasting and interval forecasting.

For point forecasting performance, the median prediction with 𝑞 = 0.5 is taken as the 
baseline predicted value ˆ𝑦𝑖. The mean squared error (MSE), root mean square error (RMSE), 
mean absolute error (MAE), mean absolute percentage error (MAPE), and coefficient of 
determination (𝑅2) are selected as evaluation metrics. Equations (18)–(22) give the metric 
definitions for a single forecasting step, where 𝑁 denotes the number of test samples and 
𝑦 is the mean observed load at that step. For the four-step results reported in the tables, 
MSE, MAE, and 𝑅2 are calculated separately at each forecasting step and then averaged 
with equal weights. Overall RMSE is obtained by taking the square root of the averaged 
MSE. Smaller values of MSE, RMSE, MAE, and MAPE, together with an 𝑅2 value closer to 
1, indicate smaller prediction errors and higher fitting accuracy:

MSE =
1
𝑁

𝑁
∑
𝑖=1

(𝑦𝑖 − ˆ𝑦𝑖)
2 (18)

RMSE = √ 1
𝑁

𝑁
∑
𝑖=1

(𝑦𝑖 − ˆ𝑦𝑖)
2 (19)

MAE =
1
𝑁

𝑁
∑
𝑖=1

|𝑦𝑖 − ˆ𝑦𝑖| (20)

MAPE =
1
𝑁

𝑁
∑
𝑖=1

|
𝑦𝑖 − ˆ𝑦𝑖

𝑦𝑖
| × 100% (21)

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑦𝑖 − ˆ𝑦𝑖)
2

∑𝑁
𝑖=1(𝑦𝑖 − 𝑦)2 (22)

For interval forecasting performance, 𝑞 = 0.1 is taken as the lower bound 𝐿𝑖, and 
𝑞 = 0.9 is taken as the upper bound 𝑈𝑖, thereby constructing a prediction interval with a 
nominal confidence level of 80%. The prediction interval coverage probability (PICP) and 
the prediction interval normalized average width (PINAW) are adopted for comprehen-
sive evaluation:

PICP =
1
𝑁

𝑁
∑
𝑖=1

𝑐𝑖, 𝑐𝑖 =
{


1, 𝐿𝑖 ≤ 𝑦𝑖 ≤ 𝑈𝑖
0, otherwise

(23)

PINAW =
1

𝑁 ⋅ 𝑅

𝑁
∑
𝑖=1

(𝑈𝑖 − 𝐿𝑖) (24)

where 𝑁 is the total number of samples in the testing set, 𝑦𝑖 is the observed actual load, 
and 𝑅 is the range of the actual load in the testing set, namely the difference between the 
maximum and minimum values. A probabilistic forecasting model with high engineering 
practicality should reduce PINAW as much as possible while ensuring that PICP meets the 
required level.
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Additionally, Winkler scores, Pinball Loss, quantile crossing rates, and reliability 
diagrams for the four forecasting steps are used to supplement the evaluation. For a 
nominal 1 − 𝛼 prediction interval with lower bound 𝐿, upper bound 𝑈, and observation 𝑦, 
the Winkler score is defined as:

𝑊𝛼(𝐿, 𝑈; 𝑦) = (𝑈 − 𝐿) +
2
𝛼(𝐿 − 𝑦)I(𝑦 < 𝐿) +

2
𝛼(𝑦 − 𝑈)I(𝑦 > 𝑈) (25)

where 𝛼 = 0.2 for the nominal 80% interval. Lower scores indicate a more favorable 
combination of interval width and penalties for missed observations. Pinball Loss evaluates 
quantile prediction accuracy using the loss defined in Section 2.1, while the quantile crossing 
rate measures violations of the predicted quantile ordering. In the reliability diagrams, each 
nominal quantile is compared with the observed fraction of outcomes below its prediction; 
ideal empirical calibration corresponds to the diagonal line.

4.2. Forecasting Performance Evaluation and Comparative Analysis
To comprehensively evaluate the effectiveness and superiority of the proposed model, 

several representative models, including classical deep learning models and advanced load 
forecasting models, are selected for comparison on two datasets: (1) the Quanzhou main 
dataset and (2) the Australian dataset. For the probabilistic forecasting comparison, all 
baseline models are equipped with quantile prediction heads and retrained to jointly predict 
the quantiles at levels 0.1, 0.5, and 0.9. The same quantile levels and joint Pinball Loss used 
by the proposed model are applied to all baselines. The 0.5 quantile prediction is used to 
calculate point forecasting metrics, while the 0.1 and 0.9 quantile predictions directly form 
the lower and upper bounds of the nominal 80% prediction interval. No residual-based 
interval estimation is used. All models use the same input features, chronological training–
validation–test split, 96-step input window, and four-step forecasting horizon. They are 
trained using the same optimizer, learning rate, batch size, maximum epoch limit, and 
validation-based early stopping and checkpoint-selection criteria described in Section 4. All 
methods are evaluated using the same metric definitions on the corresponding test sets.

As shown in Table 2, in terms of point forecasting accuracy (RMSE, MAE, and MAPE), 
the proposed model achieves superior performance on both datasets. On the Quanzhou 
dataset, the MAPE of the proposed model is only 0.49%. Compared with MCTF-Net [15] 
and ST-ScaleFusion [16], its RMSE is significantly reduced by 22.5% and 29.8%, respectively. 
On the Australian dataset, the proposed model still maintains the best performance, with 
the MAPE controlled at 0.77%. These results support its effectiveness on the two evalu-
ated datasets.

Interval forecasting performance is assessed jointly through empirical coverage and 
normalized interval width. On the Quanzhou dataset, the proposed model achieves a 
PICP of 0.7918, which is 0.82 percentage points below the nominal 80% level, and a PINAW 
of 0.0119. Compared with MCTF-Net, which obtains a PICP of 0.7245 and a PINAW of 
0.0126, the proposed model provides coverage closer to the nominal level together with 
narrower intervals.

On the Australian dataset, the proposed model achieves a PICP of 0.8065 and a PINAW 
of 0.0274. MCTF-Net produces narrower intervals, with a PINAW of 0.0228, but its PICP of 
0.7105 falls 8.95 percentage points below the nominal level. The proposed model reduces 
the absolute coverage deviation to 0.65 percentage points, accompanied by an increase in 
interval width. These results indicate a favorable coverage–width trade-off on the evaluated 
datasets. No post-training calibration is applied; the interval bounds are obtained directly 
from the predicted 0.1 and 0.9 quantiles.
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Table 2. Comparison of forecasting results with different models on two datasets.

Dataset Model MSE 
(MW2 )

RMSE 
(MW)

MAE 
(MW) MAPE R2 PICP PINAW

Quanzhou

FEDformer [11] 41,024 202 99 1.27% 0.9790 0.6052 0.0121
LSTM [8] 23,722 154 103 1.22% 0.9895 0.5265 0.0167

PatchTST [13] 16,990 130 80 0.98% 0.9957 0.6888 0.0194
TimesNet [19] 13,107 114 68 0.87% 0.9967 0.5554 0.0126

iTransformer [14] 10,483 102 60 0.75% 0.9973 0.6052 0.0121
ST-ScaleFusion [16] 8930 94 55 0.67% 0.9978 0.6510 0.0135

MCTF-Net [15] 7320 85 49 0.60% 0.9982 0.7245 0.0126
Proposed model 4399 66 39 0.49% 0.9989 0.7918 0.0119

Australia

FEDformer [11] 38,332 195 117 1.34% 0.9707 0.7718 0.0458
LSTM [8] 22,511 150 109 1.26% 0.9797 0.6219 0.0303

PatchTST [13] 18,356 135 101 1.15% 0.9903 0.6151 0.0297
TimesNet [19] 18,207 134 99 1.12% 0.9904 0.4219 0.0167

iTransformer [14] 14,252 119 86 0.96% 0.9925 0.5362 0.0182
ST-ScaleFusion [16] 12,650 112 80 0.89% 0.9932 0.6034 0.0196

MCTF-Net [15] 11,320 106 76 0.84% 0.9939 0.7105 0.0228
Proposed model 9375 96 68 0.77% 0.9943 0.8065 0.0274

To supplement the comparison in Table 2 and assess variability across random seeds, 
the proposed model is evaluated using five additional random seeds on each dataset.

SD denotes standard deviation. For each random-seed run, MSE, RMSE, MAE, and 𝑅2

are calculated using the four-step aggregation procedure described in Section 4.1. Their 
means and standard deviations are then computed across the five runs. The standard 
deviations of MAPE and PICP are expressed in percentage points. As shown in Table 3, the 
mean RMSE and MAPE on the Quanzhou dataset are 68 MW and 0.48%, with standard 
deviations of 1.46 MW and 0.0038 percentage points, respectively. On the Australian dataset, 
the corresponding mean values are 101 MW and 0.79%, with standard deviations of 1.83 MW 
and 0.0125 percentage points. These results indicate relatively limited variation in point 
forecasting performance across the five runs. For interval forecasting, the mean PICP values 
are 77.70% and 78.06%, with corresponding mean PINAW values of 0.0109 and 0.0273. The 
mean coverage probabilities on both datasets are close to the nominal coverage level of 80%.

Table 3. Mean and standard deviation of forecasting metrics across five random seeds.

Metric Quanzhou Mean Quanzhou SD Australian Mean Australian SD

MSE (MW2 ) 4679 200 10,251 373
RMSE (MW) 68 1.46 101 1.83
MAE (MW) 38 0.31 70 1.21
MAPE (%) 0.48 0.0038 0.79 0.0125

R2 0.9988 0.0001 0.9945 0.0001
PICP (%) 77.70 0.79 78.06 0.49
PINAW 0.0109 0.0002 0.0273 0.0008

To more intuitively demonstrate the probabilistic forecasting performance of the pro-
posed model, Figure 3a,b presents the continuous prediction curves of the model over a 
selected period on the two datasets. As shown in Figure 3a,b, the 80% prediction interval 
constructed by 𝑞 = 0.1 and 𝑞 = 0.9 tightly and smoothly envelops the fluctuation trajectory 
of the actual load. In particular, the enlarged local views clearly show that even during 
high-frequency nonlinear abrupt-change periods when the load rises sharply, the median 
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prediction curve (𝑞 = 0.5, green line) can still closely follow the evolution trend of the 
actual values. This further verifies the modeling capability of the dual-branch architecture 
in handling highly volatile power grid data.

Figure 3. Interval forecasting results on different datasets: (a) Quanzhou dataset; (b) Australian 
dataset.

For supplementary evaluation, additional probabilistic forecasting diagnostics are 
reported. Over the four forecasting steps, the mean Winkler scores are 179 and 335 for the 
Quanzhou and Australian datasets, respectively. The corresponding Pinball Loss values 
are 12.4 and 22.5. No quantile crossings are observed on the Quanzhou dataset, while the 
quantile crossing rate on the Australian dataset is 0.008%.

Figure 4a,b examines empirical quantile calibration separately for each forecasting step. 
The observed fractions generally follow the nominal quantile levels, although departures 
from the diagonal remain. The largest absolute deviations among the displayed points occur 
at the fourth-step median forecasts: 0.473 for Quanzhou and 0.463 for Australia, compared 
with the nominal level of 0.5. These correspond to deviations of 2.7 and 3.7 percentage 
points, respectively.

 

(a) (b) 

Figure 4. Quantile reliability diagrams for the four forecasting steps: (a) Quanzhou dataset; (b) Aus-
tralian dataset. The dashed diagonal indicates ideal empirical calibration.
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To further evaluate forecasting performance under different seasonal conditions, sea-
sonal subsets are constructed according to the local seasonal definitions for Quanzhou 
and Australia. The seasonal subsets contain 25,231–26,199 samples for Quanzhou and 
20,657–21,585 samples for Australia. Each seasonal subset is independently divided into 
training, validation, and testing sets at an 80%/10%/10% ratio, and forecasting metrics are 
calculated on the corresponding seasonal test set. These experiments assess performance 
under season-specific training and testing conditions. The comparative forecasting results 
for Quanzhou and Australia are presented in Tables 4 and 5, respectively.

Table 4. Seasonal forecasting performance on the Quanzhou dataset.

Season
PatchTST [13] iTransformer [14] ST-ScaleFusion [16] MCTF-Net [15] Proposed Model

RMSE 
(MW) MAPE RMSE 

(MW) MAPE RMSE 
(MW) MAPE RMSE 

(MW) MAPE RMSE 
(MW) MAPE

Spring 120 1.27% 113 1.40% 96 1.12% 81 0.86% 67 0.62%
Summer 138 0.85% 118 0.99% 104 0.82% 90 0.69% 83 0.49%
Autumn 137 0.94% 119 1.29% 101 0.98% 87 0.87% 78 0.52%
Winter 113 1.52% 89 1.28% 81 1.04% 72 0.81% 60 0.62%

Table 5. Seasonal forecasting performance on the Australian dataset.

Season
PatchTST [13] iTransformer [14] ST-ScaleFusion [16] MCTF-Net [15] Proposed Model

RMSE 
(MW) MAPE RMSE 

(MW) MAPE RMSE 
(MW) MAPE RMSE 

(MW) MAPE RMSE 
(MW) MAPE

Spring 131 1.23% 122 1.14% 113 1.06% 104 0.93% 95 0.82%
Summer 145 1.29% 141 1.23% 131 1.11% 123 1.03% 116 0.93%
Autumn 138 1.17% 116 1.05% 119 0.97% 108 0.89% 106 0.82%
Winter 157 1.26% 142 1.14% 129 0.99% 116 0.87% 105 0.77%

Since power load is strongly influenced by seasonal meteorological variations, it ex-
hibits pronounced seasonal fluctuations, and the load components differ substantially 
across seasons. The seasonal comparisons show that the proposed model achieves good 
forecasting performance on the evaluated seasonal subsets of both the Quanzhou and 
Australian datasets.

4.3. Ablation Study
To assess the contribution of each core component across both datasets, five ablation 

variants are evaluated on the Quanzhou and Australian datasets: removing RevIN, removing 
the frequency-domain branch, removing the frequency-domain filter, removing the temporal 
branch, and replacing gated fusion with static equal-weight addition. The results for 
Quanzhou and Australia are presented in Table 6 and Table 7, respectively.

First, on the Quanzhou dataset, removing the temporal branch leads to the most 
significant increase in model error, with MAPE increasing by 95.9% compared with the 
original model. This result highlights the importance of the temporal branch in capturing 
load dynamics and improving point forecasting accuracy. In addition, removing the RevIN 
module and the frequency-domain branch increases MAPE by 53.1% and 42.9%, respectively, 
indicating that both components contribute to improving point forecasting accuracy.

Second, in terms of probabilistic forecasting reliability, removing the RevIN module 
causes the most severe degradation in coverage probability, reducing PICP by 15.9% com-
pared with the original model. This result suggests that RevIN contributes to maintaining 
prediction interval coverage, potentially through its ability to mitigate the effects of distri-
bution shifts. Meanwhile, removing the frequency-domain filtering mechanism reduces 
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PICP by 10.5%, demonstrating the contribution of the learnable filter to maintaining in-
terval stability. Finally, replacing gated fusion with static equal-weight addition slightly 
increases forecasting errors, supporting the benefit of adaptively combining temporal and 
frequency-domain features.

Table 6. Ablation study results on the Quanzhou dataset.

Model Variant MSE 
(MW2 )

RMSE 
(MW)

MAE 
(MW) MAPE R2 PICP PINAW

Original Model 4399 66 39 0.49% 0.9989 0.7918 0.0119
Without RevIN Module 11,242 106 59 0.75% 0.9971 0.6662 0.0139

Without Frequency-Domain Branch 10,395 101 56 0.70% 0.9973 0.7691 0.0168
Without Frequency-Domain Filtering 8419 91 51 0.63% 0.9979 0.7085 0.0127

Without Temporal Branch 21,252 145 73 0.96% 0.9946 0.7682 0.0203
Without Gated Fusion 6867 82 44 0.56% 0.9982 0.7871 0.0132

Table 7. Ablation study results on the Australian dataset.

Model Variant MSE 
(MW2 )

RMSE 
(MW)

MAE 
(MW) MAPE R2 PICP PINAW

Original Model 9375 96 68 0.77% 0.9943 0.8065 0.0274
Without RevIN Module 16,703 129 83 0.94% 0.9912 0.8923 0.0332

Without Frequency-Domain Branch 15,654 125 80 0.91% 0.9917 0.8676 0.0324
Without Frequency-Domain Filtering 14,973 122 79 0.89% 0.9921 0.8492 0.0277

Without Temporal Branch 19,582 139 93 1.05% 0.9896 0.8408 0.0421
Without Gated Fusion 10,857 104 73 0.83% 0.9942 0.8359 0.0285

The Australian results show a consistent pattern in point forecasting performance. 
Removing the temporal branch causes the largest error increase, with MAPE rising from 
0.77% to 1.05%, a relative increase of 36.4%. Removing RevIN, the frequency-domain branch, 
or the frequency-domain filter also increases forecasting errors. Replacing gated fusion with 
equal-weight addition increases MAPE to 0.83%, supporting the benefit of adaptive fusion. 
For interval forecasting, all five variants produce wider intervals and coverage probabilities 
above the nominal 80% level. The full model achieves coverage closest to the nominal level 
while maintaining the smallest PINAW among the evaluated variants. These results provide 
further evidence for the contributions of the model components on the Australian dataset.

Beyond the component ablation experiments, this study further investigates the dis-
tribution of learned gating values on two datasets to explore the internal behavior of the 
proposed dynamic fusion mechanism.

As shown in Figure 5a,b, the mean temporal gating values exhibit continuous and 
non-degenerate distributions on both datasets, rather than concentrating at a fixed value. 
This indicates that the proposed gating mechanism generates sample-dependent fusion 
weights and does not reduce to static equal-weight aggregation. Moreover, the gating values 
are mainly distributed below 0.5. According to Equation (14), this result indicates that 
the frequency-domain representation generally receives a relatively larger fusion coeffi-
cient, while the temporal branch continues to participate in the fused representation with 
sample-varying weights. The differences between the two distributions further suggest 
that the learned fusion patterns are affected by the characteristics of the input data. These 
observations provide additional evidence for the adaptive coordination of temporal and 
frequency-domain representations.
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(a) (b) 

Figure 5. Distributions of the learned temporal gating values on different datasets: (a) Quanzhou 
dataset; (b) Australian dataset.

To further investigate the impact of different scale combinations in the temporal branch, 
this paper includes an additional multi-scale parameter ablation experiment. Figure 6a,b 
presents the comprehensive performance radar chart of the model when using a single 
scale and three different multi-scale combinations.

 
(a) (b) 

Figure 6. Performance comparison of different scale combinations on two datasets: (a) Quanzhou 
dataset; (b) Australian dataset.

As shown in Figure 6a,b, using only a single scale (Patch = 4) produces the small-
est enclosed area in the radar charts. Among the multi-scale combinations, both an ex-
cessively small receptive field (Patch = {1,2,4}) and an excessively large receptive field 
(Patch = {8,12,16}) affect the forecasting performance of the model. Among the evaluated 
scale combinations, Patch = {4,8,12} achieves the best overall performance across the point 
and interval forecasting metrics on both datasets.

4.4. SHAP-Based Post Hoc Interpretability Analysis
In practical power system dispatching, interpretability helps users understand the 

factors contributing to load forecasts. This study therefore employs SHAP-based post hoc 
attribution to quantify the contributions of input features to the model predictions.

Specifically, a gradient-based SHAP explainer using the expected gradients method is 
employed to approximate feature attribution values. After invalid windows are excluded, 
150 complete sliding windows are randomly sampled without replacement from the training 
set to form the background set, and 50 windows are randomly sampled without replacement 
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from the test set for attribution analysis. Each window contains 96 historical time steps and 
15 input variables. No clustering or stratified sampling is used to select the background sam-
ples. The scalar output being explained is the mean of the model’s q = 0.5 predictions over 
the four future time steps. Thus, the resulting SHAP values represent input contributions 
to the average median forecast over the prediction horizon.

For visualization, SHAP results are presented for three feature groups and three 
individual features. The temperature group includes the three temperature variables, 
the weekday group includes the seven one-hot day-of-week indicators, and the holiday 
group combines the holiday and working-day indicators. Signed SHAP values are summed 
within these three groups. Historical load, humidity, and either rainfall for Quanzhou or 
electricity price for Australia are analyzed individually, without cross-variable aggregation. 
Further aggregation across time steps and samples is performed according to the purpose 
of each visualization.

Figure 7a,b presents the global feature importance obtained from SHAP attribution 
on the two datasets. “Holiday status” ranks first in both datasets, indicating that this 
feature group receives the largest mean absolute attribution among the reported feature 
groups for the explained samples. On the Quanzhou dataset, the “temperature group” has 
greater attribution importance than “historical load”, while “historical load” and “weekday 
features” receive relatively high importance on the Australian dataset. These differences 
characterize the feature-attribution patterns of the model predictions on the two datasets.

 
(a) 

 
(b) 

Figure 7. Global feature importance on different datasets: (a) Quanzhou dataset; (b) Australian 
dataset.

As shown in Figure 8a,b, time-feature heatmaps are plotted in this paper to inves-
tigate the temporal attribution patterns of different variables. The heatmaps show that 
the attribution magnitudes of different features are not uniformly distributed but instead 
exhibit significant local concentration and periodic evolution patterns. In both datasets, 
“holiday status” presents continuous high-intensity color bands, indicating relatively large 
attribution magnitudes across multiple historical time steps. In the Quanzhou dataset, the 
“temperature group” and “historical load” show dark clustered regions with extremely 
high SHAP values at recent time steps. In contrast, in the Australian dataset, “historical 
load” and “weekday features” exhibit regular periodic stripe patterns, reflecting their strong 
cyclical characteristics.

As shown in Figure 9a,b, SHAP aggregated feature distribution plots are introduced in 
this paper. Each scatter point in the plots represents a time-step sample in the test set. The 
color of the scatter points changes from blue to red, indicating that the corresponding feature 
value varies from low to high, while the horizontal axis quantifies the positive or negative 
contribution of that feature to the final predicted load. By observing the distribution plots of 
the Quanzhou and Australian datasets, it can be found that both datasets exhibit an obvious 
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positive contribution trend for the “historical load” feature, with red points concentrated 
on the positive side and blue points concentrated on the negative side. In the displayed 
samples from the Quanzhou dataset, higher values of the “temperature group” tend to 
correspond to positive SHAP values, indicating that these inputs contribute to increasing 
the model’s predicted load.

 
(a) (b) 

Figure 8. SHAP time-feature heatmaps on different datasets: (a) Quanzhou dataset; (b) Australian 
dataset.

Figure 9. SHAP summary plots on different datasets: (a) Quanzhou dataset; (b) Australian dataset.

As shown in Figure 10a,b, the SHAP waterfall plots illustrate the feature contributions 
to individual predictions. Taking the Quanzhou dataset as an example, as the prediction 
changes from the baseline expectation (6636.56) to the final predicted value (6174.7), 
“historical load” imposes a strong negative correction (−1200.96), while “weekday features” 
and “holiday status” provide positive compensation, preventing the predicted value from 
being excessively pulled downward.

 
(a) (b) 

Figure 10. SHAP waterfall plots on different datasets: (a) Quanzhou dataset; (b) Australian dataset.
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4.5. Model Size
To provide a quantitative reference for the size of the proposed model, Table 8 reports 

the number of trainable parameters in each component. The model contains 202,161 trainable 
parameters in total. Temporal feature extraction and frequency-domain processing account 
for most of the parameters, while normalization, fusion projections, gated fusion, and 
quantile prediction heads require relatively few parameters.

Table 8. Trainable parameter counts of the proposed model.

Component Number of Trainable Parameters

RevIN 30
Multi-scale temporal feature extraction 105,597

Multi-scale fusion projection 690
Frequency-domain branch 95,187

Gated fusion 465
Quantile prediction heads 192

Total 202,161

5. Conclusions
To address the non-stationarity and “black-box” challenges of load forecasting in 

new power systems, this paper proposes a time-frequency dual-branch architecture that 
combines complementary temporal and spectral representations. Learnable frequency-
domain filtering and multi-scale temporal patching are employed to refine global periodic 
patterns and capture local load dynamics, respectively, while dynamic gating enables 
input-dependent feature fusion. On the Quanzhou and Australian datasets, the model 
achieves MAPE values of 0.49% and 0.77%, respectively. Compared with MCTF-Net, the 
strongest point forecasting benchmark in the experiments, RMSE is reduced by 22.5% on 
the Quanzhou dataset and approximately 9% on the Australian dataset. By combining 
reversible instance normalization with quantile regression, the model produces nominal 80% 
prediction intervals with empirical coverage probabilities of 79.18% and 80.65%, respectively. 
The corresponding PINAW values of 0.0119 and 0.0274 indicate a favorable balance between 
coverage and interval width on the evaluated datasets. In addition, SHAP-based post hoc 
attribution quantifies the contributions of input features, providing further insight into the 
model’s predictions.

Despite the favorable results, the present evaluation is limited to two datasets and 
a fixed configuration of 96 historical time steps and four forecasting steps. Although the 
datasets represent different geographical and meteorological contexts, further evaluation is 
needed to assess the model’s generalizability to other load systems. Moreover, the current 
experiments do not establish its performance across different historical window lengths or 
longer forecasting horizons. Future work will extend the evaluation to additional regions 
and forecasting configurations, with particular attention to longer horizons and robustness 
under changing load distributions. Further comparisons will examine point forecasting 
and multi-quantile training objectives within the same backbone, as well as alternative 
probabilistic forecasting approaches. Regarding interpretability, future studies will com-
pare SHAP with alternative post hoc explanation methods and further analyze temporal- 
and frequency-domain contributions and dynamic gating behavior under different load 
conditions. The stability of feature attributions across forecasting horizons and operating 
conditions will also be examined.
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