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Abstract—As a sustainable participant in the modernization
of transportation systems, electric vehicles (EVs) call for a well-
planned charging infrastructure. To meet the ever-increasing
charging demands of EVs, an efficient dynamic spatio-temporal
allocation strategy of charging stations (CSs) is necessary. With
newly allocated CSs, additional distributed generators (DGs) are
required to compensate for the load increase. Given a budget
to be allocated over a certain time horizon, we formulate the
joint spatio-temporal CSs and DGs planning problem as a multi-
objective optimization problem. During each planning period, the
allocation strategy aims at minimizing the total power generation
costs and CSs/DGs installation costs while satisfying budgetary
and power constraints and ensuring a minimum level for the
charging requests satisfaction rate. In this regard, we first predict
the future power demand of EVs using a graph convolutional
neural network (GCNN). Then, using the power demand forecast,
we obtain the optimal number and locations of CSs and DGs at
each time stage using reinforcement learning. A case study of the
proposed allocation strategy over 6 time stages for the 2000-bus
power grid of Texas coupled with 720 initially existing CSs is
presented to illustrate the performance of the planning strategy.

Index Terms—Charging stations allocation, dynamic program,
electric vehicles, prediction, and reinforcement learning.

NOMENCLATURE

Acronyms
CS Charging station
DD Demand difference
DG Distributed generator
EV Electric vehicle
GCNN Graph convolutional neural network
LSTM Long short-term memory
MDP Markov decision process
RE Reinforcement learning
Parameters
S Total planning period.
µtr, µgr Total cost for transportation system and power grid,

resp.
ΩCS

b,s Total number of CSs at bus b at time stage s.
ΩDG

b,s Total number of DGs at bus b at time stage s.
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ζb Unit traffic flow charging demand rate at CS b.
Btot Total budget.
ccs Installation cost of a CS.
cDG Installation cost of a DG.
cpen Penalty cost for unsatisfied charging requests.
cpg Power generation costs.
Ctr, Cgr Weight for transportation and power systems, resp.
NCS,b,s Number of already available CSs at bus b at stage s.
N ′

CS,b,s Number of CSs to be installed at bus b at stage s.
N th

CS,b,s Maximum number of allowable CSs at bus b at time
stage s.

N ′
DG,b,s Number of DGs to be installed at bus b at stage s.

NEV,b,s Total number of EVs at CSs connected to bus b at
time stage s.

Pmax
b,τ , Pmin

b,τ Maximum and minimum active power at bus b
at time τ , resp.

Qmax
b,τ , Qmin

b,τ Maximum and minimum reactive power at bus
b at time τ , resp.

V max, V min Maximum and minimum voltage limits, resp.
zdi Decision variable for choosing CS d by ith EV.
B Number of all buses in the network.
b Bus index.
Variables
δb,τ Angle magnitude.
Qb Set of all paths connecting bus b.
ϕs EVs satisfaction rate at time stage s.
ψd,τ

(
zd
)

Total expected demand for EVs at CS d at time τ .
Ei Energy demand of ith EV.
Fq,s Volume of traffic flow on path q at time stage s.
Iq,s Fraction of traffic flow on path q at time stage s whose

charging demands are not met.
Pb,τ , Qb,τ Active and reactive power at bus b at time τ , resp.
PD
b,τ , Q

D
b,τ Active and reactive power demand at bus b at time
τ , resp.

PG
b,τ , Q

G
b,τ Active and reactive power generated at bus b at
time τ , resp.

PR
b,τ Regular load at bus b at time τ .
PDG
h,τ , Q

DG
h,τ Active and reactive power of DG unit h at bus b
at time τ , resp.

PCS
i,b Power demand of CS i connected to bus b.
Vb,τ Voltage magnitude at time τ .
Rb,b′ Resistance between bus b and b′.
Xb,b′ Reactance between bus b and b′.

I. INTRODUCTION AND MOTIVATION

AT present, petroleum-based vehicles contribute to 25% of
global energy consumption with carbon dioxide emission

of 26% [1]. China’s National Petroleum Corporation stated in
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the “Energy Outlook 2050” report that transportation energy
consumption would rise by 23% in 2050 compared to 2015 [2].
These numbers explain the growth of electric vehicles (EVs)
for a greener environment. The electrification and integration
of the transportation system into the power grid result in
high energy efficiency and decreased emissions of greenhouse
gases. Additionally, it enables the adoption of intelligent charg-
ing techniques and the optimization of energy use, creating a
more robust and sustainable transportation system.

The worldwide increase in EVs traffic translates into a sig-
nificant increase in the number of charging requests. This ne-
cessitates that additional charging stations (CSs) be deployed
over multiple time phases to satisfy the charging demands. If
too many CSs are installed, many might end up underutilized
leading to wastage of resources, increase in costs, and loss in
profits. Conversely, if too few CSs are installed, many charging
requests will be left unaddressed leading to a loss in quality-of-
service. Moreover, the installation of new CSs is accompanied
by an increase in the load demands, which must be balanced
by increasing the power generation. This can be achieved by
installing distributed generator (DG) units. In this paper, we
consider dispatchable DG units for simplicity. Therefore, given
a budget limit at each time stage, a dynamic spatio-temporal
planning strategy for EV CSs and DGs is required. At each
time stage, the allocation strategy should minimize the power
generation and CSs installation costs, while satisfying the
power balance equations, the budgetary constraint, as well as
the charging requests satisfaction rate. Thus, the optimal joint
allocation planning problem of EV CSs and DGs involves two
main steps: i) forecasting the required future charging demand
and ii) solving the multi-objective optimization problem in
order to obtain the number and locations of CSs and DGs to
install at each time stage [3].

A. Related Work

1) Predicting EVs Charging Demand: So far, a few ap-
proaches have been reported to predict the EVs charging
demand growth. Some approaches considered EVs battery
usage and estimated the demand under varying traffic sce-
narios. For instance, the aggregated behavior of EV drivers
was used in [4] to predict the EVs charging demand. In [5],
the authors used stochastic modeling and analysis based on
EV charging measurements and load data to predict future
charging demand. However, these approaches are deemed
computationally expensive and might be challenging for large-
scale power and transportation systems applications.

Other approaches estimated the EVs demand growth using
travel chains and Markov decision process (MDP) [6], mixed-
integer programming models [7], and the geographical features
of EVs points of interests [8]. All these models failed to
capture the higher-order patterns of the dependencies between
power and transportation systems. Thus, these models create
biases and errors in prediction, which can lead to a non-
accurate allocation plan.

Recently, computational intelligence-based approaches have
gained popularity in demand prediction due to their strong
generalization abilities [9]. To predict future EV charging

loads the authors of [10] investigated the performance of
artificial neural networks (ANN), rough ANN (RANN), and
recurrent RANN (RRANN). Results pointed out that the
RRANN model outperformed the other models in terms of
accuracy. As conventional RANNs may suffer due to the
vanishing and exploding gradients condition, a separate study
addressed this concern by adopting a long short-term memory
(LSTM)-based approach [11]. Different approaches in this
direction have ventured into various modifications of basic
LSTM, encompassing variations such as LSTM equipped
with an attention mechanism [12], Gaussian process regres-
sion [13], or integration with convolutional neural networks
(CNNs) [14]. Each of these modifications enhanced and fine-
tuned the effectiveness of the LSTM model. Unfortunately,
these works still fall short in effectively capturing the extended
temporal dependencies present within the dataset.

The effectiveness of a charging load prediction strategy
relies on the abilities of deep learning models to manage
nonlinearities (e.g., capturing nonlinear dependencies) and
generalize effectively. In this regard, reference [15] consid-
ered a CNN equipped with attention mechanism. This CNN-
based strategy extracted the features of complex coupling
relationships while simultaneously optimized the computation
time. An autoencoder-based model was presented in [16]
with the aim of generating EV load profiles. In the pursuit
of developing deep learning-based load prediction models,
researchers have proposed hybrid methodologies that combine
two or more models to forecast future charging demands. For
instance, the study [17] combined a stacked autoencoder with
an LSTM-based model. Autoencoders were also combined
with Restricted Boltzmann Machines to enhance feature ex-
traction, as illustrated in [18]. Nevertheless, these works failed
to capture the inherent temporal dependencies and association
relationships present in the coupled datasets. Other instances
of hybrid strategies include CNN with LSTM [19], RE with
LSTM [20], and multi-channel CNN with temporal CNN to
capture both spatial and temporal features [21]. The major
limitation of the aforementioned works was that the training
model was based on one-dimensional sequential data in the
Euclidean space, and therefore, they fail to extract the localized
spatial features. Therefore, these models are not suitable for
dynamic spatio-temporal data structures.

The subsequent advancements have embraced a range of
proposals. For instance, Bayesian deep learning techniques
were adopted to account for uncertainties in forecasting [22],
while probabilistic queuing models combined with CNN were
employed to capture driver behaviors and the limitations of
charging services [23]. The remarkable increase in compu-
tational capacity has enabled the utilization of more sophis-
ticated deep learning algorithms, including gated recurrent
units [24] and recurrent neural networks [25], resulting in
further improved accuracy in load forecasting. Nonetheless,
the aforementioned algorithms often encounter challenges in
effectively capturing the complex coupling relationships as
well as dependencies present in the combined dataset.

2) CSs Allocation: In the context of the EV CS allocation
problem, different optimization approaches have been re-
ported. A multi-objective uncertainty-aware allocation strategy
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was proposed in [26], where the uncertainties of traffic flows
and EVs state of charge during the day were considered. Parti-
cle swarm optimization (PSO) technique was adopted in [27]
to optimally allocate CSs. The proposed allocation strategy
was shown to reduce the cost of EVs charging infrastructure by
75%. Other works optimized the CSs allocation by considering
the power loss costs and CSs installation costs [26], [27],
voltage deviation costs [28], penalty costs [29], waiting time
costs [30], EVs population and land costs [31], and charging
willingness of EV drivers [32]. Integrating all these costs
into an optimization framework requires careful balancing to
achieve the most efficient and cost-effective solution. If the
technical and user-oriented criteria are not defined carefully,
these approaches may produce erroneous planning results and
may fail to account for the full scope of uncertainties.

Additional approaches were proposed. Mixed integer linear
programming (MILP)-based optimization tools were proposed
to address allocation problem, see e.g., [33]–[35]. However,
the problem formulations in the aforementioned works rely
on linear relationships between variables, which may lead to
infeasible solutions. Other notable works employed heuris-
tic or meta-heuristic algorithms such as Genetic Algorithm
(GA) [36], PSO [37], multi-population GA [38], and multi-
objective PSO [39]. An approximate dynamic programming
optimization method is proposed in [40] that uses continuous
state and action spaces that ensures consistent feedback ac-
tions regardless of initial operating conditions. This method
automatically adjusts for variations in electricity prices and
available solar energy during optimization. However, its major
limitation lies in its focus on immediate optimization rather
than long-term strategic planning. This method does not in-
corporate predicted demand, which is crucial for anticipating
future requirements and ensuring the sustainable growth of the
EV charging infrastructure. A data-driven method that employs
a finite-discrete MDP in conjunction with the RL framework
to address the challenge of high dimensional features space
was reported in [41]. The RL-based allocation strategy aims
to minimize the total investment budget while satisfying the
coupling network constraints [41]. Another study modeled the
historical EVs charging demands using a Markovian process
and then formulated a scenario-based stochastic expansion
planning from the observations [35]. From a different perspec-
tive, reference [42] adopted a deterministic policy gradient-
based RL approach to regulate the energy storage system in
an EV CS network to achieve maximum operating profits.
It is worth mentioning that the aforementioned approaches
considered the interaction of EVs with policy makers, which
is useful for operational rather than allocation purposes.

The planning and installation of CSs lead to an increase
in power demand, which is usually balanced with installing
DGs. In [43], the authors considered a coupled transportation-
smart grid system and performed load balancing through EV
charging networks. However, most of the previous works
solved the joint allocation strategy for CSs and DGs without
considering the predicted EVs charging demand, see e.g.,
[44]–[46]. In [44], we performed the joint allocation of CSs
and DGs via a constrained MDP model. Reference [45] pro-
posed a GA-based approach to implement the joint allocation

strategy of CSs and DGs. In [46], a hybrid scheme that adopts
Grey Wolf Optimizer (GWO) and PSO approach for the joint
allocation of CSs and DGs is proposed. It is important to
mention at this stage that the aforementioned works did not
present a framework that reflects the transportation system
dependencies on the power grid. The power and transportation
networks are tightly coupled and the interactions between
these systems must be considered in the problem formulation.
This is important because the objective in one system may
affect the objective in the other system.

To address the limitations of traditional approaches, herein
we propose to solve the multi-objective CSs-DGs allocation
strategy by employing a combination of a Q-learning method
with a graph convolutional neural network (GCNN). Our
primary objective is to develop a strategic framework for
optimizing the placement and number of CSs and DGs over an
extended planning period. This long-term perspective is crucial
for ensuring that the power system can sustainably meet the
growing demand for EV charging.Thus, we considered non-
dispatchable DGs (solar) which have low carbon emissions.

B. Contributions and Organization

The contributions of this paper are summarized as follows:
• First, we predict the EVs demand growth using a fusion

model that combines GCNN and LSTM, where GCNN
allows to capture the graph-structured features and LSTM
helps to catch the temporal correlations in data.

• Second, given the predicted EVs demand growth and a
budget limit that can be spent over a fixed time horizon,
we formulate the spatio-temporal allocation strategy for
EV CSs and DGs that minimizes the power and CSs/DGs
installation costs, while satisfying the budget, power
balance, and charging satisfaction constraints.

• Third, we solve the problem using a model-free Q-
learning algorithm that outputs the minimum number and
locations of CSs/DGs to allocate at each time stage.

The remainder of this paper is organized as follows. Initially,
Section II presents the power system model with integrated
CSs. Section III predicts the EVs charging demand growth
using deep learning. Section IV formulates the multi-objective
CSs and DGs allocation problem. Section V presents the
solution approach. Section VI presents the simulation results.
Finally, conclusions are drawn in Section VIII.

II. SYSTEM MODELING

In this section, we describe the modeling of considered
power-dependent transportation systems.

A. Power system modeling

The coupled power-transportation system is a graph G =
(VP, EP), where VP = {1, 2, .., B} stands for the nodes set,
B denotes the total number of buses and EP identifies the
edge set. Let W ∈ {0, 1}B×B be the binary adjacency matrix
of graph G whose element wbv denotes its (b, v)th entry. The
buses represent load or generator substations, characterized by
unique active/reactive power values and voltage magnitudes
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and angles. The power lines are subject to active/reactive
power flows dependent on the respective line impedance.

The operational constraints of the considered power system
is presented in Eq.1a. The active and reactive power balance
equations ensure that the power injected at each bus (b) and at
each time period (τ ) is correctly balanced. The active power
balance equation (Pb,τ ) considers the power flows between
buses, incorporating the effects of voltage differences (Vb,τ −
Vb′,τ ) and phase angle differences (δb,τ − δb′,τ ), modulated
by the line admittance (αb,b′). Similarly, the reactive power
balance equation (Qb,τ ) ensures that the reactive power is
balanced by accounting for the same voltage differences. The
system also includes the power generated (PG

b,τ ) and consumed
(PD

b,τ ) at each bus, where the demand includes both regular
loads and contributions from electric vehicle charging stations
(PCSi,b

). Additionally, the system accounts for distributed gen-
erators (PDGh,τ

and QDGh,τ
), which contribute to the overall

power balance. Operational constraints are also considered
to ensure system stability and efficiency. These constraints
include limits on power generation (Pmin

b,τ and Pmax
b,τ ) and

voltage levels (V min
b,τ and V max

b,τ ), ensuring that the power
system operates within safe and reliable bounds. The inclusion
of distributed generation and charging stations reflects the
modern grid’s complexity, where multiple energy sources
and consumption points must be managed dynamically. The
equations also integrate the constraints related to the capacities
and operational limits of distributed generators and charging
stations, ensuring that their contributions to the power system
are feasible and within specified limits.

Power system operational constraints:

Pb,τ =
∑

b′∈B,b′ ̸=b αb,b′ (Vb,τ − Vb′,τ )
+α′

b,b′ (δb,τ − δb′,τ ) ,∀b ∈ B, ∀τ ∈ T
Qb,τ =

∑
b′∈B,b′ ̸=b αb,b′ (Vb,τ − Vb′,τ )

−α′
b,b′ (δb,τ − δb′,τ ) ,∀b ∈ B, ∀τ ∈ T

PD
b,τ = PR

b,τ +
∑

i∈{ΩCS
b,s}

PCS
i,b ,∀b ∈ B, ∀τ ∈ T∑

b (Pbb′,τ − Pb′b,τ ) =
∑

h∈{ΩDG
b,s}

PDG
h,τ − PD

b,τ

−
∑

d∈{ΩCS
b,s}

ψd,τ

(
zd
)∑

b (Qbb′,τ −Qb′b,τ ) =
∑

h∈{ΩDG
b,s}

QDG
h,τ −QD

b,τ ,∀b,∀τ
Pmin
b,τ ≤ PD

b,τ ≤ Pmax
b,τ , ∀b ∈ B, ∀τ ∈ T

Qmin
b,τ ≤ QD

b,τ ≤ Qmax
b,τ , ∀b ∈ B, ∀τ ∈ T

V min
τ ≤ Vb,τ ≤ V max

τ∑Nd

b=1 P
D
b,τ <

∑Ng

b=1 P
G
b,τ +

∑
h∈{ΩDG

b,s}
PDG
h,τ ,∀b,∀τ∑Nd

b=1Q
D
b,τ <

∑Ng

b=1Q
G
b,τ +

∑
h∈{ΩDG

b,s}
QDG

h,τ ,∀b,∀τ
(1a)

Since EV CSs impose significant additional loads on the
power grid, efficient integration of these loads requires careful
coordination to prevent overloading within the power system.
Moreover, the spatial distribution of CSs must align with the
existing power grid to optimize its use. Finally, understanding
traffic flow patterns is essential to place CSs in locations
that maximize the use of CSs while balancing the load on
the power grid. To initially integrate existing CSs within

the power system, we used the geographical coordinates of
power substations and CSs to establish a connection within the
networks. For this purpose, we consider a circular boundary
of a specific radius for all load substations, and we assign
all the CSs that fall within the said boundary (determined by
Haversine distance) of the load substations. If a single CS
falls within the boundary of multiple load substations, then we
calculate the Haversine distances between power substations
and CSs, and we assign CSs to load substations based on the
shortest Haversine distance. A power-dependent transportation
system is presented in Fig.1

Coupling

Charging 

station

Fig. 1: An illustration of power-dependent transportation
network.

B. Power-Transportation system modeling

The coupling relationship between the power and transporta-
tion system is illustrated in Eq. 2a as:

Power-transportation system Constraints:

ψd,τ,s

(
zd
)
=

∑
i∈NEV,b,s

Eiz
d
i ,∀d ∈ {ΩCS

b,s},∀b ∈ B, ∀τ ∈ T

(2a)

Considering the impacts of traffic conditions on transportation
networks [47], we specifically considered Fq,s: the volume of
traffic flow on path q at time stage s. The expected demand
ψd,τ,s(z

d) must be balanced with the available power supply
at each bus, ensuring that the energy requirements for EV
charging are met without compromising the stability and effi-
ciency of the power grid. This balancing act involves several
key components: the power generated by distributed generators
(DGs), the power supplied by the central grid, and the power
flow between buses. Distributed generators at each bus produce
active power (PDGh,τ

) and reactive power (QDGh,τ
), which

directly supply the local demand, including the CSs. This
localized generation reduces the burden on the central power
grid and minimizes transmission losses. However, the central
grid also plays a crucial role in meeting the excess demand
that local DGs cannot satisfy. The power supplied by the grid
must be managed to maintain voltage levels and system fre-
quency within acceptable limits, ensuring overall grid stability.
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Additionally, the interconnected nature of the power system
allows power to flow between buses, enabling buses with
surplus power to support those with deficits. Together, these
elements ensure that both the transportation and power systems
are effectively managed, meeting the dynamic demands of EV
charging while maintaining grid reliability and efficiency.

III. EVS DEMAND GROWTH PREDICTION MODEL

This section describes the dataset generation and the deep
learning architecture that predicts the future EVs charging
demand. The accuracy of such a prediction greatly depends on
the multi-dimensional feature extraction of the coupled power-
transportation system. Therefore, in order to capture the spatio-
temporal dependencies of the power and transportation data,
we propose to use a fusion architecture of GCNN and LSTM.
The predicted future demand is then utilized in Section IV to
optimize the joint allocation of CSs and DGs.

A. Dataset Generation

The proposed CSs and DGs allocation strategy is dependent
upon the accurate prediction of future EVs charging demand.
However, when considering a specific planning horizon, the
prediction model should be trained adequately with historical
data for accurate demand prediction. Thus, it is crucial to gen-
erate a dataset over a number of years to serve as the ground
truth. Part of this dataset will be used for training and the
rest for testing and validation of the proposed GCNN-LSTM-
based prediction model. Since the historical data available for
prediction is limited, we generate the temporal features of the
graph in the form of time-series data that simulate the power
flow within the system. To execute the power flow analysis, we
employ Newton’s method to determine the active and reactive
power flows using MATLAB’s MATPOWER toolbox.

The first step involves normalizing the load data obtained
from the Electric Reliability Council of Texas (ERCOT) [48]
into a scalar vector, F . The active and reactive power values
from the previous timestamp are then multiplied by a scaling
factor Sf derived from the growth of EV traffic data over the
years. This scaling factor is computed based on the hourly
traffic data, reflecting the traffic growth rate, which is then
applied to the ERCOT power data. This process introduces
dynamic variations in the time-series data, contributing to a
comprehensive representation of charging load values. The
equation for the scaling factor can be represented as:

Sf = 1 + α∆T +N (0, 0.01) (3)

whereN (0, 0.01) represents a normal distribution with mean 0
and standard deviation 0.01. ∆T represents the growth rate of
the traffic data over the time horizon, and α is a proportionality
constant derived from the historical traffic data analysis. This
approach allows us to obtain a time-series power dataset that
combines traffic growth information with raw power data,
ensuring a comprehensive dataset. The hourly traffic volume
at each CS informs the dataset. The hourly charging demand
of EVs at a specific CS is then calculated using the charging
power of each EV. This comprehensive dataset forms the basis

for training and validating the GCNN-LSTM-based prediction
model, ensuring accurate and robust predictions for long-term
infrastructure planning.

B. Graph Data Representation and Spectral Graph Filtering

As the power system with initially integrated CSs is mod-
eled as a graph as described in Section II, GCNN represents a
very useful method to predict EVs demand growth by fusing
(i) the temporal features from the power grid and transporta-
tion system (e.g., power injections, flows, EVs traffic flow)
and (ii) the topological features (i.e., the spatial distribution
of buses and CSs and their connectivity).

Prior to deploying GCNN, the graph data structure needs
to be properly represented so that convolutional filters can be
applied on it [49]. Specifically, we aim to represent the data in
the spectral domain to enable the graph filtering and feature
extraction operations of GCNN. Towards this objective, we
start by deriving the graph Laplacian matrix to capture the
features of the graph data structure with different levels of
connectivity among its nodes, which in turn allows to calculate
the spectral graph filters. The spectral filters enable efficient
analysis of complex graph-structured data via GCNN.

The unnormalized Laplacian matrix ∆u of graph G is
defined as ∆u = L −W, where L ∈ RB×B is the diagonal
matrix with entries Li,i =

∑
j Wij . The normalized graph

Laplacian matrix is given by

∆ = L−1/2∆uL
−1/2 = I− L−1/2WL−1/2, (4)

where I denotes the identity matrix.
Next, the graph Fourier transform (GFT) is performed over

the considered sequential data in order to represent it in
frequency domain by decomposing it along a set of orthogonal
basis functions. These directions constitute the eigenvectors
of the Laplacian matrix. The GFT takes as input the signal
f ∈ Rn, where n denotes the number of features. Let ψ
represent the orthonormal eigenvectors and Λ denote the
associated set of ordered non-negative eigenvalues µn ≥ ... ≥
µ2 ≥ µ1 = 0, then the singular value decomposition of ∆
yields ∆ = ψΛψ⊤. The eigenvector corresponding to the
smallest eigenvalue, µ1, is ψ1 = (1/

√
n, · · · , 1/

√
n). The

inverse GFT is f = ψf̂ . Given g, the filter response, we
perform spectral convolution operation on the signal f as [50]

g ∗ f = ψ
((
ψ⊤g

)
⊙
(
ψ⊤f

))
= ψ diag (ĝ1, . . . , ĝn)ψ

⊤f,
(5)

where ⊙ indicates the Hadamard product. Thereafter, the sig-
nal f is filtered by the spectral filter H (∆) and can therefore
be expressed as ψHψf . However, one major limitation of this
type of filter is that it only extracts features from a specific
spatial location leading to a less efficient feature extraction. To
overcome this issue, we consider the linear combination of the
kth-order Chebyshev polynomials Ck(Λ̃), with k = 0, . . . ,K,
as in [51]

H(Λ) =

K∑
k=0

υkCk(Λ̃), (6)

where K denotes the polynomial degree, υ = (υ1, υ2, ..., υk)
are the coefficient vectors to be learned for the filters, and Λ̃ =
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2Λ/µn−I. The Chebyshev polynomials’ recursive generation
formulation is C0 = 1, C1 = x, and Ck(x) = 2xCk−1(x) −
Ck−2(x), and the filtering process is formulated as

ψH(Λ)ψ⊤f =H(Λ)f =

K∑
k=0

υkCk(∆̃)f, (7)

where ∆̃ = 2∆/µn − I. Concretely, pk = 2∆̃pk−1 − pk−2

is calculated recursively from the initial values p0 = f and
p1 = ∆̃f . Considering the sparsity of ∆, the computational
complexity of the filtering operation H(Λ)f is O(K|EP |).

Due to the truncation of the Chebyshev polynomials to the
Kth order, the filter can only be K-hop localized with respect
to the connections in ∆. The aforementioned formulation of
spectral convolution on the graph is thereafter used in the
architecture of GCNN, which is discussed next.

C. GCNN Architecture

The GCNN architecture for predicting the EVs charging
demand is presented in Fig. 2. The input information X ∈
[Pt,Qt] ∈ R|N |×2 is passed through the graph convolution
layers L, then to the fully-connected layer Lf , where the soft-
max activation function is applied to the input X . Particularly,
the jth feature map is obtained as

yj =

Hin∑
i=1

H(∆)di, (8)

where di ∈ Rn signifies the ith feature map; Hin stand for
the number of input filters. If Hout denotes the number of
output filters, the total number of trainable parameters present
in this layer is Hin × Hout × K. Increasing Hin results in
more efficient feature extraction from input data. Meanwhile,
raising Hout generates a greater diversity of extracted features.
In this paper, Hin = 12 is specifically chosen as it yields
the optimal performance. After being transformed into a one-
dimensional array, the output of the final layer is passed to the
fully-connected layers.

At start, we obtain the adjacency matrix W, the distance
matrix D ∈ Rn×n, and ∆ using (4). In this approach,
each node is connected to its k nearest neighbors based on
a distance function. The distance matrix elements, di,j , are
calculated using Gaussian kernel function as

di,j =

 e

(
−

||xi−xj ||
2

2σ2

)
, ||xi − xj ||2 ⩽ ω

0, otherwise,
(9)

where xi and xj denote the feature vectors of nodes i and j,
respectively; σ represents the width of the Gaussian kernel;
and ω stands for the distance threshold.

Then the lowest Kn value is measured from each row of D
so as to get D̃ ∈ Rn×Kn , and thereafter σD =

∑
i D̃iKn

/n.
After sorting, we retain the smallest Kn values in each row of
W to get W̃ ∈ Rn×Kn and calculate it as W̃ = e−D̃2

ij/σ
2
D .

D. LSTM Cells Fusion

The prediction model takes the historical sequence of
the GCNN features as input. In particular, the time se-
ries prediction model performs a nonlinear mapping analyz-
ing the history-driven time-series sequence features X =
(X1, X2, ..., XT ) and their target values y = (y1, y2, ..., yT )
to obtain the predicted value ỹT , where ỹT = f (X, y). The
objective is to learn the nonlinear mapping function f (·).

In this context, we use LSTM cells to capture the long-
term dependencies between data values. The main component
of LSTM is the memory cell that is capable of memorizing
information over an extended period of time. Specifically,
LSTM assumes a gated architecture consisting of an input
gate, a forget gate, and an output gate. The input gate specifies
how much new information should be inserted into the cell.
It takes the current input and the prior hidden state as inputs
and passes them through a sigmoid activation function. As
for the output gate, it determines which components of the
cell state should be given as output to the next layer based
on the current input and hidden state. On the other hand, the
forget gate plays a key role in determining which data from
the previous time period should be discarded using a sigmoid
activation function. Once the output from the GCNN layer is
fed into the LSTM, the nonlinear mapping function can be
learned by the gated architecture of LSTM as

it = σ (Wi · [ht−1, yt] + bi) (10)
f t = σ (Wf · [ht−1, yt] + bf ) (11)
ot = σ (Wo · [ht−1, yt] + bo) , (12)

where σ (·) denotes the activation function; mt−1 and ht−1

indicate the state and output of LSTM cell at t−1, respectively;
and bi, bf , bo stand for the biases for input, forget, and output
gate, respectively. The cell’s current memory is

m̃t = σ (Wc · [ht−1, yt] + bc) , (13)

where Wc and bc are the weight matrix and bias, respectively.
Moreover, the cell state can be represented as mt = f t ⊙
mt−1 + it ⊙ m̃t and cell output as ht = ot ⊙ tanh (mt).

E. Loss Function

The loss function of the fused GCNN-LSTM architecture is
formulated as:

LGCNN-LSTM = CE (p, l) + ϑ∥η∥2, (14)

where p is the predicted value of the model; l denotes the
label; η represents all of the model’s parameters; ϑ is the
regularization coefficient; and CE (p, l) is the cross-entropy
function that determines the difference between the actual and
predicted label. The last term, ϑ∥η∥2, reduces the overfitting
of the model’s learning parameters.

Next, we define the update rule of the graph convolution
parameters in each iteration as

β∗ = β∗ + γ
∂LGCNN-LSTM

∂β∗ , (15)

where γ denotes the learning rate and β∗ ∈ RK×T is the
Chebyshev polynomial coefficient for GCNN.
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Fig. 2: Architecture of GCNN-LSTM network.

Algorithm 1 GCNN-LSTM demand prediction model 

Input: Sample collection FS ∈ ℝn×n
T

×CN×n
f, Data label l, Chebyshev 

order K, Error threshold e, Maximum number of iteration MAX, 

Model learning rate λ, Regularization weight α, Count of LSTM 

hidden layer cells ncell, Count of graph convolution structures nT. 

Output: The targeted parameters of GCNN-LSTM model 

1: Initiate θ* ∈ ℝK×n
T

 and other parameters for learning the 

GCNN-LSTM model 

2: ▷ Calculate (𝐶0(∆̃)𝑥, 𝐶1(∆̃)𝑥, … , 𝐶𝐾−1(∆̃)𝑥) for each 

sample. 

3: for p=0; p<n; p=p+1 do 

4:     for q = 0; q < nT ; q=q+1 do 

5:         x = FSp,q,:,: 

6:         Calculate W of x according to k-NN. 

7:         Obtain the Laplace matrix ∆ of x using formula (1). 

8:         ∆̃=
∆

𝝀𝑴𝑨𝑿
− 𝐼 

9:         Calculate 𝐶𝐾(∆̃) of x 

10:         Set Chebyshev polynomial coefficients as the    

        convolution kernel and perform the convolution. 

11:         𝑡𝑒𝑚𝑝𝑝,𝑞 = (𝐶0(∆̃)𝑥, 𝐶1(∆̃)𝑥, … , 𝐶𝐾−1(∆̃)𝑥) 

12:     end for  

13: end for 

14: countstep = 0 

15: while Loss > e || countstep < MAX do 

16:     𝑦𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑏𝑎𝑡𝑐ℎ 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛(𝑡𝑒𝑚𝑝𝑝,𝑞 ∗ 𝜃.𝑗
∗ )) 

17:     ▷ (*) indicates a convolution operation. 

18:     Convert yj to column vector 𝑦𝑗
∗ 

19:       𝑦∗ = (𝑦1
∗, 𝑦2

∗, … , 𝑦𝑛𝑇
∗ ) 

20:     Transfer y∗ to the LSTM receiving cell 

21:     Monitor loss according to formula (13) 

22:     if loss < e then 

23:         Break 

24:     end if 

25:     Obtain LSTM parameters according to loss and BP              

    algorithm 

26:     Obtain GC parameters according to formula (14) 

27:     countstep ++ 

28: end while 

 F. Integration of transformer model

In addition to the LSTM model, we explored the use of
a Transformer model after the graph convolution layer to
investigate its effectiveness separately. Transformer models
leverages self-attention mechanisms to capture dependencies
in the data, allowing for effective modeling of time-series data.
The input sequence to the transformer model is represented as
X = (X1, X2, ..., XT ). In this context, The encoder-decoder
based Transformer model consists of lT identical layers. Each
layer comprises two primary components: the multi-head self-

attention mechanism and the feed-forward neural network. The
formulation of the transformer model is discussed next.

1) Embedding Layer: Each time step XT is mapped to
a high-dimensional space using an embedding layer, ET =
Embedding(XT ). To incorporate temporal information, a po-
sition vector PT is added to the embedding as

ZT = ET +PT . (16)

The position encoding Pt is defined as:

PT,2i = sin

(
T

100002i/d

)
, PT,2i+1 = cos

(
T

100002i/d

)
where d is the number of features in each position encoding
vector and i is the feature dimension index.

2) Self-Attention Mechanism: Self-attention is used to com-
pute a weighted sum of input features, allowing the model to
focus on different parts of the input sequence. For each time
step T , the self-attention mechanism, As computes

Aself (Q,K,V) = softmax

(
QKT

√
dk

)
V. (17)

where:
• Q = WQZT is the query matrix,
• K = WKZT is the key matrix,
• V = WV ZT is the value matrix,
• WQ,WK ,WV are learnable weight matrices,
To allow the model to attend to information from different

representation subspaces, multi-head attention, Am is used as

Am(Q,K,V) = [head1, head2, . . . , headh]WO (18)

where each headi is an attention mechanism with its own
learnable parameters: headi = As(Q,K,V) and WO is the
output weight matrix.

3) Feed-Forward Neural Network: Each position’s output
from the multi-head attention layer is passed through a feed-
forward neural network:

F(Zt) = max(0,ZtW1 + b1)W2 + b2

where W1,W2,b1,b2 are learnable parameters.
4) Output Layer: Finally, the output layer predicts the next

value in the sequence:

x̂t+k = Ot+kWp + bp

where k represents the forecast horizon, which is the number
of time steps ahead for which the prediction is made.Wp and
bp are the parameters of the output layer.
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G. Prediction Algorithm

The GCNN-LSTM prediction algorithm is depicted in Algo-
rithm 1. It takes the data sample, learning rate, regularization
weight, the number of LSTM hidden layers, as well as the
number of graph convolution structures as input, and outputs
the desired LSTM parameters. After initializing the learning
parameters, Algorithm 1 calculates the Chebyshev polynomial
coefficient. For each sample, it calculates the adjacency and
Laplacian matrices to obtain the Chebyshev polynomial coef-
ficient (lines 3-13). Afterwards, Algorithm 1 creates feature
maps and performs convolution operations on them. Then, the
extracted features are sent to the receiving cells of LSTM. At
line 21, Algorithm 1 calculates the loss function according to
Eq. (14). This process keeps iterating until a minimum error
threshold is achieved. At the final stage (line 25), Algorithm 1
updates the LSTM parameters based on the loss function and
the backpropagation algorithm. Additionally, with an NVIDIA
GeForce RTX 3080 hardware accelerator, and the training time
for the optimal model is recorded approximately as 2 hours
and 30 minutes. Moreover, the training and validation curve
of the proposed prediction model is presented in Fig. 3.
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Fig. 3: Training and testing curve of the proposed model.

IV. PROBLEM FORMULATION

In this section, the optimization problem of the CSs-DGs
allocation problem over a time horizon S is formulated as

min
NCS,NDG

∑
s∈S

(
µtrCtr,s + µgrCgr,s

)
, (19)

where Ctr,s = cCS

∑
b∈B

|ΩCS
b,s|+

∑
b∈B

∑
q∈Qb

cpenIq,sFq,sζb

and Cgr,s = cpg

∑
b∈B

∑
i∈{ΩCS

b,s}

PCS
i,b + cDG

∑
b∈B

|ΩDG
b,s |

s.t. Planning Constraints:
L′
b,s > 0, if N ′

CS,b,s ≥ 1,∀b ∈ B, ∀s ∈ S
NCS,b,s +N ′

CS,b,s ≤ N th
CS,b,s,∀b ∈ B, ∀s ∈ S

0 <
∑

s∈S Btot,s ≤ Btot,∀s ∈ S
(20a)

NCS, NDG ≥ 0. (20b)

The first term in the objective function in Eq.(19) corresponds
to the cost of the transportation system, which includes the
cost of installing CSs and the cost of unsatisfied EVs charging

demand. The second term in Eq.(19) corresponds to the cost
of the power system, which includes the cost of the power
drawn by the CSs and the cost of installing new DGs.

The constraints of the optimization problem include power
system operational constraints as described in Eq. (1a); the
power-transportation system constraints as illustrated in Eq.
2a; and the budget constraints in Eq. 20a. As for the budget
constraints in Eq. (20a), the first constraint indicates that an
additional load L′

b,s is required by bus b if new CSs are to be
installed; the second constraint depicts that the number of total
CSs at bus b remains within the maximum allowable limit; and
the third constraint ensures that the cumulative budget at stage
s should not exceed the total budget. Finally, Eq. (20b) ensures
the non-negativity of CSs and DGs.

These constraints of the optimization problem involve non-
linear relationships and interactions between different power
variables, which introduce non-convexity into the problem.
Specifically, the power balance equations relate the active and
reactive power injections (Pb,τ and Qb,τ ) to the power gener-
ated, consumed, and exchanged between different buses. These
relationships involve nonlinear terms such as the product of
voltage magnitudes and phase angle differences cos(θi − θj)
and sin(θi − θj), which are inherently non-convex. These
non-linearities make the feasible region of the optimization
problem non-convex. The optimization problem also involves
integer variables including the upper bound of the number of
CSs, and DG units. Thus the formulated optimization problem
is a mixed-integer non-liner problem

This non-convexity of the functions do not guarantee that a
local optimum is also the global optimum, making it complex
to find the absolute best solution. This complexity arises
from the interaction between continuous variables such as
power flows and voltages limits and discrete variables such as
the number of CSs and DGs. Searching for global optimum
within the large search space is computationally intensive and
often impractical for large-scale problems like ours where
we considered a 2000-bus power system topology. However,
to achieve a near-optimal solution we employ a multi-start
strategy where the optimization algorithm is executed multiple
times, each time with a randomly generated initial starting
point. By exploring diverse regions of the solution space,
this technique ensures that the search space is covered more
comprehensively. In each run of the optimizer, the solution
converges to a local optimum based on the starting point. The
best solution among all runs is selected as the final solution. It
is worth mentioning that, the multi-start strategy allows for a
thorough exploration of the solution space, ensuring that high-
quality solutions are identified. These solutions are typically
very close to the global optimum and provide valuable insights
and practical recommendations for the problem at hand. In the
context of our power and transportation system optimization,
these solutions remain valid and reliable and can offer action-
able guidance for real-world implementation.

V. SOLUTION APPROACH

In this section, we present an efficient approach based
on finite-horizon constrained MDP to solve the multi-stage
allocation problem of CSs and DGs.
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We start by defining state and action space, and the reward
function corresponding to each stage. Then, we formulate the
dynamic program based on the finite-horizon episodic model.
U-State Space:
In the joint allocation problem of EV CSs and DG units,

the state space consists of variables describing the predicted
demand at a bus, the allocated budget at a time stage, the
generation capacity of a bus, and the time periods over which
the CSs and DG units will be allocated. Therefore, the state-
space (U) is expressed as

U = {u|us = (s1, s2, s3, · · · )}, (21)

where si denotes the ith state variable and us indicates the
state of the MDP at sth time stage. Since all the constraints
are known in advance, and the traffic flow is dependent on the
locations of EVs, it is evident that u includes all the necessary
information for taking an action.

The states are causally and sequentially linked, i.e., us −
us−1 − us−2 forms a Markov chain for all time stages s ∈ S
and us−2 represents the aggregation of the preceding s − 2
states [52]. Hence, the optimization problem formulated in
this paper presents a finite-horizon-constrained MDP.
A-Action Space:
We define the action space, A, as

A = {a|as}, (22)

where as indicates the action executed at time stage s. The
possible actions that the model can take are allocating a CS(s)
at a particular location; allocating DG(s) at a location where
additional capacity is required; or simultaneously allocating
both DGs and CSs at a particular location. The specific actions
taken depend on the objective function and the constraints of
the EV CSs and DGs joint allocation problem.
R-Reward Function:
In this paper, we use a potential-based reward shaping

function that defines the reward for a state-action pair, (us, as),
at a particular time stage s as

R (us, as) = Rs−1 −Rs, (23)

where Rs is defined as in Eq.(19) and for the first stage Rs−1

is considered as 0.

Rs = µtrCtr(s) + µgrCgr(s). (24)

Hence, we can decompose the reward function calculation into
two parts as

R1
s =

∑
i∈B

Cgrm
i
s, (25)

R2
s = µtrCtr(s) + µgrCgr(s), (26)

where mi
s is a binary variable that is 1 when a CS is allocated

to bus i, and 0 otherwise. If no feasible solutions are found,
then the cost is set to a high value. The rewards assigned
to each action indicate whether they improve or worsen the

solution. At each time stage, a policy, πs, is defined based on
the action space (as|us). The optimal policy is defined as

π∗
s (as | us) = argmaxπ E

[ S∑
s=1

ρ(s−1)R (us, as)

]
, (27)

where ρ denotes the discounting factor that balances the
short-term and long-term rewards. The short-term reward is
associated with the actions and outcomes of the nearest future
stage, and the long-term reward is associated with the actions
and outcomes of the further future stage.
H-Horizon:
Based on the definitions of the state space, action space, and

reward function, we interpret the constrained finite-horizon
MDP problem as an episodic model, where an agent interacts
at each time stage s ∈ S. A full episode is defined as a
sequence {(u0, a0), (u1, a1), ..., (u|S|, a|S|)}. Here u|S| is the
terminating state which is activated if the change in the reward
over the time stage, s = |S|, is less than a pre-specified value
ϵ. This hyper-parameter is used to determine the convergence
of a single episode solution. The iterative computation process
for a single episode of the finite-horizon constrained MDP is
given by Algorithm 2.

RL allows for modeling the dependencies of power-
transportation networks by learning an optimal policy that
adapts to changing states over multiple stages. Moreover, RL’s
ability to balance exploration and exploitation ensures that the
model can discover and optimize complex action spaces, such
as deciding where and how many CSs and DGs to allocate.
The traditional solvers might not achieve this efficiently due to
the combinatorial explosion of possibilities, where the number
of potential combinations of actions becomes too large to
handle effectively. The state space of the RL model includes
four state variables as stated earlier in this section. After the
RL model selects an action, which might involve allocating a
certain number of CSs and/or DGs at specific locations, the
model minimizes the cost function in Eq.19 to ensure that
all relevant constraints are met. Once these constraints are
checked and satisfied, the reward function is updated based
on the effectiveness of the allocation. This iterative process
continues until an optimal or near-optimal allocation strategy
is developed.

Algorithm 2 describes the functions of CSs allocation,
’allocateCS’, and DGs allocation ’calcDGs’. The first function
allocates all CSs, N ′

CS,s(s), which is obtained from the pro-
posed solution approach. The total number of CSs is allocated
at each candidate bus during a time stage s. ’allocateCS’ first
calculates the demand difference (DD) for each bus (line 5),
and then allocates a single CS at the bus with the highest DD
(line 6). Afterward, the function allocates a CS at the bus with
the second-largest DD and the process continues until all CSs
at the deployment stage s have been allocated (lines 9 to 11) or
all candidate buses have had their initial CSs allocations (line
4). In the case when all buses have been allocated a single
CS and there are CSs left to allocate, the DDs of buses are
calculated again (line 14), and a single CS is allocated to the
bus with the largest DD (line 15). The process repeats until
all CSs have been deployed (lines 19 to 21).
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To account for the anticipated increase in demand brought
on by the dynamic allocation of CSs, the second function,
’calcDGs’, is introduced. This function calculates the number
of DG units to install at each bus at each time stage s.
The buses that have additional CSs allocated by function
’allocateCS’ may require an extra load capacity. The extra
load capacity is calculated at line 27, and it satisfies the power
constraints in Eq. (1a).

Algorithm 2 Defining Functions for CSs and DG Units
Allocation

1: function ALLOCATECS((B,DD(s), N ′
CS,s(s)) : N

′
CS,b)

2: ▷ This function allocates N ′
CS,b(s) CSs at bus b ∈ B

3: count← 0
4: while B(s) ̸= ∅ do
5: Find a bus b ∈ B with largest DDb

6: Allocate a single CS on b : N ′
CS,b(s)← 1

7: count ← count +1
8: {B(s)} \b
9: if count == N ′

CS,s(s) then
10: Break
11: end if
12: end while
13: while count < N ′

CS,s(s) do
14: Find a bus b ∈ B with largest DDb

15: Allocate a single CS on b : N ′
CS,b(s)←

16: N ′
CS,b(s) + 1

17: count ← count +1
18: {B(s)} \b
19: if count == N ′

CS,s(s) then
20: Break
21: end if
22: end while
23: end function
24: function CALDGS((B,N ′

CS,b, Lb(s), P
R
b,τ )):N

′
DG,b

25: ▷ This function allocates DG units at candidate bus
26: while {B(s)} ≠ ∅ do
27: Additional load capacity required at bus b ∈ B :

Lb(s)
′ ←

⌊
Lb(s)− PR

b,τ

⌋
N ′

DG,b

28: {B(s)} \b
29: end while
30: end function

A. Computational Complexity

The computational complexity of the Q-learning algorithm
is associated with the size of the state-action space, training
episodes, and the size table, which represent the Q-value
function. For the state space U , action spaceA, and the number
of time stages S, the time complexity of the proposed Q-
learning algorithm is given by O(UAS) as the algorithm iter-
ates through each state-action pair for each episode. Moreover,
the number of feasible state-action pairs is equal to the product
of the number of considered states and actions. Therefore, the
time complexity is related linearly to the number of episodes.
Moreover, the space complexity of Q-learning is given by
O(UA), as the Q-value function must be stored for each

state-action pair. Therefore, the algorithm’s space complexity
increases linearly with the sizes of the state and action space.

Location of allocated CSs at stage 1 
Location of allocated CSs at stage 2 
Location of allocated CSs at stage 3 
Location of allocated CSs at stage 4 
Location of allocated CSs at stage 6 

Fig. 4: Graph structure of Texas 2000-bus test case and its
interconnection with transportation nodes.

VI. EXPERIMENTAL RESULTS

In this section, we present a case study for the proposed
dynamic multi-stage (six time stages) CSs-DGs allocation
strategy on the synthetic 2000-bus power grid of Texas [53]
with initially 720 integrated CSs. The geographical locations
of the existing CSs are obtained from [54]. The power system
graph is shown in Fig. 4. We present and compare four
different allocation strategies in terms of EVs charging demand
satisfaction ratio when no prediction of EVs traffic demand
is considered, and when the EVs traffic demand is predicted
using i) power system data only, ii) transportation data only,
and iii) a combination of power and transportation data. The
simulation parameters considered are depicted in Table I.

TABLE I: Simulation parameters.

Total number of power bus, B = 2000
Total number of already available charging stations = 318
Planning period, S = 6
DG unit cost, cDG = $ 1104.032/kWh [44]
Number of GCNNs layer = 6
Number of Chebyshev coefficients = 4
Number of LSTM hidden layer cells = 30
Prediction model maximum iteration, MAX = 100000
Prediction model Error threshold, e = 0.1
Prediction model learning rate, λ = 0.003
Optimization model learning rate = 0.1
Optimization model discount factor = 0.99
Optimization model exploration rate = 0.1

A. Effect of budget on user satisfaction

We start by obtaining the predicted charging demand using
GCNN-LSTM approach as described by Section III. The
power dataset consists of five-year values for the active
and reactive power demands generated using Monte Carlo
simulations. As for the transportation data, the traffic flow
information at the CSs of Texas state from 2016 to 2020
is obtained from [54]. To generate the combined power-
transportation dataset, we start by calculating the difference
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of EVs charging demand at two consecutive time stages, and
then the power data is scaled proportionally to that difference.
The user satisfaction rate is calculated as follows:

ϕs =

∑
b∈B

∑
i∈{ΩCS

b,s}
PCS
i,b∑

b∈B

∑
d∈{ΩCS

b,s}
ψd,τ (zd)PEV

× 100%, (28)

where ΩCS
b,s = NCS,b,s +N ′

CS,b,s, which is the sum of existing
CSs and the new CSs that are installed at time stage s; PCS

i,b

denotes the power demand of CS i connected to bus b; and
PEV represents the power of each EV. To obtain the budget
required to satisfy at least 80% of EVs charging requests, we
plot in Fig. 5 the EVs average charging requests satisfaction
rate for different budget values. As can be seen from Fig. 5,
the user satisfaction rate increases with an increase in the
budget, indicating the necessity of allocating enough resources
to provide a better-charging demand satisfaction rate.
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Fig. 5: User satisfaction rate for different budget values.

B. Effect of planning strategy on user satisfaction rate

Using the predicted demand and a budget value of $250, 000
as an example, we solve the joint allocation problem over S
stages using Q-learning, which yields the minimum number
of CSs and DGs required at each time stage to satisfy 80% of
EVs charging requests. As for the locations of the allocated
CSs and DGs, they are specified according to Algorithm 2.

Fig. 6 shows the demand satisfaction rate achieved by
the four different aforementioned allocation strategies over
six deployment stages. From Fig. 6, we can see that the
strategy that combines both power and transportation data to
predict future demand outperforms the other three strategies.
This is explained by the fact that the fusion of power and
transportation data helps to recognize the patterns in the
usage of EVs and the power grid. This, in turn, provides a
more comprehensive understanding of the spatial and temporal
distribution of charging demand and ensures a more efficient
usage of budgets, while maximizing the satisfaction rate.

On the other hand, when transportation data is used solely
to predict the future charging demand, the model ignores infor-
mation about the power capacity expansion and the availability
of the power grid. Moreover, overlooking the power grid data
greatly impacts the estimation of DGs, as this strategy ignores
the load growth information over the time stages. Thus, this
strategy leads to a less accurate estimation of the charging
demand and EVs satisfaction rate. Similarly, the estimation
of future demand using power dataset only ignores the traffic
flow information over the time stages. Hence, the power data
alone fails to obtain a holistic view of the charging demand,
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Fig. 6: EVs charging demand satisfaction rate over 6 stages.

leading to a decline in EVs satisfaction rate. Furthermore,
the no-prediction strategy seems to outperform the predicted
ones but only for the initial time stages, where it achieves
more than 90% satisfaction rate at the third deployment
stage. However, this strategy is not feasible for long-term
planning of EVs charging infrastructure. As can be seen from
Fig. 6, the satisfaction rate for the non-predicted strategy drops
significantly after the third stage. This is explained by the
fact that the budget has ran out for future subsequent stages.
Conversely, the strategy that uses a combination of power
and transportation data for prediction achieves nearly 95%
satisfaction rate at the sixth deployment stage. This proves
the superiority of the proposed GCNN-LSTM based structure.

C. CSs and DGs allocation over the planning periods

Table II presents the optimal number and locations of CSs
and DGs capacity and their corresponding installation costs
over the deployment horizon S when the demand prediction
is based on the combined power and transportation data. We
see from Table II that to achieve at least 90% EVs demand
satisfaction rate, 12 CSs need to be installed in the first stage,
additional 18 CSs are installed in the second stage, 3 additional
CSs are installed in the third stage, 9 additional CSs are
installed in the fourth stage, no CSs need to be installed in the
fifth stage, and 2 additional CSs are installed in the last stage.
Moreover, Table II also shows the location and the capacity
required to fulfill the EVs charging demand at each time stage.

VII. PERFORMANCE COMPARISON

A. Benchmark Detectors

In this section, a comprehensive evaluation is conducted to
justify the prediction performance of the proposed GCNN-
LSTM model with established benchmark counterparts. Table
III presents the predictive performance of various benchmark
methodologies across different allocation stages in terms of
Normalized Mean Absolute Error (NMAE) and Normalized
Root Mean Squared Error (NRMSE) metrics [55]. The predic-
tion model assessed in the table includes CNN, feed-forward
neural neywork (FNN), support vector machine (SVM), and
autoregressive integrated moving average (ARIMA) models.
The adopted benchmark models represent diverse attributes,
encompassing structure (shallow/deep/graph) and training
methodology (unsupervised/supervised).
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TABLE II: Optimal number and locations of CSs and DGs with the corresponding costs over the six stages of deployment.

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 

Bus # # CSs DGs 

(kWh) 

Bus 

# 

# CSs DGs 

(kWh) 

Bus 

# 

# CSs DGs 

(kWh) 

Bus 

# 

# CSs DGs 

(kWh) 

Bus 

# 

# 

CSs 

DGs 

(kWh) 

Bus 

# 

# CSs DGs 

(kWh) 

298 3 3.8 197 3 8.6 539 2 4.8 76 3 8.6 18 2 4.8 

490 3 4.8 365 3 8.6 756 1 - 259 2 4.8 

961 2 - 770 3 8.6 313 2 4.8 

1230 2 - 1480 3 8.6 1467 2 - 

1296 2 - 1876 3 8.6 

1921 2 4.8 

1930 2 4.8 

Cost($) 78857.14 9494.67 28212.12 58072.08 6021.60 5299.35 17550.32 20093.38 3716.98 5299.35 

Total cost ($) 232616.99 

B. Hyperparameter Optimization

For hyparameter optimization, we use a grid-search hyper-
parameter selection strategy, where each hyperparameter is
chosen within a specific stage. For instance, in the case of
ARIMA, the parameters for differencing and moving averages
are fixed at 1 and 0, respectively. On the other hand, SVM
utilizes the scale and sigmoid kernels for the kernel and
gamma parameters. CNN’s design incorporates four layers
with 32 units, a neighborhood order of 5, Rmsprop optimizer,
and a ReLU activation function. Notably, for the proposed
model, there were 4 layers in each stage with 32 units, 3
neighborhood orders, Adam optimizer, and a ReLU activation.

C. Comparison Results

The outcomes depicted in Table III exhibits the GCNN-
LSTM model’s superior predictive capability across all eval-
uated time spans. In addition, the table depicts a consistent
trend: as the prediction horizon progresses, errors invariably
escalate. Specifically, the ARIMA model emerges as the least
accurate prediction scheme, struggling to adapt to evolving
data patterns and trends. Though the SVM and FNN based
scheme surpass the performance of ARIMA model, their
performance still falls short of expectations, with error rates
exceeding 20%. In comparison, the CNN model displays better
accuracy than the ARIMA, SVM, and FNN counterparts, yet
it remains outperformed by the proposed model. This outcome
could stem from CNN’s primary emphasis on extracting local
features, potentially inhibiting its ability to effectively capture
temporal dependencies embedded within the data. Remarkably,
the proposed model outperforms the compared models by
reducing errors by 15-20%. The results of our experiments
demonstrated that the Transformer model consistently outper-
formed the LSTM model across all evaluation metrics. The
Transformer model achieved lower MAE and RMSE values,
indicating higher accuracy in predicting future EV charging
demand. However, since both the LSTM and Transformer
models achieved comparable performance, the allocation re-
sults remain unaffected. One possible explanation for this is
that both models, when combined with GCNN, effectively
capture the temporal and spatial dependencies in the data,
leading to accurate predictions of future time-series data
This comparison highlights the superiority of the proposed
model in capturing intricate patterns and dependencies within

the interconnected data, resulting in improved precision and
demand prediction accuracy.

TABLE III: Comparison of prediction performance with
established benchmark counterparts.

Forecasting 

model 
Time stage NMAE [%] NRMSE [%] 

ARIMA 

4 29.12 33.41 

12 31.86 34.79 

24 34.56 36.01 

SVM 

4 19.53 20.33 

12 20.19 21.43 

24 21.08 22.97 

FNN 

4 18.65 20.65 

12 19.21 20.99 

24 19.93 21.56 

CNN 

4 12.33 11.00 

12 12.94 11.61 

24 13.84 13.74 

GCNN-

LSTM 

4 4.41 6.27 

12 4.50 6.31 

24 4.69 6.97 

GCNN-

Transformer 

4 4.29 5.98 

12 4.38 6.20 

24 4.63 6.49 

 

VIII. CONCLUSIONS

In this paper, we have proposed a dynamic spatio-temporal
joint allocation framework to address the optimal CSs and
DGs deployment problem using the predicted future EVs
power demand. The proposed framework incorporated two
main tasks: i) a prediction task and ii) an allocation task.
First, the prediction task predicted the future EV charging
demand based on data from a power grid coupled with the
transportation system. For this purpose, we have used a GNN-
LSTM fusion architecture which captures the dynamic and
complex relationships of the coupled network. Second, the
predicted future demand was used as input to the multi-stage
dynamic CSs and DGs allocation optimization problem. The
optimization problem minimized the power and CSs/DGs costs
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subject to power balance constraints, CSs/DGs constraints, and
budget constraints. A Q-learning approach was adopted to de-
termine the optimal number of CSs and DGs to install at each
time stage. Simulations were conducted on Texas power grid
with 720 initially integrated CSs. Our investigations revealed
that using the predicted demand from the combined power
and transportation data achieves the maximum satisfaction
rate over the deployment stages. Thus, exploiting such a
coupled power-transportation data enables a more efficient and
sustainable planning of CSs and DGs, while simultaneously
enhancing the power grid’s stability and dependability. For
future work, we recommend investigating the use of advanced
energy storage solutions and their impact on balancing the
intermittency of non-dispatchable DGs, which can provide
deeper insights of this work.
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