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ABSTRACT 
 Electric trucks (ETs) offer a potential route towards 
decarbonizing the transportation sector and reducing 
transportation-related greenhouse gas emissions. 
Nonetheless, deploying many ETs brings about 
operational difficulties regarding optimizing charging 
strategies which mitigate the cost while guaranteeing 
stability on grid level. In this paper, we propose a new 
application of the Lévy Arithmetic Optimization (LAO) 
algorithm to address the challenges of ET charging 
schedule optimization. Incorporating high-resolution, 
real-time load data from Sweden’s electricity grid, the 
proposed framework dynamically adjusts ET charging 
power based on grid capacity and electricity prices. The 
results show that for a fleet of 100 ETs the optimization 
can give 15.53% savings in total charging costs compared 
with a baseline scenario. In addition, the method 
improves state-of-charge (SOC) management and 
lightens load on the grid, giving scalable, cost-effective 
and grid-friendly electrification of heavy-duty 
transportation. 
 
Keywords: electric trucks, charging schedules, Lévy 
arithmetic optimization, cost-efficient charging, grid 
stability  

1. INTRODUCTION 
 
Reducing greenhouse gas (GHG) emissions from the 

transport sector is instrumental in reaching net zero 
emissions, as road freight contributes to at least a 
quarter of the global GHG emissions emitted [1]. ETs can 
achieve significant reductions in air pollution and carbon 
emissions per mile compared to conventional diesel-
powered trucks, contributing to international climate 
goals and sustainable development efforts. Despite the 
potential benefits, the mass deployment of ETs is not 
without challenges, especially in charging schedule 
optimization, which should consider minimization of 

overall energy cost, grid stability, and operational 
efficiency. These trends are compounded by the nature 
of renewable energy generation, which is inherently 
variable, and the changing grid loads resulting from 
multiple energy demands, necessitating intelligent, data-
driven methods for charging to guarantee grid stability 
and system economic viability [2], [3]. 

Conventional optimization methods, Simulated 
Annealing (SA) [4] and Particle Swarm Optimization 
(PSO) [5], have been extensively used in the optimization 
of electric vehicle (EV) charging. These techniques work 
well for many problems but are generally not well suited 
or more advanced, multi-dimensional, dynamic bound 
problems. In such high-dimensional problems, finding 
global optima is challenging so the slow convergence 
rate and premature convergence of both SA and PSO are 
a concern [6]. 

This is especially relevant in the case of ET charging, 
where accurate large-scale scheduling needs to be done, 
considering tighter-grained time slots, dynamic grid 
capacity, and energy prices. 

To address these limitations, this study utilizes a 
metaheuristic algorithm - the Lévy Arithmetic 
Optimization (LAO) algorithm [7], which is based on 
combining the dynamics of Lévy flight and arithmetic 
refinement, which enables a balance between global 
exploration and local exploitation resulting in escape of 
local optima while converging efficiently towards high-
quality solutions. Using a combination of methods in [8], 
[9] to improve solution accuracy, the arithmetic 
refinement mechanism mix, current solution and the 
best-known solution. This dual approach enhances the 
algorithm's robustness, enabling effective solutions for 
highly constrained and non-linear challenges, such as ET 
charging optimization. 

Here, we include the daily grid load distribution of 
Sweden in the optimization process, the real-world 
behavior of the grid. For the grid capacity constraints 
dynamically grid load data which is recorded in hourly 
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intervals and then interpolated to 15-minute time slots. 
The LAO algorithm embeds variation on the real grid 
data, allowing the scheduling of charging —power 
draw— to track off-peak electricity prices and available 
grid, demand and supply. It has been developed to be 
able to generate charging schedules that are cost 
effective and grid friendly, targeting both minimizing the 
costs of the energy as well as the grid load [10]. 

Metaheuristic approaches such as the Arithmetic 
Optimization Algorithm (AOA) [11] and its variants have 
shown promising results in enhancing speed of 
convergence and search capabilities. They have been 
explored on several engineering application fronts such 
as energy management, grid optimization, and electric 
vehicle charging systems [12].  Metaheuristic 
techniques have been proven [13] to be effective in 
reducing energy utilization, peak loads, and system 
reliability.  

While previous studies have focused on charging 
electric cars and electric buses [14], in this study, Levy 
Arithmetic Optimization algorithm is used for the 
scheduling of charging electric trucks. This cost algorithm 
includes state of charge limits, charging power limits and 
grid capacity limits. 

2. LÉVY ARITHMETIC OPTIMIZATION 
 

The proposed LAO-based framework verifies economic 
savings, grid stability, and ET fleet operations by 
addressing the challenges caused by fluctuating grid 
conditions and dynamic energy prices. By adding 
dynamic grid data into the mix and using the powerful 
search capabilities of LAO, charge schedules can be 
optimized with Eq. 1 in a way that minimizes total energy 
costs while operating under state-of-charge (SOC) and 
grid capacity constraints. 

 

𝐶𝐶 =  ∑ ∑ 𝑃𝑃 (𝑡𝑡).𝐶𝐶𝑖𝑖(𝑡𝑡)𝑇𝑇
𝑡𝑡=1

𝑁𝑁
𝑖𝑖=1         (1) 

 

where C is electricity price at time slot t (SEK/kWh) and 
P(t) is charging power of truck i during time slot t (kW). 
The optimization problem is subject to the following 
constraints: 

• The state-of-charge (SOC) of each truck must not 
exceed 100% at any time, and it must meet the 
required SOC by the end of the scheduling period. 

• Charging power for each truck must remain 
within allowable limits from 0 to Cmax. 

• The total charging load across all trucks must not 
exceed the grid’s capacity at any given time slot. 

Key constraints are explained below: 

i. SOC Limits: The SOC of each truck must be 
between 0% and 100%. A minimum final SOC 
target is chosen that must be reached at the end 
of the scheduling horizon. 

ii. Charging Power Limits: The charging power of 
each truck is limited by 0 ≤ Ci(t) ≤ Cmax where Cmax 
could represent vehicle and infrastructure 
constraints (e.g., 150 kW per truck). 

iii. Grid capacity limit: The aggregate charging 
demand for each time slot cannot exceed the 
maximum grid allowed capacity. This capacity is 
time-varying and is based on Sweden’s daily load 
data, affording it realism and adaptiveness. 

3. METHODOLOGY 

Sweden's grid load data, recorded over a single day, is 
represented by hourly load values (in MW). This data is 
interpolated to match 15-minute time slots, creating 
dynamic grid capacity constraints. The incorporation of 
real-world grid variations ensures that the charging 
schedules adapt to changing grid conditions, balancing 
demand and availability effectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 Flowchart of Lévy Arithmetic Optimization 
algorithm 

The Lévy Arithmetic Optimization algorithm shown in Fig. 
1 combines two powerful techniques:  

1. Lévy Flights: This mechanism facilitates both 
local and global exploration of the solution space, 
preventing the algorithm from becoming stuck in 
local optima. 
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2. Arithmetic Blending: Solutions are refined 
through weighted averages of the current 
solution and the best-known solution, ensuring 
efficient convergence. A local improvement 
method based on weighted averages of current 
and best-known solutions. Increases the speed 
of convergence by attracting solutions to better 
regions. 

Lévy Arithmetic Optimization (LAO) is a meta-heuristic 
optimization algorithm that combines two effective 
strategies inspired by nature, Lévy flight, and arithmetic 
blending. It aims to handle complex, high-dimensional 
optimization problems efficiently. Natural behavior is 
based on stochastic search mechanism (e.g. animal 
foraging). It explores the search space globally through 
random steps from a Lévy distribution. Inferring a 
candidate solution state from the initial state in 
consideration of other states allowed large jumps to 
avoid local optima [7]. Workflow of LAO is presented 
with steps: 

1. Initialization: Create a random initial population 
of solutions. 

2. Application of Lévy flight to each solution for 
global exploration. 

3. Arithmetic Blending: Improve solutions by 
mixing the present and optimal-known positions. 

4. Constraint Handling: Solutions must now satisfy 
all problem constraints. 

5. Evaluation: Score solutions in relation to the 
objective function. 

6. Best Solution Update: If a better candidate is 
discovered, update the best solution. 

7. Repeat: until convergence criteria (e.g., max 
iterations) are met. 

Advantages of LAO are sequenced that it encourages 
local and global search. Lévy flights promote exploration 
in the global space, while an arithmetic blend allows local 
search strategies. It weights random walks stochastically 
jumps to prevent local optima. It makes solutions quickly 
converged to optimal or near optimal. Its versatility is 
appropriate for high dimensionality and intricate issues. 
The algorithm iteratively updates charging schedules to 
minimize costs while respecting all constraints. The 
problem is defined using the following key parameters: 

• Fleet size: 𝑁𝑁=100 electric trucks. 

• Time slots: 𝑇𝑇=96 (24 hours divided into 15- 
minute intervals). 

• Charging power limits: 𝐶𝐶max=150 kW/truck. 

• Grid capacity: Dynamic values based on 
Sweden’s grid load distribution. 

4. RESULTS AND DISCUSSION 

The LAO algorithm successfully reduced total charging 
costs by 15.53% calculated with Eq. (2) compared to a 
baseline schedule and for 100 trucks charging schedules 
for 10 trucks are shown in Fig. 1.  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  𝛥𝛥𝛥𝛥 ×  ∑ₜ₌₁⁹⁶ 𝑃𝑃ₜ ×  ∑ᵢ₌₁ᴺ 𝐶𝐶ᵢ, ₜ  (2) 

where Pₜ is the electricity price at time slot t (SEK/kWh), 
Cᵢ,ₜ is the charging power of truck i at time slot t (kW), N 
is the total number of trucks and Δt is the duration of 
each time slot in hours (0.25 hours). 

This was achieved by aligning charging activities with off-
peak electricity prices and periods of higher grid capacity, 
demonstrating the cost- effective framework for 
optimizing electric truck charging schedules. This system 
details are presented in Table I and are chosen to assure 
cost-effective charging, grid stability, and operational 
reliability by matching charging operations to grid 
capacity and pricing. Future research may widen this 
approach by including renewable energy estimates and 
multi- objective optimization to find a balance between 
cost and environmental impact. Such changes would 
help to minimize emissions and facilitate the long-term 
integration of electric vehicles into energy 
infrastructures. 

Table I. LOA system properties for electric trucks 
charging system 

Category Details 

Fleet Size 100 trucks 

Time Horizon 24 hours divided into 96 time 
slots (15-minute intervals) 

Battery Capacity Randomized between 300 kWh 
and 1000 kWh 

Initial SOC Randomized between 20% and 
80% 

Required SOC 80% by the end of the 
scheduling horizon 

Charging Rate Maximum charging rate: 150 
kW per truck 

Grid Capacity Dynamic, interpolated using 
Sweden’s grid load data (hourly 
→ 15-min slots) 

Electricity Prices Time-of-use tariffs: 
Randomized between 0.8 
SEK/kWh and 4.0 SEK/kWh 

Algorithm Used Lévy Arithmetic Optimization 
(LAO) 
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Population Size 50 solutions 

Maximum Iterations 100 iterations 

Lévy Flight Step Size Controlled by parameter α = 
0.01 

Lévy Distribution 
Parameter 

β = 1.5 

Fitness Function Total energy cost with penalties 
for violating SOC and grid 
capacity 

Constraint Handling Enforce truck charging limits 
and grid capacity 

Solution Update 
Mechanism 

Lévy flights combined with 
arithmetic blending 

Outputs Optimized charging schedules, 
SOC progression, and total 
energy cost 

   

Use of LAO to optimize ET charging timings yielded 
marked improvements in cost and grid utilization. This 
resulted in a 15.53% reduction in total charging cost 
compared to a baseline scenario where trucks could be 
charged without intelligent scheduling. This allows LAO 
to operate during low price periods and during times of 
abundance, keeping costs low. 

 
Fig. 2 SOC progression for all trucks 

The generated schedule concerning the change in SOC of 
all truck batteries are shown in Figure 2. In Fig.3 and 4, 
whit example metrics for a subset of 10 ET:s is, it is shown 
that the vehicles was scheduled without jeopardizing the 
operational readiness of the vehicles and with a smooth 
and timely convergence to the required end states. 

 

Fig. 3 Electric trucks scheduling schemes 

 
Fig. 4 SOC progression for these 10 trucks 

The approach minimizes the potential for grid overload 
by scheduling charging during capacity-rich periods. It 
has the effect of smoothing the load curve, reducing 
peak demands, and perhaps reducing the need for 
expensive grid upgrades or peak resources. 

 
Fig. 5 Grid capacity and total charging capacity load 

overtime [15] 

These results demonstrate how effectively the algorithm 
handles the trade-off between reducing costs, improving 
operational performance, and addressing grid 
constraints, which is, crucially, the type of traffic 
necessary for sustainable ET integration. The total 
charging load remained within Sweden's grid capacity 
represented in Fig. 5 across all time slots. By considering 
real-world grid fluctuations, the algorithm effectively 
balanced charging demand, ensuring stability in the grid. 

5. CONCLUSION 

In this study, this work successfully applies the Lévy 
Arithmetic Optimization (LAO) algorithm for optimizing 
electric truck (ET) schedules for charging. The proposed 
framework balances economic efficiency and grid 
stability by incorporating dynamic grid capacity 
constraints and time-of-use electricity prices. The 
balance between fast global search (via Lévy flights) and 
efficient local refinement (via arithmetic blending) 
provides high-quality results with 20 seconds fast 
convergence. This algorithm can effectively prevent early 
trapping in local optimal, so it is appropriate for large-
scale complex optimization problems like ET charging. 
Furthermore, the findings highlight considerable cost 
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reductions that can reach 15.53% with respect to 
baseline methods, by scheduling definite charging 
operations within low electricity prices and high 
availability of grid capacity. In addition, the system 
consistently hits state-of-charge (SOC) targets for all 
trucks while keeping the cumulative charging load within 
grid limits. Visualization of SOC evolution, cost 
conformance, and grid load profiles assure the 
algorithm's effectiveness and applicability for active 
electric fleet operations. In summary, the LAO algorithm 
is a scalable solution for ET charging that is cost-effective 
and grid friendly. 

6. FUTURE WORKS 

This work resolves important issues related to electric 
truck charging, there are various ways the suggested 
framework can be improved and extended. A major 
avenue for future work is integrating renewable energy 
forecasts like solar and wind generation. Furthermore, 
aligning charging schedules with periods of high 
renewable availability can help minimize energy costs 
and improve environmental sustainability. 

Furthermore, the framework can be generalized to a 
multi-objective optimization problem, such as 
minimizing battery damage, minimizing CO₂ emissions, 
and maximizing charging station utilization. This enables 
a more holistic perspective of ET charging that takes into 
consideration operational and environmental aspects. 

Another crucial branch is the ability of the algorithm to 
scale. To demonstrate the robustness and 
generalizability of LAO for real world deployment, tests 
on larger fleets, longer scheduling horizons, and various 
grid topologies should be performed. 

Another difficult part is uncertainty in electricity prices, 
truck schedules and grid load forecasts. Future 
extensions may formulate robust optimization methods 
under such uncertainties for adaptive subsea pipelines 
reliability in more dynamic and unknown environments. 
And even to dynamically adapt charging schedules as 
grid/source data and price conditions fluctuate over a 
daily period, by way of real-time optimization with live 
data streams. 

The third opportunity lies in the synergy of the LAO 
framework with smart grid systems and vehicle-to-grid 
(V2G) technology. In V2G systems, ETs can return energy 
to the grid at times of peak demand, which boosts grid 
stability and offers additional sources of income for fleet 
operators. It is worthwhile identifying some future 
directions for LAOs, starting from some applications to 
the extensive body of LAO research. Real-time, and 
sustainable LAO-based framework for enabling the best 
utilization of electric truck charging is allowed, expanding 

the application of electric truck charging on modern 
energy and transportation systems. 
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