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ABSTRACT

This paper presents a framework for optimizing electric vehicle (EV) charging schedules that maximizes profitability and customer sat-
isfaction under constraints such as Maximum Demand Limit (MDL), fime-of-use (ToU) pricing, and charger availability. It infegrates a
Mixed-Integer Linear Programming (MILP) model with two alternative methods: a FIFO greedy heuristic and a Tabu Search metaheu-
ristic using SWAP operations, allowing for a comparative evaluation across various EV loads. A unified Python-based implementation
is fested on synthetic datasets, analyzing performance in terms of profitability, service completion, penalties, and runtime. Results show
that while MILP achieves optimal solutions with high demand satisfaction, it becomes computationally infeasible at large scales. The
First-In, First-Out (FIFO) heuristic provides fast solutions but degrades under heavy load, while the Tabu Search maintains near-optimal
results within 3 percent of the MILP objective and achieves moderate runtimes. These findings highlight the effectiveness of combining
opftimization and heuristic methods for real-time EV charging management.

Keywords: Heuristic algorithms. Mixed-integer programming. Scheduling strategies. Energy management. Greedy methods.

RESUMEN

Este trabajo presenta un marco para la optimizaciéon de los horarios de carga de vehiculos eléctricos (VE), que maximiza la rentabili-
dad vy la satisfaccion del cliente bajo restricciones como el Limite Mdximo de Demanda (MDL), tarifas horarias (ToU) y disponibilidad
de cargadores. Se integra un modelo de Programacién Lineal Entera Mixta (MILP) con dos métodos alternativos: una heuristica codi-
ciosa FIFO y una metaheuristica de Busqueda TabuU con operaciones SWAP, lo que permite una evaluaciéon comparativa frente a
distintas cargas de VEs. La implementacién en Python, basada en una estructura de modelo unificada, se prueba con conjuntos de
datos sintéticos, analizando el rendimiento en términos de rentabilidad, cumplimiento del servicio, penalizaciones y tiempo de ejecu-
cién. Los resultados muestran que, si bien el modelo MILP logra soluciones éptimas con una alta satisfaccion de la demanda, se vuelve
computacionalmente inviable a gran escala. La heuristica FIFO proporciona soluciones répidas pero se degrada bajo cargas eleva-
das, mientras que la BUsqueda TabU mantiene resultados casi éptimos, con un margen del 3 por ciento respecto al MILP, y logra
tiempos de ejecucién moderados. Estos hallazgos destacan la efectividad de combinar métodos de optimizacién con heuristicas
para la gestién en tiempo real de la carga de VEs.

Palabras clave: Algoritmos heuristicos, programacién entera mixta, estrategias de programacién, gestion energética,
métodos voraces.
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1. Introduction emissions. As of 2024, there were nearly 58 million EVs in use

worldwide, and this number is expected to grow exponentially in
The rapid adoption of electric vehicles (EVs) is reshaping global the coming decade [I]. Compared to traditional vehicles, EVs pro-
transportation by offering a cleaner alternative to internal com- duce up to 50% fewer emissions over their lifecycle, contributing

bustion engines and significantly reducing greenhouse gas
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to global climate goals such as those set by the Paris Agreement

[2].

However, the increasing demand for charging infrastructure raises
serious concerns, particularly during peak usage hours. By 2030,
EVs are projected to require around 120 TWh of electricity annu-
ally, presenting considerable operational and energy management
challenges for charging stations [3]. Without effective scheduling,
stations risk exceeding their Maximum Demand Limits (MDL),
leading to grid instability, increased operational costs, and cus-
tomer dissatisfaction due to long wait times and elevated prices
during peak periods.

To confront these challenges, recent studies emphasize the need
for efficient scheduling models that consider both operational con-
straints and user satisfaction. Dynamic scheduling approaches, es-
pecially those integrated with time-of-use (ToU) pricing, have
demonstrated the potential to reduce energy costs and balance
demand across time slots [4]. Such strategies enable charging sta-
tions to optimize energy usage, avoid MDL violations, and maintain
profitability without compromising service quality [5].

This study aims to develop a robust scheduling model that incor-
porates real-time data on vehicle arrivals, energy demand, MDL
constraints, and ToU pricing. The proposed system seeks to en-
hance both customer satisfaction and station efficiency, supporting
a more sustainable, reliable, and scalable EV charging infrastruc-
ture.

1.1 Problem Definition

The Electric Vehicle Recharge Scheduling Problem (EVRSP) opti-
mizes the allocation of charging resources across multiple stations
to ensure timely, cost-effective recharging. Unlike general energy
management, EVRSP coordinates limited infrastructure and dy-
namic arrivals under MDL, ToU pricing, and customer prefer-
ences. As EV adoption grows, scheduling complexity rises, making
EVRSP critical for sustainable transportation.

A central challenge is managing peak periods when demand ex-
ceeds available slots, which can cause overloads, longer waits, and
MDL penalties. Without efficient scheduling, stations face grid in-
stability and higher energy costs during peaks [6]. The objective is
to maximize utilization while minimizing costs and penalties. MDL
limits grid power, triggering penalties if exceeded. ToU pricing
adds complexity, with higher peak rates and lower off-peak prices
that shape scheduling decisions.

Additional factors include heterogeneous arrival and departure
times and vehicle energy requirements that must be met within
time windows and MDL limits. Customer satisfaction also matters,
requiring adequate delivered charge. EVRSP is complex, balancing
demand surges, variable pricing, and reliability. To address this,
prior work has applied linear programming, MILP, dynamic pro-
gramming, and metaheuristics.

These approaches reduce costs and improve service. Evidence
shows that dynamic pricing and real-time scheduling can smooth
demand, lessen grid stress, and raise efficiency [7]. This study pre-
sents a scheduling model that uses real-time arrivals, energy needs,
and ToU pricing to allocate charging efficiently, maximize profit,
avoid MDL penalties, and improve user satisfaction.

2. Literature Review

EV charging station scheduling has been widely studied to reduce
operational costs, such as energy and demand charges, while meet-
ing user needs. Solutions must respect charger and grid
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constraints, often optimizing for profit or cost. Athulya et al. [5]
focus on profit maximization, while Wang et al. [8] and He et al.
[9] use mixed-integer programming (MIP/MILP) to minimize charg-
ing costs under uncertain arrivals. Though effective, these meth-
ods are NP-hard and often intractable at large scale.

To improve scalability and handle uncertainty, recent studies ex-
plore hybrid and approximate techniques. Sone et al. [10] high-
lights the complexity of even offline versions of the problem, using
MILP as a benchmark. Practical approaches include deterministic
MILP, stochastic programming, and dynamic programming to ad-
dress time-varying pricing and arrival uncertainty. Wang et al. [8]
incorporate ToU pricing and stochastic arrivals, while Sone et al.
[10] use deep learning to predict arrivals and reduce peak load.
Wau et al. [I 1] proposes an online algorithm that balances ToU
pricing with peak demand. Although optimization-based methods
are foundational, their limits have driven the rise of scalable heu-
ristics and real-time solutions.

ToU tariffs are effective incentives for moving load out of peak
hours; however, when many users respond similarly, rebound de-
mand peaks can occur, as reported broadly in the literature. A
mitigation is the PoU approach of Coria et al. [12], which relies on
forecast-based pricing and aggregator coordination to limit syn-
chronized charging. While our experiments use a fixed ToU rate,
these alternatives are relevant directions for follow-up studies.

2.1. Heuristic and Metaheuristic Approaches

Given the NP-hard nature of EV charging scheduling, many studies
adopt heuristics and metaheuristics to find efficient, high-quality
solutions. Tabu Search has shown strong performance in minimiz-
ing operational costs under system constraints [| 3], while Genetic
Algorithms (GA), as used by Garcia-Alvarez et al. [14], effectively
encode schedules to meet constraints. Hybrid metaheuristics like
GRAGSP-like and memetic algorithms (GA + VNS) further improve
outcomes, reducing total tardiness by over |12% compared to basic
GA and rule-based heuristics [15].

Swarm intelligence methods also perform well. Mavrovouniotis et
al. [16] applied Ant Colony Optimization (ACO) to reduce delays,
and Garcia-Alvarez et al. [17] used an Artificial Bee Colony algo-
rithm to generate feasible solutions under power limits. Simulated
Annealing (SA) has been used successfully, Brown & Droge [18]
applied SA variants for bus charging, and Zaidi et al. [| 9] combined
SA with linear programming to meet charge goals under resource
constraints. While simple rules like first-come-first-served are
common in large-scale or real-time use, they generally underper-
form compared to metaheuristics. Overall, intelligent scheduling
methods consistently outperform naive approaches in cost effi-
ciency and service quality.

2.2 Other Approaches

Several hybrid and learning-based methods have been developed
to improve EV charging scheduling under uncertainty. Sone et al.
[10] use deep learning to forecast EV arrivals and minimize peak
load, comparing online and offline algorithms with a MILP bench-
mark. Similarly, Wang et al. [8] combine mixed-integer and sto-
chastic programming with a neural network to optimize costs un-
der uncertain arrivals. These studies underscore the benefits of
integrating data-driven forecasting with optimization for greater
adaptability.

Beyond cost-focused models, some approaches address broader
goals like user convenience or renewable integration. Athulya et
al. [5], for example, prioritize profit maximization in a mall charging



station, while Rahman et al. [20] highlight the need to balance cost,
user satisfaction, and grid constraints. Overall, the literature spans
exact methods like MILP for small instances and scalable alterna-
tives like Tabu Search, GA, SA, and ACO for larger systems. Re-
cent trends emphasize managing uncertainty through stochastic
and predictive techniques, showing that advanced scheduling sig-
nificantly improves both cost efficiency and operational perfor-
mance.

3. Methodology

This project extends the EV scheduling model by Athulya et al. [5],
adapting it to optimize charging slot allocation in public stations
while ensuring customer satisfaction by meeting a minimum charge
level during each EV’s stay. To improve scalability and efficiency in
large scenarios, the original mixed-integer model is complemented
with a Tabu Search metaheuristic using a SWAP-based neighbor-
hood. Both methods share the same constraints and parameters,
allowing consistent performance comparisons.

Model Framework: The model balances energy demand and
charging capacity by incorporating key factors like MDL, ToU pric-
ing, and penalties. It uses EV-specific data (arrival/departure times,
energy demand, and charging rates) and enforces a constant MDL
to ensure each EV receives a minimum charge without exceeding
capacity.

Parameters and Variables: Key parameters include fixed ToU
pricing, unlike the variable rates in Athulya’s model [5], for pre-
dictable cost management, and a fixed MDL to cap grid usage and
avoid penalties.

Objective Function and Constraints: The objective is to max-
imize profitability by balancing revenue from energy delivered (at
fixed ToU rates) against MDL violation penalties. Constraints en-
sure each EV receives a minimum charge, total hourly consump-
tion stays within the MDL, and each EV uses a single, consistent
charging rate.

Optimization model via MILP: The baseline solution uses a
Mixed-Integer Linear Programming model implemented in Python
and solved with Gurobi. It allocates EVs based on availability, gen-
erates feasible schedules within time windows, and optimizes the
schedule to maximize profitability under all constraints.

Metaheuristic Optimization Using Tabu Search: To en-
hance scalability, a Tabu Search metaheuristic was developed with
the same constraints as the MILP. Starting from a FIFO schedule,
it uses a SWAP operator to shift sessions | or +2 hours. Solu-
tions are evaluated using the same objective function, with a tabu
list preventing cycling. The search runs for 50 iterations, recording
the best result.

3.1 Modeling

Table | shows the model sets, parameters and variables of the
model.

Objective Function: The objective function (Equation |) seeks
to maximize total profit by balancing energy revenue, arrival fees,
and MDL penalty costs.

R

ztr*r*(P_u)+Zl*AP ZPNt(I)

i=1

~

=1r=1
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Table 1. Model sets, parameters, and variables

Var Type Definition
N Set Set of EVs that will serve the charging station.
T Set Set of total business hours of the charging station.
R Set Set of charging rates in kW. available at the charging sta-
tion.
u Parameter ToU electricity tariff ($/kWh).
P Parameter Fixed sale price per energy unit ($/kWh).
AP Parameter Arrival price for each EV.
MDL, Parameter | MDL in kW of the charging station at the hour t € T.
MDL Violation Parameter Extra penalty charged_ on the price of energy for exceed-
Penalty ing the MDL.
Minimum percentage of demand that must be satisfied
m Parameter
for each EV.
a; Parameter Arrival time (Hour) of the electric vehicle i € N.
d; Parameter Departure time (Hour) of the electric vehicle i € N.
e Parameter | Energy demand in kWh of the electric vehicle i € N.
C Parameter | Number of EV chargers available at the charging station.
Obtains the value of | if the electric vehicle i € N is
Kitr Variable |loaded at time ¢ € T at charging rate r € R, and 0 oth-
erwise.
PN, Variable Variable that calculates t.hte éo’;al penalty incurred in hour
Y, Variable Obtains the value of | if the electric vehicle i € N is
’ charged at charging rate r € R, and 0 otherwise.

Source: Authors
Constraints:

Energy Demand Satisfaction: Equation 2 ensures that each EV
receives the minimum required amount of charging energy within
its available charging window, equivalent to satisfying a minimum
state of charge (SoC) relative to its total energy demand:

T
ZZ kitrxr=di*xm,ViEN 2)

Energy Demand Limitation: Equation 3 ensures that each EV
is not charged more than it’s required demand.

T R
ZZ kitrxr<e ,VIiEN 3)
t=1r=1

Time Window Constraint: Equation 4 prevents charging out-
side the vehicle’s arrival and departure times:

kit =0,VieENVteETVreR|t< a;|t>d; (4)

Maximum Demand Limit (MDL): Equation 5 prevents ex-
ceeding the MDL at any time and calculates the penalty if it is ex-

ceeded:
N R
PN, > Z Z kitr*r —MDL,

i=1r=1

* MDL Violation Penalty xu ,Vt €T (5)

Charger Availability: Equation 6 ensures that the number of
chargers in use does not exceed the available chargers:

Zka_c VteT )

i=1r=1

Single Rate Constraint: Equation 7 ensures that each EV is
charged at only one rate:

R
ZYimél,VieN @)



Variable Relationship: Equation 8 ensures that the variable
k;:r is constrained by Y; ., guarantees each EV is charged at only
one rate:

kiey < Y, VIENVtETVreR 8)

Variable Nature: Equation 9 specifies that the decision variables
kitr, PN¢ , and Y;, must be non-negative:

Kier,PN.,Y,, 20,Vi€ENVtET,VreR ©)

3.2 Algorithms

To address the computational challenges of large-scale EV charging
scheduling, we implemented a Tabu Search metaheuristic. This
method preserves the original objective and constraints but ap-
proximates solutions through iterative local search. By exploring
the solution space and using a tabu list to avoid revisiting recent
configurations, the algorithm efficiently navigates toward high-
quality schedules. The following subsections outline its five key
components and their interactions within the overall strategy.

Initial Solution Construction (FIFO Heuristic): The func-
tion build_fifo_plan() creates a valid initial charging plan by assign-
ing EVs sequentially to charging sessions based on their arrival time
and available capacity. Each EV is assigned the charging rate that
divides its demand most evenly.

the objective value, and line 19 calculates the average completion
rate before all results are returned in line 20.

Algorithm 2: Evaluate Plan

Input: N, T, {a_i, d_i, e_i}_{ieN}, plan, u, P, AP, MDL[t], MDL_Violation_Penalty
Output: obj: Profit calculated from the schedule, total_income: Revenue from
charging and arrival fees, electricity_cost: Total energy cost from ToU pricing,
total_penalty: Total penalties from MDL violations, avg_completion: Average
demand satisfaction percentage across EVs

Function evaluate(plan):

|

2  total_income « 0

3 total_penalty — 0

4 electricity_cost < 0

5 Initialize power_used_per_hour[0...|T|-1] <0

6  completion_sum «— 0

7 ForeachieN:

8 charged_i < 2_{(tr)eplan[i]} r

9 completion_sum «— completion_sum + 100 (charged_i / e_i)

10 total_income <« total_income + (charged_i -P) + AP

I electricity_cost < electricity_cost + (charged_i -u)

12 For each (t, r) € plan[i]:

13 power_used_per_hour[t] < power_used_per_hour[t] + r
14 Foreacht€eT:

15 If power_used_per_hour[t] > MDL[t]:

16 excess < power_used_per_hour[t] — MDL[t]

17 total_penalty « total_penalty + excess - MDL_Violation_Penalty - u

18 obj « total_income — electricity_cost — total_penalty
19 avg_completion < completion_sum / |N|
20 Return obj, total_income, electricity_cost, total_penalty, avg_completion

Algorithm I: Build FIFO plan

Input: N, T, R, ¢, {a_i, d_i, e_i} {i € N}
Output: plan (for each i € N a list of (t,r)).
Function build_fifo_plan():

Hourly Resource State Extraction: Get_hourly_state(plan)
computes how many chargers and how much power (kW) is used
each hour, which is needed to ensure feasibility of neighbor plans.

Algorithm 3: Get Hourly State

Input: T, plan
Output: hourly_chargers[t]: Number of EVs charging at hour t € T,
hourly_power][t]: Total charging power (kW) at hour t € T.
I Function Get_hourly_state(plan):
2 Initialize hourly_chargers[0...|T|-1] < 0
3 Initialize hourly_power[0...|T|-1] < 0
4  Foreachi € plan:
5 For each (t, r) € plan[i]:
6 hourly_chargers[t] «<— hourly_chargers[t] + |
7 hourly_power|[t] < hourly_power][t] + r
8  Return (hourly chargers, hourly power)

[

2 Initialize hourly_power[0...|T|-1] <0

3 Initialize hourly_chargers[0...|T|-1] — 0

4 Foralli€eN:plan[i] — @

5 Foreachi€ N ordered by a_i:

6 Best_rate < argmin_{r€R} (e_i mod r)

7 remaining «— e_i

8 Fort=a_i...(d_i—I):

9 If remaining < best_rate: break

10 If hourly_chargers[t] < c:

I plan[i] < plan[i] U {(t, best_rate)}

12 hourly_power[t] < hourly_power][t] + best_rate
13 hourly_chargers[t] < hourly_chargers[t] + |

14 remaining «— remaining — best_rate

15 Return Plan

In algorithm [, lines 2-3 initialize arrays to track hourly power

load (kW) and charger occupancy, enforcing the MDL constraint
(Eq. 5) and charger availability (Eq. 6). Line 5 processes each EV
i € N in order of arrival a;, following the FIFO logic. Line 6 selects
the charging r € R that best divides the demand e;, supporting
completion targets (Eq. 2). Lines 8—14 assign charging slots within
the EV’s time window [a;, d;] (Eq. 4), breaking early if the remain-
ing demand is too low (line 9), and checking feasibility before as-
signing sessions and updating arrays (lines 10—14). Line 15 returns
a feasible initial plan for the Tabu Search.

Evaluation of Charging Plan: The function evaluate(plan) cal-
culates the profit of a charging plan, incorporating revenue, elec-
tricity costs, penalties, and satisfaction metrics.

In algorithm 2, lines 2—4 initialize variables to track income, penal-
ties, and electricity costs for the profit calculation in Equation ().
Line 5 prepares an array to monitor hourly power (kW) for MDL
enforcement (Equation 5), and line 6 sets up the satisfaction coun-
ter. Lines 7-13 loop through each EV to compute charged energy,
revenue, cost, satisfaction (related to Equation 2), and hourly
power consumption. Lines 14—17 check for MDL violations and
apply penalties accordingly (Equation 5). Finally, line 18 computes
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In algorithm 3, lines 2-3 initialize two arrays to track, respectively,
the number of EVs charging (hourly_chargers) and total charging
power (hourly_power) at each hour t € T. The loop in lines 4-7
iterates through all charging sessions in the plan and updates these
arrays by incrementing the charger count and adding the charging
rate (kW) for each scheduled session. These outputs are critical
for feasibility checks in the neighborhood generation step (Algo-
rithm 4), particularly for enforcing charger availability (Equation 6)
and MDL compliance (Equation 5). Line 8 returns both arrays.

Neighborhood Generation (SWAP Operator): Gener-
ate_neighbors() randomly selects an EV and one of its charging
sessions and attempts to shift it by | or *2 hours, maintaining
feasibility.

In algorithm 4, lines 2-3 initialize the neighbor list and sets the
number of perturbation attempts. Lines 4-7 randomly select an
EV and one of its assigned charging sessions. Lines 8—13 attempt
to shift this session by x| or %2 hours, maintaining feasibility by
ensuring the new time is within the EV’s window [ai, di) (Equation
4), does not exceed the charger limit (Equation 6), and respects
the MDL constraint (Equation 5). If valid, the modified plan is
added to the list of neighbors in lines 11-12. Line 14 returns a set
of feasible neighboring solutions used for exploration in the Tabu
Search.



Algorithm 4: Generate Neighbors

Input: N, T, R, {a_i, d_i, e_i}_{i€N}, plan, hourly_chargers, hourly_power, MDL[t], ¢
Output: neighbors: Set of feasible neighboring plans in the form
(i, old,, new,), new_plan)
Function generate_neighbors(plan, hourly_chargers, hourly_power):
neighbors «— @
Repeat |10 times:
new_plan « copy of plan
Pick random i € N with plan[i] # @
Pick random index idx in plan[i]
(old_t, r) « plan[i][idx]
For dt € {—2, —1, +1, +2}:
new_t « old_t + dt
0 If a_i < new_t < d_iand hourly_chargers[new_t] < c
and (hourly_power[new_t] + r) < MDL[new_t]:
I Replace plan[i][idx] by (new_t, r) in new_plan
12 neighbors « neighbors U {((i, old_t, new_t), new_plan)}
13 break
14 Return neighbors

— V0O NONUT A WN —

Tabu Search Control Loop: This is the core procedure that
guides the search using a tabu mechanism to avoid cycling. Starting
from an initial FIFO plan, it iteratively explores neighboring solu-
tions via SWAP moves, selecting the best non-tabu option each
time. The tabu_tenure prevents recently visited moves from being
revisited, while max_iter limits the total iterations to ensure con-
vergence within a fixed computational budget.

Algorithm 5: Tabu Search

Input: N, T, R, {a_i, d_i, e_i} {ieN}, ¢, u, P, AP, MDL[t], MDL_Violation_Penalty
max_iter, tabu_tenure.

Output: best_plan: Charging plan with highest profit found, best_obj: Charging
plan with highest profit found

Function tabu_search():

|

2 current_plan < build_fifo_plan()

3 best_plan « copy of current_plan

4  best_obj, ,_,_,_ <« evaluate(best_plan)

5 tabu_list < @

6 iter—0

7  While iter < max_iter:

8 (hourly_chargers, hourly_power) < get_hourly_state(current_plan)
9 neighbors < generate_neighbors(current_plan, hourly_chargers, hourly_power)
10 best_neighbor < None; best_neighbor_obj « —

I For each (move, cand_plan) € neighbors:

12 If move € tabu_list: continue

13 Feasibility check: Vj € N, 5_{(t,r)€cand_plan[j]} r < demand_j
14 obj, _, _, _, _ < evaluate(cand_plan)

15 If obj > best_neighbor_obj:

16 best_neighbor «<— (move, cand_plan); best_neighbor_obj < obj
17 If best_neighbor # None:

18 (move, current_plan) «<— best_neighbor

19 Append move to tabu_list

20 If |[tabu_list| > tabu_tenure then drop oldest

21 If best_neighbor_obj > best_obj:

22 best_plan « copy of current_plan

23 best_obj « best_neighbor_obj

24 iter « iter + |

25 Return (best_plan, best_obj)

In Algorithm 5, lines 2—4 initialize the search with a feasible plan
from the FIFO heuristic and evaluate its objective value using the
same function as in the MILP model (Equation I). Lines 5-6 set up
the tabu list and iteration counter. The main loop (line 7) runs for
a predefined number of iterations (max_iter). Line 8 extracts the
hourly charger and consumption state (via Algorithm 3), and line
9 generates feasible neighbors using the SWAP-based method (Al-
gorithm 4). Lines | 1-16 evaluate each neighbor: it is skipped if tabu
(line 12) and must satisfy the demand constraint (line 13, linked to
Equation 3); otherwise, it is evaluated (line 14) and compared to
pick the best neighbor (lines 15—16). If a new candidate is chosen,
the plan is updated and the move is stored in the tabu list (lines
I7-20, with tenure management on line 20). If this neighbor im-
proves the global best, the best plan/objective are updated (lines
21-23). The iteration counter increases on line 24, and the best
overall plan and profit are returned on line 25.
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4. Computational Experiments and Results Analy-
sis

We evaluated the two proposed models using a set of EV data
generated through Python code. For each vehicle, we generated
an "Entry Hour (a;)” as a random number between | and 24, and
”Demand (e;)” as a random number between 20 and 70. Addition-
ally, we calculated the "Departure Hour (d;)” by manually creating
a value for ”"Charging Hours,” which indicates the time an EV will
spend at the station, ensuring that its total demand can be met at
a charging rate 7.

The formula used to calculate “Charging Hours” simulates a nor-
mal distribution for random values:

Charging Hours =
€i €i
RoundUp (? + Random() * (4— - ?) , 0) (10)

Finally, to determine “Departure Hour (d;),” we add the calcu-
lated “Charging hours” to the entry hour a;.

The world’s largest charging station, located in Merklingen, Ger-
many, was used as a benchmark, featuring c = 259 chargers, an
entry fee of AP = 0.99 EUR (a one-time cost), and a sale price
of P = 0.5 EUR per kWh [21]. Additionally, the purchase price
u per kWh was taken from GlobalPetrolPrices, which provides
average electricity costs. As of March 2024, the average business
rate was u = 0.227 EUR/kWh [22]. In our experiments we
treat u as a fixed energy price across all hours to isolate scheduling
and MDL effects. A typical ToU uses three blocks (off-peak, mid-
peak, peak) with higher prices in peak periods; this encourages
shifting to cheaper blocks and can create rebound peaks. Our
model can incorporate such tariffs by indexing price by block, re-
placing the constant u with u,.

The MDL was calculated from Merklingen station’s annual capacity
to generate up to 900,000 kWh, which corresponds to
MDL Limit = 103 kW [21]. Lastly, we assumed an
MDL Violation Penalty = 0.5, which is added to the purchase
price when exceeding MDL.

4.1 Benchmarking Results (Optimization Model)

The model was tested with 79 instances. We used three different
charging rates, identical to those in Athulya’s model: 12, 15, and
19 kW [5]. This provided the model with greater flexibility to
adapt to the best rate for each EV based on demand and time at
the station. The results are shown below with a minimum charge
percentage of m = 70% per EV.

Table 2. Energy Utilization per EV for Optimization Model.
. Energy Used | Chargin Completion | Chargin,

EV |Start Time (kgv)\'lh) Rate (ivg) Degr':e (%) Periads.

| 0 38 19 92.68 2

2 | 45 15 84.91 3

3 | 38 19 88.37 2

4 2 30 15 81.08 2

5 2 30 15 96.77 2

75 18 24 12 96.00 2

76 20 38 19 86.36 2

77 20 38 19 86.36 2

78 20 38 19 86.36 2

79 21 38 19 100.00 2

Source: Authors

Table 2 shows the energy usage of each EV, highlighting the start
time, total energy used, charging rate, completion degree, and
charging periods. It is essential to understand how efficiently the



energy is allocated and how different charging rates impact the
fulfillment of energy demands.

Table 3. Electricity Bill and Profit Calculation for Optimization Model.

EV Charged ($) Paid Electricity ($) Gross Profit ($)
| 19.00 8.63 10.37
2 22.50 10.21 12.29
3 19.00 8.63 10.37
4 15.00 6.81 8.19
5 15.00 6.81 8.19
75 12.00 5.45 6.55
76 19.00 8.63 10.37
77 19.00 8.63 10.37
78 19.00 8.63 10.37
79 19.00 8.63 10.37

Source: Authors

Table 3 breaks down the costs and profits for each EV. It includes
the amount charged to the customer, the cost of purchasing elec-
tricity, and the net profit. This information is critical for assessing
how optimized scheduling can maximize profitability.

Table 4. Penalties per Hour in Optimization Model.

Start Time P°"Z§;¢;“" MDL (kW) Penalty ($)
0 19.00 103 0.00
I 53.00 103 0.00
2 110.00 103 0.79
3 103.00 103 0.00
4 108.00 103 0.57
5 101.00 103 0.00
8 179.00 103 8.63
19 115.00 103 136
20 99.00 103 0.00
2 72.00 103 0.00
2 38.00 103 0.00

Source: Authors

Table 4 details penalties incurred when power load exceeds the
MDL. It shows power used, the MDL, and the resulting penalties.
The table highlights the importance of scheduling in avoiding grid
overloads and minimizing costs.

Table 5. Results for Optimization Model.
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Figure 1. Convergence of the Tabu Search Metaheuristic Over 50 Iterations.
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Table 6. Results for the Tabu Search Metaheuristic.

Gross Profit

(€))

Total Penalties

®)

Objective Function

$)

Average Demand
Satisfied (%)

914.14

106.35

807.79

91.01 %

Gross Profit
3

Total Penalties

)

Objective Function

)

Average Demand
Satisfied (%)

929.697

111.911

817.786

92.302 %

Source: Authors

Table 5 presents the aggregated performance metrics of the MILP
optimization model. It reports gross profit (total income minus
electricity cost), penalties due to MDL violations, the resulting
profit (objective function), and average demand satisfaction. The
model achieves high profitability while maintaining over 92% satis-
faction, demonstrating its ability to effectively balance financial and
operational constraints under optimal scheduling.

4.2 Metaheuristic Results (Tabu Search)

The Tabu Search metaheuristic was tested on the same 79-EV da-
taset to evaluate its performance and efficiency. Using 50 itera-
tions and a SWAP-based neighborhood with a tabu tenure of 20,
the algorithm prevented cycling by temporarily restricting recent
moves. To ensure consistency with previous tests, it used
Athulya’s discrete charging rates of 12, |5, and 19 kW. The pro-
gression of the objective function over iterations is shown below
(Figure I).
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Source: Authors

Table 6 and Figure | show that the Tabu Search metaheuristic
achieves near-optimal performance, with objective values and de-
mand satisfaction comparable to the MILP model and slightly lower
penalties. This demonstrates its effectiveness in balancing profita-
bility and constraint handling, making it a strong alternative for fast
and computationally efficient scheduling.

4.3 Graphical Results and Analysis
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Figure 2. Hourly Charger Utilization Comparison: MILP (top) vs. Tabu Search
(bottom)

Source: Authors

Figure 2 compares hourly charger utilization under the MILP
model and Tabu Search metaheuristic. While MILP distributes
usage more evenly across the 24-hour period, the metaheuristic
shows higher variability, particularly during peak demand hours.



Hourly Power vs. MDL - MILP Optimization Model
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Figure 3. Hourly Power Load vs. MDL: MILP (top) vs. Tabu Search (bottom)
Source: Authors

Figure 3 compares the hourly power (kW) of both models against
the fixed Maximum Demand Limit (MDL) of 103 kW. The MILP
model maintains power usage closer to the MDL without frequent
violations, whereas the Tabu Search occasionally exceeds the limit,
indicating less efficient power allocation in certain hours.
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Number of Vehicles

Figure 4 shows the distribution of EVs assigned to each charging
rate (12, 15, and 19 kW) by the MILP and Tabu Search models.
The MILP model favors 15 kW, suggesting a balanced charging
strategy, whereas the Tabu Search metaheuristic leans more to-
ward 12 kWV assignments.

4.4 Testing Environment Specifications

Performance tests were conducted on a Lenovo laptop with an
Intel® Core™ i7-10750H CPU (2.60 GHz, 6 cores), 8 GB of RAM,
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and a 64-bit Windows || Home system (Version 23H2). This
setup supports multithreaded applications like Gurobi but may
limit performance on memory-intensive, large-scale instances.
These specifications serve as a baseline for interpreting execution
times, with higher RAM and processing power expected to im-
prove performance on larger datasets.

4.5 Scalability Testing and Performance Results

To assess scalability and real-world applicability, performance tests
were conducted by increasing the number of EVs beyond the initial
79. This aimed to evaluate how utility and computation time
change under higher demand. Python’s time module was used to
record execution times, while the objective function was analyzed
to assess variations in efficiency, constraint compliance, and re-
source allocation as the problem size grew.

Table 7. Performance Results Across Varying EV Instance Sizes.
Running Time Average Demand

Objective Function

# of EV (Seconds Satisfied
Model | FIFO |Tabu| Model | FIFO | Tabu | Model | FIFO | Tabu
79 1.26 | 0.38 [091 | 92.3% |88.7% |91.0%| 817 773 | 806.0

158 1.67 | 025 | 1.37 | 91.8% [88.0%[90.3% | 1397 | 1325 | 1376
316 2.75 | 030 | 1.77 | 92.4% |88.3% | 90.6% | 2562 | 2429 | 2518
632 5.03 | 024 |3.31 | 92.0% |87.4% |89.7% | 4861 | 4573 | 473I
948 10.57 | 0.34 |4.07 | 92.1% |87.7% | 90.0% | 7163 | 6759 | 6984
1264 | 11.92 | 043 | 522 | 92.2% |87.2% [89.4% | 9460 | 8890 | 9187
1580 | 16.26 | 0.32 | 6.60 | 92.3% |86.4% [88.6% | 11776 | 10963 | 11322
1896 | 19.23 | 0.37 | 7.40| 90.8% |80.9% [82.8% | 13881 | 12387 12769
2212 | 22.87 | 048 [ 8.04 | 87.3% |74.7% | 76.4% | 15637 [13445| 13849
2370 | 2531 | 0.82 [ 940 85.1% |71.8%|73.4% | 16444 [13930| 14349
2528 | 21.34| 047 875 82.7% |69.5% |71.1% | 17133 [14438| 14867
3160 Error
Source: Authors

Table 8. GAP in Objective Function Value Across EV Instance Sizes for Model,
FIFO, and Tabu Approaches

GAP (Objective Function)

# Of EVs Model FIFO Tabu

79 0.0% 5.4% 1.4%
158 0.0% 5.1% 1.5%
316 0.0% 5.2% 1.7%
632 0.0% 5.9% 2.7%
948 0.0% 5.6% 2.5%
1264 0.0% 6.0% 2.9%
1580 0.0% 6.9% 3.9%
1896 0.0% 10.8% 8.0%
2212 0.0% 14.0% 11.4%
2370 0.0% 15.3% 12.7%
2528 0.0% 15.7% 13.2%
3160 Error

Source: Authors

Table 7 presents a performance comparison of the MILP optimi-
zation model, FIFO heuristic, and Tabu Search metaheuristic
across increasing EV instance sizes. The MILP model, solved via
Gurobi, provides the optimal benchmark but exhibits exponential
growth in computation time, from 1.26 seconds at 79 EVs to over
25 seconds at 2370 EVs, before failing to produce feasible solu-
tions beyond 3160 EVs. This reflects the escalating difficulty in bal-
ancing constraints like MDL, charger availability, and minimum
charge requirements as system load increases. Notably, all models
become infeasible beyond 3160 EVs under the current parame-
ters.

Table 8 highlights the quality of solutions from each method in
terms of objective function GAP and average demand satisfaction.
The FIFO heuristic is the fastest but suffers the most in perfor-
mance, with its GAP increasing from 5.4% to 15.7% and satisfac-
tion dropping from 88.7% to 69.5% as EV counts rise. In contrast,
Tabu Search maintains a much lower GAP, below 3% up to 1264
EVs and 13.2% at 2528 EVs, while preserving demand satisfaction



above 89% for moderate sizes and outperforming FIFO across all
configurations.

In summary, while the MILP model serves as the gold standard for
optimality, its scalability is limited by computational demands. The
FIFO heuristic is fast but inadequate under congestion. Tabu
Search offers a strong compromise, delivering near-optimal results
with efficient runtimes, making it well-suited for real-world, high-
demand EV scheduling scenarios.

4.6 Statistical Validation of Method Performance

Since the Shapiro-Wilk normality test indicated that the data did
not follow a normal distribution (p-value < 0.05), the use of a non-
parametric statistical test was justified. Therefore, the Wilcoxon
Signed-Rank Test was applied to evaluate whether the differences
between the FIFO heuristic, the Tabu Search metaheuristic, and
the optimization model are statistically significant. This test is ap-
propriate for comparing paired non-normally distributed samples
across the evaluated scenarios.

Table 9. Wilcoxon Signed-Rank Test Statistics for Pairwise Method Compari-
sons

Total Incomes ($) | FIFO — Model | Tabu — Model Tabu - Model
z -3.059> -3.059> -3.059>
Asymptotic Significance 0.002 0.002 0.002

Source: Authors

The results show that all pairwise comparisons yield statistically
significant differences (p-value = 0.002 < 0.05), indicating that the
performance gaps observed between the FIFO heuristic, Tabu
Search, and the optimization model are not due to random varia-
tion. Therefore, we can conclude with confidence that the choice
of scheduling method has a significant impact on total income, val-
idating the improvements achieved by the proposed metaheuristic
and optimization approach over the baseline FIFO strategy.

4.7 Comparison with Athulya’s Model

This work extends Athulya et al.’s EV recharge scheduling model
[5], which maximizes profit for a shopping-mall station under ToU
pricing, MDL limits, and fixed charging rates (12, 15, 19 kW). Both
approaches enforce non-preemptive charging with one rate per
EV for battery health. However, Athulya’s method mainly demon-
strates feasibility at small scale, using a linear search over pre-gen-
erated options, with simulations of only six EVs and a 70% mini-
mum completion target; its greedy allocation does not scale effi-
ciently.

Here, we formulate the problem as a MILP solved with Gurobi,
achieving over 92% average demand satisfaction while reducing
MDL penalties through dynamic energy allocation. We also intro-
duce two scalable heuristics, a FIFO algorithm and a Tabu Search
metaheuristic, for large-scale scheduling not covered by Athulya’s
model. Tested on datasets up to 2,528 EVs, the Tabu Search sus-
tains over 89% completion with practical runtimes. Unlike
Athulya’s illustrative setup, our framework is stress-tested under
high demand, demonstrating higher solution quality, robustness,
and operational scalability.

5. Conclusion

This study proposed a scheduling framework for EV charging sta-
tions focused on maximizing profitability and customer satisfaction
while adhering to constraints like Time-of-Use pricing and MDL.
Building on the model by Athulya et al. [5], we developed a MILP
optimization model alongside two faster alternatives: a FIFO
greedy heuristic and a Tabu Search metaheuristic using SWAP op-
erations.
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The MILP model delivered the best results, with demand satisfac-
tion consistently above 92%, but became computationally infeasi-
ble beyond 2528 EVs. To address this, the FIFO and Tabu Search
methods were introduced. FIFO offered fast runtimes but weaker
performance, while Tabu Search maintained near-optimal results
with moderate execution time, staying within 3% of the MILP
benchmark in most cases.

Overall, the Tabu Search metaheuristic proved to be a scalable
and efficient alternative for large-scale scheduling, outperforming
FIFO and extending the capabilities of Athulya’s original model.
Future work may explore hybrid strategies, adaptive heuristics, or
real-time forecasting to enhance flexibility and responsiveness.
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