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Abstract—The rapid growth in the number of electric vehicles 
has led to a continuous increase in charging demand. However, 
the randomness and volatility of charging behavior pose new 
challenges to power grid operation. Therefore, accurate 
prediction and reliable quantification of charging load 
uncertainty have become particularly important. However, many 
existing methods focus only on the time dimension or rely on 
deterministic prediction, often neglecting the spatial correlation 
between charging stations. To overcome these limitations, this 
paper proposes a Spatiotemporal Conditional Diffusion Model 
(STCDM) for probabilistic charging load prediction of charging 
station clusters. This model introduces a spatial graph structure 
as a diffusion condition and designs a spatiotemporal denoising 
network to fully extract the spatiotemporal correlation features 
of the load. Experimental results based on real charging data 
show that STCDM significantly outperforms existing benchmark 
models in terms of prediction accuracy and uncertainty 
estimation. 

Index Terms—Electric vehicle charging load forecasting, 
spatiotemporal modeling, probabilistic forecasting, diffusion 
model. 

I. INTRODUCTION 

In recent years, electric vehicles (EVs) have become 
increasingly popular worldwide, and the demand for charging 
has risen sharply[1]. However, the randomness and volatility 
of charging behavior bring significant uncertainty to the power 
distribution network, which can lead to load fluctuations, 
transformer overloads and voltage deviations. Therefore, 
accurate forecasting of electric vehicle charging load is crucial 
for the safe operation of the power grid, demand-side 
management and smart grid planning[2]. 

Existing studies on EV charging load forecasting can be 
broadly grouped into three categories. Model-based methods, 
such as stochastic queuing models, Monte Carlo simulations, 
and Markov processes, offer strong interpretability and clear 
physical meaning [3]. Ref. [4] models EV arrivals and 
charging service at fast-charging stations using queuing theory 
and traffic flow prediction. However, these approaches often 

rely on simplified behavioral and traffic assumptions, which 
limits accuracy in large-scale systems with strong 
spatiotemporal coupling. 

Data-driven methods, including statistical models and 
classical machine learning, can capture nonlinear patterns in 
charging data to some extent. Ref. [5] employs Random Forest 
and neural-network-based predictors, and Ref. [6] compares 
SVM, Random Forest, and Gradient Boosting for load 
forecasting. Despite their effectiveness under certain 
conditions, these methods typically require substantial feature 
engineering and struggle to represent long-range temporal 
dependencies and cross-site correlations. 

Deep learning methods further enhance modeling capacity 
for nonlinear and high-dimensional dynamics. Recurrent 
architectures such as RNNs, LSTM, and GRU are widely used 
in short-term load forecasting and generally achieve higher 
accuracy. Ref. [7] proposes an LSTM-based EV load 
forecasting model with a gating mechanism that remains 
robust under degraded data quality. Ref. [8] proposed the 
LSTM-Transformer hybrid model and verified that 
RNN/Transformer can better model time dependence. 
Meanwhile, convolutional neural networks (CNN) have also 
been used to extract local time features from charging time 
series [9]. Despite these advances, most existing deep learning 
models only focus on the time dimension and ignore the 
spatial correlation between multiple charging stations [10]. 

In station clusters, charging demand at each site is 
influenced by nearby stations due to user mobility, proximity, 
and price sensitivity, so modeling spatial dependence is 
essential. Graph-based spatiotemporal models improve 
accuracy, but most of them provide deterministic forecasts and 
do not explicitly quantify uncertainty, limiting their value for 
operational planning. Recent studies have used graph 
convolutional networks (GCNs) [11] and graph attention 
networks (GATs) [12] to capture the correlation between 
stations, which has significantly improved the spatiotemporal 
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prediction performance. However, these methods are usually 
deterministic point predictions, ignoring the spatial uncertainty 
of electric vehicle charging behavior, which limits their 
application value in grid operation [13-15]. 

Therefore, this paper proposes a Spatiotemporal 
Conditional Diffusion Model (STCDM) for probabilistic 
prediction of electric vehicle charging load at multiple 
charging stations. This model is an improvement on the 
diffusion framework, constructing the conditional diffusion 
model by introducing a spatial graph structure and designing a 
denoising network to extract multi-scale spatiotemporal 
features, thereby capturing complex spatiotemporal 
dependencies and providing charging station clusters with 
prediction results that balance accuracy and uncertainty. 

The remainder of this paper is organized as follows: Section 
II details the conditional diffusion model and the design of the 
denoising network; Section III tests the model prediction 
results and conducts ablation experiments; Section Ⅳ 
summarizes the entire paper. 

II. PROBABILISTIC FORECASTING FRAMEWORK 

A. Denoising Diffusion Model 

DDPM learns a data distribution by progressively adding 
Gaussian noise and then reversing the process via a learned 
denoiser, enabling uncertainty-aware probabilistic forecasting, 
as illustrated in Fig. 1. In this framework, two stochastic 
processes are defined: the forward diffusion and the reverse 
denoising processes. 

1) Forward Process 
The forward process gradually converts a clean sample 0ݔ 

into noise by sequentially adding Gaussian perturbations. The 
model for each step is as follows: 

 ( )1 1( ) ; 1 ,n n n n n nq x x x x Iβ β− −= −∣ N  (1) 

where (0,1)∋݊ߚ controls the noise intensity at step ݊, and  ܫ denotes the identity matrix. By chaining all steps, we 
obtain: 

 1: 0 1
1

( ) ( )
N

N n n
n

q x x q x x −
=

= ∏∣ ∣  (2) 

Defining ߙ௡ = 1 − ො௡ߙ ௡ andߚ  = ∏ ௡௡௜ୀଵߙ  , the closed-form 
expression for any step can be derived as: 

 0 1 , ~ (0, )n n nx x Iα α= + − ò ò N  (3) 

This formulation allows direct sampling of ݔn at any noise 
level without iterative computation of intermediate states. 
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Fig. 1. Forward diffusion and reverse diffusion process. 

2) Reverse Process 
The reverse process learns to recover data from noise by 

inverting the forward diffusion through a parameterized 
Markov chain. Starting from pure Gaussian noise 

~ (0, )Nx IN , the process is defined as: 

 0: 1
1

( ) ( ) ( )
N

N N n n
n

p x p x p x xθ θ −
=

= ∏ ∣  (4) 

Given sufficiently small βn, the reverse transitions share the 
same Gaussian form as the forward process: 

 ( )1 1( ) ; ( , ), ( , )n n n n np x x x x n x nθ θ θμ σ− −=∣ N  (5) 

Where, the mean ߠߤ and variance ߠߪ are predicted by a 
neural network parameterized by ߠ. The mean can be 
expressed as: 

 
1

( , ) ( , )
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n n n

n n
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α α
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where  denotes the predicted noise at step n. 
The model is trained by minimizing the expected mean 

squared error between the true and predicted noise: 

 ( ) 2

0
2

min ( ) min 1 ,n nx nθ θ θθ α α= − + −L ò ò òE  (7) 

After training, new samples are generated by iteratively 
denoising from ~ (0, )Nx IN  to 0ݔ. 

B. Conditional Diffusion Model 

Deterministic spatiotemporal forecasters capture spatial–
temporal dependencies but cannot quantify predictive 
uncertainty, whereas diffusion-based probabilistic models 
characterize uncertainty well yet often underuse spatial 
structure. To address these limitations, we extend conditional 
diffusion to graph-structured spatiotemporal forecasting and 
propose the Spatiotemporal Conditional Diffusion Model 
(STCDM), which jointly learns spatiotemporal representations 
and uncertainty, improving accuracy and distributional 
robustness. 

1) Conditional Diffusion Process 
Since charging behavior is influenced by both spatial 

correlation between charging stations and external factors such 
as electricity price, weather, and time-of-day patterns, we 
concatenate time features, meteorological features, and price 
features with the load sequence to form a node feature tensor 

F V T
tx × ×∈ � . All exogenous features are resampled/aligned to 

the 5-min grid and restricted to information available at 
forecast issue time. We then incorporate spatiotemporal 
context information into the model to make the diffusion 
process more suitable for charging load prediction scenarios, 
where ܨ represents the number of feature dimensions, ܸ 
represents the number of charging stations, and ܶ represents 
the time horizon. A graph structure { , , }A=G V E  is introduced 

to represent spatial dependencies, where V VA ×∈ � is a 
weighted adjacency matrix based on the geographical 
distances between stations. 

The model aims to predict the probabilistic distribution of 
future charging loads ݌ݔ conditioned on historical observations ݔℎ, time steps ܶℎ, and graph structure ܩ. Extending the DDPM 
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framework, the conditional reverse diffusion process is 
formulated as: 

 0: 1
1

( , ) ( ) ( , , )
N
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=
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The transition distribution follows: 
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where ߠߤ and ߠߪ are predicted by a neural network 
conditioned on both ݔℎ and ܩ. The conditional training 
objective is given by: 

 
0

2

, 2
min ( ) min ( , , )p

p h
nx x n xθ θ θθ = − ∣òL ò ò GE  (10) 

This formulation enables the diffusion model to learn 
complex spatiotemporal and contextual dependencies while 
maintaining uncertainty-aware probabilistic forecasting. 

2) Generalized Conditional Diffusion Model 
The historical sequence ݔℎ and prediction target ݌ݔ belong 

to separate sample spaces, which limits temporal information 
flow between consecutive intervals. To overcome this, we 
define a unified latent variable ݈݈ܽݔ=[ݔℎ,݌ݔ]∈ܴܨ×ܸ×ܶ, where ܶ=ܶℎ+ܶ݌ denotes the total time horizon. The unobserved 
future part is masked as ݈݈ܽ݇ݏ݉ݔ, enabling both historical and 
predictive data to share the same spatiotemporal space. 

Under this unified representation, the reverse diffusion 
process is reformulated as a masked conditional diffusion: 

 all all all all all all
0: msk 1 msk

1

( , ) ( ) ( , , )
N

N N n n
n

p x x p x p x x xθ θ −
=

= ∏∣ ∣G G  (11) 

with learnable parameters ߠ. The corresponding training 
objective follows the conditional denoising score matching 
formulation: 

 all
0

2all all
msk, 2

min ( ) min ( , , )nx x n xθ θ θθ = − ∣òL ò ò GE  (12) 

Compared with the original conditional setting, this 
generalized form integrates ݔℎ and ݌ݔ into a single latent space 
for joint reconstruction and prediction, and enhances 
spatiotemporal continuity across historical–future boundaries, 
improving the model’s ability to learn holistic dynamic 
distributions. 

C. Spatiotemporal Denoising Network 

To model spatiotemporal dependencies in graph-structured 
time series, we design a spatiotemporal denoising graph 
encoder–decoder. As shown in Fig. 2, the model performs 
reverse diffusion using local graph convolution and gated 
temporal filtering, enabling the extraction of both temporal  
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Fig. 2. Structure of the spatiotemporal denoising graph block. 

continuity and spatial coherence. The encoder and decoder 
each consist of multiple Spatiotemporal Blocks (ST-Blocks) 
that integrate temporal, spatial, and noise embeddings. This 
symmetric architecture jointly captures temporal dynamics, 
spatial structure, and noise evolution throughout the diffusion 
process. 

1) Temporal Layers 
The temporal layer encodes short-term and periodic patterns 

using gated 1D convolutions. Given input sequence ݔ and 
kernel Ω∈  temporal convolution aggregates neighbor ,ܭܴ
observations within a sliding window: 

 GLU( ) ( * ) ( * )tz x x xσ= = Ω Ω�  (13) 

where ∗ denotes convolution, ߪ(⋅) is the sigmoid gate, and 
⊙  is element-wise multiplication. This gating mechanism 
adaptively regulates temporal information flow, enhancing 
physically consistent evolution while suppressing fluctuations. 
Deconvolution layers mirror this structure to recover the 
original temporal resolution after denoising. 

2) Noise-Level Embedding 
To maintain spatiotemporal consistency with the diffusion 

process, each ST-Block introduces a noise-level embedding 
layer. The noise level ݊∈[1,ܰ] is encoded using sinusoidal 
position encoding: 

 

T
2 2

( ) ,cos / ,sin / ,
d d

D Dn n r n r
− −⎡ ⎤⎛ ⎞ ⎛ ⎞

= … …⎢ ⎥⎜ ⎟ ⎜ ⎟
⎢ ⎥⎝ ⎠ ⎝ ⎠⎣ ⎦

e  (14) 

where ݀ indexes embedding dimensions and 10,000=ݎ. 
The temporal output is modulated via affine transformations: 

 ( )1 ( ) ( )t t t tZ Z e eφ ψ= + +% �  (15) 

where ߶ and ߰ are linear mappings. This modulation 
adaptively rescales and shifts temporal features according to 
the denoising stage, enhancing generative consistency and 
stability. 

3) Spatial Layers 
The spatial layer explicitly models graph topology and 

spatial correlations using spectral graph convolution over the 
adjacency matrix ܣ: 

 
0

( )
K

t k k t
k

H T L Zθ
=

=∑ % %  (16) 

 
max

2L
L I

λ
= −%  (17) 

where 1/2−ܦܣ1/2−ܦ−ܫ=ܮ is the normalized Laplacian, and ܶ݇(⋅) denotes the Chebyshev polynomial of order ݇. 
This operation aggregates contextual information from ܭ-

hop neighbors, embedding both local smoothness and global 
structural coherence. Empirically, 3=ܭ achieves a balance 
between accuracy and computational efficiency. 

By stacking ST-Blocks in a hierarchical encoder–decoder 
architecture, STCDM progressively refines the noise 
representations, enabling multi-scale temporal compression, 
diffusion-aware transformation, and robust spatial correlation 
inference. 

D. Training and Inference Process 

1) Training Process 
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During training, the masked tensor ݈݈ܽ݇ݏ݉ݔ is constructed 
based on observed entries. Given the complete ground-truth 
signal 0ݔ

݈݈ܽ and graph ܩ, noisy samples are generated as 
all all

0 1n n nx xα α= + − ò ,The denoising network ߳ߠ is 

optimized by minimizing the conditional objective in Eq. (12), 
learning to recover noise components conditioned on both the 
masked input and graph topology. This enables the model to 
capture spatially coherent and temporally consistent structures 
under stochastic diffusion noise. 

2) Inference Process 
During inference, the trained model iteratively samples ݔn-

1
݈݈ܽ from Eq. (11) through the reverse diffusion process, guided 

by ݈݈ܽ݇ݏ݉ݔ and graph ܩ. The proposed STCDM framework 
generates all future steps within a single reverse sequence, 
ensuring multi-step temporal consistency, spatial coherence, 
and computational efficiency in probabilistic load forecasting. 

III. CASE STUDY 

The proposed STCDM method was evaluated on real-world 
datasets, compared with representative probabilistic baselines, 
and validated through a series of ablation studies. 

A. Dataset and Experimental Setup 

1) Dataset 
We used a real-world dataset from public electric vehicle 

charging stations in Shenzhen, China, covering a six-month 
period from September 1, 2022 to February 28, 2023. This 
dataset records 1,682 charging stations and 24,798 charging 
piles at a time resolution of 5 minutes. Each record includes a 
matrix of charging load, electricity price, weather conditions, 
and station spacing, enabling the model to capture the spatial 
and seasonal variations in charging behavior.  

2) Evaluation Metrics 
We adopt the Continuous Ranked Probability Score (CRPS) 

to evaluate probabilistic forecasting performance, which 
measures the discrepancy between the predicted cumulative 
distribution ܨ and the observed value ݔ: 

 ( )2
CRPS( , ) ( ) { } dF x F z x z z= − ≤∫� I  (18) 

For deterministic evaluation, we also report Mean Absolute 
Error (MAE) and Root Mean Squared Error (RMSE): 

 
| |
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1
MAE( , ) | |ˆ ˆ

| |

Y

i i
i

Y Y Y Y
Y =

= ∑ −  (19) 

 
| |

2

1

1
RMSE( , (ˆ ˆ) )

| |

Y

i i
i

Y Y Y Y
Y =

= ∑ −  (20) 

Lower values of these metrics denote higher forecasting 
accuracy, while CRPS primarily measures the reliability of 
probabilistic outputs. 

3) Parameter Settings 
The dataset was divided chronologically in a 6:2:2 ratio into 

training, validation, and test sets. The model was trained using 
the Adam optimizer with a learning rate of 0.002 for 200 
epochs. The batch size is 16, the diffusion steps were 200T = , 
the latent embedding dimension was set to 32, and the 
historical prediction timeframes were 12hT =  and 

{3,6,9,12}hT = . During training, we optimize the denoiser 

using the conditional denoising objective in Eq. (12) without 
backpropagating through all diffusion steps, so the per-
iteration computational cost is comparable to that of a standard 
spatiotemporal forecasting network. At inference time, the 
runtime increases approximately linearly with the number of 
reverse diffusion steps ܰ. To control spatial computation, we 
adopt a low-order Chebyshev approximation (3=ܭ) in the 
graph convolution. We report parameter count and empirical 
end-to-end inference latency as practical indicators of 
computational cost. On a single NVIDIA RTX 4070, STCDM 
with 3.76M parameters forecasts all 1,682 stations in 15.4 s 
using 50 reverse steps and 38.6 s using 200 reverse steps, 
corresponding to 9.1 ms and 22.9 ms per station. 

B. Predictive Performance Evaluation 

To evaluate the predictive performance and generalization 
ability of the proposed STCDM model, we adopted a cross-
time and cross-site testing method, using data from different 
observation stations on the same day and data from the same 
observation station on different dates. This design covers both 
spatial variability between observation stations and temporal 
variability between seasons, thereby validating the model's 
performance. 
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Fig. 3. Predictive performance across different sites and seasons 

As shown in Fig. 3, the proposed STCDM model accurately 
captures charging load trajectories across different sites and 
seasons. For sites 217 and 1062, the predicted curves closely 
match actual measurements during both peak and off-peak 
periods, demonstrating the excellent nonlinear time series 
characterization capabilities of model. The 20% and 50% 
prediction intervals are well-calibrated, with most observed 
data points falling within the expected uncertainty range, 
confirming the ability to stably quantify uncertainty. 

Cross-seasonal experimental results demonstrate that the 
model successfully captures variations in load amplitude and 
peak duration from autumn to winter, proving its prediction 
accuracy under different time conditions. Similarly, the 
consistent performance across different sites confirms that 
STCDM effectively captures spatial dependence, thus 
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maintaining robust prediction accuracy in regions with 
different load characteristics. 

TABLE I 

COMPARED TO THE PROBABILITY BASELINE 

Metric 
Method 

CRPS 

15 30 45 60 Average 

DeepAR 0.39 0.45 0.51 0.57 0.48 

CSDI 0.33 0.38 0.42 0.49 0.41 

TimeGrad 0.31 0.35 0.40 0.45 0.38 

STCDM 0.23 0.27 0.35 0.39 0.31 

We compared STCDM with three probabilistic baseline 
models: DeepAR, CSDI, and TimeGrad. All methods were 
trained under the same settings and evaluated using the CRPS 
metric. As shown in Table I, STCDM achieved the lowest 
CRPS values across all prediction periods, indicating its 
ability to accurately capture the spatiotemporal characteristics 
between charging stations while maintaining the accuracy of 
uncertainty measurements in the diffusion model. STCDM 
also achieves the lowest Brier scores across all horizons, 
ranging from 0.078 to 0.105, indicating improved calibration 
compared with the baselines. 

Overall, the results confirm that STCDM has high 
prediction accuracy and can quantify the uncertainty of 
charging behavior. Furthermore, this model is applicable to 
real-world charging station cluster scenarios with different 
spatial layouts and seasonal characteristics. 

C. Ablation Study 

We conducted elimination studies to evaluate the 
contributions of key components in STCDM, including the 
spatial module, the temporal module, and the proposed 
spatiotemporal coding-decoding module (retaining only the 
TCN for feature extraction). All variants were evaluated using 
mean squared error (MAE), root mean square error (RMSE), 
and CRPS under the same settings. 
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Fig. 4. Ablation study 

Fig. 4 shows that removing any component leads to a 
degraded performance across all metrics. Removing the spatial 
module severely impacts accuracy, validating the importance 
of modeling spatial correlations between nodes. Removing the 
temporal module causes degradation across all metrics. 
Removing the spatiotemporal coding-decoding module results 
in the largest performance degradation, confirming its central 
role in jointly capturing spatiotemporal dependencies. These 
results demonstrate the necessity of each component. 

IV. CONCLUSIONS 

This paper proposes a Spatiotemporal Conditional Diffusion 
Model (STCDM) for probabilistic prediction of electric 

vehicle charging load across multiple charging stations. By 
combining graph-based spatial conditioning with a 
spatiotemporal denoiser, STCDM captures cross-station 
dependence and delivers competitive probabilistic accuracy on 
real data. Ablation results verify the necessity of the spatial, 
temporal, and joint spatiotemporal components, and the graph-
conditioned formulation facilitates transfer by updating the 
station graph and normalization, with optional lightweight 
fine-tuning under domain shifts. 
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