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1. Introduction

1.1. Motivations

In early 2022, global sales of electric vehicles (EVs) increased by 75% over 2021, indicating approximately
2 million new EVs were in use [1]. Due to the economic and environmental advantages of EVs, the governments
hope to install more fast-charging stations, and provide public funds and policies such as purchase subsidies to
encourage the transition to EVs [2,3]. Nonetheless, the network planner encounters a tough problem, as forecasting
the timing and location of charging demands remains highly challenging. Once we cannot predict the spatial demand
accurately, it is hard for the network planner to construct an adequate number of charging stations at proper locations.
Hence, this paper aims to address the problem of fast-charging station planning under uncertain demand.

When predicting uncertain charging demands, the trip chain simulation approach is a first research paradigm,
which relies heavily on analyzing the travel and charging behaviors of a large number of electric vehicle users to
obtain the probability density function under different operating situations. Arias et al. [4] employ mathematical
models to describe the arrival rates and service rates of charging vehicles, thereby approximating charging demand
to some extent following a Poisson distribution pattern. Zhang et al. [5] develop a two-stage stochastic programming
model to determine hub locations, assuming that charging demands follow a normal distribution. However,
simulating real-world EV user behavior using probabilistic models proves challenging. To compensate for this
limitation, some research endeavors have sought to present comprehensive and detailed data through meticulous
planning of traffic network data and demand forecasting models [6,7]. In Wu and Sioshansi [8], an expanded version
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of the flow-capturing location model (FCLM) is proposed to handle uncertain charging demands within a two-stage
planning framework. To tackle demand variability from a different point of view, Taherkhani et al. [9] present a
robust stochastic approach explicitly solving the problem of maximizing the network profit with uncertain demand.
Moreover, instead of relying on simulated probabilities, Kim et al. [10] leverage extensive empirical records of EV
drivers’ behavior to address a practical problem in facility deployment.

In many cases, a large quantity of information about charging patterns can already be gathered today. However,
incorporating all such raw information into optimization models is extremely difficult, as it renders the models
too complex to solve. Therefore, many current approaches do not work very well for large road networks. To
address this problem, a more efficient modeling approach is needed, one that does not incur excessive computational
cost. Our proposed framework attempts to find a balance between the accuracy of modeling and calculating speed.
Specifically, it should account for the stochastic nature of EV charging demand while still being able to produce
solutions quickly. To put it in the other direction, our modeling framework attempts to link theoretical models with
the actual need of building the charging infrastructure.

In previous studies, Contreras et al. [ 1] showed that facility location problems with uncertain demands can be
equivalently treated as deterministic expected-value problems. They applied the sample average approximation (SAA)
method to a 50-node network. Recently, other researchers such as Liu et al. [12], Bai et al. [13] also used the SAA
method to deal with the random parameter of stochastic programming (SP) models. Following these researches, we use
the SAA method in our study. In this way, we can reformulate the stochastic model into a deterministic mixed-integer
linear programming (MILP) model, and thus design an exact solution algorithm to solve the problem.

While our model ensures that the best mathematical solution can be obtained, it simultaneously introduces
significant computational challenges. Models to choose where charging stations should be located often use
mixed-integer programming (MIP). Unfortunately, it is well-known that MIP models become very hard to solve as
networks get larger and larger. Because of this, researchers in the field of optimization are often working on how to
accelerate algorithms. To save time, many studies tend to use ready-made commercial solvers such as CPLEX and
Gurobi to deal with these complicated models [14, 15].

It can often be hard to solve large-scale MIP models directly because of their computational intensity. To
deal with this issue, exact decomposition methods are applied. The Benders decomposition (BD) is one of the
important decomposition methods [16, 17]. The main logic of BD is to split the original model into a relaxed master
model and several independent subproblems by dealing with complicating variables. This structure will provide
a fast convergence speed. Many scholars solve master problems and subproblems with some commercial solvers
(like CPLEX) based on BD [18]. To further improve efficiency, Lee and Han [19] proposed the Benders-and-price
approach by incorporating column generation into the Benders subproblems. The decomposition logic is similar to
that used in assembly line balancing [20], disaster relief planning [21], resource scheduling [22-24].

Standard BD algorithms are typically very slow on large instances because of the primal and dual degeneracy
problems. To solve this problem, we use Benders dual decomposition (BDD) method. As opposed to the usual
dualisation approach, BDD uses Lagrangian relaxation to reformulate the subproblem. Consequently, Benders cuts
are tighter. Previous studies Rahmaniani et al. [25] have shown that these cuts can substantially speed up obtaining
high-quality solutions in the early stages of the algorithm. We exploit this feature to deal with slow convergence
in standard BD approaches. Our work is among the first studies that extend the BDD approach to the large-scale
stochastic planning of charging networks.

Our approach bridges some of the limitations in prior existing methods. For instance, some existing models,
such as the flow-capturing designs [8] and robust stochastic models [9], are usually difficult to use in large networks.
These models often depend on exact probability distributions and are computationally demanding. To overcome
these issues, our model employs the SAA technique, which allows the use of empirical data directly without
assuming any specific continuous distribution. We also do not rely on standard MIP solvers or the traditional BD
algorithms used in other models [18, 19]. Instead, we adopt a BDD method, which utilizes Lagrangian duality to
generate the information on bounding, therefore leading to tighter optimality cuts as compared with the traditional
approach. This mathematical modification reduces convergence time, allowing large-scale transportation networks
to be optimized effectively.

The main contributions of this work are as follows. First, we propose an SP model to optimize both locations
and capacities of charging stations under demand uncertainty. Second, since the stochastic model is hard to solve, we
use the SAA method to turn it into a tractable MILP. This avoids the need for exact probability distributions. Third,
to solve the MILP efficiently, we apply the BDD method. We also identify the precise optimality and feasibility cuts
for the network model using an analytical approach. Finally, computational experiments on different network sizes
prove that our approach is efficient and practical.
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2. Model Formulation

We first establish an expanded network to incorporate limited driving ranges. Then, we develop an SP model
aimed at optimizing the planning of fast-charging stations in the transportation network under uncertain demands while
minimizing the overall planning costs. The symbols used in this model are detailed in the Nomenclature section.

The concept of the expanded network approach is originally introduced by MirHassani and Ebrazi [26], so as
to incorporate a limited driving range of EV. To preempt EVs from encountering mid-route battery depletion, three
assumptions are introduced as follows:

(1) The initial charging level of the EVs at the origin is 100% (fully charged).
(i) The EVs utilize an effective driving range to prevent mid-route battery depletion before reaching the next
charging station or their destination.
(iii) The effective driving ranges of the EVs are fixed and deterministic.

Assumption (i) aligns with the practical scenario where EVs are fully charged at their origins (e.g., home or
workplace) using slow charging stations during idle periods. Assumption (ii) implies that EV operators maintain a
safety margin, meaning the usable battery capacity is encapsulated in an effective travel distance rather than draining
the battery to zero. Assumption (iii) indicates that this effective driving range of an EV remains constant and is
mathematically quantified by the parameter R.

Consider an O-D pair k in G(N, A), which starts at node O and ends at node D. Let the expanded network
correspond to O-D pair k be Gy (N, Ay), where Ny and Ay, are respectively the set of nodes and arcs. Denote
dfj be the distance of arc (i,j). Then, with the consideration of Assumptions (i)-(iii), the expanded network
G (N, Ax) can be generated.

Then, we propose a mixed-integer SP model to tackle the planning of fast-charging stations based on the
expanded network, which is formulated as follows:

P min Z(Clyiyi + Co2;), (1)
1, if i = s,

sty akbi— > al=0-1, ifi=t,, VieNykek, @
jevin jevput 0, otherwise,

E[Y (e Y af || <z Vie N, 3)

keK Jjevin

zi < T1Y;, Vi€ Ng, (@]

af; >0, V(i,j) € Ap,k € K, (5)

2z €ZT, Yie N, (6)

y; €{0,1}, Vi€ Ny. (7

In this formulation, 7, represents the uncertain charging demand associated with the O-D pair k. The
cost parameters C ; and C5 ; correspond to the fixed setup cost of a station and the unit cost of a charging
pile, respectively. Regarding the network topology, V™ and V,°“! denote the sets of predecessor (incoming)
and successor (outgoing) nodes for node i within the expanded network, i.e., V" = {j|(j,i) € Ak, k € K},
vout = {j|(i,j) € Ax,k € K}. The model employs three types of decision variables: the binary variable y;
indicates whether a station is established at node ¢ (1 if yes, O otherwise); the integer variable z; determines the
quantity of charging piles installed, which is capped by the upper bound 7; and the continuous variable xfj represents
the fraction of flow assigned to the arc (i, j) € Ay.

Equation (1) explicitly minimizes the aggregate capital expenditure required to deploy the charging infras-
tructure. Meanwhile, constraint (2) enforces flow conservation, ensuring that charging demands are continuously
routed from the origin to the destination via intermediate nodes without any flow loss. Constraint (3) mandates
that the quantity of charging piles established at node ¢ must be sufficient to accommodate the expected flow of
EVs traversing arc (i, j). The expectation constraint (3) contributes complexity to the resolution of this model.
Constraint (4) imposes an upper bound on the number of charging piles. Constraints (5)—(7) are the constraints for
decision variables. The forthcoming section will address the solution of model P.

Although y; and z; are formulated as integers, the following theorem verifies that relaxing z; has no impact on
the optimal outcome of model P. The proof is presented below.
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Theorem 1. Ler (v}, y, x; j) be the optimal solution of the relaxed model RP of the original problem P. In the
relaxed model, the variables z; in P are replaced by continuous variables v; for all i € Ny. The optimal solution
of the original problem P is represented by (z;,y;, x} ;), where z; = [v]]. The symbol [*] denotes the ceiling
function, which rounds a real number up to the nearest integer.

Proof. We consider the following model that aims to optimize the given problem.

P’ min Z(Cl,iyi + C2,2i), ®)
1, ifi = Sk,

st > aki— > ak=0-1, ifi=t,, VieNykek, ©)
jevin jeve 0, otherwise,

EIY | D k|| <twi, Vi€ Ny, (10)

keK je‘/iin
x>0, V(i,4) € Ap,k € K, (1n
y; € {0,1}, Vi€ Ng. (12)

The optimization model is able to equivalently transform the constraints (3) and (4) into (10) by the inequality
(4). The optimal solution of the modified model P’ is denoted as (y;, xf’;) Therefore the optimal solutions ¥; and
xf ; of SRP and P are the same as the optimal solutions of model P’. So we can assume that the optimal solutions
of SRP and P are (y;, 27, z}%) and (y;, v}, z}), respectively. As constraint (6) in model P enforces z; to be an
integer variable, the objective function (1) is minimized by setting z; to the smallest integer greater than or equal to

v;, denoted as z} = [vf]. O

According to Theorem 1, P can be relaxed as the following optimization problem:

RP min Z(C’l,iyi + Cs,v5), (13)
7
1,  ifi=sp,
sty af— > al,=9-1, ifi=t,, VieNykek, (14)
JEVT jevert 0, otherwise,
EDY k| D ak || <o (15)
keK jevin
v < TY;, Vi € Ny, (16)
x>0, V(i,j) € Ap,k € K, (17
v; >0, Vie Ny, (18)
yi € {0,1}, Vie Ny, (19)

3. Solution Algorithm

In this section, the BDD approach is employed to tackle the planning model RP. Nevertheless, the inherent
complexity of the solution is magnified by the nonlinear character of the expectation constraint (15), which
incorporates the stochastic parameter 7. To overcome this obstacle, the SAA approach, a technique based on
Monte Carlo simulations, should be applied beforehand.

3.1. Sample Average Approximation

The SAA method is widely recognized as an effective approach for data-driven decision-making under uncertainty.
The core idea of SAA is to approximate the expectation of a stochastic system by its sample mean obtained from
random realizations. By replacing stochastic expectations with empirical averages, the original stochastic optimization
problem can be transformed into a tractable deterministic counterpart. To explicitly demonstrate how the uncertainty of
charging demand is handled in our model, the SAA procedure is described as follows:
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Step 1: Sample Generation via Monte Carlo Simulation.

Let 75, denote the uncertain charging demand associated with O-D pair £ € K. A set of independent and
identically distributed sample scenarios, denoted by £, is generated via Monte Carlo simulation according to the
probability distributions estimated from historical traffic data. Let | %8| represent the total number of samples and 7%
denote the charging demand of O-D pair k£ under sample scenario b € 4.

Step 2: Expectation Approximation.

In the relaxed model RP, constraint (15) contains the expectation term

E|S | 3 ok 20)

keK JEVin

which is analytically intractable under continuous probability distributions. Using the generated sample set %, this
expectation is approximated by the corresponding sample average. Accordingly, constraint (15) is replaced by the
following deterministic approximation:

%ZZ%Z%@MWM 1)

beB \kEK  jevin

Step 3: Deterministic Model Reformulation.

By substituting the stochastic constraint with the sample average approximation derived in Step 2, the original
stochastic optimization problem is reformulated as a deterministic MILP model. The resulting SAA-based planning
model (SRP) is formulated as follows:

SRP min Z(Cl,iyi + C2,v;), 22)
1, if 1 = s,

sty abi— > abi=0-1, ifi=t, VieNykek, (23)
jevn Jeveut 0, otherwise,

Fo |t T )| < @

beB | keK jevim

v; < Ty, Vi€ N, (25)

af; >0, V(i,j) € A,k € K, (26)

v >0, Vie Ny, 27)

yi € {0,1}, Vi€ N, (28)

3.2. Benders Dual Decomposition Approach

In this subsection, BDD approach, which improves the classical Benders cut by employing the Lagrangian dual
approach instead of the original dual process, is utilized to find the optimal solutions of SRP. It can be demonstrated
that BDD approach produces stronger feasibility and optimality cuts as well as generates high-quality solutions in
early iterations.

3.2.1. Benders Master Problem

To enhance computational performance, the BDD architecture explicitly decouples discrete variables from
continuous ones. The former is incorporated into the master problem, while the latter is incorporated into the
subproblem. The master problem MP is given as follows:

MP min Z Cyiyi + 0, (29)
st 0= &+ ey —w), YmeM, (30)
Yi S {07 ]-}7 (31)
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where M represents the collection of Benders cuts incorporated until now. Every Benders cut within set M is
denoted by £/ and €, where £ > 0 and €]* € R. The crucial ingredient of MP is the cut (30), which is generated
by each iteration of the subproblem so as to produce a new solution y*. Whenever a feasible solution y* is generated
after each round of iteration, it has to be substituted into the subproblem to update its optimal solution. At each
iteration, solving the MP yields a lower bound of the problem, given by LB = . C ;y; + 0.

3.2.2. Lagrangian Dual Subproblem

Different from the exiting BD approach, BDD employs Lagrangian duality approach to formulate the Benders
subproblem. Given the optimal solution y* of MP, the subproblem RSP is given by

RSP min»  Cy,u;, (32)
1, if i = sg,
sty aki— > ab=0 -1 ifi=t, (33)
jevin Jevent 0, otherwise,
i Z Z Z xfj —; <0, (34)
beB |keK \  jevin
v; < TUq, (35)
=y, (36)
af >0, (37)
v >0, (38)
u; > 0. (39)

At each iteration, solving the RSP provides the upper bound of the problem, expressed as UB = ), C1 ;v; +
> ; Cav;. Let \; € R denote the dual multipliers corresponding to constraint (36). Then, the Lagrangian dual
subproblem (LDSP) can be obtained as follows:

LDSP Covi — > Nilu; — ), 40
g min, 2 Caivi = 2 A =) “

1, ifi = Sk,
s.t. Z ;L’f] — Z :Z:fz =4 -1, ifi=tg, (41)

Jevim jevent 0, otherwise,

1 ~m k
LIy )| -u<o @)
beB | keK jevin

vy < TUg, 43)
al, v, u; > 0. (44)

With the solution y; of MP held constant, solving LDSP yields the dual multipliers A;. These multipliers are
then utilized to formulate the Benders optimal cut and feasibility cut inequalities for the current iteration, which are
subsequently integrated into the MP to refine the existing solution y;".

3.3. Optimality and Feasibility Cuts

LetU := { (% 75 Vi ui) © (33) = (35),(37) — (39)}, which denotes a compacted form of the feasible domain of
RSP. Let F' := {y; € Ry : (23) — (27)} be the set that comprise all feasible solutions obtained from SRP. When
RSP is feasible, the optimality cut can be constructed according to the following theorem.

Theorem 2. Given y € Rand \; € R, Let (TX ., 0;,;) denote the optimal solution to the following problem:

ZJ?

min Z Co,iv; — Z i (45)

l ]771““@)6[]

st. u; € {0,1}, (46)
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where mfj, vy, u; satisfy the constraints in set U, i.e., (33)-(35) and (37)-(39), and u; belongs to the set {0, 1}. Then,

a new Benders cut m in (30) can defined as

¢ = Cy,v;, (47)
"=\, Vi€ N, (48)

where \; is the dual variable associated with (36), i.e., u; = y;. Therefore,

9>ZCMZ+ZA Yi — i), (49)

is an optimality cut added to MP, and let M < M U {m}.

Proof. Inequality (49) constitutes a valid Benders cut on the condition that (y, §) complies with

6> min{z Cy.v; = (33) — (38),u; € {0,1}}.

It can be observed that the difference between the right-hand side of the inequality mentioned above and RSP. Then,
we find that

0> min{ZCg,iui £ (33) — (38), u; € {0, 1}} (50)
> max{z Niyi + (o IE{E,)GU{Z Ca,iv; — Z)\ u; :u; € {0, 1}}} (51)
:rr;e;x{; Nlyi—vi)+ JTETBJGU{ZCQ Vi — ZA y)ui € {0,1}}} (52)

= maX{Z)\ —yr) + Z Ca,1v; — Z)\ } (53)
= Hl)\aX{Z Co,iv; + Z Aili — Z )\iui} (54)
:r%aX{Z(Cz i + Ni(Yi —u,))} (55)

i

> Z Co,iU; + Z iy — w). (56)

When y* is outside of the feasible region of RSP, then a feasibility cut can be constructed as follows.

Theorem 3. For arbitrary y} ¢ F and w; € R, let v;, T¥ . h;, and ; be the optimal solutions of the following program:

l

min h)Zh —Zwl yr) 57

s.t. (33) — (34),(36) — (38), (58)
v; < Tu; + hy (59)
u; € {0,1}. (60)

Then, a new benders cut m in (30) is defined as

M = hy, (61)

€' =w;, Vi€ Ng, (62)
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where h; is the slack variable to guarantee the validity of constraint (35) and wj is the dual variable associated
with (36), i.e., u; = y;. Therefore,

O>Zh —I—Zwl Vi — i), (63)

is a feasibility cut added to MP, and let M < M U {m}.

Proof. The proof of this theorem follows a similar procedure outlined in Theorem (2). It is straightforward derive that

(zk 5 viui,hy)

0> min { Z h; : (33) — (34),(36) — (38),

v; < TU; + hi,ui S {0, ].}7’()1' S {0, 1}} (64)

> max { Z wiYi+

%

min { Z v; — Zwiui 1 (33) — (34),(36) — (38),

(zk ;vi,ui,h4)

v; < Tu; + hi,u; € {0,1},v; € {0, 1}}} (65)
= max { D wilyi —yi)+

min { Z v; — sz Uu; 1 (33) — (34),(36) — (38),

(‘LI J7U7«7ul)hl

v; < Tu; + hiyu; € {0,1},v; € {0, 1}}} (66)

:maX{Zwi( Yi —Y7) —1—27)1 Zwl U —y;) } (67)

> Z wili + Z U; — Z Wil (68)
—sz—Fsz ,—uz (69)

O

The flow chart of the BDD approach is illustrated in the following Figure 1. Initially, we solve the master
problem MP, and subsequently pass the resulting solution to LDSP. The algorithm proceeds by adding a feasibility
cut in cases of infeasibility, or alternatively, an optimality cut is introduced when the solution is feasible. The

iterative solving cycle persists as long as the upper and lower bounds remain unequal, with the loop being terminated
when these bounds achieve equality.
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L e e e ————————— .

End

Figure 1. Flow chart of BDD approach.

4. Computational Experiments

This section provides the outcomes of computational experiments that assess the effectiveness of the proposed
model and the BDD approach. The proposed algorithmic framework was implemented in MATLAB R2021b. To
handle the underlying mathematical programs, we relied on YALMIP to interface with the CPLEX 12.9 solver
directly. All numerical experiments ran locally on a personal workstation equipped with an Intel Core i5-12500H
CPU and 16 GB of memory.

4.1. 25-Node Network

Now, we test the proposed algorithm on a 25-node grid network. This network is a typical graph topology base
used in EV planning research [19]. The configuration of the network is given in Figure 2. In this grid network, each
node may be an origin, destination or a location for fast-charging stations. The network is composed of 25 nodes,
86 arcs and 300 O-D pairs, with 600 paths in total. The distances are indicated on the arcs. In this example, the
fixed cost for building a station is 100, and the cost for charging piles is 10. To describe the demand uncertainty,
we set 10 random scenarios for each O-D pair (|%| = 10). We assume that EVs start their trips with full battery
(100% state of charge). This assumption is appropriate as most drivers charge their car at home or at work prior to
embarking on a long trip.

In terms of interpreting the scaling parameter 7, readers need a macroscopic view. On our grid topology, a
mathematical “node” does not correspond to an individual street intersection. The node is a regional hub or centre
of population. Hence, 7 imposes a rigorous upper bound on the total size of the overall charging capacity given to
this broad macro-region. Heavy traffic will often drive the optimization to devote hundreds of piles to just one hub.
In practice of implementation, developers would never squeeze all of these into a single impossible mega-charge
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station. Instead, they split the assigned 7 quota up between a dispersed collection of smaller and local charging sites
within that exact district.

Figure 2. The 25-node network.

To evaluate the efficiency of the BDD approach, a comprehensive assessment is conducted by considering different
driving ranges and sizing thresholds. The corresponding performance outcomes are presented in Tables 1 and 2. These
tables showcase the outcomes of diverse numerical experiments for driving ranges of 7, 8, 9, 10, and 11, with
rows representing distinct size restrictions of 1100, 1000, 900, 800, and 700. These two tables offer a comparative
analysis of the CPLEX solver, the BD approach, and the BDD approach in terms of total planning cost of fast-
charging stations (Obj), runtime, and iteration rounds. Moreover, the label “CPLEX” implies that the planning
model is solved directly without decomposition. While labels “BD” and “BDD” indicate that the model is solved
using decomposition approaches. All solution methods, with or without decomposition, are implemented using
the CPLEX solver. Therefore, the comparisons conducted in Tables 1 and 2 are not merely among BD, BDD,
and CPLEX, but rather they highlight the differences in efficiency and effectiveness between using decomposition
approaches and directly solving the model without decomposition. These tables facilitate an in-depth assessment of
the computational performance and efficiency of the proposed BDD approach across varying scenarios.

It can be observed from Tables 1 and 2 that the BDD approach exhibits remarkable reductions in runtime,
while achieving identical planning costs to both the BD approach and CPLEX solver. For instance, when driving
range R = 9 and sizing threshold 7 = 1100, Table 2 shows that the BDD approach significantly reduces the runtime
of the dual subproblem from 151.34 seconds (CPLEX) and 53.79 seconds (BD approach) seconds to 6.95 seconds.
Similarly, the results show that the BDD approach significantly enhances the numerical efficiency for the LDSP,
and solves the SRP with decomposition algorithm more efficiently than without decomposition algorithm. This can
also be observed in Tables 1 and 2, which are specified for certain driving ranges and sizing thresholds. In addition,
when driving range R = 11 and sizing threshold 7 = 700, it shows that the BDD approach requires less rounds of
iterations to achieve an optimal planning strategy compared to the BD approach for specified driving ranges and
sizing thresholds. This demonstrates that the BDD approach is more computationally efficient than the BD approach
from another aspect.

https://doi.org/10.53941/jmlis.2026.100008 10 of 19


https://doi.org/10.53941/jmlis.2026.100008

Song et al. J. Mach. Learn. Inf. Secur. 2026, 2(2), 8

Table 1. Computational performance of CPLEX, BD approach, and BDD approach in 25-node network.

R=11 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T Obj  Runtime (sec) MP BSP Total Time fter MP LDSP Total Time fter
1100 79,180 133.48 245  49.1 51.55 6 061 8.12 21.31 2
1000 79,180 134.55 2.09 4755 49.64 6 0.7 7.58 22.81 2
900 79,180 135.74 1.77 47.25 49.02 6 0.68 7.09 23.75 2
800 79,170 135.98 1.49 4694 48.43 6 069 624 23.64 2
700 79,180 137.46 1.18 46.01 47.19 6 059 7.19 21.48 2

R=10 CPLEX BD BDD
Runtime (sec) Runtime (sec)

! Ot} Runtime (sec) MP BSP  Total Time fer MP LDSP  Total Time fer
1100 85,740 151.05 1.01 46.26 47.27 6 085 8.77 22.85 2
1000 85,750 214.95 0.88 45.62 46.83 6 085 7.80 21.83 2
900 85,750 269.54 1.19 5357 54.76 6 081 757 21.85 2
800 85,740 203.48 1.12  48.60 49.72 6 060 7.09 20.08 2
700 85,740 139.33 1.02 4544 46.46 6 0.64 7.16 21.26 2

Furthermore, Figure 3 illustrates how the driving ranges influence the planning costs, which provides a
comprehensive comparisons of planning costs with respect to driving ranges as well as sizing thresholds. The
horizontal axis of Figure 3 corresponds to the driving range, while the vertical axis signifies the planning cost. The
color-coded lines delineate the constraints imposed on the number of charging stations. Notably, an increasing
driving range leads to a decreasing planning cost. This phenomenon can be attributed to the reduced frequency
of required charging for EVs during their travel, resulting in a diminishing demand for fast-charging stations. In
our experimental context, the choice of sizing limit 7 does not have a significant effect on the optimal solution, but
plays a pivotal role in determining the feasibility of the model.

115,000
110,000
105,000
100,000
95,000
90,000
85,000
80,000

75,000
R=7 R=8 R=9 R=10 R=11

— =700 — =800 — 1= 900 =1000 — t=1100

Figure 3. Variation in total planning costs for different driving ranges and different limits on the number of charging piles.
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Table 2. Computational performance of CPLEX, BD approach, and BDD approach in 25-node network.

R=9 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T Obj Runtime (sec) MP BSP Total Time fter MP LDSP Total Time fter
1100 95,860 151.34 1.27  53.79 55.06 6 072 695 23.15 2
1000 95,840 160.38 1.08 49.81 50.89 6 0.68 7.81 20.8 2
900 95,820 153.21 0.89 4551 46.4 6 0.6 7.27 22.75 2
800 95,830 154.25 147  46.1 47.57 6 055 744 24.31 2
700 95,820 154.61 1.3 47.86 49.16 6 076 691 20.95 2

R=8 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T Obi Runtime (sec) MP BSP  Total Time fer MP LDSP  Total Time frer
1100 105,350 128.39 1.77 45.95 47.72 6 059 638 21.28 2
1000 105,350 137.32 147 463 47.77 6 061 791 25.1 2
900 105,340 137.38 1.13  45.15 46.28 6 0.64 755 24.69 2
800 105,600 139.27 2.08 47.72 49.8 6 075 695 23.42 2
700 106,600 142.13 1.22 52.77 53.99 6 069 7.28 21.47 2

R=7 CPLEX BD BDD
Runtime (sec) Runtime (sec)

! ot Runtime (sec) MP  BSP  Total Time fer MP LDSP Total Time frer
1100 109,800 143.54 096 53.17 54.13 6 0.64 7.1 25.15 2
1000 109,830 145.31 1 46.86 47.86 6 068 654 21.23 2
900 109,830 145.93 1.4  48.65 50.05 6 072 759 23.78 2
800 110,350 225.03 094 4399 44.93 6 053 811 21.42 2
700 111,330 145.71 092 4533 46.25 6 066 792 23.7 2

For visual illustration, the variations in the number of charging piles to be constructed at each node for different
driving ranges are presented in Figure 4a—e. In these figures, the horizontal axis corresponds to the nodes, while the
vertical axis indicates the number of charging piles. It can be seen from Figure 4 that a larger number of charging
piles are required at certain nodes compared to others, depending on the driving range. For instance, vital nodes 7, 8,
10, and 13 consistently require a significantly higher number of charging piles than peripheral nodes across different
driving range constraints in Figure 4. This phenomenon is observed due to the higher traffic concentrations and
greater charging demands experienced by the central nodes compared to nodes located at the edges of the network.
Furthermore, it can be observed that as the driving range increases, the number of charging piles required at nodes
tends to be stable. This is because the increased driving range of EVs effectively alleviates drivers’ range anxiety,
thereby reducing the demand for charging. This observation underscores the substantial impact of driving range on
the allocation of charging piles in the planning of EV charging station locations. Moreover, the installing charging
piles in Figure 4b,c diverges significantly, with more nodes requiring a substantial number of charging piles in
Figure 4b compared to Figure 4c.

https://doi.org/10.53941/jmlis.2026.100008 12 of 19


https://doi.org/10.53941/jmlis.2026.100008

Song et al. J. Mach. Learn. Inf. Secur. 2026, 2(2), 8

123 4 5 6 7 8 9 10111213 141516 17 18 19 20 21 22 23 24 25

1200

1000

80

<

60

<

40

(=

o

B t=1100 ™ t=1000 = =900 ™ =800 ™ =700

(a) Driving range R =7.
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(b) Driving range R = 8.
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Figure 4. Number of charging piles in fast-charging stations at different driving ranges.

4.2. California State Road Network

Figure 5 plots the California road topology. The graph consists of 21, 047 nodes and 21, 667 arcs, including
1832 distinct population centers. Demographically speaking, these centers average 9401 people and cover a broad
range from 5006 to 13, 779 people. To test our algorithm with demand volatility in the realistic setting, we extracted
from the graph the 238 most densely settled nodes to act as charging candidate locations. We then track 306
distinct O-D pairs on that massive grid. Financially, we maintain the rough definition of the initial installation
costs: 100 per station and 10 per filling available pile per EV. Ultimately, all simulated EVs start their trip with a
full battery. Testing on the California data pushes the BDD approach to its limits. By solving a problem of that
size, we demonstrate that our decomposition logic scales nicely to the real-world routing bottlenecks. It takes the
analysis well beyond the realm of theoretical toy models and validates that BDD is ready for use in massive and
highly unpredictable infrastructure planning.

To assess the proposed BDD algorithm, 20 problem instances are created with varying driving ranges and
sizing thresholds. Results are consolidated in Tables 3 and 4 for driving ranges from 100 km to 160 km. The BDD,
BD, and CPLEX solver were used to locate fast-charging stations in the California network. The BDD algorithm
showcased superior computational efficiency. It achieved an average solving time of 218.93 seconds, about 3.5 times
faster than BD and a remarkable 48 times faster than CPLEX solver. Close examination of Table 3 highlighted that
with a driving range of R = 100 and sizing threshold 7 = 800, BDD significantly reduced time to solve Benders
master problem from 29.02 seconds to 4.23 seconds, nearly 7 times faster than BD. While solving Benders master
problems contributed minimally to overall computation time, most effort focused on resolving Benders subproblems
and the Lagrangian dual subproblem. In particular, BDD required significantly fewer iterations than BD, as its
stronger cuts produced better solutions in the early iterations. The BDD algorithm accelerates computation by
dividing a complex problem into manageable master and subproblems. Such results place BDD as the best algorithm
for efficiently solving MIP. It accelerates the generation of solutions and is consistently able to outperform the other
methods, demonstrating extremely good performance and robustness in real-world problems.
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O Road intersection nodes

Figure 5. Node diagram of the California road network.

Table 3. Computational performance of CPLEX, BD approach, and BDD approach in California state road network.

R =160 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T Obj Runtime (sec) MP BSP  Total Time fter MP LDSP Total Time fter
1100 39,960 9268.81 18.42 847.47 865.89 6 478 9546 229.51 3
1000 39,960 7881.27 13.76  815.77 829.53 6 331 10743 212.58 3
900 39,960 7987.21 13.92  755.36 769.28 6 425 101.49 237.01 3
800 39,960 8158.04 17.64 701.45 719.09 6 5.12 109.74 247.29 3
700 39,960 8647.74 15.24  778.27 793.51 6 496 98.46 208.53 3

R =140 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T 0t Runtime (sec) MP BSP Total Time fer MP LDSP  Total Time fer
1100 45,830 13,669.53 18.27 773.83 792.10 6 291 89.16 195.61 3
1000 45,830 12,403.34 12.05 702.72 714.77 6 408 91.73 212.24 3
900 45,830 11,209.61 1444  695.10 709.54 6 568 9503 217.31 3
800 45,830 8728.87 19.78  712.06 731.84 6 479 105.86 218.58 3
700 45,800 9762.25 19.64 668.70 688.34 6 3.78 108.22 219.46 3

Total investment in infrastructure also changes even if the EV range is fixed and strictly equal to the desired
driving range. This comes directly from the allowed scaling limits of the charging stations. Say we have the 100 km
driving range limit. If we explicitly increase the maximum allowed capacity per site, the total capital expenditure
would decrease. One hub of high capacity will subsume the enormous amount of localized traffic, completely
cancelling out all redundant fixed costs in building multiple small sites near each other. On the opposite side, if the
driving range of an EV is limited, the mathematical model ends up with many orders of magnitude more physical
stations required in order to achieve no mid-drive battery depletions. This necessity for having physical stations at
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dispersed locations inevitably leads to a higher total budget. Network designers cannot consider such parameters
separately. To strictly limit the monetary expenditure of future large-scale implementations, urban planners need to
strictly co-optimize the limits for local station capacities with the expected vehicle driving range.

Table 4. Computational performance of CPLEX, BD approach, and BDD approach in California state road network.

R =120 CPLEX BD BDD
Runtime (sec) Runtime (sec)

T Obj Runtime (sec) MP BSP  Total Time fter MP LDSP Total Time Tter
1100 53,930 9932.13 19.72  674.78 694.50 6 280 108.31 205.65 3
1000 59,570 9152.77 12.05 702.73 714.78 6 435 9273 209.72 3
900 65,570 13312.93 13.56  704.06 717.62 6 576 103.99 223.34 3
800 71,570 16191.57 12.06  703.06 715.12 6 514 90.86 196.93 3
700 77,560 12582.37 13.24 686.72 699.96 6 457 9825 219.72 3

R =100 CPLEX BD BDD
Runtime (sec) Runtime (sec)

’ Ob; Runtime (sec) MP BSP Total Time fer MP LDSP  Total Time fer
1100 89,220 9268.81 27.77 863.56 891.33 6 395 98.73 230.11 3
1000 93,730 12375.58 14.19  724.73 738.92 6 529 106.49 204.28 3
900 98,580 9643.67 14.45 691.57 706.02 6 529 98.06 204.91 3
800 104,060 11837.07 29.02 671.06 700.08 6 423 105.58 218.02 3
700 110,890 9317.72 15.64  690.7 706.34 6 378 10591 227.80 3

5. Conclusions

Considering all the above, in this paper, we proposed a mathematical model to plan fast-charging stations
when charging demands are uncertain. We use samples of historical demand rather than a continuous distribution of
the demand. By using the SAA method, we transformed the stochastic model into a deterministic MILP model. To
improve computational efficiency, we proposed a BDD algorithm based on Lagrangian dual bounds to enhance
the traditional Benders method. We tested our proposed method on a 25 nodes grid and the large California road
network (21,047 nodes). For the large California road network, our method could find the optimal solution in
approximately 218.93 sec, on average. This is approximately 3.5 times faster than the traditional BD method and 48
times faster than CPLEX. Furthermore, the proposed method used fewer iterations. These results show that the
BDD approach is very efficient for large-scale infrastructure planning.

Here we also provide some useful insights for investors through our model. For example, we find that when
EVs have a longer driving range, the charging network cost is lower. This can be explained by the fact that EV
drivers typically charge less frequently during a trip, reducing the need for a large number of fast-charging stations.
Moreover, the parameter 7, which denotes the capacity limit of charging stations, plays a critical role in the practical
feasibility of the model. Without capacity limits on stations, the model may concentrate an excessive number of
charging piles at a single location to satisfy high traffic demand. Having a too strict upper bound means that it is
possible to actually build planned stations in reality, without local grid overloading.

Finally, there are some limitations in this work. First, we assumed that the driving routes are static and did
not consider how real-time navigation apps might change driver behavior. Future research could include dynamic
programming to better model these route changes. Second, we treated planning costs and energy prices as fixed
numbers. In reality, these costs can fluctuate. Future studies should consider dynamic energy prices and revenues to
create a more comprehensive planning model. Addressing these limitations will facilitate the application of our
approach to real-world transportation networks.
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Nomenclature
Sets
G(N,A) Set of road network, where N and A are the sets of nodes and arcs.
K Set of O-D pairs in G(N, A), k € K.
Gr(Nk, Ar) Expanded network of demand k, where Ny, and Ay, are the sets of nodes and arcs on the k-path.
vin Set of in-neighbors of node i on expanded network, i.e., V"™ = {j|(4,i) € Ar,k € K}.
yout Set of out-neighbors of node i on expanded network, i.e., Vi°** = {j|(i, ) € A,k € K}.
B Sample set of uncertain charging demands, b € 4.
M Set of Benders cuts.
Parameters
Sk A source node preceding the origin node on O-D pair k.
tr A sink node following the destination node on O-D pair k.
Ci,i Fixed installation cost of a charging station at node <.
Ca, Unit installation cost of a charging pile at node 7.
T The maximum allowable capacity of charging piles aggregated at a specific candidate node (regional hub).
Nk Uncertain charging demand on O-D pair k.
e Coefficients of Benders cut m.
Variables
wi—“j Continuous variables indicating the proportion of charging demand allocated on arc (i, j) € Ag.
Yi Binary variable indicating if a charging station is built at node <.
Zi Integer variable indicating the number of charging piles at node <.
Vi Continuous variable representing the relaxation of z;.
0 Auxiliary variable employed in the Benders master problem.
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