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Received Accurately modeling Electric Vehicle (EV) charging behavior is crucial for the design
21 November 2025 and operation of charging stations that offer drivers multiple charging options. A realistic
ggisce;n ber 2025 representation of driver decision-making enables better planning, load management, and
Accepted energy efficiency. This paper proposes a weighted index-based model that captures the
10 December 2025 heterogeneous preferences of EV drivers, incorporating four key factors: battery state of
Published online charge (SoC), time sensitivity, price sensitivity, and environmental impact. Each factor
16 December 2025 is assigned a weight and combined into separate indices for slow and rapid charging
Keywords options. The final charging decision for each EV is determined by selecting the option
Battery State of with the lower weighted index, reflecting the drivers’ priorities and real-world behavior.
Charge; Randomized input within predefined ranges allows the model to replicate variability
Electric Vehicle among drivers. The proposed methodology captures both deterministic tendencies, such
Charging; as preference for fast charging when the battery is low, and stochastic variations
Environmental Impact; reflecting human behavior. Simulation results demonstrate that the model produces
Fast and Slow consistent, interpretable, and realistic charging patterns, with the distribution of slow and
Charging; fast charging choices closely aligning with expected driver behavior across multiple
Weighted Index Model scenarios. The simulation results indicate that the model converges well under stochastic

input variables. Specifically, running 20 simulations for five EVs showed that, in most
cases, either three EVs chose fast charging and two chose slow charging, or vice versa.
A sensitivity analysis of the parameter weights further revealed that changing the weights
of the environmental, price, and time indices led to respective increases of 12%, 30%,

and 54% in the probability of choosing slow charging.
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1. Introduction

Electric vehicles (EVs) are emerging as key components in contemporary power systems and microgrids
[1]. With the concurrent development of smart grids [2, 3], smart homes [4, 5], and intelligent energy
networks [6], EVs are increasingly integrated into these infrastructures, necessitating sophisticated
charging management. EVs are available in various forms, including fully electric, hybrid, and hydrogen-
based vehicles [ 7], all of which require charging systems capable of providing appropriate power and speed.
Consequently, EV charging stations have been developed both at residential levels with low power and at
commercial levels with high power and fast charging capabilities, promoting broader acceptance and
adoption among users [ 8]. Battery-swapping station deployment is also an innovative and effective strategy
for enhancing user acceptance and accelerating adoption [9].

In various modeling studies, EVs are analyzed both within grid-connected scenarios [10] and in off-grid
environments [11], considering factors such as optimal charging, the impact of charging on the power
network, and vehicle battery capacity [12]. Complementary technologies, including renewable energy
sources and large-scale energy storage systems, are often incorporated with charging stations to facilitate
optimal charging strategies [13].

User satisfaction studies have also been conducted, examining metrics such as driving range, waiting time,
and overall charging experience to identify and mitigate barriers to EV adoption [14, 15]. Numerous
charging stations provide multiple charging alternatives with varying speed and cost [16, 17]. Drivers
typically make decisions based on charging cost, waiting time, duration of charge, and battery longevity.
Fast charging incurs higher costs, but minimizes charging duration , whereas slow charging is more
economical yet requires longer waiting periods and is suitable for prolonged intervals such as nighttime
[18].

Given these considerations, accurately modeling driver behavior in selecting charging options is crucial.
Inaccurate modeling can affect subsequent evaluations of grid or microgrid performance connected to
charging stations, perhaps resulting in unrealistic outcome. Therefore, a model capable of predicting the
probability of selecting a specific charging type for each vehicle is essential. Historical data, artificial
intelligence, neural networks, and machine learning can support the development and training of such
models [19, 20].

This paper presents a simplified yet comprehensive model for identifying and simulating driver behavior at
EV charging stations, emphasizing the critical role of accurate behavioral modeling in EV charging studies.
The proposed weighted-index framework incorporates four key input indices that denote the primary factors
influencing driver decisions: the vehicle’s State of Charge (SoC) upon arrival at the station, the duration

required for charging, the cost of charging, and environmental considerations such as renewable energy
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availability and local emissions. Each index is generated within specified ranges to reflect the diversity of
driver preferences and is assigned separate weights for slow and fast charging options. For each EV, the
model calculates a final weighted score for both slow and fast charging by combining these indices, with
the option associated with the lower score being designated as the preferred alternative. The SoC index
serves as a multiplier reflecting the urgency of charging, ensuring that vehicles with low battery levels have
a higher probability of selecting fast charging, while price-sensitive or time-flexible drivers may prefer
slower charging options. Numerical simulations demonstrate that the model accurately replicates authentic
driver behavior patterns: for example, alterations in index weights for price, time, or environmental factors
result in predictable shifts in charging preference. Most EVs opt for fast charging when batteries are low
and drivers are time-constrained, while a more balanced or slow-charging preference arises when costs or
waiting times are predominant. The results confirm that this methodology captures both the stochastic
nature of individual driver decisions and the aggregated trends at the station level, providing a reliable tool
for evaluating charging infrastructure, demand management, and the integration of renewable energy in EV

charging networks.

2. Weighted index approach for realistic EV charging behavior

In the proposed EV charging decision model, four key indices are considered to represent the driving and
charging preferences: the SoC index, the Time index, the Price index, and the Environmental index. Each
index reflects a distinct aspect of the driver’s behavior and charging priorities, and the combination of these
indices determines the optimal charging option for each vehicle. Figure 1 illustrates the comprehensive
workflow of the proposed model, including its major components and the sequence of operations.

The SoC index reflects the battery level of the EV upon arrival at the charging station. A lower SoC
indicates that the battery is nearly depleted, prompting drivers to favor fast charging to reduce waiting time
and expedite the charging process. Consequently, in such cases, the fast-charging index is assigned a lower
weight, increasing the likelihood that fast charging will be selected. Conversely, when the battery has a
higher initial charge, the urgency to charge rapidly is reduced. This enhances the relative appeal of slow
charging by assigning it a lower index, thereby encouraging drivers to choose for the slower, less energy-
intensive alternative.

The Time index signifies the importance of charging duration from the driver’s perspective. A higher value
indicates that the driver is time-sensitive and values reduced charge durations. In these cases, the model
reduces the index for fast charging and increases the index for slow charging, reflecting a higher probability
that fast charging will be chosen. Drivers who are less concerned about time exhibit smaller differences

between the indices, allowing other factors, such as price and SoC, to have greater influence.
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The Price index captures the driver’s sensitivity to charging expenses. When drivers prioritize price, the
model decreases the index for the cheaper charging options, typically slow charging, and increases the index
for the more costly alternative, typically fast charging. Consequently, a higher price sensitivity directs driver
preference toward the cost-effective option, whereas lower sensitivity allows other factors, such as SoC or
charging time, to play a dominant role in the decision.

The Environmental index measures the driver’s concern for environmental effects, including carbon
emissions and renewable energy usage. Higher environmental sensitivity favors charging options with
lower environmental footprints. In most cases, slow charging correlates with reduced emissions or
improved compatibility with renewable energy supply, leading to a lower index for slow charging when
environmental concerns are paramount. Nevertheless, the influence of the Environmental Index is generally
weaker than that of SoC, Time, and Price indices, indicating that drivers often prioritize personal
convenience and cost over environmental impacts in many practical scenarios.

For each EV, the final decision is determined by calculating the weighted sum of these indices for slow and
fast charging, with each multiplied by the SoC index. This produces two numerical values, one for slow
charging and one for fast charging, with the choice corresponding to the lower value being chosen. This
methodology ensures that the model aligns with real-world driver behavior: vehicles with low battery levels
and time-sensitive drivers tend to choose fast charging, whereas vehicles with higher initial charge or
greater price sensitivity generally favor slow charging. Environmental considerations can influence the

decision but rarely override the dominant effects of battery level, time, and cost.
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Fig. 1. Selection of fast or slow charging based on price, charging time, SoC, and environmental

indicators. The figure illustrates how different factors influence a driver’s charging choice, highlighting

the trade-offs between cost, waiting time, battery level, and environmental impact.
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3. Data description and model formulation

The first component of the proposed model determines the SoC Index for each EV arriving at the charging
station, as delineated in Eq. (1). This index is defined as the inverse of the EV’s actual SoC and reflects the
charging urgency of the vehicle. A higher value of the SoC Index indicates that the EV requires more
energy. The index is normalized within the range [0,1], with a value of 1 indicating the maximum charging
need. In Eq. (1), I5°Cdenotes the SoC Index of EV i, SoCF® is its actual SoC, and € denotes the set of

all EVs arriving at the station.

17°¢={1-80C; |i € (1)

To depict the natural variability of the SoC (SOC,-Veal ) of incoming EVs, a beta distribution is employed.

The beta distribution is flexible and can model skewed behavior, rendering it appropriate for capturing the
realistic tendency that many EVs arrive with medium or low SoC rather than being uniformly distributed.
Vehicles typically visit charging stations when their battery is low, usually below half capacity. To model
this behavior, the SoC of incoming vehicles is represented by a skewed Beta distribution, favoring lower

battery levels. This better reflects real driver behavior than a uniform or normal distribution. For each EV
i, arandom value is generated from a Beta distribution with parameters (O‘Soc s Bsoc ) , as expressed in Eq.
2).
x;=Beta(dg,c , Psoc )-i € ()
The actual SoC of the EV is then scaled by the maximum allowed SoC level, as expressed in Eq. (3).
SoC* = x . xSoC™ i e Q) 3)

The values used in the model are &g, =2, By, =3, SoOC™™ =0.8.

For each arriving EV, three decision-related indices (i.e., time sensitivity, price sensitivity, and
environmental sensitivity) are generated within predefined ranges. These indices reflect the behavioral
variability among EV drivers and are sampled randomly to mimic realistic and heterogeneous decision
patterns.

Each index is assigned separately for the slow-charging and fast-charging options. For example, the time-

slow
)

sensitivity index for slow charging ( time; is drawn uniformly from the interval

slow

I .
Y up time;

[low _time; ] as formulated in Eq. (4). Similar relationships are also defined for the

price-sensitivity and environmental-sensitivity indices.
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times = low _time!”™" + (up _time!™" - low _time!™ ) x rand
price’™ = low _price™ + (up _price’™™ - low _price;") x rand 4)
env’™ = low env™ + (up _env™ - low envi) x rand

Here, rand generates a random number in the range [0,1], ensuring that the final value of each index falls
uniformly within its specified interval. The predefined ranges used in the model are:
e Time Sensitivity
o Slow charging: [0.4, 0.9] and Fast charging: [0.1, 0.3]
e Price Sensitivity
o Slow charging: [0.1, 0.4] and Fast charging: [0.4, 0.9]
e Environmental Sensitivity
o Slow charging: [0.1, 0.2] and Fast charging: [0.2, 0.3]
In the above ranges, smaller values are assigned to environmental sensitivity, as individuals generally
prioritize immediate personal benefits. Price and waiting time directly affect user decisions, while
environmental effects are indirect and long-term. This assignment reflects realistic human behavior by
giving environmental impact a relatively smaller weight.
These intervals reflect the behavioral assumption that drivers generally value time and convenience more
when opting for fast charging, while price considerations play a more dominant role for slow charging. The
small environmental-sensitivity values indicate that environmental awareness exerts a relatively minor
impact on short-term charging decisions, aligning with real-world observations.
The slow charging index for each EV is calculated as a weighted sum of time, price, and environmental
impact. The SoC index acts as a multiplier, reflecting the EV's urgency for charging. The slow charging

index is calculated as modeled in Eq. (5). In this equation, (a)f‘llr?lvev, coglr‘,’cvz, o™

) show the weightings for

time, price, and environmental values. In the proposed model, the weight coefficients for time, price, and
environmental factors are chosen through trial-and-error. Historical data could help refine these weights,
but exact values cannot be assured due to potential future behavioral and economic fluctuations.

I?IOW :IISOC X( slow -time

Ky 1 . 1 .
P, slow +a)s ow 'pl"lCESIOW +C()S ow .env islow ),l cQ (5)

i price i env
The fast-charging index is computed similarly to the slow charging index, but with potentially different
weights for time, price, and environmental factors, as modeled in Eq. (6). A lower index indicates a more

preferred option.

B =15 x (ol -time]™ +al&, - pricel™ +a[5! -env]™),i € 6)

time price i env
The final charging decision for each EV is determined based on the computed weighted indices. An EV

selects the charging option associated with the lower overall index value, reflecting the more favorable
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choice according to its charging need, time sensitivity, price preference, and environmental considerations.
This decision rule is expressed as Eq. (7). For each simulation run ¢ (where, 7 represents set of simulation

runs), the percentage of EVs choosing slow or fast charging is calculated based on Eq. (8) and Eq. (9).

Slow, if {Iflow < If;"’st}

Chosen_Charger;, = ‘ (7
Fast, if {1
slow
Percentage’, =———Lt %100, €7
SCslow slow, + fast, ®
¢ fast,
Percentagey, = x100,t et 9)

slow, +fast,

4. Results, analysis and discussion

To demonstrate the effectiveness of the proposed methodology, a case study with five EVs arriving at the
charging station is considered. For each EV, the corresponding indices are computed according to the
proposed weighted-index framework, and the results are summarized in Table 1. The table reports all
contributing factors—including the SoC index, time index, price index, and environmental index—for both
slow and fast charging alternatives. Additionally, the total weighted index for each charging option is
provided. The final column specifies the selected charging type for each EV, determined by comparing the
total indices and choosing the option with the lower value, indicative of the more favorable charging

strategy based on the modeled driver behavior.

Table 1. Charging decision indices and selected charging type for 5 incoming EVs.

h
EV Charging SOC Time Price Environmental  Total CCh os.en
No. Type Index Index Index Index Index e
Type
| Slow 0.973 0.760 0.363 0.158 1.247 Fast
as
Fast 0.973 0.114 0.861 0.280 1.221
5 Slow 0.790 0.819 0.229 0.147 0.945 Fast
as
Fast 0.790 0.212 0.534 0.274 0.807
Slow 0.599 0.637 0.208 0.178 0.614
3 Slow
Fast 0.599 0.256 0.734 0.213 0.721
Slow 0.844 0.890 0.185 0.180 1.061
4 Slow
Fast 0.844 0.279 0.698 0.288 1.069
Slow 0.777 0.412 0.233 0.164 0.631
5 Slow
Fast 0.777 0.204 0.586 0.293 0.843
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To further validate the robustness and consistency of the proposed model, the simulation is executed 20
times under identical conditions. The decision-making system is partially stochastic, mirroring natural
variability in driver behavior; thus, the outputs are anticipated to remain consistent between iterations,
exhibiting only minor changes. Figure 2 presents the number of EVs selecting slow and fast charging in
each of the 20 simulation runs.

The results demonstrate that the model produces highly consistent patterns. In most simulation runs, either
two EVs (40% of the five EVs) choose fast charging and three (60%) choose slow charging, or the reverse
ratio transpires. This behavior indicates that the proposed methodology converges around a nearly steady
operating point, showing stable performance across repeated simulations under identical conditions.
Moreover, these subtle variations realistically reflect actual driver behavior, since real-world EV users do
not make identical decisions even under similar circumstances. The model therefore captures both the

dominant decision trend and the natural randomness inherent in human charging preferences.
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Fig. 2. EV charging decisions across 20 simulation runs. In most runs, the model converges to a specific

point, demonstrating the consistency and stability of the model under stochastic input conditions.

To evaluate how the weighting factors influence the proposed model and the subsequent charging behavior
of drivers, the price-related weights are varied throughout the 24-hour period. During hours 1-10, all
weighting factors remain constant, representing a neutral condition devoid of any pricing bias. In hours 11—
20, the weight associated with the price component for fast charging is increased, while the corresponding
weight for slow charging is reduced. This setting represents a situation with elevated demand, wherein the

system encourages EV users to opt for the more economical slow charging option. Finally, in hours 21-24,
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the price weight for fast charging is decreased, illustrating conditions with low network loading and
inexpensive energy availability.

Figure 3 illustrates the number of EVs selecting slow and fast charging throughout the day across various
price-weight scenarios. With equal weights in hours 1-10, both charging options attract a comparable
number of vehicles. When the fast-charging price weight rises in hours 11-20, the inclination shifts toward
slow charging, causing a noticeable increase in its selection. In the last interval (hours 21-24), the reduced
fast-charging price weight makes the fast option more appealing, resulting in a higher number of vehicles

choosing it.

[N Fast Charging
I slow Charging

11 11 11

10 |- 1

Number of EVs

0 5 10 15 20 25
Hour of Day

Fig. 3. Hourly EV charging decisions over 24 hours resulting from changes in the weighted price indices

of slow and fast charging.

Figure 4 presents the hourly EV charging decisions over a 24-hour timeframe when the weighting factors
associated with environmental impact and renewable energy availability are modified. During nighttime
hours (1-6 and 21-24), when solar generation is minimal, the environmental weight assigned to slow
charging is reduced. Conversely, during daylight hours, the weight for fast charging is slightly lowered to
reflect the higher availability of renewable energy. The results indicate that, unlike price-related
adjustments, changes in environmental and renewable energy weights do not significantly affect the
charging choice. Instead, EVs maintain a balance of time, cost, and waiting factors, producing a charging

pattern that remains consistent with realistic driver behavior.
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Fig. 4. Hourly EV charging decisions over 24 hours resulting from changes in the weighted

environmental and renewable energy indices.

For a more comprehensive comparison, four scenarios are defined, and their corresponding results are
presented below:

e Case 1: All weighting factors are set to 1 across all 24 hours (baseline scenario).

e Case 2: The environmental weight associated with slow charging is reduced by 50% for the entire

24-hour period.

e Case 3: The price weight applied to slow charging is reduced by 50% throughout all 24 hours.

e Case 4: The time weight assigned to slow charging is reduced by 50% for all 24 hours.
Figure 5 illustrates the EV charging decisions for slow and fast charging options in Case 1 (baseline) and
Case 2, where the environmental weight attributed to slow charging is reduced. The results indicate that the
environmental factor has only a marginal influence on driver behavior. Reducing this weight does not cause
a significant shift toward either charging option. Overall, the distribution between fast and slow charging
remains nearly balanced, with Case 2 showing only a slight increase in preference for slow charging, though
not significantly influencing the overall decision-making pattern.
Figure 6 presents the EV charging decisions for slow and fast charging options in Case 1 (baseline) and
Case 3, where the price weight assigned to slow charging is reduced. In contrast to the environmental
adjustment in Case 2, the modification in Case 3 has a more noticeable impact on driver behavior. Reducing
the price weight for slow charging enhances its relative appeal, leading to a more substantial move towards

slow charging than the trend depicted in Figure 5. Although the shift is not extreme, it is sufficiently
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pronounced to indicate that price-related weighting plays a more influential role in shaping driver decisions

than environmental considerations.

15 EV Slow Charging Decisions
[ case 2
[0 case 1

Number of EVs

0 5 10 15 20 25
Hour of Day

EV Fast Charging Decisions

Number of EVs
S o

[N}

0 5 10 15 20 25
Hour of Day

Fig. 5. Comparison of EV charging decisions for slow and fast charging options in Case 1 (baseline) and

Case 2 (reduced environmental weight on slow charging).
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Fig. 6. Comparison of EV charging decisions for slow and fast charging options in Case 1 (baseline) and

Case 3 (reduced price weight on slow charging).
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Figure 7 compares EV charging decisions for slow and fast charging in Case 1 (baseline) and Case 4, where
the time weight for slow charging is reduced. The results show a significant preference for slow charging
across the majority of hours in Case 4. Only in a few hours, such as hours 3, 4, 13, 18, 19, and 20, a small
number of vehicles choose fast charging, and in each of these hours only one vehicle selects it. This
indicates that reducing the time weight for slow charging strongly encourages drivers to choose the slow
charging option, demonstrating that time-related weighting can be a dominant factor in influencing EV

charging behavior when other weights remain unchanged.

EV Slow Charging Decisions

Case 4
[ case 1

Number of EVs

0 5 10 15 20 25
Hour of Day

EV Fast Charging Decisions

Number of EVs

0 5 10 15 20 25
Hour of Day

Fig. 7. Comparison of EV charging decisions for slow and fast charging options in Case 1 (baseline) and

Case 4 (reduced time weight on slow charging).

To provide a clear comparison of the four cases, Table 2 shows the total number of EVs and their charging

choices under each case.

Table 2. Summary of EV charging decisions under four cases.

Case Total Number Number of EVs Number of EVs Choosing
of EVs Choosing Slow Charging Fast Charging
Case 1 211 133 78
Case 2 211 150 61
Case 3 211 173 38
Case 4 211 205 6
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5. Conclusions

This paper proposed a weighted index-based model to realistically capture EV charging behavior
by accounting for driver preferences, battery state, time sensitivity, price sensitivity, and
environmental considerations. The model computes distinct indices for slow and rapid charging
for each EV by multiplying the weighted sum of time, price, and environmental indices by the SoC
index. The EV then selects the charging option with the lower index value, reflecting the more
favorable choice according to its individual profile.

Simulation results for five EVs demonstrated that the model accurately represents diverse driver
behaviors: vehicles with low battery levels or high time sensitivity tended to select fast charging,
while those with higher initial SoC or greater price sensitivity opted for slow charging. Across 20
iterations, the selection pattern remained consistent, with 40—60% of EVs choosing slow charging
and the remainder choosing fast charging, showing only minor fluctuations. The hourly
simulations also revealed that environmental weighting had only a modest impact; increasing the
environmental weight raised the probability of selecting slow charging by approximately 12%. In
contrast, modifying the price weight produced a more noticeable shift, increasing the tendency
toward slow charging by about 30%. The strongest influence originated from time weighting,
where adjusting the time-related weight resulted in an approximately 54% increase in preference
for slow charging. Overall, the proposed methodology demonstrates stable, realistic, and

interpretable modeling of EV charging choices, consistent with observed driver behavior.
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