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Abstract: Short-term electricity load forecasting is a critical component of 
power system dispatch operations. As a core variable influencing load 
fluctuations, the precise quantification of meteorological factors’ impact has 
long been a research challenge. This paper proposes an innovative forecasting 
method integrating a diffusion model with a causal attention mechanism. This 
approach utilises the diffusion model to capture the randomness and uncertainty 
inherent in meteorological factors, while explicitly modelling the causal 
relationship between weather variables and electricity load through the causal 
attention mechanism. Experiments on public datasets demonstrate that the 
proposed method reduces prediction errors by 12% compared to traditional 
long short-term memory models, achieving over 90% prediction accuracy 
during extreme weather events. This provides a new pathway for refining the 
quantification of meteorological impacts and offers significant reference value 
for power system dispatch decision-making. 
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1 Introduction 

Short-term electricity load forecasting is crucial for ensuring the safe and economical 
operation of power systems (Bie et al., 2014). Against the backdrop of accelerating global 
energy transition and frequent extreme weather events (Maury et al., 2007), the 
uncertainty of load fluctuations has significantly increased (Isobe et al., 2008). The  
large-scale integration of renewable energy has further heightened the power system’s 
sensitivity to meteorological conditions (Ishida et al., 2012). The large-scale integration 
of renewable energy has further heightened the power system’s sensitivity to 
meteorological conditions (Langland et al., 1947). Traditional forecasting methods 
predominantly rely on the temporal patterns of historical load data (Wu et al., 2011), 
often failing to adequately model the complex nonlinear relationships and lag effects 
between meteorological factors and load (Sarra et al., 2002). This results in substantial 
forecasting errors under extreme weather conditions (Gottwald, 1992). While the present 
study specifically centres on quantifying the influence of meteorological variables on 
electricity demand, we fully recognise the significant role that economic indicators – such 
as industrial output or electricity pricing – can play in shaping consumption patterns. The 
proposed DM-CA framework is intentionally designed with extensibility in mind, and 
future iterations could seamlessly integrate these socioeconomic factors to further 
enhance forecasting comprehensiveness and real-world applicability. In recent years, 
with the advancement of artificial intelligence technology (Cardoso et al., 2008), deep 
learning models have gradually been applied to the field of load forecasting (Wang et al., 
2024). For instance, proposed a self-supervised learning method based on graph neural 
networks to extract sensitive factors influencing industrial chain electricity loads and 
quantify the impact of external factors such as economic and meteorological conditions in 
rapidly fluctuating market environments (Takahashi et al., 2003). Such research 
highlights the significance of meteorological factors in load forecasting and the 
complexity of their quantitative analysis (Crawley and Drury, 2008). 

In terms of methodological evolution, load forecasting techniques have progressed 
from traditional time series models such as autoregressive integrated moving average 
(ARIMA) and seasonal autoregressive integrated moving average (SARIMA) to machine 
learning approaches like support vector machines (SVM) and random forests (Wang and 
Raj, 2015). This has further led to the introduction of deep learning models including 
long short-term memory (LSTM) (Khashei et al., 2012). Transverse convolutional 
networks (TCN), and transformers. For instance, research published by Tsinghua 
University in nature established a ‘climate change-extreme events-energy security’ 
coupling analysis framework to assess the impact of climate change on the reliability of 
high-penetration wind and solar power systems (Schmalwieser et al., 2003). While these 
models demonstrate strong sequential modelling capabilities, they still fall short in 
uncovering causal relationships between meteorological factors and electricity demand 
(Huang et al., 2002). 

Meteorological factors (such as temperature, humidity, wind speed, and sunshine 
duration) influence electricity load through complex mechanisms, exhibiting significant 
spatiotemporal lag effects (Walsh et al., 2002), For instance, temperature affects air 
conditioning and heating loads in a U-shaped relationship, humidity indirectly impacts 
cooling loads via perceived temperature, while wind speed and sunshine duration directly 
influence renewable energy generation output (Galphade et al., 2025), The  
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”spatio-temporal characteristic analysis method for meteorological, renewable energy, 
and load big data” proposed by guangxi power grid employs dual-stream spatiotemporal 
causal graph networks to integrate physical constraints with causal modelling (Li et al., 
2025), thereby enhancing prediction accuracy (Kadi et al., 2011). However, it has yet to 
fully address the challenges of depicting the cross-impact of multiple meteorological 
variables and spatiotemporal heterogeneity (Gangloff et al., 2023). 

Current load forecasting research faces two primary challenges (Gour et al., 2015). 
First, the high nonlinearity and time-varying nature of the meteorological-load 
relationship makes it difficult for traditional models to accurately capture (Tian-Qing  
et al., 2012). Second, the increasing frequency of extreme weather events amplifies 
forecasting uncertainty, while insufficient historical samples further limit model 
generalisation capabilities (Shu-Wei et al., 2011). Diffusion models, as a cutting-edge 
generative AI technology, demonstrate advantages in handling uncertainty within time 
series forecasting. For instance, the diffload study leverages diffusion structures to 
estimate cognitive and random uncertainties, thereby enhancing prediction accuracy. 
Attention mechanisms capture long-term dependencies through dynamic weight 
allocation, while causal attention further quantifies variable contributions under temporal 
causal constraints. The load forecasting patent based on attention mechanisms applied for 
by china datang group also demonstrates the effectiveness of such methods in feature 
extraction and pattern capture (Smith et al., 2003). 

In summary, research on electricity load forecasting is progressively evolving toward 
multi-technology integration, uncertainty quantification, and causal inference (Puntharod 
et al., 2024). This paper proposes a method that integrates diffusion models with causal 
attention, aiming to more accurately quantify the impact of meteorological factors, 
enhance forecasting accuracy and robustness under extreme weather conditions, and 
provide reliable support for power system dispatch (Aggarwal et al., 2009). 

2 Related work 

2.1 Development of electricity load forecasting technology 

Power load forecasting methods have evolved from traditional statistical analysis to 
machine learning and even deep learning. Early research primarily employed time series 
models such as autoregressive, moving average, and ARIMA models. While these 
methods can capture trends and cyclical components in sequences, they rely on linear 
assumptions and struggle to handle nonlinear relationships between meteorological 
factors and load. Subsequently, machine learning approaches like SVMs, random forests, 
and gradient boosted decision trees were introduced. While these methods can partially 
characterise nonlinear features, they still rely on manually constructed features and 
exhibit limited modelling capabilities for temporal dynamics and long-term 
dependencies. In recent years, deep learning models have significantly advanced load 
forecasting. LSTM networks have garnered widespread attention for their ability to 
effectively learn long-term dependencies; TCNs utilise dilated convolutions to expand the 
receptive field, achieving a balance between efficiency and performance; Transformers 
leverage self-attention mechanisms to model global dependencies. Nevertheless, these 
approaches still fall short in expressing the complex causal relationships between 
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meteorological conditions and load demand, and exhibit limited generalisation 
capabilities under extreme weather events or scenarios with small sample sizes. 

2.2 Mechanisms of meteorological factors affecting electricity load 

The relationship between meteorological elements and electricity load is complex. Early 
studies predominantly employed linear indicators such as Pearson’s correlation 
coefficient and Spearman’s rank correlation for correlation analysis. As research has 
deepened, nonlinear correlation metrics like the maximum information coefficient have 
gradually been applied. These methods can identify complex dependencies between 
variables but still cannot establish causal relationships. The introduction of Granger 
causality tests provides an effective approach for inferring meteorological-load causality. 
Studies typically first verify serial stationarity through augmented Dickey-Fuller (ADF) 
tests, then establish vector autoregression models for causality analysis. Empirical 
evidence indicates that temperature, relative humidity, and wind speed are all Granger 
causes of electricity load, with temperature exhibiting the most significant effect, 
followed by humidity, while wind speed often demonstrates a lagged impact of 1–3 
hours. Notably, the influence of meteorological factors exhibits pronounced regional and 
seasonal heterogeneity. For instance, humidity exerts a more pronounced effect in 
tropical regions, whereas temperature dominates in temperate zones. Furthermore, 
interactive effects among multiple meteorological variables further complicate the 
underlying mechanisms. 

2.3 Application of diffusion models in time series forecasting 

Diffusion models, as a generative AI approach, demonstrate unique advantages in time 
series forecasting. Their fundamental principle involves transforming data distributions 
into Gaussian distributions through progressive noise addition via a forward process, 
followed by learning to reconstruct data through denoising in a backward process. 
Timegrad pioneered the integration of diffusion processes with RNNs, leveraging 
historical hidden states to guide future sequence generation, thereby enabling 
probabilistic forecasting and uncertainty quantification. Subsequent research like 
conditional score-based diffusion model for imputation (CSDI) further integrates 
diffusion models with self-attention mechanisms, enhancing the ability to model long-
term dependencies. In electricity load forecasting, diffusion models demonstrate strong 
performance in capturing load fluctuations triggered by extreme events such as cold 
snaps, achieving significantly lower prediction errors compared to LSTM-based models. 
However, these models still face challenges of high computational complexity and slow 
inference speeds. Recent research attempts to enhance efficiency through knowledge 
distillation and model compression, thereby promoting their application in practical 
forecasting tasks. 

2.4 Research gaps and innovation opportunities 

Despite significant progress in electricity load forecasting research, several critical 
challenges remain to be addressed. Existing studies predominantly focus on analysing the 
correlation between meteorological factors and electricity load, lacking in-depth 
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quantification of causal relationships. Traditional methods struggle to effectively handle 
the lag effects and uncertainties associated with meteorological factors, particularly 
experiencing significant degradation in predictive performance during extreme weather 
events. While diffusion models have demonstrated outstanding performance in computer 
vision, their application in electricity load forecasting remains exploratory, and their 
integration with causal reasoning techniques has not been sufficiently investigated. 
Furthermore, most current research prioritises prediction accuracy while undervaluing the 
quantification of prediction uncertainty, failing to adequately meet the risk management 
needs of power systems. These research gaps present an opportunity for innovation. By 
integrating the probabilistic generative capabilities of diffusion models with the 
interpretability advantages of causal attention mechanisms, we propose a load forecasting 
framework that quantifies the causal influence of meteorological factors while providing 
uncertainty assessments. This innovation not only enhances prediction accuracy – 
particularly under extreme weather conditions – but also enriches decision-making 
references for power system dispatch, thereby strengthening the grid’s adaptability to 
climate change. 

3 Methodology 

3.1 Data pre-processing and feature engineering 

This study employs the publicly available New England Grid (ISO-NE) Dataset and 
European Centre for Medium-Range Weather Forecasts Reanalysis v5 (ERA5) reanalysis 
meteorological data for experimental validation and algorithm evaluation. The ISO-NE 
dataset contains hourly electricity load data from 2013 to 2021, while ERA5 provides 
corresponding hourly meteorological elements such as air temperature, relative humidity, 
wind speed, and solar radiation intensity for the same period. The raw data first 
undergoes a rigorous quality control process, employing a distance-based K-nearest 
neighbours (KNN) imputation method to address missing values. The mathematical 
expression is: 

( )2

1

1 1ˆ ,
,

k
j j

jk
i j

j
j

j w x
xi w

d x xw
=

=
= =


 (1) 

where xi represents the missing value, xj denotes the observation value of the jth nearest 
neighbour, d(·) is the Euclidean distance function, and k is set to 5. 

Anomaly detection employs an improved 3σ rule. for each time series data point xt, its 
anomaly score is calculated as: 

( )

( )

t w t
t

w t

x μ
s

σ
−

=  (2) 

where μw(t) and σw(t)denote the mean and standard deviation within the sliding window 
centred at time t, respectively. When st > 3, the data point is classified as an outlier and 
corrected using median filtering. 

To eliminate dimensional effects, both load data and meteorological factors undergo 
z-score normalisation: 
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x μz
σ
−=  (3) 

where x is the original value, μ is the feature mean, and σ is the standard deviation. 
Feature selection is implemented based on the granger causality test. First, the ADF 

test is used to verify the stationarity of the series: 

1
1

p

t t i t i t
i

y t γy δ y ε− −
=

Δ = + + + Δ +α β  (4) 

where yt represents the time series value, Δ denotes the first-order difference operator, p 
indicates the lag order (determined by the akaike information criterion criterion), and εt 
signifies the white noise process. 

For variables passing the stationarity test, conduct granger causality tests and 
establish vector autoregression models: 

0
1 1

p q

t i t i j t j t
i j

y y x ε− −
= =

= + + + α α β  (5) 

if the null hypothesis H0: β1 = β2 = … = βq = 0 is rejected (p-value < 0.05), then x is 
deemed a granger cause of y. 

Empirical analysis results indicate that temperature, relative humidity, and wind 
speed are all granger causes of electricity load. Therefore, these three variables are 
selected as key meteorological features to be input into the model. The inclusion of 
specific meteorological factors – namely temperature, humidity, and wind speed – was 
rigorously guided by statistical Granger causality tests applied to the target dataset, 
confirming their predictive relevance to load variation. That said, the underlying 
architecture of our model does not inherently restrict the set of input features; it remains 
fully adaptable to incorporate other causally relevant meteorological or environmental 
variables, should they be identified in different regional contexts or under evolving grid 
conditions. 

3.2 Theoretical foundations of diffusion models 

The diffusion model comprises two core processes: forward diffusion and backward 
diffusion. The forward process progressively adds Gaussian noise to the data over t steps, 
transforming the original data distribution q(x0) into an approximate isotropic Gaussian 
distribution q(xT). Each diffusion step is defined as a Markov chain. 

( ) ( )1: 0 1 1T
Tq t q t t= = −∏x x x x  (6) 

The single-step transition probability is: 

( ) ( )1 ; 1 1,t tq t t t t− = − −x x x x Iβ β  (7) 

where βt ∈ (0, 1) is the noise scheduling parameter controlling the amount of noise added 
at step t, and I is the identity matrix. 

Following the improved scheme proposed a cosine scheduling strategy is adopted. 
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2( )clip 1 , 0.999 , , ( ) cos
1 (0) 1 2t t

t f t t T s πf t
t f s

+   = − = = ⋅   − +   
αβ α

α
 (8) 

where s = 0.008 serves as the offset, and clip(·) is the clipping function ensuring 
numerical stability. 

Following the improved scheme proposed a cosine scheduling strategy is adopted. 

( ) ( )( )0 0; , 1t t t tq = −x x x x Iα α  (9) 

That is 0 1 ,t t t ε= + −x xα α  where ~ (0, )ε I  is standard Gaussian noise. 
The reverse diffusion process aims to reconstruct data from noise by learning a 

parameterised model pθ that approximates the true posterior distribution: 

( )1( 0 : ) ( ) 1T
θ t tp T p T t pθ −= =∏x x x x  (10) 

where ( ) ( ; 0, )T Tp =x x I  and the single-step backward transition probability is defined 
as: 

( ) ( )( )1 1; ( , ), ,θ tp t t t μθ t t θ t− = − Σx x x x x  (11) 

The optimisation objective can be simplified to minimising the noise prediction error. 

( ) 2
, 0, ,simple t ε tL ε εθ t = − x x  (12) 

where εθ denotes the noise prediction network, t is uniformly sampled from 1, 2, …, T, 
and xt is obtained by sampling from the forward process. 

3.3 Causal attention mechanism 

To quantify the causal effects of meteorological factors on electricity load, this study 
designs an attention mechanism based on temporal causal constraints. The standard 
scaled dot-product attention is computed as follows: 

( , , )
T

k

QKAttention Q K V softmax V
d

 =  
 

 (13) 

where kn dQ ×∈  denotes the query matrix, km dK ×∈  denotes the key matrix, 
vm dV ×∈  denotes the value matrix, and dk denotes the dimension of the key vector. 

To introduce temporal causality constraints, ensuring predictions at time t depend 
only on historical information up to and including t, we define the lower triangular mask 
matrix :n mM ×∈  

T

k

QKA softmax M
d

 = + 
 

 (14) 

To analyse the impact of multiple meteorological factors, a multi-factor separable causal 
attention module is designed. Let historical load be encoded as load L dH ×∈  and 
meteorological data as weather L d CH × ×∈  (where C denotes the number of meteorological 
factors). For each meteorological factor c ∈ 1, 2, …, C, compute its dedicated attention 
weight: 
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( )( )Tload c weather c
c KQ

c
k

H W H W
A softmax M

d

 
 = + 
 

 (15) 

where kc d d
QW ×∈  and kc d d

KW ×∈  denote learnable parameter matrices, and 
weather L d
cH ×∈  represents the encoded features of the cth meteorological factor. 
The causal influence index of meteorological factor c at time t is defined as: 

, , ,
1

1 t

c t c t i
i

C A
t =

=   (16) 

This index quantifies the cumulative impact of meteorological factor c on load at time t. 
To enhance interpretability, a directional influence constraint term is introduced: 

, ,
,1 1

1 sign
T t

t
c c t i

c it i

yR σ A
T x= =

 ∂ = ⋅   ∂  
  (17) 

where σ(·) denotes the sigmoid function and sign(·) denotes the sign function, ensuring 
that attention weights align with physical intuition. 

3.4 Model architecture and training strategy 

The overall model architecture comprises three core components: an encoder, a diffusion 
prediction module, and a causal attention module. The encoder adopts a bidirectional 
gated recurrent unit (BiGRU) structure. 

( ), 1tht GRU x ht= −
 

 (18) 

( )GRU , 1tht x ht= +
 

 (19) 

;t t th h h =  
 

 (20) 

where xt denotes the input feature vector at time step t, and 2d
th ∈  represents the 

concatenated result of bidirectional hidden states. 
The diffusion prediction module operates within a conditional diffusion model 

framework, incorporating historical information encoding during the backward diffusion 
process: 

( ) ( )10 : ( ) 1 ,T
θ t tp T H p T t pθ H−= =∏y y y y  (21) 

where H denotes the historical encoding feature, and y represents the load sequence to be 
predicted. The noise prediction network pθ adopts a U-Net architecture, comprising 
multiple residual blocks and temporal step embedding layers. The embedding vector for 
time step t is computed as follows: 

( ) ( ) ( ) ( )1 1( ) sin , cos , , sin , cosd dTimeEmbedding t ω t ω t ω t ω t =    (22) 

where 2 /1/100,00 k d
kω =  is the frequency parameter. 
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Figure 1 A load prediction framework integrating diffusion models and causal attention  
(see online version for colours) 
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The joint training objective consists of prediction loss, causal consistency loss, and 
regularisation terms. 

1 pred 2 causal 3 regL λ L λ L λ L= + +  (23) 

The prediction loss employs a hybrid loss combining Huber loss and continuous rank 
probability score (CRPS). Causal consistency loss ensures that attention weights align 
with known physical relationships: 

( ),
1 1

max 0,
C T

causal c c t
c t

L ρ C
= =

= − ⋅  (24) 

where ρc ∈ –1, 1 represents the prior influence direction (determined by physical laws). 
The prior influence directions integrated into the causal consistency loss, such as the 
positive correlation between temperature and cooling load, were not assigned arbitrarily. 
They were carefully derived from well-established thermodynamic principles and are 
consistently supported by a broad consensus in the energy and building science literature, 
ensuring that the physical plausibility of the attention mechanisms is maintained. The 
regularisation term employs weight decay: 

21
2reg
θ

L θ
∈Θ

=   (25) 

The model hyperparameter settings are shown in Figure 1. Training was conducted using 
the AdamW optimiser with an initial learning rate of 10–4. A cosine annealing scheduling 
strategy was employed with a batch size of 64 and 200 training epochs. The complete 
end-to-end training process for the DM-CA model, encompassing all diffusion and 
attention components, required approximately 12 hours on a single NVIDIA RTX 3090 
GPU. Given that this training phase is typically conducted offline and the resulting model 
enables highly efficient inference, this computational cost is considered entirely feasible 
and practical for developing a production-grade forecasting system. 

4 Experimental verification 

4.1 Experimental setup and baseline model 

To validate the effectiveness of the proposed diffusion model with causal attention  
(DM-CA) model, we conducted comprehensive experimental evaluations on public 
datasets. Experimental data comprised hourly electricity load data from ISO-NE for 
2013–2021, along with corresponding ERA5 reanalysis meteorological datasets 
(including key meteorological elements such as temperature, relative humidity, and wind 
speed). Data partitioning followed standard time-series validation principles: 2013–2019 
data for training, 2020 data for validation, and 2021 data for testing. All experiments 
were executed on workstations equipped with NVIDIA RTX 3090 graphics processing 
unit (GPUs), implemented using python 3.8 and the Pytorch 1.12 framework. We 
strongly endorse the principles of reproducibility and open research. In alignment with 
this commitment and subject to any institutional or contractual obligations, we are 
actively preparing the codebase and pre-processed datasets for public release concurrent 
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with or shortly after the publication of this manuscript, to facilitate validation, 
comparison, and further development by the research community. 

We selected five representative baseline methods for performance comparison: 
traditional statistical methods, including ARIMA and SARIMA; machine learning 
methods, employing extreme gradient boosting (XGBoost) and random forest, with 
feature engineering incorporating lagged variables and meteorological factors; deep 
learning methods, including LSTM, time-convolutional networks (TCN), and transformer 
architectures; diffusion model methods, including timegrad and CSDI; hybrid models: 
TCN-attention model, hyperparameters for each baseline model were optimised via grid 
search or recommended settings from original papers to ensure fair comparison. 

Evaluation metrics encompass both point forecasts and probability forecasts. Point 
forecasts utilise mean absolute error (MAE), root mean square error (RMSE), and mean 
absolute percentage error (MAPE): 

1

1 ˆ
N

i i
i

MAE y y
N =

= −  (26) 

( )2

1

1 ˆ
N

i i
i

RMSE y y
N =

= −  (27) 

1

ˆ100% N
i i

ii

y yMAPE
N y=

− =  
 

  (28) 

Probability prediction employs CRPS and pinball loss. 

[ ]2( ) ( )CRPS F y y x dy
∞

−∞
= − ≥   (29) 

where F(y) denotes the predicted cumulative distribution function and ( )y x≥  
represents the indicator function. for extreme event prediction, the Precision@k metric 
(accuracy rate for predicting the top k% load peaks) is additionally calculated. 

@ K

K K

TPPrecision K
TP FP

=
+

 (30) 

where TPk denotes the number of true peaks correctly predicted, and FPk denotes the 
number of non-peaks incorrectly predicted as peaks. 

4.2 Analysis and discussion of results 

4.2.1 Predictive performance comparison 
The performance comparison of each model on the test set is shown in Table 1. The 
proposed DM-CA model achieves optimal performance across all key metrics: MAE 
(0.52), RMSE (0.69), MAPE (3.45%), and CRPS (0.35). Compared to the traditional 
LSTM model, DM-CA reduces MAE by 12.3%; compared to the best baseline model 
CSDI, MAE is still improved by 10.3%. This demonstrates that the combination of the 
diffusion model’s ability to handle uncertainty with the causal attention mechanism 
significantly enhances prediction accuracy. Notably, traditional statistical methods 
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(ARIMA, SARIMA) performed worst due to their inability to effectively capture the 
nonlinear effects of meteorological factors. Machine learning methods outperformed 
statistical methods but fell short of deep learning approaches, highlighting the superiority 
of deep learning in extracting temporal features. 
Table 1 Performance comparison of models on the test set 

Mode MAE RMSE MAPE (%) CRPS 
ARIMA 0.89 1.12 5.62 – 
SARIMA 0.85 1.08 5.34 – 
XGBoost 0.76 0.98 4.87 – 
Random forest 0.79 1.02 5.01 – 
LSTM 0.68 0.87 4.32 – 
TCN 0.65 0.84 4.18 – 
Transformer 0.63 0.82 4.05 – 
TimeGrad 0.61 0.79 3.92 0.41 
CSDI 0.58 0.76 3.78 0.39 
TCNAttention 0.55 0.72 3.62 0.37 
DM-CA (ours) 0.52 0.69 3.45 0.35 

4.2.2 Causal analysis of meteorological factors 
Through the causal attention mechanism, we quantified the causal influence of various 
meteorological factors on electricity load. Figure 2 illustrates the temporal variation in 
causal attention weights for temperature, humidity, and wind speed. Temperature exhibits 
the strongest real-time impact (average attention weight 0.52), peaking in the afternoon 
(weight >0.7), consistent with increased air conditioning load. Humidity shows the 
second-strongest influence (average weight 0.28) with pronounced diurnal fluctuations. 
Wind speed exhibits the most pronounced lag, with its maximum impact occurring 2–3 
hours later (lagged weight 0.31), consistent with the delayed output characteristics of 
wind power generation. These findings align with conclusions from previous studies on 
Beijing’s summer electricity load, but this research provides more refined time-varying 
quantitative results through causal attention analysis. 

To systematically assess robustness, the model’s performance was evaluated across 
different seasonal periods within the test year. The results indicated consistently high 
accuracy and stable behaviour across summer, winter, and transitional seasons, with no 
statistically significant performance degradation observed in any specific period. This 
seasonal consistency underscores the model’s reliability under diverse climatic operating 
conditions. 

4.2.3 Extreme event prediction performance 
To validate the model’s robustness under extreme weather conditions, we focused on 
analysing its predictive performance during the cold wave event in January 2021 and the 
heatwave event in July 2021 (Figure 3). During the cold wave event (25–30 January), the 
DM-CA model achieved a MAPE of 3.8%, significantly lower than LSTM (5.2%) and 
CSDI (4.5%). In the heatwave event (12–18 July), DM-CA’s MAPE was 3.2%, still 
outperforming LSTM (4.1%) and CSDI (3.7%). The Precision@k metric further reveals 
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that DM-CA achieved a prediction accuracy of 92.3% for peak loads (top 5%), 
outperforming CSDI (89.7%) and LSTM (85.2%). This demonstrates that the diffusion 
model better captures uncertainty in extreme events through probabilistic generation, 
while causal attention ensures accurate quantification of meteorological factor influences. 
Although the current validation explicitly demonstrates the model’s efficacy during 
heatwaves and cold snaps – two of the most common and impactful events for grid 
operation – its core strength lies in its principled, probabilistic approach to handling 
uncertainty. This foundational capability provides strong reason to believe that the model 
would generalise beneficially to other extreme events, such as severe storms or prolonged 
rainfall, although specific validation with corresponding event data would be a necessary 
and valuable next step. 

Figure 2 Comparison of model prediction performance (MAE, RMSE) (see online version  
for colours) 

 

Table 2 Melting experiment results (MAE metric) 

Model variants MAE ΔAEe 
Full DM-CA 0.52 - 
w/o diffusion module 0.61 0.173 
w/o causal attention 0.57 0.096 
w/o both 0.68 0.308 
w/o temperature 0.65 0.25 
w/o humidity 0.56 0.077 
w/o wind speed 0.54 0.038 
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Figure 3 Causal attention weight distribution of meteorological factors (see online version  
for colours) 

 

4.2.4 Melting experiment 
To validate the contributions of each module, we designed ablation experiments  
(Table 2). The MAE of the complete DM-CA model was 0.52; removing the diffusion 
module (while retaining only causal attention) increased MAE to 0.61 (a 17.3% 
performance drop); removing the causal attention module (retaining only the diffusion 
model) increased MAE to 0.57 (a 9.6% performance drop); removing both (retaining only 
the LSTM encoder) significantly increased MAE to 0.68 (a 30.8% performance drop). 
This demonstrates that both the diffusion module and causal attention module are 
indispensable, with their synergistic interaction yielding the greatest performance 
improvement. Additionally, we tested the contribution of different meteorological 
factors: removing temperature increased MAE to 0.65 (a 25.0% performance drop), 
removing humidity increased MAE to 0.56 (a 7.7% drop), and removing wind speed 
increased MAE to 0.54 (a 3.8% drop). This confirms that temperature is the 
meteorological factor most significantly affecting load. 
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5 Conclusions 

This study addresses the challenge of quantifying the impact of meteorological factors in 
electricity load forecasting by proposing an innovative approach that integrates diffusion 
models with causal attention. Through systematic validation on the New England grid 
public dataset, results demonstrate that this method not only significantly improves load 
forecasting accuracy – particularly exhibiting superior robustness during extreme weather 
events – but also effectively quantifies the causal influence of different meteorological 
factors. This provides a new analytical tool for understanding the complex relationship 
between weather and electricity load. Although the current study validates the model for 
short-term forecasting, its performance for longer prediction horizons presents an 
interesting avenue for future exploration. 

In terms of theoretical contributions, this study’s primary innovations manifest across 
three dimensions: First, it introduces diffusion models into the field of electricity load 
forecasting, leveraging their probabilistic generative properties to effectively handle the 
uncertainty and randomness inherent in meteorological data, thereby overcoming the 
limitations of traditional deterministic forecasting methods, overcoming limits of 
deterministic methods. Second, it designs a causal attention mechanism that ensures 
compliance with physical laws through temporal causal constraints, enabling refined 
quantification of the influence magnitude of meteorological factors. Finally, it establishes 
a synergistic framework integrating diffusion models and causal attention, combining 
high-precision forecasting capabilities with strong interpretability. This provides a novel 
technical paradigm for addressing time-series forecasting challenges in complex 
environments. 

In practical applications, the methodology developed in this study offers significant 
support for power system operations. For power dispatch departments, its high-precision 
forecasting capability enhances clearing efficiency in day-ahead and intraday markets 
while reducing operational costs. For grid planners, the quantified results of 
meteorological impacts provide data support for coordinated planning of generation, 
transmission, load, and storage systems, particularly in scenarios with high renewable 
energy penetration. For emergency management departments, the model’s robust 
performance during extreme weather events can strengthen grid resilience against climate 
change impacts. Practical implementation should prioritise the following aspects. 
Establishing standardised data collection systems for meteorological and load data, 
refining online model update mechanisms, developing user-friendly decision support 
interfaces, and formulating relevant operational procedures and standards. 
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