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CDT-RiskNet: A Risk-Aware Copula-Diffusion-Transformer Network

for Stochastic EV Charging Station Optimization in Energy Market
Xihao Wang, Graduate Student Member, IEEE, Xiaojun Wang, Member, IEEE, Zhao Liu, Member, IEEE,

Jianzhong Wu, Fellow, IEEE, Jinghan He, Fellow, IEEE,

Abstract—The growing penetration of photovoltaic (PV) sys-
tems and electric vehicles (EVs) poses systemic uncertainty
for EV charging stations (EVCSs) participating in day-ahead
energy market. These uncertainties are characterized by complex
dependencies and time-varying tail risks that challenge tradi-
tional scenario generation and risk management techniques. This
paper presents CDT-RiskNet, a Copula-Diffusion-Transformer
framework for risk-aware stochastic optimization. A copula-
enhanced diffusion model is developed to generate realistic joint
scenarios of PV generation and EV charging demand. To manage
time-varying tail risk, a Transformer-based risk module predicts
dynamic CVaR weights from both historical and forecasted
features, enabling coordinated evaluation across time. Simulation
resultson both small-scale and large-scale EVCSs using real-
world data demonstrate that CDT-RiskNet improves scenario
generation quality, risk control, and adaptability to varying
market conditions, leading to better economic performance under
uncertainty.

Index Terms—EV charging station, joint scenario generation,
time-varying risk management, day-ahead energy market.

I. INTRODUCTION

THE decarbonization of power and transportation sectors
has become a global priority, hence the growing interest

in electric vehicles (EVs) and photovoltaic (PV) systems [1].
According to the International Energy Agency (IEA), global
EV sales surpassed 17 million units in 2024, representing
nearly 20% of new car sales, and are projected to reach
more than 40% by 2030 under current policy scenarios [2].
By integrating on-site PV, energy storage systems (ESSs),
and vehicle-to-grid (V2G) technologies, urban EV charging
stations (EVCSs) can actively participate in the energy market
to optimize energy procurement, provide grid services, and
enhance cost-effectiveness and operational sustainability [3].

However, the uncertainties of PV generation and EV charg-
ing demand exhibit nonlinear and time-varying statistical de-
pendence due to shared exogenous drivers and temporal char-
acteristics [4], which critically impact EVCS decision-making
in energy markets. The source-load uncertainty introduces two
key challenges. First, their externally driven statistical de-
pendence implies that independently modeling PV generation
and EV charging demand may distort their joint statistical
structure and lead to unrealistic operating scenarios, thereby
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necessitating accurate joint scenario generation [5]. Second,
the temporal variability of uncertainty and interdependence
motivate the need for time-varying risk management [6].

Scenario generation plays a crucial role in characterizing
uncertainty for robust decision-making [7]. Statistical methods,
such as Monte Carlo Simulation (MCS) [8] and Gaussian
Mixture Models (GMMs) [9], rely heavily on prior probability
distributions, which limits their ability to capture complex
and dynamic uncertainty patterns. Moreover, these methods
alone often fail to capture the dependence between PV gen-
eration and EV charging demand, limiting their effective-
ness in modeling real-world uncertainties. Some methods,
such as Copula-based modeling, explicitly capture dependence
structures and have been employed to improve source-load
correlation modeling. Carmona et al. leveraged copula-based
modeling to capture the joint behavior of load, solar, and
wind power, enabling the generation of correlated multivariate
scenarios [10]. However, such methods still rely on parametric
and distribution assumptions, which constrain their ability
to adapt to nonstationary, high-dimensional uncertainty. In
contrast, data-driven approaches have gained attention for
their ability to learn patterns directly from historical data
without rigid prior assumptions [11]. Deep generative models,
including Variational Autoencoders (VAEs) [12] and Gen-
erative Adversarial Networks (GANs) [13], [14], have been
applied to scenario generation, showing promising results in
capturing marginal distributions. Recently, Diffusion Models
have emerged as a powerful alternative, capable of learn-
ing complex, multi-modal distributions [15], [16], [17], [18].
While most existing diffusion-based methods have focused
on modeling individual variables, limited attention has been
given to preserving the joint dependence structures inherent
in source-load interactions. Zhao et al. proposed a conditional
diffusion-based scenario generation model that captures the
spatiotemporal correlations between source and load, enabling
the generation of joint scenarios [19]. Although the accuracy
of joint scenario generation has improved in these studies,
there is still a time-varying tail risk that cannot be addressed
by scenario realism alone [20]. To solve this, it is necessary
to develop a dynamic risk management mechanism that can
capture the characteristics of risk varying over time.

The dynamic tail risk often becomes more severe during
periods of high volatility of PV generation or of inflexible EV
charging demand. Conditional Value at Risk (CVaR) is widely
used in stochastic optimization to manage tail risks [21], [22],
[23], [24]. CVaR-based methods have been applied to energy
market optimization, such as multi-temporal bidding strategies
for virtual power plants under renewable and market uncertain-
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TABLE I
LITERATURE REVIEW

Reference Scenario Generation Risk Management
Statistical Data-Driven Dependence Modeling Static CVaR TW-CVaR

[8] - [9] √

[10] √ √

[11]- [18] √

[19] √ √

[21] √ √

[22]- [26] √

[27] √

Proposed √ √ √

ties [25], and retailer-side models incorporating flexible EV
participation and temporal demand characteristics [26]. These
CVaR-based approaches have shown effectiveness in balancing
expected return and extreme risks. However, to better reflect
the temporal dynamics of uncertainty and risk, several studies
have further explored time-varying CVaR formulations, which
allow the risk preference to adapt across different time peri-
ods. Vardanyan et al. introduced hourly CVaR constraints in
hydropower bidding to independently control risk at each time
slot [27]. In the context of day-ahead market participation,
EVCS operators must assess risk and performance over the
entire operational horizon [28]. A unified CVaR formulation
with time-varying risk weights allows for coordinated risk
evaluation across all time periods, and achieves more balanced
resource scheduling. To generate time-varying CVaR weights,
one intuitive approach is to extract empirical distributions from
historical records corresponding to the same time periods.
But this method lacks the ability to anticipate shifts in future
scenario characteristics. A more adaptive strategy first searches
optimal weight vectors by solving CVaR-based optimization
problems on historical samples, and then trains sequence
models such as Long Short-Term Memory Network (LSTM)
to learn the mapping from uncertainty patterns to risk weights.
However, LSTM is limited in capturing long-range dependen-
cies. Transformer networks offer a more flexible alternative by
leveraging attention mechanisms [29], which allow the model
to focus on relevant patterns across historical and forecasted
scenario features, enabling more accurate learning of time-
varying risk weights. Table I summarizes representative studies
on scenario generation and risk management, highlighting the
need for a unified framework that jointly integrates scenario
generation and dynamic risk modeling to address time-varying
source-load uncertainty.

This study proposes CDT-RiskNet, a unified Cop-
ula–Diffusion–Transformer framework for risk-aware stochas-
tic optimization. Unlike single diffusion or other generative
models that ignore source–load dependencies, CDT-RiskNet
embeds a dynamic copula into the diffusion process to pre-
serve nonlinear and time-varying PV–EV interactions. Com-
pared with CVaR approaches with static risk weights, the
proposed Transformer-based mechanism learns time-varying
CVaR weights directly from historical and forecasted features,
thereby capturing the temporal dynamics of risk. This unified
design not only enhances the fidelity and diversity of joint
scenarios but also enables adaptive risk management across
the entire operational horizon, resulting in more robust and
cost-effective EVCS market participation under complex un-
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Fig. 1. The structure of the EVCS operation in energy market.

certainties. The contributions of this study are as follows:
1) A copula-diffusion model is developed to explicitly

preserve the nonlinear and time-varying dependencies
between PV generation and EV charging demand during
scenario generation, thereby overcoming the limitations
of conventional diffusion models that focus only on
marginal distributions, and producing joint scenarios that
are both dependence-faithful and sufficiently diverse.

2) A time-varying CVaR formulation is introduced in which
dynamic risk weights are learned through a Transformer
from historical and forecast features, enabling tempo-
rally adaptive risk control beyond static-weight CVaR.

3) The CDT-RiskNet is established to integrate scenario
generation and risk-aware optimization into a unified
framework, achieving improved economic performance
in EVCS market operations under complex uncertainties,
while maintaining robust performance under varying
market conditions and weather fluctuations.

While this study focuses on the EVCS case, CDT-RiskNet
framework is generally applicable to stochastic optimization
under joint uncertainties in power systems. The rest of this pa-
per is organized as follows. Section II formulates the stochastic
optimization and time-varying risk management model. Sec-
tion III details the proposed CDT-RiskNet framework. Section
IV presents numerical studies. Section V concludes the paper.

II. PROBLEM FORMULATION

This section presents the operational model of the EVCS,
followed by the stochastic optimization framework and the
time-varying risk management formulation. The key chal-
lenges addressed in this study are also highlighted.

Fig. 1 illustrates the structure of the EVCS, which consists
of inflexible EVs, V2G-enabled EVs, an on-site PV system,
and an ESS. The EVCS procures electricity from the market
and supplements it with locally generated PV power. By co-
ordinating the charging and discharging of V2G-enabled EVs
and ESS, the EVCS engages in energy market while ensuring
that all EVs meet their required charging demands. A bilevel
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stochastic optimization framework models the interaction be-
tween the EVCS and V2G-enabled EVs. In the upper level,
the EVCS sets electricity prices λcs

t based on market signals
to guide the charging and discharging behaviors of V2G-
enabled EVs, aiming to maximize its own profit. At the lower
level, each V2G-enabled EV optimizes its charging schedule
in response to the price to minimize its cost. Within this
framework, uncertainties arise from stochastic PV generation
and the charging demands of inflexible EVs.

The EVCS participates in the day-ahead energy market.
The operating horizon is divided into T discrete time periods,
indexed by t ∈ {1, 2, ..., T}. Let N = {1, 2, ..., N} denote the
set of V2G-enabled EVs, and let I = {1, 2, ..., I} represent
the set of batteries in the ESS. The arrival and departure times
of the V2G-enabled EV n are denoted as tn,ar and tn,de, and
its connection time set is given by Tn = {tn,ar, ..., tn,de}.

A. Stochastic Optimization

The bilevel stochastic optimization problem is formulated
using a scenario-based framework, considering the source-load
uncertainties from PV generation and inflexible EV charging
demands. Let m ∈ M denote the scenario index.

The upper-level objective function aims to maximize
EVCS’s profits from EV charging services and energy trading
while accounting for ESS degradation cost. The EVCS is
modeled as a price taker in the day-ahead energy market. This
assumption is commonly adopted for EVCS when the focus
is on uncertainty modeling and risk-aware scheduling [30].

max
λcs
t ,B

+
i,t,m,B−

i,t,m,Pbuy
t,m,P sell

t,m

∑
m∈M

πmFEVCS
m (1a)

FEVCS
m = Rserv

m +Rem
m − Cdeg

m (1b)

Rserv
m =

∑
t∈T

∑
n∈N

λcs
t

(
ηch (P+

n,t + P IEV
t,m

)
−

P−
n,t

ηdis

)
∆t (1c)

Rem
m =

∑
t∈T

(
λsell
t P sell

t,m − λbuy
t Pbuy

t,m

)
∆t (1d)

Cdeg
m = λcell

∑
t∈T

∑
i∈I

(
ηchB+

i,t,m +
B−
i,t,m

ηdis

)
∆t (1e)

where B+
i,t,m and B−

i,t,m are the charging/discharging power
of battery i in the ESS, while Pbuy

t,m and P sell
t,m are market

purchase and sale powers. πm is the probability of scenario m.
Rserv

m is EV charging profit, considering efficiency
(
ηch, ηdis

)
,

EV power
(
P+
n,t,P−

n,t

)
, and inflexible EV charging demand

P IEV
t,m. A symmetric price λcs

t is assumed between EVs and
the EVCS, following common practice in EVCS scheduling
[31]. Rem

m is energy market profit from selling at price λsell
t

and buying at λbuy
t . Cdeg

m is the degradation cost of the ESS,
the linear form is an acceptable approximation for day-ahead
operation, consistent with common practice [32]. λcell is the
unit degradation cost. ∆t is the duration of time step.

The constraints describe the operational characteristics and
decision-making rules of the EVCS.

PPV
t,m + Pbuy

t,m +
∑
i∈I

B−
i,t,m +

∑
n∈N

P−
n,t = P sell

t,m +
∑
i∈I

B+
i,t,m

+
∑
n∈N

P+
n,t + P IEV

t,m, ∀m ∈ M,∀t ∈ T (2a)

0 ≤ PA
t,m ≤ P̄A

t z
A
t,m, ∀t ∈ T ,∀m ∈ M,A ∈ {buy, sell}

(2b)∑
A∈{buy,sell}

zAt,m ≤ 1, ∀t ∈ T ,∀m ∈ M (2c)

Si,t+1,m = Si,t,m +

(
ηchB+

i,t,m −
B−
i,t,m

ηdis

)
∆t

Ebat
i

,

∀i ∈ I,∀t ∈ T ,∀m ∈ M (2d)

Si ≤ Si,t,m ≤ Si, ∀i ∈ I,∀t ∈ T ,∀m ∈ M (2e)

0 ≤ BX
i,t,m ≤ B̄X

i z
X
i,t,m,

∀i ∈ I,∀t ∈ T ,∀m ∈ M,X ∈ {+,−} (2f)∑
X∈{+,−}

zXt,m ≤ 1, ∀t ∈ T ,∀m ∈ M,X ∈ {+,−} (2g)

1

|T |
∑
t∈T

λcs
t = µ (2h)

λcs ≤ λcs
t ≤ λ

cs
, ∀t ∈ T (2i)

Power balance (2a) ensures that total power supply, in-
cluding PV generation PPV

t,m, Pbuy
t,m, B−

i,t,m, and P−
n,t, matches

total power demand, including P sell
t,m, B+

i,t,m, P+
n,t, and P IEV

t,m.
Market limits (2b) and (2c) constrain transaction power PA

t,m

(A ∈ {buy, sell}) with bounds P̄A
t and binary variables zAt,m

preventing simultaneous transactions. ESS dynamics (2d) and
(2e) update the state-of-charge (SOC) Si,t,m, and enforce
limits

[
Si, Si

]
. Ebat

i is the battery capacity. (2f) and (2g) limit
ESS power BX

i,t,m (X ∈ {+,−}) with binary variables that
ensure no simultaneous operations. Pricing constraints (2h)
and (2i) enforce λcs

t to align with the average price µ and
to remain within

[
λcs, λ

cs
]
.

The objective of the lower-level EV model aims to minimize
charging cost and battery degradation cost.

min
P+

n,t,P
−
n,t

∑
t∈Tn

λcs
t

(
P+
n,t − P−

n,t

)
∆t

+ λcell
∑

t∈Tn,a

(
ηchP+

n,t +
P−
n,t

ηdis

)
∆t (3)

For the V2G-enabled EVs, the operational constraints are
as follows.

0 ≤ PX
n,t ≤ P̄nz

X
n,t, ∀n ∈ N ,∀t ∈ Tn,X ∈ {+,−} (4a)∑

X∈{+,−}

zXn,t ≤ 1, ∀n ∈ N ,∀t ∈ Tn,X ∈ {+,−} (4b)

P+
n,t = P−

n,t = 0, z+n,t = z−n,t = 0, ∀n ∈ N ,∀t /∈ Tn
(4c)

Sn,t+1 = Sn,t +

(
ηchP+

n,t −
P−
n,t

ηdis

)
∆t

En
, ∀n ∈ N ,∀t ∈ Tn

(4d)

Sn ≤ Sn,t ≤ Sn, ∀n ∈ N ,∀t ∈ Tn (4e)
Sn,tde ≥ Sre

n , ∀n ∈ N (4f)

The power limits (4a) restrict P+
n,t and P−

n,t to their bounds
P̄n, controlled by binary variables z+n,t and z−n,t, preventing
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simultaneous operation in (4b). When the EV is not connected
to the charger (t /∈ Tn), all associated power and binary
variables are set to zero in (4c). (4d) updates the SOC Sn,t of
EV n, where En is the EV battery capacity. The SOC remains
within

[
Sn, Sn

]
during the connection period in (4e), and

meets the required level Sre
n at departure in (4f).

Based on the transformation methods in [31] and [33], the
bilevel stochastic optimization model is transformed into a
single-level problem using KKT conditions. An affine adjust-
ment method used in [34] is then adopted to derive a unified
decision policy. The recourse variables are expressed as affine
functions of the realized uncertainty:

B+
i,t,m

B−
i,t,m

Pbuy
t,m

Psell
t,m

 =


B+
i,t

B−
i,t

Pbuy
t

Psell
t

+


ϕ+i,t
ϕ−i,t
ϕbt
ϕst

 · ϑt,m (5)

The scalar ϑt,m characterizes the realization of source-load
uncertainty at time t under scenario m. The affine coefficients
ϕ+i,t, ϕ

−
i,t, ϕ

b
t , and ϕst determine how each decision variable

adjusts in response to uncertainty. To ensure that the total
adjustment is properly distributed among different control
actions, the affine coefficients satisfy:

ϕ+i,t + ϕ−i,t + ϕbt + ϕst = 1 (6)

The affine adjustment scheme allows real-time uncertainty
to be absorbed through adaptive recourse decisions.

B. Time-Varying Risk Management

To manage uncertainties associated with PV generation and
inflexible EV charging demands, this study proposes a risk
management model based on CVaR formulated directly in
terms of profit. The proposed CVaR measures the expected
profits falling below a specified confidence level α, ensuring
robustness against scenarios with extremely low profitability.

Traditional CVaR approaches assume a constant weight
of risk across all time periods, failing to capture the time-
varying nature of uncertainty and correlation. To address this
limitation, this study introduces a time-varying weighted CVaR
(TW-CVaR) formulation, allowing dynamic adjustments of
risk assessment over the operating horizon. Let Lt,m denote
the profit function under scenario m at time t. The TW-CVaR
over the time horizon T is defined as:

TW-CVaRα =

max
νt

{∑
t∈T

wt

(
νt −

1

1− α

∑
m∈M

πm max (νt − Lt,m, 0)

)}
(7)

where νt is the Value-at-Risk (VaR) at confidence level α, and
wt denotes the time-varying weights that reflect the relative
importance of risk at each time step t. The weights wt are
normalized such that

∑
t∈T wt = 1, ensuring consistency in

the risk assessment across the horizon.
Therefore, the upper-level objective function (1a) should be

reformulated as:

max(1− ψ)
∑

m∈M
πmFEVCS

m + ψ(TW-CVaRα) (8)

where ψ represents the risk aversion coefficient.

Remark (Challenges in stochastic optimization and risk
management). The stochastic optimization model incorpo-
rates PV generation PPV

t,m and inflexible EV charging demands
P IEV
t,m under scenario m in (2a), both of which exhibit high

volatility and strong interdependence. Accurately modeling
their joint uncertainty without restrictive prior assumptions
remains a challenge. In time-varying risk management, the
correlation and variability of PV generation and EV charging
demand fluctuate over time, necessitating time-varying risk
weighting via wt. However, a key challenge lies in how to
effectively leverage both historical and forecasted information
to generate wt that accurately maps underlying uncertainty
patterns to appropriate risk levels.

These challenges underscore the need for a unified data-
driven framework capable of generating realistic joint scenar-
ios and dynamically adjusting risk weights based on temporal
uncertainty patterns. CDT-RiskNet can provide these key in-
puts for stochastic optimization and time-varying risk manage-
ment, ensuring adaptive decision-making under uncertainty.

III. PROPOSED CDT-RISKNET FOR RISK-AWARE
STOCHASTIC OPTIMIZATION

This section presents CDT-RiskNet as a unified framework
for scenario generation and risk management, as outlined in
Fig. 2. It consists of three key components: the Copula Layer
captures source-load dependencies, providing conditional in-
puts for subsequent modules. The Diffusion Layer generates
realistic joint scenarios. And the Transformer Layer models
temporal risk variations to produce risk coefficients.

A. Forward Diffusion for Source-Load Historical Observa-
tions

Diffusion models have demonstrated strong generative capa-
bilities by progressively adding noise to data during a forward
diffusion process, then learning to reverse this process to gen-
erate new samples. In the proposed framework, the Diffusion
Layer is employed to generate realistic joint scenarios for PV
generation and inflexible EV charging demand.

Let the historical time series data of PV generation and
inflexible EV charging demand be denoted as xα

0 and xβ
0 ,

respectively. The joint source-load state at each time step is
represented as a concatenated vector x0 =

(
xα
0 ,x

β
0

)
, where

x0 ∈ R2T . The goal of scenario generation is to obtain a
set of M diverse realistic joint realizations, denoted as: S ={
x
(1)
0 ,x

(2)
0 , . . . ,x

(M)
0

}
, where each sample x

(m)
0 ∼ q(x0)

represents a possible realization of the joint PV-EV uncertainty
over the time horizon T . Additionally, let et represent external
factors, including weather data and calendar data.

To generate S, the diffusion process progressively perturbs
the original data x0 over K steps by injecting Gaussian noise,
yielding intermediate states xk. As k → K, xk approaches
an isotropic Gaussian distribution N (0, I), serving as the
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Fig. 2. The framework of CDT-RiskNet for risk-aware stochastic optimization of EVCS operations.

initialization for the reverse denoising process. The forward
diffusion process follows a Markovian structure, defined as:

q(x1:K | x0) =

K∏
k=1

q(xk | xk−1) (9)

where the transition distribution q(xk | xk−1) is defined as:

q(xk | x0) = N (xk;
√
αkx0, (1− αk)I) (10)

where βk ∈ (0, 1) is a noise schedule controlling the variance
of the added noise, with αk := 1− βk, and cumulative decay
factor ᾱk :=

∏k
i=1 αi. Consequently, xk can be expressed as:

xk =
√
ᾱkx0 +

√
1− ᾱkϵ, ϵ ∼ N (0, I) (11)

where ϵ is sampled from a standard Gaussian distribution. The
detailed proofs of (10) and (11) are provided in [15].

B. Reverse Denoising under Dynamic Copula-Based Correla-
tion

To generate realistic joint time-series scenarios of PV gen-
eration and inflexible EV charging demands, the Diffusion
Layer employs a structured reverse denoising process. This
process iteratively removes noise from an initial Gaussian dis-
tribution, progressively recovering realistic joint samples. To
capture the nonlinear and time-varying dependence between
PV generation xα

0 and inflexible EV charging demand xβ
0 , the

reverse diffusion process is guided by conditional inputs from
both external factors et and a dynamic Copula Layer. The
dependence structure from the Copula Layer is represented
by a time series of correlation coefficients DCopula

t .
The historical data are first mapped onto a standard normal

space using a probability integral transform:

zα = Φ−1 (Fα(x
α
0 )) , zβ = Φ−1

(
Fβ(x

β
0 )
)

(12)

where Fα(·) and Fβ(·) are the marginal cumulative distri-
bution functions (CDFs) of PV generation and EV charging
demand, and Φ−1(·) is the inverse standard normal CDF.

The dynamic dependence between the two processes is
modeled by a time-varying correlation coefficient ρt, which
evolves according to a constrained autoregressive moving
average (ARMA)-type equation:

ρt = Λ̃
(
ωρ − βρρt−1 + αρ

1

L

L∑
j=1

zαt−jz
β
t−j

)
(13)

where L is the window length. ωρ, βρ and αρ are parameters
estimated via maximum likelihood. Λ̃(·) is a modified logistic
transformation Λ̃(x) = tanh(x/2) that ensures ρt ∈ (−1, 1).
The dynamic copula conditioning variable is given by:

DCopula
t = ρt, (14)

Starting from an initial Gaussian sample xK , the reverse
process is formulated as:

pθ(x0:K) = p(xK)

K∏
k=1

pθ(xk−1 | xk, et,DCopula
t ) (15)

where pθ(xk−1 | xk, et,DCopula
t ) represents the transition

probability from state xk to state xk−1, conditioned on et and
DCopula

t , and parameterized by θ. The conditioning variables et
and DCopula

t are fixed for each operational period t and shared
across all diffusion steps.

pθ(xk−1 | xk, et,DCopula
t ) = N

(
xk−1;µθ(xk, k, et,DCopula

t ),Σk

)
(16)

where µθ(xk, k, et,DCopula
t ) is the predicted mean incorpo-

rating dependence constraints, and the covariance matrix Σk

captures stepwise uncertainty.
In the training phase, we adopt an objective derived from

the evidence lower bound (ELBO) that minimizes the mean
squared error (MSE) between the true noise and the noise
predicted by the denoising network. For each historical joint
observation x0 and a diffusion step k uniformly sampled from
{1, ...,K}, a noisy sample xk is generated according to (11),
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Fig. 3. The architecture of Transformer-based time-varying weighting.

where Gaussian noise ϵ ∼ N (0, I) is progressively injected
following the prescribed noise schedule. The network ϵθ is
trained to predict the added noise, with the loss defined as:

L(θ) = Ex0,k,ϵ

[∥∥∥ϵ− ϵθ(xk, k, et,DCopula
t )

∥∥∥2
2

]
, ϵ ∼ N (0, I)

(17)
Once trained, ϵθ guides the reverse diffusion process to

generate realistic joint scenarios that reflect both empirical
uncertainty and source-load dependencies.

C. Transformer-Based Time-Varying Risk Weighting

The Transformer Layer is designed via an encoder–decoder
architecture to generate time-varying risk weights wt, t ∈
[1, T ] for CVaR risk management as shown in Fig. 3. This
layer leverages historical and predicted data through combined
self-attention and cross-attention mechanisms.

The encoder processes multivariate historical time-series
inputs Xhist ∈ RThist×din , including PV generation xα

0 , EV
charging demand xβ

0 , source-load dependence DCopula
t and

weather factors. To capture temporal patterns such as daily
cycles, temporal positional encodings Ehist ∈ RThist×de are
concatenated with the raw input to obtain:

X̃hist = Concat(Xhist,Ehist) ∈ RThist×(din+de). (18)

This representation is projected to the model dimension
and passed through a multi-head self-attention layer with L
attention heads to analyze the features from different aspects:

MultiHead(X̃hist) = Concat(head1, ...,headL)W
O
hist (19)

headl = softmax

(
Qhist,lK

⊤
hist,l√

din + de

)
Vhist,l (20)

with queries Qhist,l = X̃histW
Q
hist,l, keys Khist,l = X̃histW

K
hist,l,

and values Vhist,l = X̃histW
V
hist,l. Here, WQ

hist,W
K
hist,W

V
hist ∈

R(din+de)×dmodel and WO
hist ∈ R(L∗dmodel)×din are the commonly

used linear mapping matrices. Then the sequence is processed
by a feed-forward network (FFN), dropout, and layer normal-
ization. We denote the intermediate output of the self-attention
layer as H̃hist, and the final encoder output as Hhist:

H̃hist = LayerNorm
(
X̃hist + Dropout(MultiHead(X̃hist))

)
,

(21)

Hhist = LayerNorm
(
H̃hist + Dropout(FFN(H̃hist))

)
(22)

The decoder receives future features Xpred ∈ RTpred×d′
in ,

including statistical descriptors of generated PV and EV
scenarios, predicted weather factors, and temporal encodings.
After concatenating the position embedding Epred ∈ RTpred×d′

e ,
we obtain X̃pred ∈ RTpred×(d′

in+d′
e). The sequence is processed

by a multi-head self-attention layer, dropout and layer normal-
ization similar to the encoder structure:

Hpred = LayerNorm
(
X̃pred + Dropout(MultiHead(X̃pred))

)
(23)

We denote the intermediate output of the cross-attention
layer as C̃, and the final decoder output as C:

C̃ = LayerNorm (Hpred + Dropout(CA(Hhist,Hpred))) , (24)

where the cross-attention CA(·) can be computed as:

CA(Hhist,Hpred)

= softmax

HpredW
Q
pred

(
HhistW

K
pred

)⊤
√
d′in + d′e

HhistW
V
pred (25)

The sequence is then processed by a feed-forward layer:

C = LayerNorm
(
C̃+ Dropout(FFN(C̃))

)
. (26)

The representation C ∈ RT×dmodel is passed through a one-
dimensional convolution:

Z = Conv1D(C) ∈ RT×1, (27)

followed by a softmax normalization:

wt =
exp(zt)∑T

τ=1 exp(zτ )
, t = 1, . . . , T, (28)

where wt denotes the time-varying risk weight.
To obtain the training targets for the Transformer, we adopt

a heuristic search strategy. For each historical day, joint PV-
EV scenarios are generated and the CVaR-based optimization
formulated in Section II is solved under candidate time-varying
risk weights vectors. These candidates are iteratively refined
via a guided search process, where the search range at each
time step is adaptively adjusted based on scenario volatility to
improve efficiency. The weight vector yielding the lowest total
cost is selected as the optimal target w∗. The Transformer is
then trained in a supervised manner to predict this vector from
input features, using the Kullback–Leibler divergence between
the predicted and target distributions as the loss function:

L(θ) =
∑
t

w∗
t log

w∗
t

wt(θ)
(29)



JOURNAL OF LATEX CLASS FILES, VOL. 18, NO. 19, AUGUST 2025 7

This training scheme ensures the model accurately captures
temporal risk patterns, enhancing proactive risk management
in EVCS optimization in energy market.

IV. PERFORMANCE ASSESSMENT AND NUMERICAL
RESULTS

The performance of the proposed CDT-RiskNet is evaluated
in three aspects: source-load scenario generation, risk-aware
stochastic optimization, and adaptability to varying market
price conditions. All experiments are implemented in Python
3.8 with the PyTorch package on a laptop equipped with AMD
Ryzen 7 5800H CPU and 16 GB RAM. The optimization
problems are solved by Gurobi 11.0.0.

A. Data Description and Simulation Setting

The considered cases consist of two EVCS configurations.
The small-scale EVCS includes an ESS with 5 battery units, an
80 kW PV installation, 10 V2G-enabled charging piles, and 12
AC piles for inflexible EVs. The scheduling horizon is one day
with hourly resolution. The historical data of two sources of
uncertainties, PV output and inflexible EV charging demand,
comes from real-world data from a PV-ESS-EV integrated
charging station located in Guangxi, China. The large-scale
EVCS consists of 30 battery units, 400 kW of PV installation,
30 V2G-enabled charging piles, and 20 AC and 10 DC piles
for inflexible EVs. The historical PV and EV demand data for
the large-scale EVCS are collected from charging facilities in
Jiaxing, China. The EV-related parameters, including charg-
ing/discharging limits, V2G-enabled EV arrival/departure time
distributions, battery efficiency, and cost coefficients, follow
the settings in [31]. The weather data for both regions are
sourced from [35]. The EV charging data are preprocessed
from tabular information into time-series format following the
method in [36]. Time-varying purchasing and selling prices
for the energy market transactions are adopted from [37].

For the Diffusion module, the number of diffusion steps
is set to 50, with the noise schedule parameter configured as
0.008. The hidden layer dimension is set to 128. The model
is trained using the Adam optimizer with a learning rate of
1 × 10−4 and a minimum batch size of 32. In the dynamic
Copula module, the sliding window length L is set to 24 to
effectively capture the temporal dependence in historical data.
For the Transformer module, the number of attention heads is
set to 4, and dmodel is set to 128. The model is trained using the
Adam optimizer with a learning rate 5×10−5 and a minimum
batch size of 32.

B. Performance of Source-Load Scenario Generation

To comprehensively evaluate the performance of
source–load scenario generation, we conduct experiments on
both the small-scale and large-scale EVCS cases and compare
the proposed CDT-RiskNet with traditional and recently
developed generative models, including GMM, Conditional
GAN (CGAN), TimeGAN, and standard Diffusion Models.
The evaluation is carried out along two dimensions: generation
quality and computational efficiency.
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Fig. 4. Autocorrelation coefficients of generated and historical scenarios.

1) Generation quality: Generation quality is assessed in
three widely adopted aspects: marginal fidelity, joint fidelity,
and scenario diversity, which collectively characterize the
accuracy and richness of the generated PV–EV scenarios.

Marginal fidelity: Marginal fidelity quantifies the preser-
vation of each variable’s statistics, assessed by Temporal
Consistency (TC) and Statistical Consistency (SC) [38].

TC evaluates whether the generated time series preserves
the temporal dependence structure of historical data. The
autocorrelation coefficient R(τ) is commonly used to evaluate
TC, defined at lag τ as:

R(τ) =
E [(St − µ)(St+τ − µ)]

σ2
(30)

where St represents a time sequence of generated or historical
scenarios with mean µ and variance σ2.

Fig. 4 shows that the proposed method closely aligns with
real data, particularly for inflexible EV demand, for which
traditional models deviate significantly. Box plots of absolute
autocorrelation errors further confirm that CDT-RiskNet better
captures intrinsic temporal patterns than baseline methods.

SC measures how well the marginal statistical distributions
of the generated scenarios match those of the historical data.
SC is evaluated via empirical cumulative distribution functions
(ECDF) in Fig. 5. The actual single-day scenario yields a
stepwise ECDF, while generated scenario with M samples
forms smoother curves. GMM captures the strict zero values,
matching the actual ECDF around zero, but fails on high-
value fluctuations. Deep generative models better fit nonlinear
dynamics but struggle near zero, due to reliance on continuous
latent representations. Mean absolute error (MAE) of ECDF
shown in the inset radar charts indicates that the proposed
method achieves better statistical consistency than baselines.

Joint fidelity: Joint fidelity measures how well the gener-
ated PV-EV scenarios preserve their joint structure. The En-
ergy Score (ES) assesses overall distributional similarity, and
the Variogram Score (VS) captures temporal dependencies,
with lower values indicating better fidelity [39]. Their joint
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Fig. 5. ECDFs of generated and actual scenarios.

TABLE II
PERFORMANCE COMPARISON USING ES AND VS

Method
ES

(PV)
ES

(EV)
Joint
ES

VS
(PV)

VS
(EV)

Joint
VS

Proposed 0.059 0.368 0.377 0.551 20.608 25.025
TimeGAN 0.071 0.392 0.404 0.679 22.113 28.126
Diffusion 0.063 0.385 0.430 0.642 21.875 27.778
CGAN 0.085 0.410 0.472 0.813 25.400 33.589
GMM 0.113 0.468 0.521 1.129 37.025 45.956

extensions, Joint ES and Joint VS, apply these principles to
the combined PV-EV scenario space to assess joint fidelity.
Formally, they are defined as:

ES =
1

M

M∑
m=1

∥∥∥x(m)
0 − x0

∥∥∥− 1

2M2

M∑
n,m=1

∥∥∥x(m)
0 − x

(n)
0

∥∥∥
(31)

VS =

t+T∑
i,j=t+1

(
|x0,i − x0,j |

1
2 − 1

M

M∑
m=1

∣∣∣x(m)
0,i − x

(m)
0,j

∣∣∣ 12)2

(32)
For each method, ES and VS are computed for PV and EV,

and for their concatenated PV-EV vectors. The joint metrics as-
sess the model’s ability to preserve cross-variable dependence,
while the marginal scores reflect marginal fidelity. As shown in
Table II, the proposed method achieves the lowest joint ES and
VS. Diffusion performs similarly in marginal scores but worse
joint scores, due to lack of explicit dependence modeling.

Diversity: Diversity, defined as the spread and richness of
generated scenarios, is evaluated by the Discriminator Score
(DS) [16], which quantifies the difficulty for a binary classifier
to distinguish generated profiles from real ones. Limited
diversity yields lower loss, as the classifier easily identifies
synthetic data, while high diversity makes classification harder,
increasing loss. The ideal DS is ln(2) ≈ 0.693, achieved when
real and generated samples are indistinguishable.

Fig. 6 shows that the proposed CDT-RiskNet consistently at-
tains higher DS values for all categories, approaching the ideal
value ln(2), with narrower confidence intervals. Compared to
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Fig. 6. Discriminative scores of different generation methods.

TABLE III
SCENARIO GENERATION PERFORMANCE ON THE LARGE-SCALE EVCS

Method TC MAE ↓ SC MAE ↓ Joint
ES ↓ Joint

VS ↓ Joint
DS ↑PV EV PV EV

Proposed 0.0068 0.0149 0.0137 0.0418 0.392 26.84 0.618
TimeGAN 0.0186 0.0247 0.0178 0.0819 0.421 30.12 0.472
Diffusion 0.0229 0.0409 0.0146 0.0713 0.448 29.58 0.586
CGAN 0.0415 0.0856 0.0139 0.0837 0.493 35.74 0.498
GMM 0.0562 0.1428 0.0213 0.0974 0.543 48.61 0.463

TABLE IV
TRAINING AND INFERENCE TIME FOR SCENARIO GENERATION

Method Training Time (min) Inference Time (s)
Small Large Small Large

Proposed 52.45 57.98 284.25 286.80
TimeGAN 19.45 18.71 12.82 13.00
Diffusion 47.82 48.39 271.92 270.36
CGAN 11.66 11.24 6.49 6.22
GMM 0.05 0.05 0.82 0.83

baselines, it demonstrates superior diversity and realism, which
is critical for effective stochastic optimization and robust risk
management in EV charging operations.

Finally, for the large-scale EVCS, summary metrics are
computed for each method, including MAE of autocorrelation
coefficient for TC, MAE of ECDF for SC, joint ES/VS and the
DS. The results are reported in Table III to examine whether
the above conclusions generalize across different EVCS con-
figurations. It is observed that CDT-RiskNet achieves the
lowest MAE for TC and SC, the smallest joint ES and VS,
and the highest DS among all baselines on the large-scale
EVCS, indicating that the proposed method generalizes well
to different EVCS configurations.

2) Computational efficiency: Computational efficiency is
evaluated through the training time and the inference time of
each method on both EVCSs, as summarized in Table IV.

Comparing across methods, GMM achieves the shortest
training and inference times due to its simple parametric struc-
ture. CGAN and TimeGAN are also computationally efficient,
as both generate samples through a single forward pass without
iterative refinement. In contrast, Diffusion and the proposed
CDT-RiskNet require multi-step denoising, leading to higher
computational costs. CDT-RiskNet incurs slightly longer run-
time than the standard Diffusion model because the dynamic
Copula module introduces an extra preprocessing step and
an additional input dimension. Given the improvements in
marginal fidelity, joint fidelity, and diversity, this moderate
overhead is acceptable for day-ahead scenario generation.



JOURNAL OF LATEX CLASS FILES, VOL. 18, NO. 19, AUGUST 2025 9

TABLE V
EXPERIMENTAL CONFIGURATIONS

Strategy Scenario
Generation Risk Weighting Strategy

Baseline1 (B1) GMM Static (wt = 1/T )
Baseline2 (B2) TimeGAN Static (wt = 1/T )
Baseline3 (B3) Proposed Static (wt = 1/T )
Baseline4 (B4) Proposed Empirical TW-CVaR
Baseline5 (B5) Proposed LSTM-based TW-CVaR
Baseline6 (B6) Proposed Transformer (Variance-label)
Baseline7 (B7) Proposed E2E-Transformer (CVaR-loss)
Proposed (P1) Proposed Proposed

Moreover, training is performed offline, and the inference
times of 284.25 s and 286.80 s remain well within the require-
ments of day-ahead operation, where scenario generation only
needs to be completed once per scheduling cycle.

Comparing across EVCS scales, the training and inference
times are nearly identical for the small and large stations. The
computational complexity of generative models is determined
by the sequence length and network architecture rather than
by the magnitude of the charging power. As a result, applying
the models to a larger station does not increase the runtime.
This demonstrates that CDT-RiskNet is scalable in terms of
computational efficiency.

C. Performance of Risk Weight Generation and EVCS
Stochastic Operation

To evaluate CDT-RiskNet in EVCS decision-making, the
performance of both risk weight generation and downstream
operation is compared across the strategies summarized in
Table V. Strategies B1–B3 employ static equal weights with
different scenario generation methods. Strategies B4–B7 all
adopt the TW-CVaR formulation but differ in how the time-
varying weights wt are obtained. B4 uses empirical volatility-
based weights, and B5 forecasts wt via an LSTM model. B6
trains a Transformer on variance-based labels derived from
scenario dispersion, whereas B7 also employs Transformer but
learns wt end-to-end by minimizing a differentiable surrogate
CVaR-loss. P1 adopts the proposed CDT-RiskNet framework.

To validate the robustness across different uncertainty levels,
two representative cases of the small-scale EVCS are consid-
ered: (i) a sunny-day case with high PV availability and mod-
erate EV load, and (ii) a rainy-day case with suppressed PV
output and higher EV load. These cases together demonstrate
the generalization capability of the proposed CDT-RiskNet.
All experiments are also conducted on the large-scale EVCS.

1) Risk weight generation: For the sunny-day case, Fig. 7
shows that the generated scenarios can cover the actual ones,
while wider bands and mean shifts in certain periods imply
higher risks. The high-risk hours are highlighted in red and
medium-risk hours in yellow. The weight pattern aligns with
scenario uncertainty, reflecting the method’s ability to capture
temporal variations. Fig. 8 compares the normalized hourly
risk weights generated by six strategies: B3, B4, B5, B6, B7,
and P1. The risk weights for each strategy are independently
normalized over 24 hours. The medium-risk and high-risk
periods are defined as weights exceeding 0.5 and 0.8, respec-
tively. B3 applies static weights, ignoring temporal variability.
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Fig. 7. Illustration of scenario distributions and learned risk weights under
P1 in the sunny-day case.
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Fig. 8. Comparison of hourly risk weights generated by different strategies
in the sunny-day case.

B4 captures midday risk based on historical patterns but
lacks scenario sensitivity. B5 partially identifies afternoon and
evening as relatively higher risk, but is limited by weak long-
range modeling. For B6, dispersion does not fully represent
tail-risk characteristics, leading to less accurate identification
of high-risk hours. B7 improves by training with a surrogate
CVaR-loss objective, which provides a more targeted emphasis
on adverse outcomes; however, the surrogate loss still exhibits
deviations. In contrast, P1 generates a more refined risk
allocation, effectively capturing temporal risk dynamics.

For the rainy-day case, Fig. 9 also shows good alignment
with the observed fluctuations and deviations. These results
confirm the generalization capability of the proposed method
across different uncertainty profiles. Fig. 10 shows the normal-
ized hourly risk weights in rainy-day case. P1 more accurately
integrates historical volatility and future scenario statistics to
generate time-varying risk weights, effectively capturing the
evolving uncertainty patterns.

To quantitatively assess the accuracy of the learned weights,
a reference hindsight-optimal profile w∗

t is constructed offline
by repeatedly solving the TW-CVaR-based optimization model
under candidate weight vectors. The vector that yields the
minimum operational cost is selected as w∗

t . Using w∗
t as the

benchmark, we compute the mean absolute percentage error
(MAPE) of the generated weights, as summarized in Table VI.
Across all cases, P1 achieves the lowest MAPE, demonstrating
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Fig. 9. Illustration of scenario distributions and learned risk weights under
P1 in the rainy-day case.
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Fig. 10. Comparison of hourly risk weights generated by different strategies
in the rainy-day case.

TABLE VI
MAPE OF GENERATED RISK WEIGHTS RELATIVE TO HINDSIGHT-OPTIMAL

PROFILE

Strategy Small–Scale
(Sunny)

Small–Scale
(Rainy) Large-Scale

B4 40.84% 41.44% 34.72%
B5 21.41% 16.48% 18.36%
B6 14.26% 6.96% 11.04%
B7 10.79% 5.70% 8.27%
P1 4.63% 3.59% 5.41%

its superior ability to approximate the optimal risk profile.
In terms of computational efficiency, the risk-weighting

module introduces negligible additional cost compared with
scenario generation and stochastic optimization. All training
procedures are conducted offline, and the trained Transformer
requires only millisecond-level inference during deployment.
Therefore, the proposed dynamic risk–weighting mechanism
does not impose any practical computational burden.

2) Stochastic optimization performance analysis: Fig. 11
illustrates the chronological operational decisions under strate-
gies P1, B7, and B4 in the small-scale EVCS for the sunny-
day case. The figure reports the aggregated charging and
discharging behaviors of V2G-enabled EVs and ESS, and the
buying and selling decisions in the energy market (EM). For
reference, the mean profiles of PV generation and inflexible
EV charging demand across scenarios are also overlaid.
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Fig. 11. Chronological operational decisions of the small-scale EVCS under
different strategies in the sunny-day case.
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Fig. 13. Comparison of CVaR and optimality gap across different strategies
in rainy-day case.

To assess CDT-RiskNet in risk-aware EVCS scheduling,
CVaR of the profit distribution and optimality gap are com-
pared. The scenario set and time-varying risk weights serve
as inputs to the stochastic optimization model. The optimality
gap is defined relative to a hindsight-optimal benchmark with
perfect foresight of PV and EV profiles. For sunny-day case,
Fig. 12 shows that improving scenario generation method from
B1 to B3 significantly reduces the gap and raises CVaR,
indicating that more accurate uncertainty description yields
more profitable and robust decisions. Further improvements
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Fig. 14. Sensitivity of profit-based CVaR to the confidence level α and risk-
aversion coefficient ψ under P1.

TABLE VII
SUMMARY OF STOCHASTIC OPTIMIZATION PERFORMANCE UNDER P1

Case CVaR (CNY) Optimality
Gap (%)

Optimization
Time (s)

Small–scale
(Sunny) 536.7 0.312 16.42

Small–scale
(Rainy) 471.6 0.527 14.31

Large-scale 1512.4 0.224 62.62

from B3 to B7, and finally to P1, consistently enhance both
metrics, with P1 achieving the smallest gap of 0.312% and the
highest CVaR of 536.7 CNY. This demonstrates the benefit of
time-varying risk allocation. The results indicate that scenario
quality is the dominant contributor, while adaptive weighting
provides additional gains. For rainy-day case, Fig. 13 shows
that P1 gets the highest CVaR of 471.6 CNY and the smallest
optimality gap of 0.527%. These results confirm the general-
ization of CDT-RiskNet across conditions.

To further examine the influence of the risk parameters,
Fig. 14 reports profit-based CVaR under different confidence
levels α and risk-aversion coefficients ψ. The results show
that CVaR decreases nonlinearly with increasing α, reflecting
stricter tail-profit evaluation, while it increases with ψ with
diminishing marginal gains. The parameter setting adopted in
the main case study lies in the middle of this surface, balancing
conservativeness and profitability.

As shown in Table VII, optimization time increases with
EVCS scale due to higher-dimensional decision variables and
additional constraints introduced by more V2G piles and
battery units. The KKT-based reformulation of the lower-
level problem further enlarges the complementarity structure,
leading to increased computation time. This explains the rise
from roughly 15-16 s in the small-scale cases to 62.62 s in the
large-scale EVCS. Nevertheless, all solve times remain well
within the acceptable range for day-ahead market operation.
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P1
2

4

6

(a) CVaR Reduction (CNY)

B1 B2
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Std=0.204
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Std=0.324

Std=0.387
Std=0.451

Fig. 15. Comparative analysis of strategy performance under varying elec-
tricity price volatility: (a) CVaR reduction and (b) optimality gap increase,
both relative to the reference case (Std = 0.204).

TABLE VIII
PERFORMANCE OF P1 ON THE LARGE-SCALE EVCS UNDER VARYING

ELECTRICITY PRICE VOLATILITY

Price Std CVaR Reduction
(CNY)

Optimality Gap
Increase (%)

0.204 (reference) / /
0.238 1.6 0.021
0.276 3.4 0.037
0.324 6.1 0.063
0.387 9.8 0.089
0.451 13.5 0.124

D. Energy Market Adaptability under Price Volatility

To evaluate the adaptability of CDT-RiskNet under varying
market conditions, a series of case studies is conducted with
increasing electricity price volatility while keeping the overall
arbitrage space constant. With PV and EV scenarios held
fixed, the observed performance differences mainly reflect
each method’s ability to perceive and adapt to price volatility.

Fig. 15 illustrates the variations in CVaR and optimality
gap across different electricity price standard deviations (Std),
relative to the baseline case with Std = 0.204. P1 exhibits a
minimal CVaR reduction and optimality gap increase, demon-
strating its superior capability to perceive and mitigate time-
varying price risks. Table VIII reports the metrics for P1 on the
large-scale EVCS under increasing electricity price volatility.
These results suggest that as electricity markets become more
volatile, the operational risk faced by EVCS operators intensi-
fies, amplifying the need for flexible and temporally adaptive
risk management mechanisms. CDT-RiskNet offers a unified
solution to address this challenge.

V. CONCLUSION

This paper proposes CDT-RiskNet, a Copula-Diffusion-
Transformer framework for risk-aware stochastic optimization
of EV charging stations in energy markets. The proposed
model addresses two major challenges in such decision-
making: the generation of realistic source-load joint scenarios
and the dynamic quantification of risk across time. By integrat-
ing copula-based scenario generation with Transformer-driven
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dynamic risk weighting under a CVaR formulation, the model
jointly captures PV–EV dependencies and time-varying risk.

Comprehensive case studies with real-world data from
EVCSs of different scales show that CDT-RiskNet improves
scenario fidelity, enhances risk-aware decision-making, and
adapts to market volatility, thereby strengthening the effec-
tiveness and robustness of EVCS operations under uncertainty.
Future work will extend the framework to multi-agent markets
and incorporate more detailed battery degradation models.
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